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Abstract of the Dissertation

Understanding and Optimizing Tiered Memory and Storage Systems

by

Tyler Estro

Doctor of Philosophy

in

Computer Science

Stony Brook University

2026

Tiered memory and storage systems combine heterogeneous devices to bal-
ance competing objectives, such as performance, cost, and media endurance.
However, these systems include many parameters and design choices that com-
pound with each additional tier, creating a vast configuration space that is difficult
to evaluate, or search efficiently for optimal configurations. Furthermore, as tech-
nologies continue to evolve, they expand the space and create new tiering opportu-
nities that require new techniques to exploit. We address these challenges on three
fronts: comprehensive multi-tier evaluation, efficient exploration of configuration
spaces, and a novel tiering mechanism for next-generation systems.

We first examine trends in cache analysis and find that many techniques are
limited, focusing primarily on performance, analyzing tiers in isolation, and over-
looking key trade-offs. To address these limitations, we develop a multi-tier
cache simulator that evaluates configurations across a broad range of parame-
ters and produces diverse metrics. Simulations of real-world traces show that
multi-tier analysis can overturn common assumptions about device selection, hi-
erarchy complexity, and policy effectiveness. We next present a framework for
efficiently exploring large multi-tier configuration spaces. It combines hash-based
sampling, curve simplification, knee detection, and post-processing filters to se-
lect key points in cache miss ratio curves, narrowing the search to promising con-
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figurations. Relatedly, we also introduce Z-Method, a multi-knee detection tech-
nique that uses statistical outlier detection to robustly choose significant points.
Our framework accurately identifies optimal configurations while substantially re-
ducing simulation requirements. Finally, we present Pontoon, which implements
tiering with Compute Express Link (CXL) shared memory to accelerate live vir-
tual machine migration. Pontoon demotes and remaps guest memory from local
DRAM to CXL in a single pass, avoiding dirty-page retransmission. At the des-
tination, execution resumes directly from shared memory while a tiering policy
uses migration telemetry to promote hot pages to local DRAM in the background.
Pontoon reduces migration time, blackout duration, and data movement, and com-
pletes migration under workloads where traditional migration fails to converge.

It is our thesis that understanding and optimizing tiered memory and storage
systems requires comprehensive evaluation of multi-tier configurations, efficient
exploration of configuration spaces, and novel tiering mechanisms that exploit
opportunities introduced by evolving technologies.
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Chapter 1

Introduction

Modern memory and storage hierarchies have become increasingly complex,
forming multi-tier systems comprising heterogeneous devices in a wide range of
topologies. From operating system page caches to large-scale distributed systems,
tiering is employed to balance competing objectives, including performance, cost,
and media endurance. These systems dynamically reallocate cache capacity or
move data among tiers as workload demand changes, improving utilization and
helping meet performance objectives [174, 82, 58, 31, 32]. The configuration
space for tiering systems is vast, spanning device types, numbers of tiers, tier ca-
pacities, tiering policies, and their tunable parameters. These configurations are
difficult to evaluate comprehensively or search efficiently, particularly as work-
load locality and reuse behavior vary over time [131, 157, 125, 11, 28, 161].
Within this evolving landscape, Compute Express Link (CXL) introduces byte-
addressable memory expansion, pooling, and sharing across hosts [34]. CXL fur-
ther expands the configuration space and creates tiering opportunities that require
new techniques to exploit.

This dissertation addresses three challenges of tiering. The first is the compre-
hensive evaluation of multi-tier configurations and their trade-offs. The second
is the efficient exploration of large configuration spaces to identify high-quality
configurations. The third is the effective exploitation of tiering opportunities in-
troduced by evolving technologies.

First, to address the challenge of multi-tier evaluation, we examined cache
analysis trends and identified key limitations in existing evaluation techniques
[44]. We found that prior techniques often focused solely on performance, ana-
lyzed tiers in isolation, and ignored trade-offs such as cost versus performance.
Existing cache simulators were similarly restrictive, supporting only fixed hier-
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CHAPTER 1. INTRODUCTION

archies and limited metrics. We addressed these gaps by extending PyMimir-
cache [165] to create a general n-level cache simulator capable of modeling arbi-
trary hierarchies, capturing both performance and cost, and enabling the analysis
of trade-offs across multiple metrics. We uncovered surprising insights through
simulations using real-world traces: (a) when total cost was held constant, lower-
priced DRAM outperformed high-end DRAM by providing greater capacity; (b)
aging SSDs reduced performance enough to favor simpler hierarchies; and (c)
write-back policies delivered up to 6× the throughput of write-through on identi-
cal hardware.

Next, to address the challenge of exploring large multi-tier configuration
spaces, we developed a framework that narrows the search to promising config-
urations [42]. Miss ratio curves (MRCs) are common analysis tools for evaluat-
ing cache performance, but generating them at fine granularity for every tier and
configuration can be prohibitively expensive. Our approach focuses on identify-
ing knee points in MRCs, where a small increase in cache size yields a dispro-
portionately large drop in miss ratio, indicating promising candidates for further
evaluation. The framework applies hash-based sampling [150] and curve simpli-
fication [121], and recursively applies single-knee detection methods to identify
multiple knee points. In addition, we introduced a novel multi-knee detection
algorithm called Z-Method that employs statistical outlier detection to identify
knee points robustly and efficiently. We evaluated our framework using 106 di-
verse real-world workloads and reduced the number of simulations needed to find
optimal two-tier hierarchies by 5.5× for ARC and 7.7× for LRU. We also applied
our framework to seed the initial populations of evolutionary algorithms used to
optimize multi-tier cache configurations, accelerating convergence by 34% across
a broad range of configurations and datasets.

Lastly, to address the challenge of exploiting tiering opportunities introduced
by evolving technologies, we developed Pontoon, a rack-local fast path for live
virtual machine (VM) migration that uses shared CXL memory. Traditional pre-
copy migration iteratively retransmits guest pages dirtied after they are copied,
increasing migration time and data movement and potentially preventing migra-
tion from converging [114, 33]. Pontoon is implemented in QEMU/KVM and
provides transparent guest memory tiering while performing migration in three
phases: single-pass demotion, stop-and-flush, and background promotion. During
demotion, the source copies each DRAM-resident page to shared CXL memory at
most once and remaps it so that subsequent guest writes update the shared mem-
ory directly, eliminating dirty-page retransmission. Pontoon operates on VMs in
any tiering state, so pages already resident in CXL require no data movement
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CHAPTER 1. INTRODUCTION

during migration. Once demotion is complete, Pontoon pauses the VM, flushes
cached guest data to CXL, transfers CPU and device state, and resumes the VM
directly from shared CXL memory on the destination. After resumption, the des-
tination applies a tiering policy that retains pages in CXL or promotes selected
pages to local DRAM in the background, using migration telemetry to prioritize
recently modified pages. For 64 GB VMs, Pontoon improves migration time by
2.1–9.4× over QEMU’s TCP- and RDMA-based pre-copy paths, reduces black-
out from 267–281 ms to 29 ms, and completes migration at dirty-page rates where
traditional network-based pre-copy fails to converge.

It is our thesis that understanding and optimizing tiered memory and storage
systems requires comprehensive evaluation of multi-tier configurations, efficient
exploration of configuration spaces, and novel tiering mechanisms that exploit
opportunities introduced by evolving technologies. This dissertation supports this
thesis through three contributions: a multi-tier cache simulator for comprehensive
evaluation, a key point selection framework for efficient exploration of configura-
tion spaces, and Pontoon, a CXL-based tiering mechanism for live VM migration.

The rest of this dissertation is organized as follows: Chapter 2 provides back-
ground and motivation for the challenges addressed. Chapter 3 reviews prior
work related to the systems and techniques presented here. Chapter 4 examines
cache analysis techniques and presents our multi-tier cache simulator. Chapter 5
presents our framework for efficiently exploring multi-tier cache configurations
using knee detection. Chapter 6 presents the design, implementation, and eval-
uation of Pontoon. Chapter 7 concludes by summarizing the contributions and
discussing directions for future research.
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Chapter 2

Background and Motivation

This chapter presents the background and motivation for the three challenges ad-
dressed in this dissertation. We first examine why multi-tier configurations require
comprehensive evaluation, then describe the difficulty of exploring their large con-
figuration spaces efficiently, and finally discuss the challenge of exploiting new
tiering opportunities introduced by evolving technologies, focusing on Compute
Express Link (CXL) and the use of shared CXL memory for live virtual machine
(VM) migration.

2.1 Comprehensive Multi-Tier Evaluation
Tiered memory and storage systems can comprise many devices and configurable
components, making them difficult to evaluate comprehensively. Configurations
can vary in the number and arrangement of tiers, device types and models, tier
capacities, caching policies, and their tunable parameters. New memory and stor-
age technologies introduce devices with different cost, capacity, and performance
characteristics. Workload characteristics such as data reuse, access patterns, and
working-set behavior affect cache demand and can change over time [157, 11].
Virtualized and cloud environments also make it increasingly practical to real-
locate cache resources dynamically as workload demands change [58, 32]. To-
gether, these factors create a large and evolving configuration space that popular
cache analysis techniques do not fully evaluate.

Miss ratio curve (MRC) analysis is widely used to characterize how cache
performance changes with capacity. For a given workload and replacement algo-
rithm, an MRC plots the miss ratio as a function of cache size. Systems can use
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MRCs to guide cache partitioning and adjust allocations dynamically as workload
conditions change [62, 19]. Although useful, an MRC typically characterizes the
performance of only one tier of cache under a particular reference stream. This
limits its ability to characterize the interactions and trade-offs that emerge across
multi-tier configurations.

Even when multiple tiers are considered, evaluation remains incomplete if it
is limited to a narrow set of conventional performance metrics. Hit ratio, average
latency, and throughput provide useful summaries, but they can obscure important
behavior within the hierarchy. Tail latency helps determine whether a configura-
tion can meet service-level objectives [15], inter-tier traffic reveals data-movement
overheads and bottlenecks between tiers [115], and write amplification captures
hidden write overheads that can reduce performance and device endurance [95].
Cost is also a primary design constraint and should be evaluated using total cost
of ownership (TCO), including initial purchase price, energy usage, maintenance,
device replacement, and other operational costs incurred over the system’s life-
time [89, 90]. Furthermore, compound metrics such as throughput per dollar can
reveal trade-offs that are not apparent when performance and cost are considered
separately [44].

Evaluating this breadth of configurations and metrics through physical experi-
mentation is costly and time-consuming. Trace-driven simulation provides a prac-
tical alternative, but its usefulness depends on the capabilities of the simulator. At
the time this work was conducted, publicly available storage-cache simulators
generally targeted a single cache or a narrow use case, fixed the number of tiers,
omitted important policies, or provided limited analyses [158, 59, 1, 165]. Chap-
ter 4 addresses these limitations by extending PyMimircache into an n-level cache
simulator that models arbitrary hierarchies and reports both per-tier and aggregate
metrics across a broad range of configurations [44].

2.2 Efficient Exploration of Configuration Spaces
A simulator can reduce the cost of evaluating an individual configuration, but the
potential number of configurations in a multi-tier system still makes exhaustive
exploration impractical. Even when considering cache capacity alone, the num-
ber of possible combinations grows exponentially with each additional tier. These
combinations must be evaluated separately because the reference stream observed
by each lower tier depends on the cache sizes selected for the tiers above it. De-
pending on the caching and write policies, the references reaching level n+1 may
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include misses, write evictions, and flushes from level n. Changing an upper-tier
cache size therefore requires a separate simulation to generate the corresponding
lower-tier reference stream. For example, a naïve exploration of 100 candidate
cache sizes produces 100 configurations for one tier, 1002 for two tiers, and 1003

for three tiers, even before varying other configuration parameters. Fine-grained
exploration can therefore remain prohibitively expensive even when individual
simulations are efficient.

MRCs can be used to explore cache performance across a range of sizes, but
doing so efficiently requires both generating them quickly and limiting the number
of cache sizes evaluated at each tier. Many techniques reduce MRC construction
costs through approximation, sampling, or compact data structures [135, 159, 150,
67, 151]. However, reducing the cost of generating each MRC does not determine
which cache sizes should be selected for further exploration. Knees are promis-
ing candidates because they occur where a relatively small increase in cache size
produces a large reduction in miss ratio. A small number of points from grad-
ually sloping regions may also be selected to ensure adequate exploration. We
collectively refer to both types of selected points as key points.

Selecting key points is not straightforward because existing knee-detection al-
gorithms do not reliably identify the relevant points in MRCs. These algorithms
define knees using different curve properties, including local curvature [84], dis-
tance from a reference line [126], piecewise linear fitting [124], and derivative
thresholds [9]. Consequently, their results depend strongly on the shape of the
curve being analyzed. MRCs may contain multiple significant knees, long grad-
ually sloping regions, and flat or concave regions from which points should be
selected carefully or excluded. Their shapes also depend on the replacement algo-
rithm: stack-based algorithms such as LRU satisfy the inclusion property and pro-
duce monotonically non-increasing MRCs [102], whereas non-stack algorithms
such as ARC [103] can produce non-monotonic curves [151]. Applying exist-
ing knee-detection algorithms directly to these varied curves can therefore miss
relevant knees or select too many irrelevant points. Reliable key point selection
requires methods that identify multiple knees and additional processing that filters
and ranks the resulting candidates.

Chapter 5 develops a key point selection framework that combines hash-based
sampling, Ramer-Douglas-Peucker curve simplification, multi-knee detection,
and post-processing filters to select key points. The framework introduces Z-
Method, a novel knee-detection algorithm that uses statistical outlier detection to
identify multiple significant knees. Together, these techniques reduce the number
of simulations required to explore multi-tier configuration spaces, while accu-

6



CHAPTER 2. BACKGROUND AND MOTIVATION

rately identifying optimal two-tier cache configurations in our evaluation [42].

2.3 Exploiting Tiering Opportunities in Evolving
Technologies

Evolving technologies can introduce new tiering opportunities and enable mecha-
nisms that were not previously possible. This section describes Compute Express
Link (CXL) and how it enables new approaches to live VM migration through
memory tiering.

2.3.1 Compute Express Link (CXL)
CXL is an open, industry-supported interconnect standard designed to provide
high-performance, cache-coherent memory access among processors, memory ex-
pansion devices, and accelerators such as GPUs and FPGAs. Built on the PCIe
interface, CXL defines three protocols and classifies devices according to the pro-
tocols and memory configurations they support [34]. The three protocols are:

• CXL.io provides non-coherent load/store I/O access and supports opera-
tions such as device initialization, discovery, and interrupts.

• CXL.cache allows CXL devices to coherently access and cache host mem-
ory.

• CXL.mem allows processors to coherently access memory attached to CXL
devices.

CXL devices are classified into three types:

• Type 1 devices are accelerators that use CXL.cache but do not expose de-
vice-attached memory through CXL.mem, such as SmartNICs.

• Type 2 devices are accelerators that use both CXL.cache and CXL.mem and
expose device-attached memory, such as GPUs and FPGAs.

• Type 3 devices are memory expansion devices that use CXL.mem to expose
additional volatile or persistent memory.

7
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CXL creates new opportunities for memory tiering by allowing processors
to access CXL-attached memory using ordinary load and store instructions. It
supports memory expansion and pooling, allowing memory capacity to be provi-
sioned more flexibly and improving utilization in data centers [86]. Measured
CXL-memory access latency is often roughly 2–3× local-DRAM latency, al-
though the ratio varies substantially with platform, topology, and workload [92,
16]. This performance difference motivates using DRAM and CXL memory
as separate tiers. Frequently accessed or latency-sensitive pages can remain in
DRAM, while colder pages can be placed in CXL memory to provide additional
capacity at a lower performance cost [100, 174, 160].

Shared CXL memory allows multiple hosts to access the same byte-address-
able memory region. However, the latest hardware available at the time of this
work implements CXL 2.0, which does not support coherent memory sharing
across hosts; that capability is defined in CXL 3.0. Software must therefore man-
age coherence explicitly, ensuring that dirty cache lines are written back and stale
cached copies are invalidated before another host accesses the data. Memory shar-
ing further broadens the capabilities of tiered systems and creates opportunities
that require new mechanisms to exploit effectively.

2.3.2 Live Virtual Machine Migration
One opportunity enabled by shared CXL memory arises in live VM migration,
which transfers a running VM between two physical hosts. Cloud providers use
live migration for hardware maintenance, software and firmware updates, load
balancing, and resiliency without prolonged service interruption [114, 33, 122,
106]. It is therefore an important data center management mechanism for relocat-
ing workloads while maintaining service availability.

Much of a VM’s state consists of its memory pages, creating two central chal-
lenges. First, as VM memory sizes grow faster than network bandwidth, the in-
creasing amount of guest memory that must be transferred to the destination be-
comes a central scaling bottleneck. Second, because the VM continues running
during much of the migration, its memory contents continue to change while they
are being transferred.

Traditional live migration techniques address these challenges by controlling
when and how guest memory is transferred over the network. The three primary
approaches are pre-copy, post-copy, and hybrid migration. Pre-copy copies guest
memory while the VM continues running and iteratively retransmits pages mod-
ified during the transfer [114, 33]. Once the remaining dirty set is sufficiently
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small, the VM is paused to transfer the remaining pages along with CPU and de-
vice state. If pages are dirtied faster than the migration channel can transfer them,
the dirty set does not shrink, so migration may fail to converge unless the guest is
throttled to force progress [101]. Post-copy instead pauses the VM, transfers CPU
and device state, resumes execution on the destination, and fetches guest pages on
demand [64]. This approach transfers each page at most once, but places remote
page faults directly on the guest’s execution path. It also complicates recovery if
migration is interrupted [47]. Hybrid migration combines the two approaches by
beginning with pre-copy and switching to post-copy if pre-copy does not complete
within a configured period [30].

These migration techniques impose two forms of service degradation: brown-
out and blackout [72]. During brownout, the migration process contends with the
guest VM for CPU, memory, and network resources, reducing guest performance.
During blackout, the VM is completely paused before execution resumes at the
destination. Different migration techniques make trade-offs among brownout,
blackout, retransmission, convergence, and performance after resumption at the
destination, but none avoids degradation entirely. Pre-copy is QEMU/KVM’s de-
fault migration method and the predominant approach used in production by major
cloud providers [118, 122, 106].

Shared CXL memory enables a different approach because the source and des-
tination can directly access the same memory tier. Guest pages already placed in
CXL need not be transferred during migration. Pages in DRAM can instead be
copied to CXL once and remapped so that subsequent guest writes update the
shared location directly. The destination can then resume execution from shared
CXL memory and promote selected pages to DRAM in the background. Chap-
ter 6 presents Pontoon, which implements tiering over shared CXL memory to
accelerate live VM migration. Pontoon uses single-pass demotion and remap-
ping, briefly stops the VM to flush cached guest data before execution resumes at
the destination, and promotes hot pages to DRAM in the background using migra-
tion telemetry. This design eliminates dirty-page retransmission without placing
demand paging on the guest’s execution path.
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Chapter 3

Related Work

This chapter reviews prior work across five areas relevant to the systems and tech-
niques presented in this dissertation: multi-tier cache evaluation, miss ratio curves,
knee detection, Compute Express Link (CXL) tiered memory, and live virtual ma-
chine (VM) migration.

3.1 Multi-Tier Cache Evaluation
Cache simulators differ substantially in the systems and levels of abstraction they
model. Dinero IV and GCSim use trace-driven simulation to model processor
caches [39, 152]. FM-SIM is a functional multicore cache simulator [99]. gem5
simulates complete computer systems with configurable processor, cache, coher-
ence, interconnect, and memory models [18]. These tools are valuable for study-
ing processor and memory behavior, but operate at a different level of abstraction
than storage cache analysis.

Simulators designed for storage systems more closely match the challenge ad-
dressed in this dissertation. AccuSim models the operating system buffer cache
together with kernel prefetching and related I/O behavior [1]. PyMimircache pro-
vides trace analysis, cache simulation, and MRC construction for a range of re-
placement algorithms [165]. Sim-Ideal modeled multiple cache and storage tiers,
but fixed the hierarchy to four levels and sent evictions only to the immediately
lower tier, preventing it from representing inclusive caching [59]. Pantheon uses a
component framework to model I/O systems and storage devices rather than pro-
viding a dedicated framework for broad comparisons of cache policies and multi-
tier metrics [158]. At the time of the work presented in Chapter 4, these simulators
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did not support the combination of arbitrary multi-tier hierarchies, flexible inclu-
sion policies, and diverse evaluation metrics required for comprehensive multi-tier
cache analysis.

Later work has developed environments for systems simulation and optimiza-
tion. DITIS models and optimizes complete file request paths in distributed tiered
storage systems [96]. In contrast, the simulator in Chapter 4 focuses on cache
behavior across hierarchies with an arbitrary number of levels.

Other work studies multi-tier caching through a particular management pol-
icy or optimization objective. MultiCache dynamically partitions heterogeneous
cache devices among colocated VMs, whereas REAL coordinates multiple exclu-
sive cache levels using an adaptive, reuse-distance-based replacement algorithm
(ReDARC) [120, 28]. CHOPT formulates offline optimal data placement across
heterogeneous cache, memory, and storage tiers while accounting for asymmet-
ric access costs [171]. GreenDM evaluates tradeoffs among performance, energy,
and endurance in a hybrid drive, and Li et al. evaluate the monetary cost of hy-
brid storage configurations over their expected lifetimes [89, 90]. These systems
demonstrate the importance of interactions among tiers and metrics beyond av-
erage performance, but each evaluates or optimizes a particular policy, system
model, or objective. Chapter 4 instead uses simulation to examine a broad con-
figuration space and shows how conclusions can change when multiple tiers and
multiple metrics are evaluated together.

3.2 Miss Ratio Curves (MRCs)
Mattson et al. introduced stack distance analysis for constructing exact MRCs for
replacement algorithms that satisfy the inclusion property [102]. Subsequent work
reduces the time or memory required to construct an MRC for a single cache and
reference stream. RapidMRC and FractalMRC estimate MRCs online [135, 62].
CounterStacks uses a compact streaming data structure to approximate MRCs in
sublinear space [159]. SHARDS uses uniform randomized spatial sampling to
reduce processing and storage overhead [150]. Hu et al. accelerate MRC con-
struction for storage caches using the average eviction time (AET) model [67].
Miniature Simulations constructs MRCs for non-stack policies by running scaled
simulations at multiple cache sizes [151]. Kosmo generates MRCs simultaneously
for several policies that do not satisfy inclusion and uses less memory than Minia-
ture Simulations [128]. These methods are complementary to Chapter 5: they
reduce the cost of generating an individual MRC, but do not determine which up-
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per tier configurations should be evaluated when each produces a different lower
tier reference stream.

MRCs have also been used to guide cache sizing and resource allocation.
Cliffhanger estimates local hit rate gradients and detects performance cliffs to
guide memory allocation for web caches [32]. mPart uses online MRCs to par-
tition a multitenant key-value store cache [19]. RobinHood reallocates cache ca-
pacity to reduce tail latency [15]. QCache combines MRC construction based on
locality with cache allocation [49]. These systems use curves to solve particu-
lar allocation problems, but do not generate the dependent collection of curves
required to explore a general hierarchy of multiple cache tiers.

eMRC is the only prior work that directly approximates multidimensional
miss ratio functions for multi-tier caching. It extends Talus’s cliff removal ap-
proach [14] and relies on cache partitioning, request fractioning, and convex hull
approximation to construct a cliff-free miss ratio surface [94]. These requirements
tie eMRC to a particular cache model and curve shape. The framework presented
in Chapter 5 is more general, leaving replacement policies unchanged and impos-
ing no convexity requirement.

3.3 Knee Detection Algorithms
Knee detection algorithms use different definitions and heuristics to identify
points where the behavior of a curve changes sharply. Menger curvature esti-
mates local curvature from three adjacent points [84]. The L-method fits two
lines to a curve and selects the split that minimizes their combined error [124].
DFDT derives a threshold from the first derivative to locate a sharp change in
slope [9]. The AL and S methods modify the fitting and selection procedures of
the L-method [10, 8]. Our evaluation in Chapter 5 found that these differing defi-
nitions respond inconsistently to MRC shapes: local curvature can be sensitive to
noise, while fitting and threshold methods may miss relevant knees or select weak
candidates [42].

Identifying multiple significant knees is necessary for selecting key points
from MRCs. The methods above return one selected knee per invocation, whereas
Kneedle was designed to detect both single and multiple knees and exposes a
sensitivity parameter that affects candidate selection [126]. In Chapter 5’s MRC
evaluation, Kneedle was sensitive to this parameter and often returned weak or ir-
relevant candidates, while methods that select a single knee could miss additional
significant knees later in a curve [42]. Methods that detect multiple knees also
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appear in multi-objective optimization, where knee points identify preferred re-
gions of a Pareto frontier [169]. That setting differs from selecting a sparse set of
configurations from an MRC, which may contain multiple knees, gradual slopes,
flat regions, noise, and, for non-stack policies, nonmonotonic segments [151].

Chapter 5 addresses this gap by recursively applying algorithms that select one
knee to identify multiple knees. It also uses Ramer-Douglas-Peucker curve sim-
plification [121] and introduces sampling, filters applied after detection, selection
from gradual regions, and Z-Method, which uses statistical outlier detection to
identify multiple significant knees. The resulting framework reduces each MRC
to a small set of cache sizes for further exploration.

3.4 CXL Tiered Memory
Studies of real systems characterize the performance differences that motivate
CXL memory tiering. Melody systematically characterizes CXL memory across
many workloads, devices, latency configurations, and processor platforms, ana-
lyzing workload sensitivity, tail latency, and processor tolerance to CXL access
latency [92]. Berger et al. study the first generation of cloud deployments of CXL
memory expansion and identify practical considerations including device valida-
tion, monitoring, failure modes, security, and interference among tenants [16].
Weisgut et al. evaluate CXL memory for database operations and study how
data placement and interleaving across devices affect performance [156]. Unal
et al. argue that tiered memory systems should combine page placement with
techniques that tolerate remaining latency, such as prefetching [143]. These stud-
ies characterize or mitigate the cost of CXL accesses, but do not provide a general
policy for page placement.

Research on CXL memory expansion has explored different ways of providing
and allocating additional memory capacity. DirectCXL prototypes disaggregated
memory accessible through loads and stores over CXL.mem [54]. Pond assigns
pooled CXL memory to cloud VMs while enforcing limits on workload perfor-
mance degradation [86].

Page placement and migration between DRAM and CXL memory tiers have
been explored through both policy and mechanism design. Transparent Page
Placement (TPP) extends Linux NUMA balancing with proactive demotion of
cold pages and prompt promotion of hot pages, providing a transparent operating
system policy for page placement [100]. Nomad instead focuses on the mecha-
nism used to move pages: it retains shadow copies of promoted pages and uses
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transactional page migration to make movement asynchronous and reduce thrash-
ing under pressure on the fast tier [160]. Unlike TPP, Nomad does not determine
page temperature itself and relies on existing operating system access tracking to
decide which pages should move.

Recent systems improve tiering decisions by incorporating additional perfor-
mance signals. Colloid shows that the loaded access latency of each tier, rather
than only a page’s hotness or the unloaded latency specified by the hardware,
should guide data placement [149]. Alto uses amortized off-core latency, which
incorporates both access latency and memory level parallelism, to suppress migra-
tions whose latency is hidden by overlapping accesses [93]. HybridTier combines
access frequency over long periods with recent access momentum and uses com-
pact probabilistic metadata to adapt to changing page activity [129].

Hardware support provides another approach to CXL memory tiering. Intel
Flat Memory Mode manages DRAM and CXL placement at the granularity of
cache lines inside the memory controller, while Memstrata adds software alloca-
tion and performance isolation for tenants that are sensitive to the hardware pol-
icy [174]. Collectively, these systems demonstrate broad interest in CXL memory
expansion and tiering across hardware and software. Chapter 6 applies CXL mem-
ory tiering to live VM migration by using the existing placement of VM pages to
reduce data movement.

3.5 Live Virtual Machine Migration
Pre-copy migration iteratively transfers memory while the VM continues running
and briefly pauses it for a final stop-and-copy phase [114, 33]. Google’s docu-
mented production migration system uses pre-copy [122]. Later work improves
particular stages of pre-copy. Ibrahim et al. control migration using the appli-
cation’s memory rate of change to improve convergence and reduce application
impact for HPC workloads with intensive memory use [71]. Haris et al. use a
learned predictor to stop pre-copy when the predicted downtime satisfies a tar-
get [61]. Eswaran et al. preserve copy-on-write sharing among related VMs to
avoid transferring duplicate pages [45]. Song et al. use data and pipeline paral-
lelism across multiple CPU cores and NICs to accelerate migration [130]. These
techniques reduce unnecessary transfer or implementation overhead for particular
workloads, but retain tracking of dirty pages and may retransmit pages modified
while migration is in progress.

Post-copy migration transfers CPU and device state first, resumes the VM on
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the destination, and retrieves missing pages on demand [64]. It transfers each page
at most once and avoids pre-copy’s convergence problem, but remote page faults
stall the resumed guest and make recovery more difficult if either host fails be-
fore all pages reach the destination. PostCopyFT adds reverse incremental check-
pointing and replication to recover a VM after a post-copy failure, at the cost
of additional state management and transfer [47]. M3U reduces overheads from
kernel memory management, dirty page registration, and fault handling for post-
copy migration of large VMs [162]. It improves post-copy scalability, but the
destination still fetches missing memory after execution resumes. Hybrid migra-
tion begins with pre-copy and later switches to post-copy, bounding pre-copy’s
convergence delay while retaining demand paging after execution resumes at the
destination [72].

RDMA accelerates migration by moving data through an RDMA-capable net-
work interface card (RNIC), reducing CPU and network stack overhead. Huang
et al. implement live VM migration with RDMA in Xen, using one-sided trans-
fers over InfiniBand to reduce CPU overhead, migration time, and application
downtime [68]. Isci et al. evaluate fast migration with RDMA using enterprise
workloads [74]. Huang et al.’s Nomad network virtualization system virtualizes
network handles tied to a location and coordinates the transfer of reliable Infini-
Band connections that bypass the operating system [69]. Guay et al. prototype
migration of SR-IOV InfiniBand virtual functions and coordinate network and de-
vice reconfiguration during migration [56]. These systems either accelerate the
transport or preserve direct device access, but do not change the underlying mem-
ory transfer algorithm: pre-copy still retransmits dirty pages, and post-copy still
incurs remote faults.

Approaches based on shared memory reduce migration data movement by
making VM memory accessible from both hosts. Grapentin et al. implement
zero-copy VM migration using ThymesisFlow, a memory disaggregation system
for IBM POWER9 [55]. This work demonstrates the benefit of leaving memory in
place, but depends on a specialized POWER9 and OpenCAPI platform for disag-
gregated memory. Jo et al. implement a QEMU/KVM migration algorithm over
software distributed shared memory that avoids copying the VM’s entire memory
and reduces migration time and transferred data [77]. Their approach provides
remote memory and sharing through a DSM layer over the network rather than
directly shared CXL memory. The nil-migration proposal describes handing exe-
cution between hosts while VM memory remains in shared CXL memory, but the
project states that it is at an early stage and does not provide a complete imple-
mentation [132]. These systems establish that shared memory can reduce or avoid
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copying, but do not provide a QEMU/KVM migration mechanism for available
CXL 2.0 hardware. Chapter 6 presents Pontoon, which copies each page resident
in DRAM to shared CXL memory at most once, remaps it so subsequent writes
reach the shared location, and promotes selected pages to destination DRAM in
the background after resumption.
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Chapter 4

Desperately Seeking ... Optimal
Multi-Tier Cache Configurations

Modern cache hierarchies are tangled webs of complexity. Multiple tiers of het-
erogeneous physical and virtual devices, with many configurable parameters, all
contend to optimally serve swarms of requests between local and remote applica-
tions. The challenge of effectively designing these systems is exacerbated by con-
tinuous advances in hardware, firmware, innovation in cache eviction algorithms,
and evolving workloads and access patterns. This rapidly expanding configura-
tion space has made it costly and time-consuming to physically experiment with
numerous cache configurations for even a single stable workload. Current cache
evaluation techniques (e.g., Miss Ratio Curves) are short-sighted: they analyze
only a single tier of cache, focus primarily on performance, and fail to exam-
ine the critical relationships between metrics like throughput and monetary cost.
Publicly available I/O cache simulators are also lacking: they can only simulate a
fixed or limited number of cache tiers, are missing key features, or offer limited
analyses.

It is our position that best practices in cache analysis should include the evalu-
ation of multi-tier configurations, coupled with more comprehensive metrics that
reveal critical design trade-offs, especially monetary costs. We developed an n-
level I/O cache simulator that models multi-tier cache hierarchies with an arbitrary
number of levels, captures detailed statistics for each tier, and supports analysis of
performance and cost across configurations. The initial implementation evaluated
in this chapter extended an existing cache simulator (PyMimircache). We present
several interesting and counter-intuitive results in this chapter.
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4.1 Introduction
The vast configuration space of multi-tier caching enables the design of very com-
plex systems. Several tiers of cache and persistent storage can be allocated in
numerous arrangements. Moreover, devices can be partitioned into many differ-
ently sized cache segments for separate applications. All of these devices can be
implemented within, and interact with, any number of independent, large-scale
infrastructures (e.g., cloud services, virtual machines, big data warehouses, dis-
tributed systems). Furthermore, new storage technologies are constantly emerg-
ing (e.g., NVM, 3D flash), introducing additional complexity, greater capacities,
and different cost/performance profiles. Our ability to dynamically change hard-
ware in live systems (e.g., adding or deleting RAM, SSD, NVM) has also been
increasing, particularly in cloud environments and virtual machines [58, 31, 32],
making it significantly easier to reconfigure a cache hierarchy. Workloads con-
tinue to evolve as well, with complex and diverse access patterns that affect the
frequency of data reuse and the size of working sets, two of the most influential
factors in any caching system [131, 157, 125, 11, 28].

Research in cache algorithms and policies is also trying to keep up with these
changes. Machine learning and similar techniques that leverage historical data
are being incorporated into caching systems to bolster prefetching [166], dynami-
cally switch between replacement algorithms [123, 148, 125], or enhance existing
eviction policies [4]. I/O classification has been used to enforce caching policies
and improve file system performance [105]. Multi-tier cache eviction algorithms
that are aware of some or all layers in the hierarchy at any given time are being
developed [28]. The challenges of cache resource allocation and provisioning are
being investigated as well [81, 15]. Zhang et al. introduced CHOPT, a choice-
aware, optimal, offline algorithm for data placement in multi-tier systems [171].
Algorithms such as CHOPT are promising solutions for efficiently finding optimal
multi-tier configurations, but their bounding assumptions and inability to model
all parameters limit the configuration space they can explore.

Physically experimenting with various cache configurations is costly and time-
consuming, with so many parameters to consider (e.g., number of tiers, device
types and models, caching policies). A well-known technique for evaluating cache
performance without running experiments is Miss Ratio Curve (MRC) analy-
sis [150, 62, 19, 67]. MRCs plot the cumulative miss ratio of all requests in a given
workload for some cache eviction algorithm(s) as a function of cache size. Cache
size usually ranges from one data block to the size required to store every unique
block accessed in the workload, also known as the working set. This technique
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has many uses, such as comparing eviction algorithms’ performance for a given
workload or identifying optimal cache size allocations. However, MRCs evaluate
the performance of only a single cache and are not capable of accurately modeling
the complicated interactions between devices in a multi-tier cache. Recent studies
have shown that traditional MRCs are even sub-optimal for resource allocation in
a single layer, since they admit data with poor locality into the cache [49].

It is vital that our methods of evaluating caches mature as storage technolo-
gies and cache hierarchies continuously evolve. For example, examining perfor-
mance metrics such as latency or using an MRC to analyze miss ratio as cache
size increases may be misleading without also considering the monetary cost of
purchasing and using the cache. Cost has a non-linear, positive correlation with
cache size, and is fundamentally the primary constraint when deciding how much
cache to include in a system. If this were not the case, everyone would cache
all data in copious amounts of the fastest DRAM money can buy and back it up
with a huge battery. Furthermore, improved performance does not directly trans-
late into cost efficiency, especially in a multi-tier system where devices’ cost and
performance characteristics can vary wildly. The purchase cost of hardware is a
simple example. Ideally, we should be evaluating more comprehensive metrics
such as the total cost of ownership, which combines other metrics such as power
consumption, the cost of labor to maintain a system, and the projected lifetime of
devices given access patterns. It is also essential that we can freely evaluate the
relationship between metrics (e.g., throughput/$) so we can make educated design
decisions with full awareness of the inherent trade-offs.

The most complete solution would be an n-level I/O cache simulator that could
quickly and accurately evaluate many configurations. While there are some ad-
vanced CPU cache simulators available [109, 39, 116, 152, 99], storage cache
simulators are scarce and lacking. State-of-the-art storage cache simulators are
mostly outdated; they either can simulate only a single layer or some fixed set of
layers, have limited analysis features, are not easily extendable, or are simply not
released to the public [158, 59, 1]. PyMimircache [165] is a popular open-source
storage simulator with several useful features that is actively maintained. How-
ever, even this simulator is inadequate; it also can simulate only a single layer of
cache with no implementation of back-end storage, has no concept of write pol-
icy, and its analysis features are limited. The main strength of PyMimircache is
its ability to perform MRC analysis on multiple cache replacement algorithms.

It is our position that best practices in cache research need to be broadened to
reflect the growing multi-tier configuration space. This chapter makes the follow-
ing contributions:
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1. We explore current trends in cache analysis and propose that best practices
in cache research should include the analysis of multi-tier configurations
and a more comprehensive set of evaluation metrics (e.g., monetary cost).

2. We describe the critical capabilities of an n-level I/O cache simulator and
the initial design of a simulator that we subsequently developed and released
publicly [41].

3. We extended PyMimircache to function as a multi-tier cache simulator, ex-
perimented with many configurations on a diverse set of real-world traces,
and present initial results that support our position.

4.2 Cache Analysis
The fundamental strategy in engineering a cache hierarchy involves placing faster
and typically lower-capacity devices in front of slower devices to improve the
overall latency of accessing frequently reused data. There is a tangible dollar cost
per byte increase when purchasing hardware with better performance attributes.
Therefore, it follows that the cache size and speed are closely correlated with the
purchase cost. Straightforward logic dictates that performance is constrained by
cost, so unless money is in endless supply, the best practice should be to evaluate
these metrics together. Surprisingly though, cost is often overlooked during anal-
ysis in favor of performance metrics such as raw throughput, latency, or hit/miss
ratio [154, 31, 28, 120, 49, 27, 23].

The argument can be made that any improvement in cache performance trans-
lates into a reduction in cost when designing a cache, such that the relationship
between cost and performance does not necessarily need to be considered. This
is situationally true, particularly when evaluating performance in a single-tier
caching system. However, in a more realistic, multi-tier storage or CPU cache
hierarchy, the large configuration space and complex interactions between tiers
produce scenarios where the relative performance per dollar between two config-
urations is vastly different, necessitating a more complex analysis (see Section 4.4
for examples).

Performance metrics have long been the standard in cache analysis. Recently,
additional metrics that are more relevant and informative for specific applications
have gained popularity in storage research. The 95th (P95) or 99th (P99) percentile
latency, often referred to as tail latency, is an important quality of service (QoS)
metric for cloud [163, 134] and web [75, 38, 60, 15] services, as well as at the
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hardware level [87, 22, 91, 40]. Inter-cache traffic analysis has been used to design
more efficient cache hierarchies in modern microprocessors [115]. Reducing the
energy consumption of storage systems is beneficial for the environment, lowers
operation costs, and promotes advancements in hardware design [24, 89, 127,
146]. Even the total cost of ownership (TCO) can be difficult to calculate when
considering all the factors that contribute to capital and operational expenditures
(CapEx and OpEx) [90, 89].

It is our position that cache analysis should be conducted using a diverse set of
metrics whenever possible. These metrics should be evaluated at various levels of
granularity: at each individual layer, some subset of layers, or globally. Moreover,
we need to create complex metrics (e.g., throughput/$) that allow for analysis of
their informative relationships and reveal critical design trade-offs.

4.3 Multi-Tier Cache Simulation
Simulator Design A general, n-level I/O cache simulator with a rich set of fea-
tures is necessary to thoroughly explore the multi-tier caching configuration space
and analyze our proposed metrics. Our initial design considered a broad set of ca-
pabilities, including: (1) Write policy that determines where data is placed upon
write requests, including traditional write policies (e.g., write through, write back,
write around) and user-defined policies. (2) Admission policy that controls if and
how data is promoted and demoted throughout the hierarchy by request size, ad-
dress space, or simply whether layers are inclusive or exclusive of each other.
(3) Eviction policy that decides which data to evict when a cache is full and new
data needs to be brought in, with support for single-layer or global policies and
the ability to add new policies. (4) Trace sampling techniques (e.g., Miniature
Simulations [151]) that reduce the size of a trace to greatly decrease simulation
time while maintaining similar cache behavior. (5) Prefetching to retrieve data
before it is requested with techniques like MITHRIL [166] that exploit historical
access patterns.

The original design also envisioned an API that would expose data structures
at the granularity of individual requests or for any given real timestamp or virtual
timestamp (where the trace has only ordered records without their original tim-
ing). This would allow users to perform analysis such as examining clean and
dirty pages at any level, measure inter-reference recency, calculate stack distance
metrics when relevant, or perform any type of analysis offered by our simula-
tion framework on a subset of a trace. We also envisioned coupling the simulator
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with modern visualization tools to help users explore the large amount of data it
produces. These capabilities defined a broader design direction, while the initial
implementation evaluated in this chapter focused on a subset. We continued to de-
velop and use the simulator in subsequent work on knee detection and interactive
visualization [42, 43, 142, 173], and later released it publicly as mtc-sim [41].

Multi-tier Cache Reconfiguration A major motivation for simulation is seek-
ing optimal cache configurations. However, efficiently reconfiguring a multi-tier
cache hierarchy is another challenging problem. In this work, we analyze vari-
ous physical devices for simplicity, but manually swapping out devices is often
not a feasible solution. More likely, multi-tier caches may be dynamically recon-
figured in cloud, distributed, and virtual environments, where storage can more
easily be allocated through virtualization abstractions. For example, distributed
memory caching systems (e.g., Memcached) can greatly benefit from automat-
ically reconfiguring cache nodes in response to changes in workload; but this
process can significantly degrade performance as nodes are retired and data is
migrated. Hafeez et al. developed ElMem, an elastic Memcached system that
uses a novel cache-merging algorithm to optimize data migration between nodes
during reconfiguration [58]. Moving between configurations in any caching sys-
tem has a temporarily negative impact on performance, until the new caches are
fully warmed [176, 26]. Therefore, efficient reconfiguration methods are essen-
tial to fully leverage any techniques that find optimal configurations (including
simulations).

PyMimircache Extension The initial implementation evaluated in this chapter
extended PyMimircache [165], a storage cache simulator with an easily extend-
able Python front-end and efficient C back-end. We made several simplifying
assumptions for this extension and experimented with a subset of the design goals
described above. (1) We implemented a traditional write-through policy and an
“optimistic” write-back policy as global write policies. The write-through policy
is consistent and reliable: a block is written to every cache layer and the back-end
storage whenever there is a write request. Our write-back policy is optimistic: it
only writes to the first layer and assumes this data will be flushed to persistent
storage at some point in time, outside of the critical path where it does not affect
performance (i.e., we do not account for the write in any other layer). This sim-
plified version of write-back models the best-case performance scenario, which
we found useful for exploring the potential effects of write policy. A more re-
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alistic write-back would require asynchronous functionality that is not available
in PyMimircache, and is a limitation of this work. (2) All evicted blocks are
discarded rather than demoted (moved or copied) to some lower layer of cache
or back-end storage. (3) Layers of DRAM are included in our simulations even
though we are using block traces, which capture requests for data that was not
found in DRAM. This is a limitation of the traces we are using; the simulator it-
self operates on request identifiers and is not inherently restricted to block traces.
(4) Throughput is limited by the system where traces were actually captured since
we experiment with block traces. For demonstration purposes, we ignore this
limitation and assume requests are fed as fast as possible without using the orig-
inal request timestamps. This allows us to show how we can potentially evaluate
throughput when using different hardware configurations. (5) We consider each
layer to have a portion of its capacity partitioned for caching to emulate various
cache sizes at each layer using the specifications of a single device.

A high-level description of how we extended PyMimircache is as follows:
(1) We feed an original block I/O trace to an instance of PyMimircache. This
instance represents the top layer (“L1”) of our cache hierarchy. (2) This instance
generates two output files: i) A log file “L1-log” containing counters for the fol-
lowing: read hits, write hits, read misses, write misses, data read, data written.
ii) We specify a new trace file called “L1-trace” which contains read requests
that missed in L1, as well as all write requests. As per our assumptions, write
requests are not included when using write-back policy and evicted blocks from
L1 are never included. These intermediate trace files are stored in memory us-
ing Python-based virtual files to avoid disk I/O costs. (3) After the L1 instance
of PyMimircache completes, we feed the generated “L1-trace” from step 2 as in-
put into another, separate instance of PyMimircache. This emulates our L2 layer.
(4) We repeat steps 2–3 for L2, L3, etc. (5) When all layers have been processed,
we aggregate all the log data into a single log file for that experiment. (6) We have
a higher-level script that we pass parameters to for each layer’s device: purchase
cost, capacity, and average read and write latencies. This script records and cal-
culates the following metrics for the cache configuration of an experiment: total
purchase cost, partitioned device capacities, miss ratio per layer, and total read
and write latency incurred. It can be [re]run at any time using previously obtained
simulation logs, and is separate from the actual simulation process.
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4.4 Evaluation
Workloads In this section, we evaluate simulation results gathered using the
Microsoft Research (MSR) traces. These 36 traces, each about a week long, were
collected from 36 different volumes on 13 production servers at MSR in Cam-
bridge, Massachusetts, as described in detail by Narayanan et al. [111]. The per-
centage of total requests that access unique blocks (i.e., data used for the first time)
in these traces ranges from 1% to 97%, which is representative of the frequency
of data reuse. The percentage of total requests that are writes ranges from nearly
0% to almost 100%, making these traces ideal for evaluating the effects of write
policies.

We subsequently expanded our experiments to include 9 traces from the De-
partment of Computer Science at Florida International University (FIU) [146] and
106 traces from CloudPhysics [150].

Experimental setup We ran simulations on the MSR traces using between 1
and 3 layers of cache, in addition to the back-end storage device. Each simula-
tion consisted of a configuration of several parameters: cache and back-end sizes,
eviction algorithms, and global write policy. The capacity required to hold the
entire working set of a trace dictated the cache and back-end storage sizes for
every configuration. The back-end size was always fixed to be the same size as
the working set, since the data initially resides in the back-end. The cache sizes
selected for the first layer of cache are 100 evenly spaced sizes between 1 block
(512 bytes) and the size of the working set for that trace. 100 is the default number
of points for plotting MRCs with PyMimircache. The second and third layers of
cache are 10 evenly spaced sizes within the same range. Using 10 cache sizes for
these layers rather than 100 drastically reduced the time required to complete each
experiment while still revealing the entire range of metrics (albeit with fewer data
points within that range).

In this work, we only present results for configurations using a Least Recently
Used (LRU) eviction policy at every layer. We simulated each of the MSR traces
using our extension of PyMimircache (see Section 4.3) and then calculated cost
and performance metrics using the device specifications described in Table 4.1.
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ID Device Type Price Capacity Average Latency
(Benchmark Source)

D1 G. Skill TridentZ
DDR4
3600 MHz C17

DRAM $150 16GB 0.0585µs r/w
(UserBenchmark)

D2 G. Skill TridentZ
DDR4 3000 MHz
C15

DRAM $97 16GB 0.0642µs r/w
(UserBenchmark)

0.01µs r/w
(Vendor)

D3 Corsair Vengeance
LPX DDR4
2666 MHz C16

DRAM $59 16GB 0.0726µs r/w
(UserBenchmark)

S2 HP EX920 M.2
NVMe

SSD $118 1TB 292µs read
1,138µs write
(AnandTech)

20µs read
22µs write
(Vendor)

H2 WD Black
7200 RPM

HDD $60 1TB 2,857µs read
12,243µs write
(AnandTech)

H3 Toshiba
MK7559GSXP

HDD $65 750GB 17,000µs read
22,600µs write
(Tom’s HW)

17,550µs read
17,550µs write
(Vendor)

Table 4.1: Device specifications and parameters. Each device is denoted with a
letter and number for brevity (1 is high-end, 2 is mid-range, and 3 is low-end). De-
vices S1, S3, and H1 were omitted from the original publication due to space con-
straints. Prices were obtained from Amazon in September 2019. Benchmarked
specifications were compiled from device vendors, AnandTech [7], Tom’s Hard-
ware [141], and UserBenchmark [144].
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While these comprehensive traces represent a wide variety of workloads, they
have only a relatively small working-set size that can easily fit in a modern server’s
RAM. Therefore, to simulate larger workloads (e.g., bigdata, HPC), we treat the
original MSR traces as if they were scaled-down spatial samples of larger traces.
We call this technique reverse-mini-sim: the reverse of the miniature simulations
technique for down-scaling traces introduced by Waldspurger et al. [151]. Minia-
ture simulations was shown to be fairly accurate at a sampling rate of 0.001 on the
MSR traces, so we multiply the purchase cost (X axis) by a factor of 1,000 times:
this simulates a workload whose working set size is 1,000× larger.

Each data point in our figures represents a configuration with some set of cache
sizes. We assume that each layer consists of an independent device with a portion
of its capacity partitioned for caching and the remaining capacity as unused. For
example, a cyan triangle in Figure 4.1 at Total Scaled Purchase Cost of around
$235 represents the average throughput of all requests in a single simulation of
the hm-1 trace with an L1 LRU cache of 61,865 blocks partitioned in device D2,
an L2 LRU cache of 199,344 blocks partitioned in device S2, and back-end storage
of device H3 partitioned to fit the working set of 687,396 blocks.

Cache hierarchy depth Figure 4.1 shows (D1-H3, red) that too little RAM
hurts performance but too much wastes money. Adding a bit of SSD cache (D2-
S2-H3, cyan) between DRAM and HDD (D2-H3, green) can help, but not always
(some cyan dots are below the green line). Consider the knee of D1-H3 (around
X=$500): there are D2-S2-H3 configurations that provide higher throughput for
the same cost, same throughput for less cost, and even both higher throughput and
less cost. Surprisingly, we also see that purchasing more of a cheaper DRAM (D3-
H3, blue) for the same cost of a more expensive DRAM (D1-H3) yields overall
better performance. Therefore, we can sacrifice DRAM performance for a larger
amount of DRAM to get better results.
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Figure 4.1: Effects of an intermediate SSD tier (Workload MSR hm-1)

Solid-state drive (SSD) degradation Storage devices have an expected lifetime
which is typically defined by some amount of I/O. For example, it is well-known
that the memory cells within SSDs can only be written to a finite number of times
before they are no longer usable [76, 95, 113]. While the lifespan of devices is a
parameter that should be considered when estimating the total cost of ownership
of a storage system over some period of time, it is also important to evaluate the
performance impact this aging process can have. Studies have shown that SSD
aging can increase average latency by around 2–3× [78]. To simulate this effect,
we multiplied the latency specifications of device S2 and analyzed the results
alongside simulations using its original specifications. Figure 4.2 shows that while
a new SSD (D1-S2-H2, green triangles) improves performance when inserted into
a D1-H2 tier (red), when the SSD is aged (blue and cyan), performance is actually
worse than not having the SSD at all. For users with write-heavy workloads or
infrastructures where these devices are expected to receive a lot of I/O traffic over
a short period of time, choosing to exclude SSDs completely may not only save
money, but also yield a similar or better average throughput over time.
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Figure 4.2: SSD Aging Effects (Workload MSR src2-1). 2× and 3× indicate
configurations where S2 has 2–3× increased latency due to the potential effects
of SSD aging

Device specification variance Storage vendors want to convince consumers
that their latest device is competitive. They do so by publishing many device
specifications: storage capacity, physical dimensions, hardware interface, dura-
bility, energy consumption, and performance metrics. While most specifications
are fairly standard, a wide variation of performance metrics can be found, even
amongst the same type of device and vendor. Some commonly found metrics
are the minimum, average, median, or maximum values for latency, bandwidth,
or throughput. These metrics may also be further refined as random or sequen-
tial workloads, or separated by reads and writes. These measurements are ob-
tained via benchmarks using some specific workload(s), software environment,
and hardware configuration, which are sometimes disclosed at varying levels of
detail. This poses a significant problem for consumers, who often are unable to
reproduce vendors’ performance results. Given such a vast configuration space
of variables that can affect performance and the understandable motivation for
vendors to publish optimistic results, how can storage devices be reliably com-
pared for their own usage? A handful of independent, reputable websites have
emerged by fixing these variables and benchmarking devices from different ven-

28



CHAPTER 4. DESPERATELY SEEKING ... OPTIMAL MULTI-TIER CACHE
CONFIGURATIONS

dors, and producing realistic, trustworthy specifications: AnandTech [7], Tom’s
Hardware [141] and UserBenchmark [144].

In this experiment we show the difference between numbers reported by ven-
dors and others. Figure 4.3 shows that inserting an SSD tier between DRAM and
HDD provides equal or better performance when using vendor-reported specifi-
cations (green and cyan). However, specifications obtained from AnandTech [7]
(red and blue) show that the majority of the configurations yield worse average
throughput.
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Figure 4.3: Variation between vendor-reported specs and independently operated
benchmarks (Workload MSR web-3)

Write Policy The write policy of a cache hierarchy determines how and where
data is written whenever there is a write request. Write-through policy ensures
data consistency by writing data to every cache and storage device in the hierarchy.
However, this incurs the write latency of every device and negatively impacts
overall performance. The write-back policy improves performance over write-
through by only writing to the cache and then flushing data to back-end storage
at a more favorable time. The downside of write-back is that data is at risk of
being lost in the event that a cache device fails or the whole system loses power. If
reliability is more important, a write-through policy is the obvious choice, but how
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much impact will this have on performance? Figure 4.4 compares write-through
and write-back policies (policy implementations described in Section 4.3). Using
an optimistic write-back (wb) policy we achieve up to 6× better throughput for the
same cost as write-through (wt) with the same devices. Note that a more accurate
write-back policy will account for the delayed writes, which will tie up the storage
devices even during idle times.
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Figure 4.4: Write-through vs. Write-back policy effects (Workload MSR hm-1)

4.5 Chapter Conclusion
Designing and evaluating cache hierarchies has become incredibly complex due
to the expanding multi-tier configuration space. In this work, we analyzed the de-
ficiencies of single-tier cache analysis and common cache evaluation metrics. We
propose that best practices in cache research should include the analysis of multi-
tier systems, as well as the evaluation of a more comprehensive set of metrics
(particularly monetary cost) and their relationships. We developed an n-level I/O
cache simulator that models multi-tier cache hierarchies with an arbitrary number
of levels and supports analysis across a broad range of configurations and metrics.
The initial implementation evaluated in this chapter extended PyMimircache and
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was used to experiment with a wide variety of workloads. We presented interest-
ing and counter-intuitive results that demonstrate the need for multi-tier simula-
tion and analysis. We continued to develop and use the simulator in later studies
and released it publicly as mtc-sim [41].
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Chapter 5

Accelerating Multi-Tier Storage
Cache Simulations Using Knee
Detection

Storage cache hierarchies include diverse topologies, assorted parameters and
policies, and devices with varied performance characteristics. Simulation enables
efficient exploration of their configuration space while avoiding expensive phys-
ical experiments. Miss Ratio Curves (MRCs) efficiently characterize the perfor-
mance of a cache over a range of cache sizes, revealing “key points” for cache
simulation, such as knees in the curve that immediately follow sharp cliffs. Un-
fortunately, there are no automated techniques for efficiently finding key points
in MRCs, and the cross-application of existing knee-detection algorithms yields
inaccurate results.

We present a multi-stage framework that identifies key points in any MRC,
for both stack-based (e.g., LRU) and more sophisticated eviction algorithms (e.g.,
ARC). Our approach quickly locates candidates using efficient hash-based sam-
pling, curve simplification, knee detection, and novel post-processing filters. We
introduce Z-Method, a new multi-knee detection algorithm that employs statistical
outlier detection to choose promising points robustly and efficiently.

We evaluated our framework against seven other knee-detection algorithms,
identifying key points in multi-tier MRCs with both ARC and LRU policies for
106 diverse real-world workloads. Compared to naïve approaches, our framework
reduced the total number of points needed to accurately identify the best two-tier
cache hierarchies by an average factor of approximately 5.5× for ARC and 7.7×
for LRU.
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We also show how our framework can be used to seed the initial population
for evolutionary algorithms. We ran 32,616 experiments requiring over three mil-
lion cache simulations, on 151 samples, from three datasets, using a diverse set of
population initialization techniques, evolutionary algorithms, knee-detection al-
gorithms, cache replacement algorithms, and stopping criteria. Our results showed
an overall acceleration rate of 34% across all configurations.

5.1 Introduction
A cache’s miss ratio is one of the most important predictors of its performance.
A miss-ratio curve (MRC) for a given cache and replacement algorithm plots the
cumulative miss ratio for all accesses as a function of the cache size, providing a
powerful tool for analyzing the performance of live systems and dynamically ad-
justing cache configurations as workload conditions change [151, 15]. MRCs can
also inform offline evaluations such as comparing caching algorithms or analyzing
monetary cost vs. storage-system performance [44].

There are many efficient techniques for generating MRCs [102, 135, 159, 150,
137, 66, 151, 49]. MRC-reported miss ratios are good indicators of expected per-
formance (e.g., throughput), but real system performance can vary due to addi-
tional factors including device characteristics, write policies, and admission poli-
cies [44]. Alas, repeatedly reconfiguring and testing a real caching system, with
all possible cache sizes, is prohibitively expensive due to the slowness of storage
I/O.

Since experimenting with physical devices is costly and time-consuming, sim-
ulation offers a more practical way to explore this large search space and eval-
uate trade-offs such as latency vs. cost. A common first step is to sample a
workload: approximation algorithms enable accurate simulation of cache behav-
ior using only a fraction of the original trace data. Small sampled traces can
then be used to construct an MRC accurately, enabling quick evaluation of cache
performance [150, 151]. Many storage-cache simulators have been developed
that replay traces while attempting to faithfully reproduce real system behav-
ior [1, 97, 165]. However, even simulations can be too expensive to allow ex-
ploring a large number of configurations or optimizing live systems in real time.
For example, consider a cache with a maximum size of 100 GB. Simulating every
1 GB size step would require 100 experiments. In a multi-tier setup, the number of
simulations grows with the number of tiers; a two-tier configuration would require
1002 experiments, three tiers would need 1003, and so on. Thus, it is essential to

33



CHAPTER 5. ACCELERATING MULTI-TIER STORAGE CACHE
SIMULATIONS USING KNEE DETECTION

explore this vast configuration space efficiently.
Creating an MRC requires a sequence of cache references. In a multi-tier

cache, references to level n + 1 come from misses in—and write evictions and
flushes from—level n; thus the MRC for n + 1 directly depends on the cache
size chosen for level n. A naïve exploration of multi-tier configurations would
require a separate simulation for each point in level n’s MRC to identify misses
that become references at level n + 1, and hence to compute the level n + 1
MRC. Since an MRC may contain hundreds of points (one for each potential cache
size), this approach quickly becomes intractable. Thus, a crucial second step for
evaluating multi-tier caches is to limit the number of simulations by intelligently
selecting the cache sizes to evaluate at each level.

Intuitively, the most promising candidates are points where a little extra cache
space produces a relatively large drop in the miss ratio; such points are often
visible as “knees” in MRCs—e.g., points A, C, and D in Figure 5.1. (Note that
although B has sharp curvature, it is not of interest since C provides a much lower
miss rate.) Given enough computational resources, we may be interested in also
selecting some points in the large gradually sloping regions that cover a significant
range of cache sizes. We refer to both types of points as key points from here on.
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Figure 5.1: MRC for trace w10, annotated to illustrate several key points: useful
“knees” (points A, C, and D), a useless “cliff” (B), and a large range of cache
sizes with relatively gradual miss-ratio improvement.

In this chapter, we describe a multi-stage framework designed to pick an ap-
propriate yet small number of key points in MRCs: (1) We first approximate the
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MRC accurately using a hash-based sampling technique [150, 151]; (2) Next, we
use the Ramer-Douglas-Peucker (RDP) line simplification algorithm [121] to re-
duce noise by eliminating minor variations in the curve; (3) We then run a multi-
knee detection algorithm on the remaining points to find cache sizes that pro-
vide the greatest miss-ratio improvement for the lowest cost. Our framework cur-
rently implements eight different knee-detection algorithms, including our novel
Z-Method and modified, multi-knee versions of five widely used single-knee de-
tection algorithms [9, 126, 124, 139]; and (4) Finally, in post-processing we re-
move less interesting points, add points in gradually-sloped regions (if desired),
and then select the final points based on a ranking that uses hierarchical clustering
and relevance metrics.

Building on our previous work [42], we additionally provide a more in-depth
analysis of our Z-Method algorithm and demonstrate how our framework can ac-
celerate the optimization of multi-tier caching systems using evolutionary algo-
rithms. This chapter makes several contributions:

1. We establish the novel methodology of using multi-knee detection to effi-
ciently identify optimal multi-tier cache configurations;

2. We present a framework that combines several techniques to find a mini-
mal number of key points in MRCs for both stack and non-stack caching
algorithms;

3. We introduce Z-Method, a new multi-knee detection algorithm that uses
statistical outlier detection;

4. We demonstrate that, compared to naïve approaches, our framework signif-
icantly reduces the number of 2-tier cache evaluations needed to identify
good configurations by a factor of 5.5× for ARC and 7.7× for LRU;

5. We evaluate our framework for the additional application of seeding the
initial population of evolutionary algorithms. Our results show an overall
acceleration rate of 34% across a highly diverse set of configurations and
datasets; and

6. We release the code library containing all techniques used in this work [42].

The next section provides some background on MRCs, knee-detection al-
gorithms, and MRC cliff removal techniques. Section 5.3 presents the point-
selection techniques used in our framework, leading to the design of the Z-Method
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algorithm in Section 5.4. We evaluate all of our techniques’ ability to find key
points in MRCs in Section 5.5. We then present an additional evaluation of how
our framework can be used to optimize multi-tier caching systems using evolu-
tionary algorithms in Section 5.6. Finally, we summarize our conclusions and
highlights in Section 5.7.

5.2 Background

5.2.1 Miss Ratio Curves (MRCs)
A key feature of some MRCs is their monotonicity. Cache replacement algorithms
such as LRU are stack-based, which means they satisfy the cache-inclusion prop-
erty: the content of a cache of size n is always a subset of a cache of size n+1. Ul-
timately, this property ensures that the miss ratio will never degrade as we increase
the size of the cache, producing a monotonically decreasing curve. However, more
sophisticated algorithms such as ARC [103] are not stack-based and thus the in-
clusion property does not hold, causing them to produce MRCs that may contain
both convex and concave regions [151]. Thus, non-stack-based MRCs need not
be strictly decreasing.

5.2.2 Knee-Detection Algorithms
Many heuristic algorithms have been developed that find a single knee in a curve,
although the precise definition of a “knee” varies. One can define a knee point as
the point with the maximum curvature in a function. For continuous functions,
curvature [52] is mathematically defined as follows:

Kf(x) =
f ′′(x)

(1 + f ′(x)2)
3
2

(5.1)

However, knee-detection algorithms are applied to discrete sets of points, instead
of a well-defined continuous function. As such, there are several methods to mea-
sure the curvature of the discrete sequence. Menger curvature [139, 126] defines
the curvature for a sequence of three points as the curvature of the circle circum-
scribed by those points. This method relies only on a local criterion, using only
three points to estimate the knee point without considering any others. As such,
noisy data can lead to poor accuracy when estimating the knee point. We use this
method as a baseline reference to compare with other methods.
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The L-method [124] fits two straight lines from the head of a curve to a can-
didate point, and from the candidate point to the curve’s tail. The candidate that
minimizes the Root Mean Squared Error (RMSE) between the straight lines and
the points of the curve is returned as the knee point; this represents the sharpest
angle in the curve.

Similar to the L-method, Dynamic First Derivative Thresholding (DFDT) [9,
10] tries to identify the point where the function has a sharp angle. Instead of
fitting two straight lines, this method relies on the first derivative of the curve.
After computing that derivative, a thresholding algorithm is used to identify the
value that separates the derivative values as “high” or “low.” The knee is then the
point with a derivative value that is closest to the previously computed threshold.

Kneedle [126] uses the point on the curve that is furthest away from a line
defined by the head and tail points of the curve. Both axes of the original curve
are normalized to [0, 1] to easily find the point with maximum curvature. Kneedle
was designed for single or multi-knee detection in a streaming scenario where new
data is arriving continuously. The authors used this technique to detect relevant
points for network congestion control and latency.

There are several algorithms that can find multiple knee points in a curve, but
they have limitations that make them unsuitable for MRCs. The Kneedle algo-
rithm’s primary use case is anomaly detection, where it serves as an initial filter to
reduce the number of candidates needing further analysis. As such, for Kneedle,
recall is more important than precision: it aggressively captures all anomalies,
producing many false positives. In some cases it is possible to reduce the number
of false positives, but doing so requires extensive tuning of its sensitivity parame-
ter.

A few multi-knee detection algorithms have been developed for use in multi-
objective optimization problems, where the notion of a knee guides the explo-
ration of meaningful candidate solutions [169]. However, these problems use a
stricter definition of a knee that assumes a set of well-behaved, Pareto-optimal
points. Several other knee-detection methods [124, 9, 10, 139, 8] are only effec-
tive at finding a single knee in a small and relatively smooth set of points. In
contrast, MRCs can consist of a relatively large number of points, can be noisy
or non-monotonic, and commonly contain more than one significant knee. In
this work, we had to develop techniques to overcome these limitations (see Sec-
tion 5.3) by enabling these algorithms to find multiple knee points.
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5.2.3 Cliff Removal Techniques
An alternative to detecting knees in an MRC is to modify the underlying cache-
replacement policy so that it does not have any cliffs, yielding a convex MRC.
Talus [14] removes cache performance cliffs by dividing the cache into two shad-
ow partitions, each receiving a fraction of the input load. Varying the sizes and
input loads of each partition emulates the behavior of smaller or larger caches.
Given an MRC as input, Talus computes the partition sizes and their respective in-
put fractions to ensure that their combined aggregate miss ratio lies on the convex
hull of the original MRC. Originally proposed for processor caches, Talus inspired
the SLIDE [151] technique for removing performance cliffs from software caches
that employ sophisticated non-LRU replacement policies. CliffHanger [32] ap-
plied a similar idea to key-value web caches, but instead estimated the MRC gra-
dient without explicitly constructing one.

The recent eMRC [94] technique generalized Talus’s cliff removal to multi-
dimensional miss ratio functions, such as the three-dimensional miss-ratio surface
for a two-tier cache. The eMRC convex-hull approximation technique leverages
the absence of cliffs to efficiently generate the miss ratio function for a multi-tier
cache. However, eMRC requires convexity, which limits its applicability to mod-
eling multi-tier cache systems that employ cliff removal. As real-world multi-tier
cache systems do not yet perform cliff removal, eMRC is unable to approximate
their non-convex MRCs. In contrast, our approach does not require convexity to
accelerate multi-tier cache evaluations, making it broadly applicable to production
deployments of existing caches.

5.2.4 Evolutionary Algorithms: Population Initialization
The initial population of an evolutionary algorithm functions as the first guess at
a set of good solutions to an optimization problem. The quality of this first set
can significantly influence the quality of the final solution and the speed at which
an algorithm converges [3, 79]. Studies have shown that some evolutionary algo-
rithms, such as Genetic Algorithms, are more sensitive to the initial population,
while other algorithms like Particle Swarm Optimization are less dependent on
the initial population [48]. This sensitivity has also been shown to be problem-
dependent, such that an algorithm may be influenced by the initial population for
certain functions, numbers of dimensions, or population sizes [3].

There are several categories of population-initialization techniques. Common
stochastic variants, such as random initialization, are favored for their simplicity,
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generic nature, and applicability to a wide range of problems [98]. They are also
popular because they produce a relatively uniform distribution as the population
size increases. But statistical methods such as Latin Hypercube sampling [110]
and quasi-random sequences (e.g., Halton sequence [145]) have been shown to
outperform random initialization for most problems [12].

There are also application-specific techniques aimed at specific, narrow prob-
lems. They often exploit domain knowledge or use a problem’s characteristics
with specific evolutionary algorithms. These methods have been applied to im-
prove convergence speed in problems such as grammar-guided genetic program-
ming [50] and flexible job-shop scheduling [170]. Initialization techniques in this
class typically perform better than more generic variants, but they are usually lim-
ited to specific problems.

Lastly, there are domain-agnostic, general heuristics applicable to problems
that meet some set of conditions. Examples include approaches developed to
optimize any two-stage stochastic mixed-integer problem [140]. Such techniques
can be applied to any problem where some of the variables are constrained to
integer values.

The techniques described in this chapter focus on a domain-agnostic, generic
approach that can be applied to any problem where a curve that is correlated to
the solution can be derived from features of the input data. We show how such
techniques can be used on miss ratio curves to optimize a cache with evolutionary
algorithms.

5.3 Point Selection Techniques
In this section, we introduce our framework for finding multiple key points in
MRCs. We first designed a pre-processing stage to deal with the large volume
of data (Section 5.3.1). Next, we made substantial modifications to each point-
selection technique, enabling them to output a set of multiple knees instead of just
one (Section 5.3.2). Finally, we added a post-processing stage (Section 5.3.3) that
filters and ranks knees based on an appropriate definition.

5.3.1 Pre-Processing
A curve can contain an arbitrary number of data points. The largest MRC that we
evaluated contains 276K points even after sampling-based size reduction [151];
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the original MRC is 10,000× larger. However, the knee-detection algorithms eval-
uated in this work were originally designed to work with small or partial data, such
as for clustering optimizations. Our main idea is to reduce the number of points
while preserving those that follow the shape of the curve; this greatly reduces
the computational costs of subsequent steps while also improving knee-detection
accuracy by minimizing irrelevant fine-grained variation.

The Ramer-Douglas-Peucker (RDP) algorithm modifies a curve by finding a
similar one with fewer points [121]. RDP fits a line between the curve’s endpoints
and then finds the point in between that is farthest from this line. If the distance
between that point and the line is over a given threshold, the curve is split there
and the algorithm is reapplied recursively on the two new segments. Once the
distance is smaller than the threshold, all intermediate points are removed. The
main drawback of RDP is the need to define a threshold, which can be understood
as the maximum allowed reconstruction error. The choice of threshold is difficult
because it depends on the curve’s complexity.

We modified the original RDP algorithm to address this difficulty. Instead of
defining a threshold for the maximum allowed perpendicular distance between a
point and the fitted straight line, we use a relevance-based cost metric that com-
putes the difference between the fitted straight line and the data points in the cur-
rent segment.

We evaluated four different metrics that assess how far our linear reduction is
from the original data: Root Mean Squared Log Error (RMSLE), Root Mean
Squared Percentage Error (RMSPE), Relative Percent Difference (RPD), and
symmetric mean absolute percentage error (SMAPE). Of these four, the best per-
formance came from SMAPE: it found the smallest set of points that minimized
the reconstruction error.

5.3.2 Methods
Except for Kneedle, the algorithms we evaluate in this work (see Section 5.2.2)
were not designed to detect multiple knees. Thus, we developed a recursive al-
gorithm that can be used to adapt any single-knee detection technique to handle
multiple knees. The basic idea is to use a single-knee technique to select the best
knee in a segment. We then split the current segment at that knee, and for each
new segment check whether it is sufficiently linear (computed using the SMAPE
metric). If not, we repeat the process recursively. Apart from applying this recur-
sive generalization, we do not alter the core knee-detection technique, using it as
a black box. All of the methods we evaluated, even Kneedle, require our pre- and
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post-processing methods to work properly on MRCs.

5.3.3 Post-Processing
Given the differences between single- and multi-knee detection and the large
number of points produced by using our recursive strategy on some of the knee-
detection algorithms, we developed three different filters to further reduce and
select the most relevant knees.
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Figure 5.2: Graphical representation of the post-processing methods. (a) Repre-
sentation of the filter that removes unwanted knees. Knee K1 is removed since
knee K0 achieved better performance. (b) Representation of the overlapping rect-
angles used by the corner detection algorithm. Point C is identified as a cliff point
and then removed. (c) Representation of the clustering and ranking elements. The
orange ellipse represents the cluster of knee candidates. The orange candidates
are filtered out, while the green knee is selected as the best representative based
on Equation 5.2.

The first filter, shown in Figure 5.2a, removes useless knees. When dealing
with non-monotonic curves, a knee-detection algorithm can incorrectly choose a
knee that is above a previously detected one. We remove such knees since they
are sub-optimal and do not add useful information.

The second filter, shown in Figure 5.2b, removes cliff points located after
a smooth, near-horizontal area that precedes a sharp descent. These points are
found using a corner-detection algorithm that computes the overlapping area of
two rectangles. The first rectangle, shown in green, is drawn from the neighbor-
ing points P0 and P1 (assuming that RDP pre-processing was used, these are the
previous and following points) that are adjacent to the knee candidate point C.
The second rectangle, drawn in orange, has its corners placed at C and the lower
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left of the green rectangle. The filter computes the percentage overlap between
these two rectangles, and a knee candidate is removed if the overlap exceeds a
threshold.

The third and final filter, shown in Figure 5.2c, uses a hierarchical clustering
algorithm to group knees by their distance along the x-axis, using a percentage
of the x range as a threshold. After grouping the knees into clusters, the knees
within each cluster are ranked based on their relevance score, computed from two
metrics: (i) the improvement given by each knee (i.e., how much it decreases on
the y-axis from the highest knee in the cluster) and (ii) the smoothness of the
improvement, computed using the coefficient of determination (R2). Specifically,
the relevance score S is given by Equation (5.2):

S(Ki, L⃗) = |Kh −Ki| ·R2(L⃗), (5.2)

where Ki is the ith knee, and Kh is the knee with the highest value on the y-axis
(in a single cluster). L⃗ is a vector containing all the knees in the cluster up to and
including the ith one: L⃗ = [K0, ..., Ki]. The highest-ranked knee in each cluster
is selected as its representative knee.

5.4 Z-Method

5.4.1 Design Concepts
Our design for Z-Method was inspired by the DFDT [9] and DSDT [10] knee-de-
tection algorithms, which use first and second derivatives, respectively. In statis-
tics, a z-score (also known as a standard score) is a transformation that normal-
izes a data value by quantifying how many standard deviations away it is from the
mean; typically, a point whose z-score has an absolute value greater than three
is considered an outlier [2]. For the purpose of detecting knees, such outliers in
the second derivative indicate a significant change in the y-axis. The foundation
of our Z-Method technique is in detecting such outliers and intelligently selecting
knees among them.

Although the second derivative is useful, we found that large and small knees
often tend to cluster, causing several points in close proximity to be selected,
rather than the single most optimal knee in the vicinity. To remedy this, we in-
troduced two hyper-parameters, dx and dy, that specify the minimum x and y
distances, respectively, between all selected points. These parameters limit the
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total number of knees selected and give users control over the algorithm. For ex-
ample, users interested only in large knees can give relatively high values for dx
and dy to minimize the number of points.

Z-Method was designed to function independently of the techniques described
in Sections 5.3.1 and 5.3.3. As such, it works for curves that are non-monotonic,
with both convex and concave regions (see Section 5.2.1).

5.4.2 Algorithm Description

Algorithm 1: Z-Method Multi-Knee Detection
Input: Data D with (x, y) points, dx, dy, dz
Output: List of (x, y) points corresponding to knees

1 ∆x← length(D) · (dx/100)
2 ∆y← (max(y) − min(y)) · (dy / 100)
3 D′′← calculate second derivative of D
4 Z ← calculate z-scores for D′′

5 K ← empty list
6 zLimit ← 3 # standard outlier threshold [2]
7 while TRUE do
8 C ← points in Z with z-score ≥ zLimit
9 and at least ∆x and ∆y apart from all points in K

10 Z ← Z - C
11 if zLimit ≤ 0 and length(C) == 0 then
12 Remove points from K to ensure that y always decreases as x

increases
13 return K

14 G← group all points in C such that all adjacent points in each group
are < ∆x apart

15 sort G in descending order by max z-score of each group
16 foreach group in G do
17 p← point in group with the lowest y value
18 if p is at least ∆y from all points in K then
19 K.append(p)

20 zLimit ← zLimit − dz
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As shown in Algorithm 1, Z-Method takes as input a discrete curve D consist-
ing of an ordered list of (x, y) points, along with parameters dx, dy, and dz. The
parameters dx and dy both influence the size and number of selected knees, while
dz controls the maximum number of iterations in the main selection loop (lines
7–20).

We first convert dx and dy, specified as percentages, into absolute values ∆x
and ∆y for the input curve (lines 1–2). This normalization ensures that these
parameters function similarly for different curves. We then approximate a list of
second derivatives of the curve, D′′, using second-order polynomial fitting [25];
next we calculate the z-scores of all points in D′′ as Z, both of which are found in
linear time (lines 3–4). We initialize a list K to contain all selected knees, and set
our starting value of zLimit to 3, since a z-score ≥ 3 is a widely accepted value
for outliers [2] (lines 5–6).

We then enter the main selection loop (lines 7–20), which selects points and
progressively decrements the zLimit value. First, we create a new list C that
contains candidate points: points in Z that have a z-score greater than the current
zLimit and are at least a minimum ∆x and ∆y distance from all other already-
selected points (lines 8–9). The complexity of this step is O(|C| × |K|). All
candidate points C are removed from Z so that we will not consider them again
in future iterations (line 10). The termination clause is then checked (lines 11–13)
to ensure that we have candidate points to operate on.

We next group the candidate points C into G, such that the adjacent points in
each group are less than ∆x apart, based on the dx parameter constraint (line 14).
This takes O(|C|) time, effectively forming groups of points such that there is at
least ∆x distance between every group. We then sort the groups in G in descend-
ing order by the maximum z-score of each group (line 15). Here, we are sorting
the location of each group in the list of groups G rather than the points within each
group. From each group, we select the point with the lowest y value (line 17); we
then check that the selected point is not within a minimum ∆y distance from other
points that have already been selected, enforcing the dy parameter (line 18). The
complexity of this loop is O(|G| × |K|). A point is added to the list of knees K
if it satisfies this constraint (line 19). We then decrement the zLimit by dz and
continue with the next loop iteration (line 20).

This loop terminates only after we have reached a zLimit ≤ 0 and there are no
remaining points that can be selected given the dx and dy parameters (line 11). At
zLimit = 0, we consider all points in D that have not already been considered in
previous iterations. By starting at z-score ≥ 3 and iteratively approaching 0, we
select the largest knees first and gradually lower our threshold for how big a knee
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should be.
Finally, we eliminate any points that may have been poorly selected due to

non-monotonicity in the curve. A final pass removes points where increasing the
x value makes the y value worse (line 12); in our MRC application, such points
are clearly undesirable. This simple pass requires time linear in the size of K.
The overall complexity of this algorithm is therefore O(|D| × |K|), where D is
the size of the input curve and K is often a trivially small value. For example, with
dx set to 5%, enforcing at least 5% distance on the x-axis between each selected
knee point, the maximum size of K would be 20.

5.4.3 Parameters
We present qualitative evaluations of the algorithm’s parameters dx and dy , as
well as its overall success at finding key points. Furthermore, we demonstrate that
Z-Method is effective for both stack and non-stack algorithms, by evaluating with
LRU and ARC cache replacement policies.

Parameter: dx The dx parameter has several functions within Z-Method. It is
provided as a percentage of the maximum cache size in the given MRC. The most
transparent effect of dx is that it constrains the minimum x distance, or cache size,
between selected points. Since no two points can have an x distance less than dx
between them, this provides an upper bound on the total number of selected points,
and also influences the number of points that are actually selected. Because it
affects the “grouping” stage of the algorithm, dx also effectively defines the width
of the knees.

Figure 5.3a shows the effects of dx on workload w09 with LRU cache replace-
ment, with dy fixed and dx set to 1%, 5%, and 10%. The black line in each plot
represents the MRC for LRU cache replacement. The green dots are the points se-
lected by Z-Method when using the dx and dy parameters indicated in the legend.
The vertical orange lines show the second derivative z-score of the MRC at each
cache size. Because the z-score values have a large, workload-dependent dynamic
range, we truncate them at 10 in this plot and for the remainder of this chapter.
A z-score range up to 10 is sufficient to identify all points considered as outliers
(e.g., z-score ≥ 3).

For the MRC plotted in Figure 5.3a, we will focus on the knee(s) in the region
of cache sizes between approximately 425 GB and 475 GB. In the top plot with
dx = 1%, Z-Method considers this region to contain four separate knees, since
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their distances from each other are at least 1% of the maximum cache size. When
we move from 1% to 5% in the middle plot, we can see that points A and B from
the top plot have been removed. Those points are now within dx of each other,
so they are grouped together; we are now left with two points at wider, more
prominent, knees.

A similar effect is seen when we increase dx from 5% to 10% in the bottom
plot. The two knees at points C and E are grouped together and C is removed.
Point D is also removed, since its cache size is less than 10% away from point E.
Significantly, the knee point E was favored rather than the less interesting point
D.

Parameter: dy The dy parameter is also specified as a relative percentage,
which is then converted into an absolute value for the given MRC. It functions
similarly to dx , except that it constrains the y distance, or delta miss ratio, be-
tween any two selected points. This effectively influences the height of knees
and how many points are selected, while providing an upper bound on the total
number of points that can be selected.

Figure 5.3b shows the effects of dy using workload w62 with LRU cache
replacement by fixing dx and varying dy between 1%, 5%, and 10%. The format
is otherwise the same as in Figure 5.3a. In the top and middle plots, the most
interesting change occurs at point C. With dy = 1% in the top plot, this very
small knee is considered significant and is selected. However, when we increase
dy from 1% to 5% in the middle plot, points A, B, and C are removed, as the y
distance between these points and adjacent points is now less than dy . Similarly,
point E is removed when we move from 5% to 10% in the bottom plot, while the
taller knee point F is retained. We can also see that point D is removed as well, as
increasing dy reduces the number of selected points.

It is important to note that for both of these parameters, we are not guaranteed
to always have a point that is dx or dy apart from every other point. Enforcing a
hard separation rule would add a great deal of complexity and would provide little
benefit, since we already select points by their order of importance.
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Figure 5.3: (a) Effects of dx = 1% (top panel), 5%, and 10% on trace w09. Red
arrows denote points in a panel that were not selected when the dx value increased
(next panel down). (b) Effects of dy = 1% (top panel), 5%, and 10% on trace w62.
Red arrows denote points in a panel that were not selected when the dy value
increased (next panel down). The minimum distance that Z-Method enforces be-
tween points is shown below the legends in green.
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Parameter: dz The dz parameter controls the amount that the zLimit variable
is decremented in each iteration of Z-Method. This affects the overall running
time by influencing the total number of iterations. It can also affect the size of
candidate point groups. For example, with a starting zLimit of 3, dz = 0.1 would
only consider points with a z-score ≥ 2.9 on the second iteration, but dz = 0.5
would consider a potentially larger set of points that have a z-score ≥ 2.5. While
this may seem significant, the dx and dy parameters are still the predominant in-
fluence on how groups are formed, so we did not observe any trends or significant
changes when modifying dz .

Finding key points In Figure 5.4, we show the points selected by Z-Method
with dx and dy set to 5%, for multiple workloads using both LRU and ARC
cache replacement policies. We evaluated these plots based on whether or not
they selected all of the points that we consider key points. To reiterate, Z-Method
should first select the largest knee points and then eventually select those within
any regions that cover at least 5% of the x and y axes.

The first row of plots (LRU1-3) shows examples where Z-Method performed
well for LRU. All prominent knees were selected and large ranges of cache space
with gradual decreases in miss ratio also contained an adequate number of points.
The second row of plots (LRU4-6) shows examples where Z-Method missed key
points. For example, in plot LRU4, points A and B missed the knee points directly
to their left. There were similar issues in LRU5 and LRU6.

We show how to improve the lower-quality points A and B in LRU4 by modi-
fying Z-Method parameters. The green points were selected using the default dx
of 5%, while the blue points were selected using a dx of 3.2%. These blue points
more accurately capture these two knees, and are more optimal than A and B.

There were also cases where Z-Method could pick slightly less optimal points
due to extreme shapes in a curve and the nature of the z-score metric. This can be
observed in plot LRU5, which exhibits a nearly flat region followed by a massive,
steep knee, then another nearly flat region. Point C is not quite at the bottom of
the knee because the z-score at the very bottom was slightly below the standard
threshold for an outlier of 3. This could be remedied by lowering the threshold
(and modifying Z-Method’s parameters if needed). It should be noted that Z-
Method will still pick a point that is relatively close to the knee in these edge
cases.

The third row of plots (ARC1-3) shows where Z-Method performed well for
ARC. In addition to always selecting prominent knees and points in gradually
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Figure 5.4: From the top: the first row shows LRU plots where Z-Method picked
fairly good points; the second row has LRU plots where Z-method missed a few,
better points. The third and fourth rows are the same but for ARC (third row good
points selected; fourth row missed some points). The plot labeled LRU4 shows
points selected by Z-Method using a dx of both 5% (green) and 3.2% (blue). Sub-
optimal points A and B in LRU4 were selected using dx of 5%, missing nearby
knee points. The knees were appropriately selected when dx was lowered to 3.2%.
Sub-optimal point C in LRU5 was selected due to the extreme shape of the curve
and the standard z-score threshold of 3. The knee was appropriately selected when
lowering the threshold. Sub-optimal point D in ARC4 was selected due to the
ARC MRC being generated with too few points. The knee point to the immediate
right was selected when the number of points in the MRC was increased from 100
to 220.
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sloped regions, we also see that points were never selected in concave regions
where the miss ratio increased due to the non-monotonicity of ARC. A key feature
of Z-Method is that it will never select points with a higher miss ratio than any
other previously selected points with a lower cache size.

The fourth row of plots (ARC4-6) depicts a situation where Z-Method missed
key points. In cases such as ARC5, modifying the parameters was sufficient for
identifying higher quality points, but plots ARC4 and ARC6 exhibit a problem
that is unique to non-stack-based cache eviction algorithms (i.e., ARC). Unlike
stack-based algorithms (e.g., LRU), we cannot easily generate a fine-grained MRC
that includes every potential cache size. Instead, best practice is to sample the
workload [151] and then generate the MRC using a subset of points that still
preserves the shape of the curve. This is typically done using 100 points. We
used 100 points to generate all ARC MRCs during the point selection process
throughout this work, but plotted the z-score and points selected against MRCs
generated using 1000 points to better show how Z-Method selects points in MRCs
that more closely represent the “true” curves. This value worked well for the
majority of our workloads, but there were edge cases (e.g., ARC4 and ARC6)
where the z-score did not accurately capture important knees present at the very
end of the curve. For example, point D in ARC4 was selected because there was
a very small knee with a positive z-score at the top of the cliff, but there was a
much larger knee to its immediate right. This could be remedied by increasing the
number of points used to generate the MRC. 220 points were enough to remedy
this issue for both ARC4 and ARC6 (not shown in the plots due to complexity).
The task of generating an MRC is separate from Z-Method, so we did not include
this value as a parameter.

In all cases where Z-Method missed key points, there were slight modifica-
tions that enabled those points to be selected. We fixed dx and dy to 5%, the
z-score outlier threshold to 3, and generated ARC MRCs using 100 points for this
evaluation, since we do not yet have a way of automatically selecting the ideal val-
ues. Even so, Z-Method still found all key points in the overwhelming majority
of the MRCs we examined with these values.

5.5 Evaluation: Miss Ratio Curves
In this section, we evaluate our framework’s ability to find key points in miss ratio
curves. We first compared the accuracy of 8 different knee-detection algorithms,
including Z-Method, for identifying knees in single-tier MRCs, and then evaluated
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our framework’s ability to quickly find optimal multi-tier configurations.

5.5.1 Experimental Setup
We evaluated our techniques on 106 real-world block traces collected by Cloud-
Physics [150], each representing a week of virtual disk activity from production
VMware environments. We used hash-based spatial sampling [150, 151], with a
size-based sampling rate ranging from 0.1 to 0.0001, to reduce these workloads
and thus the running time while maintaining an accurate representation of the
originals. We dynamically varied the rate by powers of 10, such that each sam-
pled trace was guaranteed to contain between 100K and 1M requests. The traces
contain heterogeneous request sizes, so we also transformed all requests into 4 KB
block-aligned operations to facilitate accurate sampling, consistent with previous
work [94].

To evaluate multi-tier systems, we extended PyMimircache [165], a cache sim-
ulator with an easily modifiable Python front end and an efficient C back end. Our
extension generates two-tier MRCs by simulating an L1 cache with the original
sampled trace, then simulating L2 with the requests that missed in L1. L1 cache
sizes were selected using the MRC of the original trace, while L2 sizes were cho-
sen using the MRCs of each intermediate trace. The total miss ratio of the two-tier
configuration was calculated as the product of the miss ratios of L1 and L2. We
modeled a simple write-back policy by treating both reads and writes as cache
references, as done in previous work [94]. The cache eviction policy was config-
ured as either LRU or ARC and was the same in both tiers. We generated two-tier
MRCs for each trace, for both LRU and ARC replacement policies, resulting in a
total of 212 MRCs.

5.5.2 Knee-Detection Algorithms
We evaluated the accuracy of our framework using Z-Method and several other
knee-detection algorithms: Curvature, DFDT, Kneedle, L-Method, and Menger.
We also included the Fusion method, which considers all points retained by RDP
and relies on our post-processing filters to select relevant knees.

Kneedle finds knees using peak-detection methods, and can be used for single-
knee detection by selecting only the highest possible peak; we call that approach
Kneedle Recursion. We analyzed each method’s ability to find knee points that
had been manually curated in the 212 single-tier MRCs by four domain experts.
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Most of our techniques have one or more hyper-parameters that can influence
which points are selected. To achieve the best performance for each MRC, it is
necessary to tune the hyper-parameters of each algorithm appropriately. While
the default parameters offered acceptable performance, a more complete evalua-
tion requires optimized parameters [21]. Therefore, we developed a cost function
and ran an optimization algorithm for each knee-detection method using all 212
MRCs.

When designing the cost function, we carefully considered the target use case
of our framework. We want to find the ideal parameters that have the lowest
error globally across all MRCs, while keeping the number of knees as close as
possible to the number of knees identified manually. Constraining the number of
knees is necessary since our framework is designed to pick only the most relevant
points. A technique that finds parameters that correctly identify all knee points
but also selects many non-relevant points, while having a high recall score, would
be inefficient for our use case.

We use the Matthews correlation coefficient (MCC) [29] as the basis of our
cost function. MCC measures classification quality by considering the balance ra-
tios of the four confusion matrix categories: true positives and negatives, and false
positives and negatives. Although the knee-detection problem is better modeled as
a regression, we based our evaluation on binary classification, since we wanted to
control the impact of false positives and negatives (i.e., non-relevant points being
classified as knees and vice-versa). Prior work [29] has shown that the MCC is
more informative than an F1-score for evaluating accuracy in binary classification
problems. As such, the cost function we used was the following:

Cost(E,K) =
1

n

n∑
i=0

MCC(Ei, Ki) + max

((
1

n

n∑
i=0

|Ki|

)
−Kt, 0

)
, (5.3)

where E represents the expected (manually selected) knees for all MRCs, and K
represents knees picked for all MRCs (n defines the number of MRCs) by our
framework using some configuration of hyper-parameters and a knee-detection
algorithm. MCC(Ei, Ki) represents the MCC computed from the expected and
detected knees of the ith MRC. Finally, |Ki| represents the number of knees de-
tected in the ith MRC, and Kt represents a threshold for the acceptable number of
knees.

Figure 5.5 shows our evaluation. Three techniques stand out: Fusion, Knee-
dle, and Z-Method. Fusion achieves tighter margins than all other techniques,
spanning only 0.23 MCC between the upper and lower quartiles, suggesting that
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the expected performance in unseen traces would be well-bounded. Kneedle and
Z-Method achieve the highest median MCC values of 0.45 and 0.50, respectively,
with Z-Method having a smaller standard deviation when compared with Kneedle.
The much tighter bounds of Z-Method are more significant than the improvement
in median, making Z-Method the ideal candidate for our multi-tier evaluation.
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Figure 5.5: An MCC evaluation of 8 knee detection algorithms using our opti-
mized hyper-parameters for accurately identifying knees that were manually se-
lected by experts. Higher MCC values and lower standard deviations are better.
Kneedle and Z-Method have the highest median MCC values of 0.45 and 0.5, re-
spectively, with Z-Method achieving much tighter bounds.

We also experimentally measured the time and memory usage of our frame-
work using each knee-detection algorithm for all MRCs. We used the default
hyper-parameters for each algorithm, as they do not significantly impact the over-
heads. The results of the running-time benchmarks are shown in Figure 5.6.
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Figure 5.6: Running times for 8 knee-detection algorithms. The y-axis scale is
logarithmic. L-Method displays a considerably higher running time than other
methods, due to its high complexity. Other methods are comparable, with Kneedle
and Z-Method having the lowest median running times.
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All of the algorithms have comparable execution times across all MRCs with
the exception of L-method. This is especially true for the upper quartile of L-
Method, which is 1307.79 ms. The second highest upper quartile is Kneedle Re-
cursion, which is 74.4% lower than L-Method at 334.62 ms. This is expected
since L-method uses straight-line fitting (O(n2)) for each point to detect the ideal
knee, leading to a time complexity of O(n3). Combined with our recursive algo-
rithm that enables it to detect multiple knees, the expected time complexity for L-
method is O(n3 log n). Note that Kneedle (non-recursive version) and Z-Method
have the lowest median running times of 38.59 ms and 40.81 ms, respectively.

The memory overhead is nearly linear in the file size for each MRC, ranging
from approximately 53 KB to 71 MB after sampling. There were no significant
differences across any of the techniques, so we do not present any further memory
overhead analysis.

5.5.3 Multi-Tier MRCs
Miss-ratio curves are typically used to find configurations that minimize both miss
ratio and cache size(s). We seek multiple configurations that are optimal in two or
more objectives.

Consider designing a multi-tier cache, with many device options, for a large
workload. With an unlimited budget, one could simply purchase enough DRAM
to hold the entire data set, but that is rarely economical. Instead, most system
administrators will want to trade cost off against performance, meaning that they
will be interested in Pareto-optimal solutions, i.e., those where a given objective
cannot be improved without making one or more others worse.

Only a subset of all possible cache configurations are Pareto-optimal. When
a set contains every Pareto-optimal configuration for a given workload and no
others, it is called the true Pareto-optimal front. Any point in this front minimizes
the cache size(s) and the miss ratio; the front as a whole can be considered to mark
the “best” points.

However, it is often not feasible to find the true Pareto front for a large con-
figuration space. Instead, the space can be sampled in an attempt to find opti-
mal points, creating a Pareto approximation. Our work aims to find a minimal
number of key points in MRCs. Thus, we are trying to find the most significant
Pareto-optimal points by efficiently generating accurate Pareto approximations of
multi-tier MRCs.

There are multiple metrics for evaluating the quality of Pareto approxima-
tions [88]; the most commonly used is the HyperVolume Indicator (HVI) [20],
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which measures the size of the space between the points in a front and a user-
defined reference point; a larger space is better.

Figure 5.7 shows an example of how HVI is measured in a 3-dimensional
space. The blue shape represents a simple linear series descending from (0,0,10)
to (10,10,0). If this were a two-tier MRC, the x-axis would be the L1 size, y-axis
the L2 size, and the z-axis the miss ratio. The hypervolume is the volume between
points on the Pareto front (here, the blue shape) and a user-defined reference point,
here the nadir point1 at (10,10,10), where all objectives are maximized. To find
the hypervolume of the point at (5,5,5), we draw a rectangular prism from it to the
reference point. The resulting 5×5×5 cube has a hypervolume of 125. If we were
to instead find the hypervolume of the point (4,4,4), we would have a 6 × 6 × 6
cube with a hypervolume of 216. Thus, configurations with lower cache sizes and
miss ratios result in larger hypervolumes. The total hypervolume of a dataset is
the non-overlapping hypervolume of all points on its Pareto front, making HVI a
useful metric for our multi-knee detection framework.

1Although the reference point is placed at the largest coordinates, prior literature on hypervol-
ume indicators uses the term “nadir” rather than “zenith” because it represents the worst perfor-
mance; we follow that convention.
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Figure 5.7: An example of how the HyperVolume Indicator (HVI) is calculated
for a single point of a 3-dimensional data series. A cube is drawn from the ref-
erence point (10,10,10) to the data point (5,5,5) creating a 5 × 5 × 5 cube with a
hypervolume of 125.
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Another metric highly relevant to our problem is the Ratio of Non-Dominated
Individuals (RNI) [136], which is the fraction of dataset points that are on the
Pareto front. As discussed earlier, points not on the front represent sub-optimal
configurations, so a higher ratio is better. RNI does not measure the magnitude of
quality; instead, it informs us of a point selection technique’s efficiency. There-
fore, evaluating HVI and RNI together is a comprehensive approach to analyzing
techniques that find the minimal number of key points in MRCs.

We evaluated our framework across all 212 two-tier MRCs using Z-Method,
compared to a naïve approach of selecting evenly-spaced points. We also tried
geometrically-spaced points, but this yielded worse results than even spacing so
we omit them from this analysis. It was not practical to evaluate every point
in MRCs containing thousands of points, so we used 50 evenly-spaced points
(Even50) as a reasonable approximation of the full configuration space and the
true Pareto front. We varied the number of evenly-spaced points to most closely
match Z-Method’s average HVI or number of points, resulting in Even4, 10, and
13.

In Table 5.1, we show the averages across all 212 MRCs of the number of
points selected, HVI as a percentage of Even50’s HVI, and RNI. When measuring
the efficiency of a method, a lower number of points and a higher RNI are better;
when measuring the accuracy of a method, higher HVI is better. The number
of points for even spacing is always constant, calculated as X + X2 for two-tier
MRCs using EvenX. Z-Method has HVI similar to that of Even10 for ARC and to
Even13 for LRU, but Z-Method evaluates 5.5× fewer points for ARC and 7.7×
for LRU to get those results. This efficiency is also reflected in Z-Method’s RNI
of 0.94 for ARC and 0.97 for LRU. Conversely, the RNI of the evenly-spaced
methods ranges from 0.28 to 0.41, meaning that the majority of points they select
are sub-optimal and uninteresting to explore.
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Method
Avg. Points Avg. HVI % Avg. RNI
ARC LRU ARC LRU ARC LRU

Even4 20 20 59.63 61.00 0.30 0.28

Even10 110 110 86.43 83.31 0.39 0.40

Even13 182 182 90.41 91.07 0.41 0.34

Even50 2550 2550 100.00 100.00 0.33 0.34

Z-Method 23.33 20.33 86.99 90.75 0.94 0.97

Table 5.1: Evaluation results of our framework using Z-Method across 2-tier ARC
and LRU MRCs, derived from 106 real-world block traces collected from Cloud-
Physics. The averages of 3 metrics are presented for each algorithm: number of
points (lower is better), HyperVolume (HVI) as a percentage of Even50’s Hyper-
Volume (higher is better), and Ratio of Non-Dominated Individuals (RNI) (higher
is better).

In Figure 5.8, we show box plots for all 212 MRCs. Figure 5.8a displays
the number of points selected by each technique. We can see that Z-Method and
Even4 selected approximately the same median number of points. A significant
result is that in the worst case, Z-Method still picked fewer points than Even10.
We can also see cases where Z-Method picked very few points. There are times
when such a low number of points is appropriate, but this can also represent cases
where the default parameters were too conservative, resulting in too few points
and a low HVI.

Figure 5.8b displays the HVI as a percentage of Even50’s HVI. This figure
reveals several outliers where Z-Method performed poorly, but also many cases
where it had a higher HVI than Even50. These results inform us about Z-Method’s
sensitivity to its hyper-parameters. The default parameters worked well for the
majority of our workloads, but needed to be tuned better for others. With the right
parameters, Z-Method performed better than naïve approaches while selecting
a minimal number of points. Lastly, Figure 5.8c displays the RNI. Z-Method
consistently had a greater RNI than all of the evenly spaced methods, indicating
that it properly identified key points. We can also see that there were diminishing
returns when increasing the number of evenly spaced points. The median RNI
decreased from Even13 to Even50, meaning that Even50 selected many points
that did not contribute to the Pareto front.
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Figure 5.8: Evaluation results of our framework using Z-Method across 2-tier
ARC and LRU MRCs, derived from 106 real-world block traces collected from
CloudPhysics. Box plots of 3 metrics are presented: (a) number of points (lower
is better), (b) HyperVolume (HVI) as a percentage of Even50’s HyperVolume
(higher is better), and (c) Ratio of Non-Dominated Individuals (RNI) (higher is
better).

In Figure 5.9, we show visualizations of the points chosen by each method for
a few selected two-tier MRCs with fairly different characteristics.2

2A similar figure that appeared as Figure 4 in our earlier work [42] inadvertently showed visu-
alizations for Even5 instead of Even4.
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Figure 5.9: Examples of point selection on two-tier MRCs that highlight three
different commonly observed scenarios. Each point represents the total miss ratio
of a configuration of some L1 and L2 sizes. The x and y axes are the normalized
L1 and L2 sizes, respectively, while the z-axis is the miss ratio. Axis labels are
omitted to reduce clutter. Each row contains MRCs of a single workload using
4 different point-selection methods, listed at the bottom of each column. The P
value indicates the total number of points (lower is better), H is the HyperVolume
as a percentage of Even50 (higher is better), and R is the Ratio of Non-Dominated
Individuals (higher is better).
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Figure 5.9a (top row) displays the MRCs for workload w04 using LRU re-
placement, where several knees of various sizes are followed by gradually-sloped
regions. We can see that Z-Method accurately selects each knee, achieving 92%
of Even50’s HVI while evaluating over 100× fewer points. Conversely, Even13
and Even4 perform poorly, selecting points at the tops of the cliffs before the
knees, resulting in lower HVI values of 86% and 49%, respectively. When several
knees are present, Z-Method has more opportunities to exploit these significant
improvements in miss ratio, performing much better than evenly-spaced points.

Figure 5.9b (middle row) displays the MRCs of workload w66 using ARC
replacement, which exhibits large amounts of non-monotonicity, creating several
hilly regions. Z-Method finds the interesting knee points at the hill bottoms, while
the post-processing filter prevents selecting any points at the hilltops. Z-Method
is even more efficient here than in the previous figure while still being highly
accurate, selecting only 20 points and achieving 93% of Even50’s HVI. Even13
gets close to Z-Method’s HVI, but requires 9.1× more points.

Finally, Figure 5.9c (bottom row) displays the MRCs of workload w06 using
ARC replacement, which contains only a couple of interesting points at the very
beginning of the plot. Z-Method finds 3 points in this tiny space that are more op-
timal than those found by Even4 or Even13; it also does not waste time exploring
the large, flat MRC region that offers almost no improvement in miss ratio. With
only 9 points, Z-Method achieves 97% of Even50’s HVI, while Even13 evaluates
20.2× more points but achieves only 94% of Even50’s HVI. MRCs that contain
only a handful of good points are fairly common, even in multi-tier settings, and
our framework dramatically reduces the time spent exploring them.

5.6 Evaluation: Population Initialization
In this section, we show how our multi-tier knee detection framework can also
be applied to population initialization for evolutionary algorithms, to search large
configuration spaces more efficiently [51, 37]. In many cases, evaluating the fit-
ness of a configuration is an expensive operation, making the speed of conver-
gence particularly important. The initial population of an evolutionary algorithm
functions as the first guess at a set of good solutions, so the population’s qual-
ity can significantly influence the quality of the final solution and the speed at
which an algorithm converges [3, 79]. As such, heuristics to intelligently select a
population have been developed for a variety of scenarios and optimization prob-
lems [145, 12]. Evaluating multi-tier caching systems fits this scenario well; re-
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playing a workload repeatedly on numerous cache configurations can be costly in
both time and money. We demonstrate how the key points found by our multi-knee
detection framework can be used to seed the initial population of evolutionary al-
gorithms.

5.6.1 Experimental Setup
We configured each experiment with choices for an input I/O trace, a population-
initialization technique, an evolutionary algorithm, a knee-detection algorithm, a
cache-replacement algorithm, and two parameters controlling the stopping criteria
for the optimization. For each configuration, we analyzed the convergence of an
evolutionary algorithm with each of the population-initialization techniques and
with our multi-knee detection framework.

We used our PyMimircache [165] cache simulator extension (see Section
5.5.1) for all experiments. Simulation enabled us to study a wide variety of con-
figurations, as trace replay on real hardware would be far too slow and would limit
the configuration space we could explore. We optimized a single variable, cache
size, for the performance metric of I/O operations per second (IOPS) per dollar
($), or IOPS/$. We calculated theoretical values for the IOPS using the same
methodology as eMRC [94], and computed dollar costs from a given configura-
tion’s cache size and current market values for that type of device [7, 141]. We
normalized both the IOPS and dollar cost and then combined them to determine
IOPS/$.

We evaluated this use case on three different sets of real-world block traces
obtained from CloudPhysics [150] and the publicly available FIU [147] and MSR
[112] traces, for a total of 151 individual traces. We used uniform randomized
spatial sampling [150, 151] with a size-based sampling rate R (ranging from 0.1
to 0.0001) on the larger traces to reduce the running time while maintaining an ac-
curate representation of the original trace. Our sampling produced a fairly diverse
set of MRC sizes, with a mean of 70,446 ± 110,014 blocks, ranging from 263 to
829,424 blocks.

We evaluated the speed of convergence of evolutionary algorithms using four
population-initialization techniques: our multi-knee detection framework, ran-
dom initialization, Latin Hypercube sampling (LHS) [110], and Halton sequences
[145]. For techniques that include randomization (all but multi-knee), we ran
them three times with different random seeds to obtain stable results. Three seeds
are generally considered the minimum acceptable number for this type of analysis.
However, given the size of our dataset and configuration space, even three random
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seeds resulted in experiments that required significant running time while still re-
maining viable. We ran a total of over 3M experiments, which sufficiently covers
the search space, allowing us to evaluate our proposed solution with statistical
confidence. We experimented with three types of evolutionary algorithms: Gen-
eralized Differential Evolution 3 (GDE3) [83], a Genetic Algorithm (GA) [65],
and Particle Swarm Optimization (PSO) [80]. We focused on a subset of the
knee-detection algorithms available in our framework: Menger, Kneedle, and Z-
Method. We selected these three because Menger represents a baseline knee-
detection method that uses a local feature, Kneedle is a well-known algorithm
that greatly benefits from our framework, and Z-Method is our novel algorithm
designed for this specific application.

We used both Adaptive Cache Replacement (ARC) and Least-Recently Used
(LRU) cache replacement policies. These two popular policies present interesting
scenarios for multi-knee detection since the MRCs produced by LRU are guaran-
teed to be monotonically decreasing, while ARC’s MRCs can contain both convex
and concave regions (see Section 5.2.1). Lastly, we enforced two types of stopping
criteria for the optimization: (1) the number of evaluations and (2) an objective
value that was some percentage of the “best” value for that configuration. The
number-of-evaluations stopping criterion was fixed at 300. We found this value
sufficient to allow approximately 99% of our experiments to converge. To han-
dle the objective-based stopping criterion, for each trace we simulated 1,000 cache
sizes evenly spaced from the minimum to the maximum and calculated their IOPS
and dollar costs. We obtained the maximum IOPS/$ from these simulations, and
treated it as the “best” value when calculating the objective stopping criterion for
all optimizations involving that trace.

A rule of thumb for the population size is to use ten times the number of
parameters in the solution [133]. Since we are only trying to optimize a single
parameter (cache size), this implies a minimum population of size 10. If our
framework selected fewer points, we iteratively selected points in the center of
the largest gap in the curve until we reached 10. It is also possible to optimize the
hyper-parameters of the techniques in our framework to select a desired number
of points, but we did not explore hyper-parameter optimization in this work.

5.6.2 Acceleration Rate
We evaluated our experiments using the overall acceleration rate (AR) [119] to
quantify the increased convergence speed when using our framework to select an
initial population for evolutionary algorithms. This metric compares the number
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of function calls (NFCs) made by two separate sets of optimization problems.
For our purpose, the NFCs will correspond to the number of epochs (iterations)
an evolutionary algorithm takes to converge. Each optimization problem uses an
evolutionary algorithm to optimize the IOPS/$ of a cache and has several param-
eters: an input trace, an evolutionary algorithm, a knee-detection algorithm, a
population-initialization technique, a threshold for the value-based stopping crite-
rion, and a cache-replacement algorithm. The AR compares two sets of problems
and reports the percent difference in convergence speed. For all of our evaluations,
we compared a set of problems PM that use our multi-knee detection framework
for population initialization, against a set PO that uses some other technique for
initialization. The AR is calculated as follows:

AR =

(
1−

∑|PM |
i=1 NFC(PMi)∑|PO|
i=1 NFC(POi)

)
× 100% (5.4)

i.e., an x% AR implies an x% reduction in running time.
We evaluated 151 traces, four population initialization techniques, two cache-

replacement algorithms, and three variations of all other parameters, resulting in
32,616 total problems and over three million cache simulations. The overall AR
achieved using our multi-knee detection framework for population initialization
was 34%. In the remainder of this section, we show the effects of each configura-
tion parameter by creating subsets of the total problems via parameter constraints.

Figure 5.10 presents bar plots showing the AR achieved using our multi-knee
detection framework for population initialization. Each bar represents a compari-
son between two sets of optimization problems, PM and PO, which are different
sets for each bar, depending on the constraints of the axes and legend.
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(a) Acceleration rates using GA, GDE3,
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Figure 5.10: The acceleration rate (AR) achieved using our multi-knee detection
framework for population initialization vs. other techniques. The height of each
bar represents the acceleration rate (y-axis), where higher is better. The bottom
row represents experiments using the objective threshold t = 95%; the top row
is those using t = 99% (the most challenging threshold to meet). Each group of
bars, from left to right, shows the AR using our framework for population initial-
ization with the baseline (Menger, in blue), with Kneedle (orange), and with our
Z-Method (green), each evaluated against three different initialization methods on
the x2-axis (Random, LHS, and Halton, at the top of the figure). (a) shows the AR
for three different Evolutionary Algorithms on the x-axis (GA, GDE3, and PSO),
with results included from both LRU and ARC cache replacement algorithms. (b)
shows the same results as in (a) but separated by LRU vs. ARC, with results in-
cluded from all three Evolutionary Algorithms.
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PM uses our multi-knee detection framework for population initialization
with a knee-detection algorithm identified by the color of the bar (Menger, Knee-
dle, or Z-Method). PO uses the initialization technique shown on the x2-axes (top
of figure): a pseudo-random number generator (Random), Latin Hypercube sam-
pling (LHS), or Halton sequences. The value of the objective threshold t stopping
criterion for both problem sets is shown on the y2-axes.

In each plot, we show three knee-detection algorithms: Menger, Kneedle,
and Z-Method. The bars labeled “Menger” represent a baseline knee-detection
method; it was the least accurate of those depicted. “Kneedle” is the robust ver-
sion that we optimized for this scenario; we employed Global RDP (gRDP) be-
fore using Menger or Kneedle, reducing noise in the MRCs and improving knee
detection. After the knee-detection phase, we applied the post-processing filters
described in Section 5.3.3 to refine the selected knees.

We varied the objective-threshold stopping criterion t between 99%, 98%
(omitted in Figure 5.10 for brevity), and 95% for all configurations. We observed
that a lower threshold usually yielded a lower AR. A higher threshold makes op-
timization more difficult by requiring a solution closer to the most optimal value.
Thus, a lower threshold increases the number of acceptable solutions, giving less-
informed population initialization techniques a better chance at finding a solution.

Figure 5.10a shows the effects of using different evolutionary algorithms. The
optimization problems analyzed in each group of bars are shown on the x-axis:
Genetic Algorithm (GA), Generalized Differential Evolution 3 (GDE3), and Par-
ticle Swarm Optimization (PSO). Results in this figure include problem sets with
configurations using both ARC and LRU cache replacement. Therefore, in the
upper leftmost subfigure of Figure 5.10a, the first blue bar on the left represents,
for the 151 traces, the AR for all optimization problems using: (1) our framework
with Menger for population initialization vs. Random, (2) using a Genetic Algo-
rithm (GA), (3) with either ARC or LRU cache replacement, and (4) an objective
threshold t = 99%.

Z-Method is our novel method designed for this task; it outperformed Kneedle
in most cases. Kneedle was still competitive, usually only a few percent behind
Z-Method and even winning by a small margin in three out of the 18 configu-
rations displayed. (It should be noted that Kneedle benefited greatly from our
framework’s pre- and post-processing filters, and that Kneedle on its own yielded
much poorer results; see Section 5.2.2). We also saw a wide range of AR values
in these configurations, from under 10% AR (Menger with PSO) to over 50% AR
(Z-Method with GA). Lastly, ranking the AR from highest to lowest yields GA
(best), GDE3, and then PSO. We attribute this ranking to the difference in effi-
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ciency of the evolutionary algorithms. The more efficient algorithms have a lower
AR because they are less sensitive to the initial population.

Figure 5.10b shows the effects of using either ARC or LRU cache replacement.
Results in this figure include problem sets with configurations using any of the
three evolutionary algorithms. The most relevant difference between ARC and
LRU is that LRU MRCs always decrease monotonically, while ARC can have
both convex and concave regions (i.e., can go up and down). This poses a unique
challenge for knee detection, since a curve can have a knee that is less optimal than
a previous point. Said differently, in ARC and similar non-stack cache algorithms,
counterintuitively, adding more cache can actually hurt performance. This non-
monotonic property can also distort many metrics that knee-detection algorithms
use to detect or rank points. Z-Method significantly outperformed Kneedle for
all ARC cases in Figure 5.10b, while Kneedle beat Z-Method somewhat for all
but one of the LRU configurations. This is to be expected, as Z-Method was
originally designed with cache optimization for non-monotonic MRCs in mind,
enforcing constraints in a grid-like pattern to prevent proximal knees. Conversely,
Kneedle was designed under the assumption of monotonicity. Again, we note that
our pre- and post-processing filters were essential to Kneedle’s good results.

The population-initialization techniques did not alter any of the previous
trends we observed in Figure 5.10, but we did see an approximately 5% difference
in AR between the worst and best case: Random performed the worst, followed
by Halton, and then LHS. These results are consistent with those seen in previous
studies [110, 145, 12].

5.7 Chapter Conclusion
The many configurations of multi-tier caching systems produce a wide range of
performance and costs. As the configuration space continues to grow due to ad-
vancements in caching and storage technology, exploring the space through phys-
ical experiments or traditional simulation becomes infeasible.

We introduced the novel concept of applying multi-knee detection to MRCs
using a framework for selecting key points, reducing the cost of exploration signif-
icantly. We presented Z-Method, an algorithm that robustly and efficiently iden-
tifies multiple key points in MRCs with minimal overhead. We also designed a
recursive algorithm that enables any single-knee-detection algorithm to find mul-
tiple knees. We demonstrated that our framework using Z-Method can be applied
to reduce the total number of points required to identify optimal two-tier cache
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configurations by an average factor of approximately 5.5× for ARC and 7.7× for
LRU compared to naïve approaches. Finally, we evaluated our framework across
a highly diverse set of configurations and datasets for the additional application
of seeding the initial population of evolutionary algorithms, showing an overall
acceleration rate of 34% compared to commonly used population-initialization
techniques.
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Chapter 6

Pontoon: Single-Pass Live VM
Migration via Shared CXL Memory

Live virtual machine (VM) migration is a fundamental capability in modern data
centers, supporting maintenance, load balancing, and fault recovery without dis-
rupting running services. However, as VM sizes grow faster than network band-
width, traditional migration techniques face increasing scalability challenges. Pre-
copy migration requires iterative retransmission of dirty pages, inflating migration
time and network load. Post-copy migration avoids retransmission but exposes
VMs to demand-paging latency and failure risk.

We present Pontoon, a rack-local fast path for live migration that uses shared
CXL memory and reframes migration as a memory-placement problem. Pontoon
implements transparent guest-memory tiering and consists of three phases: single-
pass demotion, stop-and-flush, and background promotion. The source host de-
motes each DRAM-resident page to shared CXL at most once, remapping it so
subsequent writes go directly to the shared device. During blackout, Pontoon
uses an efficient writeback instruction to flush cached VM data to CXL, making
VM memory visible to the destination and avoiding pre-copy’s expensive final
guest-memory transfer. After resumption, the destination promotes memory back
to local DRAM in the background, using migration telemetry to improve post-
migration performance by prioritizing recently active pages for promotion.

We implemented Pontoon in QEMU/KVM and evaluated it on AMD EPYC
servers connected by a CXL 2.0 shared-memory pool. On 64 GB VMs, Pon-
toon improved base migration time by 2.1–9.4× over QEMU’s TCP and RDMA
migration paths and reduced blackout by roughly an order of magnitude. More
importantly, Pontoon’s performance remained stable far beyond dirty-page rates
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where network-based pre-copy failed to converge.

6.1 Introduction
Live virtual machine migration is a fundamental cloud capability [122, 106, 85,
57, 155]. VM migration enables regular maintenance, security updates, and load
balancing without disrupting running services. Google has reported that by 2018,
it was performing over 1 million live migrations monthly, with software and
firmware updates as the primary driver [122]. As hardware, firmware, and se-
curity update cycles accelerate, migration frequency continues to grow.

Live-migration approaches struggle to keep pace. Cloud VM sizes have grown
roughly 7× over the past decade, from predominantly <8 GB VMs to 32–64 GB
and larger, while network bandwidth has increased only 4× (§6.2.1). The largest
VM instances now reach 32 TB of memory [107, 6]. Migrating a modern VM
takes proportionally longer and consumes more network bandwidth, a growing
operational challenge.

Live migration imposes two forms of disruption: blackout, where the VM is
completely paused, and brownout, where its performance is degraded by con-
tention for memory and network bandwidth. Even sub-second blackouts can
trigger distributed service failures, while brownout may violate a Service Level
Agreement [38, 13, 117]. Consider a 64 GB VM migrating over a 100 Gbps
link: even with RDMA, blackout lasts 276–281 ms and the migration-induced
brownout window lasts 10.1–46.2 seconds; active workloads can further extend
both blackout and brownout (§6.4).

Existing live migration techniques face significant scalability challenges for
large VMs, especially under write-intensive workloads. The most widely used ap-
proach is pre-copy, in which the source machine iteratively copies the guest VM’s
memory to the destination over a network while the guest continues to run [114,
33]. Because the guest remains active, pages modified after being copied must
be retransmitted later, which for large VMs or workloads with high page-dirtying
rates can substantially extend migration time and increase brownout. Once the
remaining dirty set falls below a low migration threshold, the VM is paused for a
final stop-and-copy phase when the remaining dirty pages and CPU/device state
are transferred; the VM is blacked out and unusable. Although the threshold
bounds the amount of memory copied during blackout, it is still costly for latency-
sensitive services.

An alternative is post-copy migration, which immediately pauses the guest to
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transfer only CPU and device state, and then pages in memory on demand using
remote faults [64]. Post-copy reduces blackout by eliminating the guest-memory
transfer that dominates pre-copy’s stop-and-copy phase, but shifts this cost to the
destination. Remote page faults are inherently in the guest’s critical path, de-
grading performance until memory is fully fetched from the source. Post-copy
is also less robust: once execution resumes on the destination, the VM’s latest
state is split across two machines, so a server or network failure can leave the VM
unrecoverable unless there are separate recovery mechanisms. Thus, production
systems of major cloud providers rely primarily on pre-copy [122, 63].

CXL (Compute Express Link) is an emerging interconnect standard for cache-
coherent memory sharing [36] that is now entering deployment [70]. Cloud pro-
viders are actively exploring the path from single-host memory expansion toward
multi-host memory pooling and sharing [16, 175, 168, 167]. The availability of a
shared CXL memory pool can fundamentally change live VM migration. When
source and destination hosts have access to a common pool, our key insight is
that migration becomes a memory-placement problem. We introduce Pontoon,
a system that treats the shared CXL pool as a “landing pad”: it demotes pages
from source DRAM to shared CXL in a single pass, transfers ownership, and
then promotes hot pages to destination DRAM lazily (Figure 6.1). This approach
eliminates retransmission entirely: once a page lands in CXL, subsequent guest
writes are directed to the shared mapping rather than recopied over the network.

1) Single 
pass 
demotion 
to CXL 
pool

Local DDR5

CXL Memory Blade

CXL Pool

Local DDR5

CXL Pool

Source
Host

Destination
Host

0) VM 
starts in 
any CXL 
tiering 
state

2) Stop and flush to CXL 3) Resume directly from CXL

4) Promote 
to DDR5 
based on 
demotion 
telemetryCXL Pool

CXL PoolLocal DDR5

Local DDR5 CXL PoolLocal DDR5

CXL PoolLocal DDR5

Figure 6.1: Pontoon overview: VMs can start in any state of CXL tiering, and
Pontoon progressively demotes pages to CXL pool memory in a single pass. Once
a VM is entirely on CXL, Pontoon flushes its state and immediately resumes on
the target host, where it progressively resumes tiering.
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Pontoon operates on VMs in any state of CXL tiering. A VM with all memory
in local DRAM undergoes a single-pass demotion to CXL; one already tiered into
CXL requires proportionally less work. In the limit, a fully CXL-resident VM mi-
grates with only a cache flush and state transfer at near-zero cost. After resuming,
the destination progressively promotes hot pages back to local DRAM, seeded
by demotion telemetry collected during migration, including dirty-page tracking
from the source. This allows Pontoon to prioritize pages that were recently mod-
ified during migration rather than rediscovering hotness from scratch after the
VM resumes. Because CXL memory pools are rack-local resources rather than
fabrics that span an entire data center, Pontoon is best viewed as a rack-local fast
path within a broader migration framework rather than a universal replacement for
network-based migration. When source and destination share a CXL pool, Pon-
toon can substantially reduce migration time and blackout; when they do not, TCP
or RDMA migration remains as a usable, albeit lower-performance, alternative.

A key enabler is the WBNOINVD (Write-Back, No Invalidate) instruction, now
available on modern CPUs [172, 164]. Current CXL 2.0 hardware lacks automatic
inter-host cache coherence, so dirty cache lines must be explicitly flushed before
the destination accesses shared memory. Unlike traditional cache flush instruc-
tions that evict data, WBNOINVD writes dirty lines to memory while preserving
them in cache, maintaining locality for any immediate accesses on the source.
This enables a stop-and-flush phase that replaces pre-copy’s stop-and-copy: once
guest memory has been moved into shared CXL, the final pause requires flush-
ing dirty cache lines and transferring CPU/device state, but no additional guest-
memory copying.

We evaluated Pontoon on 64 GB VMs using synthetic memory-churn work-
loads and nine CloudSuite workloads. With an idle guest, Pontoon completed mi-
gration in 4.9 seconds, 2.1–9.4× faster than QEMU’s TCP, RDMA, and RDMA-
pinall migration paths, while reducing blackout from 267–281 ms to 29 ms. Under
load, Pontoon behaved as a nearly fixed-cost migration mechanism: it transferred
each page at most once, kept blackout nearly constant, and continued to com-
plete migration under dirty-page rates where network-based pre-copy failed to
converge. Our evaluation also showed that Pontoon’s placement policies matter
beyond raw migration time: telemetry-guided promotion improves post-migration
recovery, while zero-page-first demotion reduces migration-window brownout by
keeping active memory in local DRAM longer. Together, these results show that
shared CXL memory can provide a fast, predictable migration path while giving
the hypervisor explicit control over blackout, brownout, and recovery.

Pontoon makes three contributions:
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(1) Single-pass demotion. The source host copies each DRAM-resident page
exactly once into shared CXL memory, remapping it so that subsequent writes go
directly to CXL. This eliminates the iterative retransmission of pre-copy.
(2) Stop-and-flush. We leverage WBNOINVD to flush dirty cache lines without
eviction, then transfer CPU and device state. This avoids post-copy’s expen-
sive remote paging after switchover while keeping the memory-transfer portion
of blackout bounded by LLC flush time.
(3) Telemetry-guided promotion. We repurpose demotion telemetry, including
migration dirty-page tracking, to seed the tiering policy, ensuring that hot pages
are the first ones promoted to the target host’s DRAM after resumption.

We implemented Pontoon primarily in QEMU/KVM, with a minimal kernel
module for fast cache writeback, on commercially available CXL 2.0 hardware.
All of our code will be open source and available on GitHub.

Scope. We target diskless VMs, which represent a dominant pattern in cloud
deployments: major providers offer instance families that rely solely on network-
attached storage [5, 108, 53]. We also assume that hypervisor-bypass networking
(e.g., SR-IOV) and its dirty-page tracking are handled separately, as recent work
addresses this orthogonal challenge [155]. Finally, Pontoon is best viewed as a
rack-local fast path within a broader migration framework rather than a universal
replacement for network-based migration.

6.2 Background and Motivation

6.2.1 The Live-Migration Challenge
Cloud VM memory sizes have grown substantially over the past decade, driven
by data-intensive applications. Table 6.1 illustrates this shift. In 2017, over 80%
of Azure VMs were smaller than 8 GB [35], and Google’s Borg traces show a
similar concentration of sub-8 GB allocations [138]. By 2019, Azure reported
growth in the 8–32 GB tier, though small VMs still dominated [17]. We analyzed
a two-week production trace from Microsoft Azure collected in November 2025,
where only 6% of VMs were smaller than 8 GB and 56% were 32 GB or larger.
Large VMs were common: 20% were 64 GB and 12% exceeded 64 GB.
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Memory Azure ’17 Google ’19 Azure ’19 Azure ’25

<8 GB 83% >90% 61% 6%
8–32 GB 15% 9% 29% 43%

32–64 GB – – – 20%
64 GB 2% <1% 6% 20%

>64 GB 0% 0% 4% 12%

Table 6.1: Evolution of VM memory distributions.

Network bandwidth on general-purpose VM servers has not kept pace with
this growth. NIC bandwidth increased from 50 Gbps to 200 Gbps (4×), while VM
sizes grew by roughly 7× on average and much more at the high end. This mis-
match makes memory transfer the central scaling bottleneck for network-based
migration.

6.2.2 Live VM Migration Techniques
Network-based live migration primarily uses two techniques: pre-copy, which
transfers memory before pausing the VM, and post-copy, which defers transfer
until after resumption. Both reduce one form of disruption by increasing another.

Pre-copy migration. Pre-copy remains the standard for live migration [114, 33]
and is the QEMU default. It first copies guest memory to the destination while the
VM runs, then iteratively retransmits pages dirtied since the previous round. Once
the dirty set is small enough, the VM is paused for a final stop-and-copy phase,
during which the remaining dirty pages and CPU/device state are transferred be-
fore execution resumes on the destination. Although pre-copy tries to minimize
this pause, any guest-memory transfer during blackout is costly: even short black-
outs can cascade into stalled or failed operations in dependent services [72].

To track which pages are dirty, the hypervisor must monitor guest writes.
QEMU sets write protection so the first write to each region causes a write fault
and is logged; the hypervisor scans the dirty bitmap and retransmits marked pages.
(While some processors have hardware-assisted dirty tracking, such as Intel page
modification logging (PML) [73], it is not available on the AMD CPUs we used
for evaluation.) For write-intensive workloads, this process can continue indefi-
nitely: if pages are dirtied faster than they can be transferred, the dirty set does
not shrink.
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When convergence stalls, systems can abort migration or throttle the guest
to reduce the dirtying rate. QEMU has an auto-converge parameter that
progressively throttles guest vCPUs when migration is not making progress.
VMware’s XvMotion uses a more targeted mechanism, Stun During Page Send
(SDPS), which injects microsecond-scale delays in response to guest writes when
necessary [101]. Both approaches force convergence by reducing the guest dirty-
ing rate, intentionally degrading guest execution. Thus, pre-copy’s cost has three
sources: lower guest CPU performance; retransmission during the iterative phase,
which competes for memory and network bandwidth; and stop-and-copy, which
pauses the VM to copy the remaining dirty pages.

Post-copy migration. Post-copy takes the opposite approach: pause immedi-
ately, transfer CPU/device state, resume on the destination, and fetch pages on de-
mand [64]. This transfers each page at most once, but shifts the overhead onto the
resumed VM. Every access to an untransferred page stalls, replacing pre-copy’s
background contention with foreground stalls on the guest’s execution path.

Post-copy also has a weaker recovery model unless augmented with fault-
tolerance machinery. In standard post-copy, the destination may hold newer VM
state after resumption while the source is stale, so losing the destination is a critical
VM failure [64]. PostCopyFT addresses this with reverse incremental checkpoint-
ing, sending destination-side memory and execution updates back to the source
during migration [47]. Although PostCopyFT reports low average migration-time
overhead, its fault-tolerance mechanism requires dirty-page tracking, checkpoint
capture, reverse state transfer, and buffering outgoing packets until checkpoints
commit. Thus, robust post-copy is possible but complicates the protocol and shifts
part of the problem into checkpointing and I/O consistency. Google’s production
fleet uses pre-copy [122]; hybrid approaches that limit pre-copy iterations before
switching to post-copy are possible but we are not aware of public documentation
of their use in production.

RDMA-based migration. RDMA improves migration efficiency by offloading
data transfer to the NIC, reducing CPU overhead and achieving higher bandwidth
than TCP [68]. However, RDMA does not change the fundamental migration
algorithm: pre-copy still retransmits dirty pages, and post-copy still incurs remote
page faults. RDMA accelerates the data plane but cannot eliminate the control-
plane bottlenecks inherent in network-based migration.
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6.2.3 Compute Express Link (CXL)
Compute Express Link (CXL) is an open industry-standard interconnect that pro-
vides cache-coherent memory access between processors, memory devices, and
accelerators [36]. CXL enables memory pooling and expansion, reducing data
center costs by improving memory utilization [86, 100, 174, 153]. Cloud pro-
viders are explicitly considering CXL pooling for VMs: Azure now offers VMs
with CXL-attached memory in private preview [70], and Alibaba has deployed
CXL memory for databases and LLM inference [168, 167]. Scalable, switchless
CXL topologies can further reduce deployment costs by eliminating expensive
fabric switches [175].

CXL memory exhibits higher access latency than local DRAM, typically 2–
3× depending on the topology and workload [92, 16]. Some latency-insensitive
VMs can run entirely on CXL memory [86, 92], while latency-sensitive appli-
cations require memory tiering: placing hot pages in fast local DRAM and cold
pages in slower CXL memory. A substantial body of recent work addresses tiering
policies based on migrating pages between tiers [100, 174, 160, 93, 149, 129].

In practice, VMs using CXL exist across a spectrum of memory configura-
tions, from fully DRAM-resident to fully CXL-resident, with tiered configurations
in between. Live migration for CXL-enabled data centers must therefore support
VMs in any of these states, as illustrated in Figure 6.1.

6.3 Pontoon

6.3.1 Design Overview
Pontoon migrates VMs across a shared CXL memory pool in three phases: single-
pass demotion, stop-and-flush, and background promotion (Figure 6.1). A VM
may be fully DRAM-resident, CXL-resident, or tiered between the two. Pontoon
uses the same algorithm in all cases, but only DRAM pages need demotion, dur-
ing which the source copies each DRAM-resident page to CXL and remaps it to
redirect subsequent guest writes. The stop-and-flush phase pauses the VM, writes
dirty cache lines to CXL, and transfers CPU and device state. The destination
then resumes directly from CXL and can promote pages to local DRAM in the
background, optionally using telemetry collected during demotion to prioritize
recently modified pages. This design eliminates retransmission: each DRAM-
resident page is copied once, and pages already in shared CXL require no data
movement.
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Figure 6.2: Implementation of Pontoon’s three migration phases. (a) Single-pass
demotion: each DRAM page is copied to CXL, write-protected via mprotect,
and remapped via mmap; subsequent writes go directly to CXL. (b) Stop-and-
flush: the VM pauses, WBNOINVD flushes dirty cache lines, and CPU/device state
transfers over the CXL channel. (c) Background promotion: the destination VM
resumes immediately; a background thread optionally promotes hot pages to local
DRAM.

6.3.2 Design Constraints
Pontoon’s design is shaped by two properties of the target environment: DAX-
backed shared CXL memory and explicit cache-coherence management.

DAX-backed shared memory. CXL memory can be exposed either as system
RAM or through DAX mappings. In system RAM mode, the host manages the
CXL capacity as ordinary memory: it chooses physical pages to back QEMU’s
allocations, and file-backed access through the normal path is subject to page-
cache behavior. That model is unsuitable for Pontoon because migration requires
both QEMU processes to coordinate through explicit offsets in the same shared
device and to control exactly which guest-memory ranges are backed by CXL.
Therefore, Pontoon uses DAX mappings, giving QEMU direct load/store access
to CXL without page-cache mediation and allowing the source and destination to
map matching device offsets. This choice affects the granularity at which Pontoon
can safely protect, copy, and remap memory. Syscalls such as mprotect() and
mmap() must operate on regions that adhere to the DAX region’s alignment,
introducing a potential mismatch: the alignment for CXL Type 3 memory devices
is normally 2 MB, while the hypervisor may use smaller page sizes. Thus, DAX
alignment is the minimum granularity of our copy and remap process, i.e., the size
of the memory chunks we operate on. In practice, major cloud providers use huge
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pages for large VMs, so the required alignment is consistent with how those VMs
are provisioned [86]. Pontoon arranges guest-memory ranges on the CXL device
so that remapped chunks satisfy DAX alignment.

Inter-host coherence. CXL 2.0 does not provide automatic cache coherence
between hosts; CXL 3.0 defines this capability, but compliant hardware was not
available for this work.1 With current hardware, both machines must explicitly
coordinate when accessing shared memory. The writer must flush dirty cache
lines to CXL before signaling the reader, and the reader must invalidate to avoid
consuming stale copies. For guest memory, this means any pages dirtied after
their remapping must have their corresponding cache lines written back before
the destination accesses guest memory. For synchronization metadata and host
communication over CXL, Pontoon similarly issues explicit flushes and invalida-
tions as needed.

6.3.3 QEMU Integration
We extended QEMU/KVM v9.2.92 to enable live VM migration using both our
CXL-based and tiered-memory migration techniques over a shared CXL Type 3
device in DAX mode. Our implementation functions entirely in user space, with
an optional kernel module for the WBNOINVD cache flush optimization that dra-
matically reduces blackout time.

A RAMBlock is QEMU’s internal structure for a contiguous region of guest
RAM, including its host backing memory and metadata for migration and dirti-
ness tracking. Pontoon implements two CXL-based data-movement mechanisms.
RAMBlock contents move between DRAM and shared CXL memory using our
page-remapping process during demotion and promotion. Serialized CPU and de-
vice states and migration control messages use a separate CXL-based channel that
stores serialized bytes in slots sized to the CXL DAX alignment. As the source
fills each slot, it is marked ready. The destination polls this metadata and uses an
eventfd to wake the channel reader when data is available.

An overview of our CXL-based migration implementation in QEMU/KVM is
presented in Figure 6.2. Each of its three phases exploits both multi-threading
and the shared-memory semantics provided by CXL. Our implementation cleanly

1Thus, the performance of hardware-coherent sharing in our scenario is unknown; it is possible
that the cost of automated coherence would outweigh its benefits.
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integrates with QEMU’s existing migration infrastructure while significantly im-
proving overall migration efficiency.

6.3.4 Transparent CXL Tiering
QEMU does not currently support hypervisor-managed memory tiering, so we
first implemented that feature. We manage page placement entirely within
QEMU, completely transparent to the guest VM, so the guest sees both mem-
ory sources as a single device and is unaware of whether pages are backed by
local DRAM or remote CXL memory.

Each of the guest’s RAMBlocks has a host pointer whose virtual address refers
to the physical memory that backs the block, allocated upon VM initialization
according to its configuration. For main memory, QEMU allocates a contiguous
region of anonymous heap. We implemented tiering by remapping the desired
amount of that heap-backed region to the CXL memory device via mmap(). To
track page placement, we added a new bitmap to the RAMBlock struct to indicate
which pages reside in CXL.

Our tiering implementation is mostly naïve, extending guest memory capacity
with CXL without attempting to place pages based on access patterns or other
metrics that might optimize performance. However, we do apply a simple opti-
mization that maps the upper address range of system memory’s RAMBlock host
pointer to CXL memory. Since Linux’s memory allocator prefers to consume
lower addresses first, this optimization ensures that the guest uses all available
DRAM before touching CXL.

6.3.5 Single-Pass Demotion
The demotion phase sends each DRAM-resident guest page to shared CXL mem-
ory exactly once, as shown in Figure 6.2a. The key observation is that both hosts
can access a page after it is placed in CXL. For each page, the source write-
protects the current host mapping with mprotect(), copies the page to CXL,
and replaces the original mapping with a CXL-backed one using mmap() with
MAP_FIXED. The mprotect() call makes the old DRAM read-only during
the transition, preventing writes from reaching stale memory while the copy and
remap are in progress. After the remap, future writes update the shared CXL-
backed mapping directly.

If, during the transition, the guest writes to a protected page, a host-side protec-
tion fault occurs and exits through KVM to QEMU. In Pontoon, we handle these
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faults as transient remapping conflicts: while demotion is active, QEMU converts
the fault from EFAULT to EAGAIN, causing KVM to retry the vCPU rather than
treating it as fatal. This retry path takes on the order of tens of microseconds,
comparable to the time required to copy and remap a 2 MB DAX-aligned region.
As a result, the copy and remap usually complete before the guest retries the write.
Correctness does not depend on this timing: a write-heavy guest may fault more
than once, but each retry observes either the protected old mapping or the com-
pleted CXL mapping, never a partially copied writable mapping. In the worst
case, the vCPU stalls until the protected region has been copied and remapped.

Zero-page-first demotion. We implemented a demotion optimization that pro-
cesses zero-filled chunks before non-zero DRAM-backed ones. Linux normally
allocates physical pages for anonymous memory lazily: a zero-filled virtual range
can exist before DRAM is physically allocated, which occurs only when the range
is written. That optimization does not apply to source-side CXL demotion, be-
cause DAX memory already has fixed physical backing. Thus, Pontoon must still
write zero-filled chunks to the DAX device.

The benefit of zero-page-first demotion is ordering: Pontoon delays remap-
ping non-zero memory, which is more likely to contain the guest’s active work-
ing set, so we keep the guest on local DRAM for more of the migration win-
dow. Zero-page detection also helps during destination-side promotion. When
Pontoon promotes a chunk known to be zero, it can replace the CXL mapping
with anonymous memory instead of redundantly copying zeroes from CXL into
DRAM. Thus, Pontoon again exploits Linux’s lazy allocator.

6.3.6 Stop-and-Flush
Once all DRAM-resident pages have been demoted to CXL memory, the VM
enters stop-and-flush. The guest is paused while CPU and device states are trans-
ferred to the destination. Because CXL 2.0 lacks automatic inter-host cache co-
herence, any pages dirtied after their remapping must have the corresponding CPU
cache lines flushed before the destination accesses guest memory.

The stop-and-flush phase is complex and requires careful coordination be-
tween the hosts to ensure that flushing RAMBlocks, transferring device states,
and pausing and resuming VM execution are done in a precise order. Figure 6.2b
depicts this phase and highlights the ordering.

The first step pauses the guest VM so it cannot modify device states after they
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have been transferred and so RAMBlock memory contents are not modified after
the final flush.

The second step involves flushing the CPU cache lines corresponding to any
pages that were written after they were remapped to CXL memory in the previous
phase. We implement two different paths for flushing:

WBNOINVD fast path. The naïve approach to cache flushing is to iterate
over the dirty pages and issue CLFLUSHOPT for every cache line that may
contain modified guest data. To avoid this per-line flush cost, we invoke a
whole-cache writeback instruction through a small kernel module that exposes
/dev/wbinvd. When available, the module executes WBNOINVD on all CPUs
via on_each_cpu(), ensuring all dirty cache lines are written back to CXL
memory while preserving clean copies in the cache. If WBNOINVD is unavailable,
the module instead executes WBINVD, which writes back dirty cache lines and
invalidates the caches. This fast path avoids issuing one CLFLUSHOPT per cache
line in the dirty set, which is the dominant cost of iterative flushing for large dirty
sets. Unlike iterative flushing, the whole-cache path uses a constant number of ex-
plicit flush instructions, reducing cache-write-back time from tens of milliseconds
with CLFLUSHOPT to approximately 0.4–7.2 ms with WBNOINVD in our experi-
ments (see § 6.4.8). When WBNOINVD is used, preserving clean cache lines also
maintains locality for any immediate accesses on the source after the flush, such
as rollback scenarios.

CLFLUSHOPT fallback. If neither whole-cache writeback instruction is avail-
able, we fall back to iterative CLFLUSHOPT instructions, going over each RAM-
Block’s dirty bitmap and individually flushing dirty pages’ cache lines.

The third step begins after all RAMBlocks have been flushed. At this point,
the source flips the READY bit to indicate that all guest RAMBlock data is visible
in CXL and the destination can proceed with the final restore path. It is critical to
wait for RAMBlocks to be flushed before flipping READY, because some devices
access guest RAM while restoring their state. For example, virtio-net rebuilds its
vring structures in guest memory during state restoration. Thus, the device state
would be corrupted if the destination began to restore it from the CXL channel
before RAM was flushed.

The fourth step sends CPU and device state, along with QEMU control mes-
sages, over the CXL-based channel. Because the READY bit has already been
set, the destination knows that guest memory is visible in CXL before it begins
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consuming this serialized state.
The fifth and last step begins when the destination observes the READY bit.

This signal indicates that all guest RAM has been copied or remapped into CXL
and is visible to the destination. The background polling thread notifies the main
thread via the eventfd, after which QEMU reads the remaining CPU and device
state from the CXL channel, completes restore, and resumes the guest on the
destination.

6.3.7 Background Promotion
At the destination, guest execution initially resumes entirely from CXL memory.
Pontoon can then keep some guest memory in CXL or promote selected pages
into local DRAM in the background. Unlike post-copy migration, promotion is
not triggered by guest page faults: guest accesses can complete directly from CXL
while the destination promotes pages asynchronously according to its promotion
policy.

Telemetry-guided promotion. Pontoon guides promotion with telemetry col-
lected during the demotion phase. Pages marked dirty during demotion were re-
cently written and are likely to be accessed again soon; promoting these first may
improve post-migration performance. This repurposes QEMU’s existing dirty-
tracking infrastructure: rather than driving retransmission as in pre-copy, dirty
bits inform the destination’s promotion policy.

We provide simple promotion policies that use the dirty bitmaps: none, all,
dirty, and dirtyfirst. The none and all policies promote no or all pages from CXL
to DRAM, respectively. The dirty policy solely promotes pages that were written
to during the migration process, as indicated by each RAMBlock’s dirty bitmap.
The dirtyfirst policy first promotes the dirtied pages, and then all of the remaining
pages.

Promotion reuses the demotion page-remapping process in reverse, moving
data from CXL back to local DRAM. As such, we use the same mprotect(),
copy, and mmap() process, similar page fault handling, and multi-threading.

6.4 Evaluation
We compared Pontoon to TCP- and RDMA-based migration using a synthetic
memory-churn benchmark and CloudSuite benchmarks on 64 GB VMs. Our key
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findings are:

• Pontoon avoids pre-copy convergence limits: Pontoon transfers each
guest page at most once, so migration time, blackout, and data movement
stayed stable as guest dirtying rates increased. TCP and RDMA instead
retransmitted dirty pages and failed to converge under high dirty-page pres-
sure (§§ 6.4.3 and 6.4.4).

• TCP and RDMA fail for workload-dependent reasons: TCP is lim-
ited mainly by effective migration bandwidth, while RDMA is also sen-
sitive to dirty-page locality and dynamic memory-registration cost. Cloud-
Suite exposed both effects: Web Search exceeded TCP’s convergence limit,
while Data Caching fragmented RDMA migration into small writes and
kept RDMA from converging (§§ 6.4.3 and 6.4.4).

• Pontoon’s migration telemetry improves CXL recovery: Using the dirty
bitmap to promote pages dirtied during migration first reduced post-migra-
tion recovery time by 46.2% and lost work by 90.3% in our worst-case
placement experiment (§ 6.4.5).

• Pontoon’s CXL demotion order reduces brownout: Our zero-page-first
demotion kept the working set in local DRAM longer, reducing migration
duration by 55.7% and migration lost work by 74.5% in our worst-case
placement experiment (§ 6.4.6).

• CXL shifts the bottleneck from convergence to contention: Under
maximum-stress benchmarks, Pontoon still completed migration when net-
work-based pre-copy failed to converge. However, high thread counts and
larger VMs stretched demotion and promotion by forcing the guest and
migration threads to share CXL bandwidth, producing extended brownout
rather than convergence failure (§ 6.4.7).

6.4.1 Experimental Setup
We used a three-server testbed consisting of a workload driver, a migration source,
and a migration destination. The driver was a single-socket Intel Xeon Platinum
8573C CPU with 52 cores (104 hardware threads). The source had a single-socket
AMD EPYC 9825 Turin CPU with 144 cores (288 threads). The destination used a
single-socket AMD Turin engineering-sample CPU with 128 cores (256 threads).
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The source and destination connected to a shared CXL pool over an ×8 PCIe
5.0 CXL 2.0 link. The CXL device exposed its memory to both servers in DAX
mode. Each host had two 100 Gbps CX6 NICs connected to a 100 Gbps switch.
All hosts ran Ubuntu 24.04, and the source and destination ran virtual machines
using QEMU/KVM v9.2.92. Because the source and destination used different
CPUs, we configured QEMU to expose the EPYC-Milan-v2 guest CPU model,
which is the newest one fully compatible with both machines.

Guest VMs were configured with 8 vCPUs, running Ubuntu 24.04. Unless
otherwise noted, experiments used 64 GB VMs to represent typical cloud work-
loads. We pre-faulted all VM memory so that freshly spawned experimental VMs
more closely resembled longer-running cloud VMs, which typically have fewer
untouched zero pages.

We compared Pontoon against the migration methods currently supported by
QEMU: (1) TCP-based, using QEMU’s default socket transport, (2) RDMA-
based, using QEMU’s default dynamic-registration path, and (3) RDMA-based,
with all guest memory pre-pinned using QEMU’s pin-all setting. For all trans-
ports, we used QEMU’s default migration parameters unless explicitly stated oth-
erwise.

6.4.2 Metrics
We measured three metrics: (1) total migration time from initiation to destination
VM resumption, (2) blackout duration, the interval during which the source VM
is paused, and (3) data transferred in bytes. Host-side metrics were collected via
QEMU’s migration monitoring interface.

Table 6.2 presents baseline migration metrics for all transports with an idle
guest. The measured data transferred was 67.1 GB for each transport: the VM’s
migratable RAM/ROM state plus serialized CPU/device state and migration pro-
tocol data, with no retransmitted dirty guest pages.
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Transport Migration Time (ms) Blackout (ms)

CXL 4925.8± 135.0 29.0± 2.5
TCP 22423.2± 2521.5 267.4± 40.3
RDMA 46173.8± 1597.5 280.6± 28.6
RDMA-pinall 10105.8± 37.4 276.4± 3.4

Table 6.2: Baseline idle-guest migration metrics for 64 GB VMs, averaged over
five runs.

6.4.3 Synthetic Memory-Churn Benchmark
We used a synthetic memory-churn benchmark, running inside the guest VM, to
isolate how each migration transport behaved under controlled guest-application
dirty-page rates. The benchmark allocates a 60 GB working set within the 64 GB
VM, leaving headroom for the OS and benchmark process. It first-touches every
page to make the full working set resident, then launches worker threads that re-
peatedly overwrite fixed-size chunks of memory. Each write changes the chunk
contents, ensuring that repeated accesses continue to dirty pages throughout mi-
gration. We controlled the benchmark’s maximum aggregate write bandwidth,
letting us evaluate each transport at increasing dirtying rates.

We benchmarked two access patterns and two application write sizes. Sequen-
tial access dirties contiguous memory, exposing how each transport exploits spa-
tial locality. Uniform random access spreads writes across the working set, stress-
ing sparse dirty-page tracking and retransmission. For each access pattern, we
tested both 4 KB and 1 MB writes to evaluate how write granularity affected each
transport. Together, these configurations exposed the main differences between
the transports: TCP’s lower tolerance for application dirtying rates, RDMA’s addi-
tional dependence on contiguity and batching, and Pontoon’s independence from
retransmission.

Figure 6.3 shows how each migration transport scaled with application band-
width across migration time, blackout time, and total data sent. For TCP and
RDMA, vertical arrows indicate the application bandwidth where migration failed
to converge. These arrows are not shown for CXL, as it is guaranteed to finish mi-
gration in a single pass without needing to retransmit any guest memory.

CXL remained stable across all three metrics. Migration time remained near 5
seconds at lower dirty-page rates, then increased to roughly 7–8 seconds at 8 GB/s
and above. This increase was caused by bandwidth contention on the CXL de-
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vice, since both the migration process and the guest workload access CXL-backed
memory during migration. Blackout time remained nearly constant and substan-
tially lower than TCP and RDMA because, unlike TCP and RDMA, CXL does
not copy dirty memory during blackout. Finally, CXL sent a fixed amount of data
every run because Pontoon uses a single-pass design. If some guest memory were
already tiered in CXL before migration, this transfer would decrease in proportion
to the fraction already resident in CXL.

For both TCP and RDMA, raising the dirtying rate increased migration time
and data sent, until migration eventually failed to converge. However, TCP’s lower
migration bandwidth resulted in longer migration times and more data sent, and
caused TCP to fail earlier. QEMU streams TCP migration data through sockets,
keeping the host CPU and kernel networking stack on the data path. The same
migration buffers and socket writes are used regardless of chunk size or access
pattern, causing TCP to remain stable across benchmarks.

RDMA exhibited more varied behavior. First, total migration time and data
sent were reduced for RDMA-pinall. This is expected because pin-all avoids the
cost of dynamically registering RDMA regions. Second, RDMA was highly sen-
sitive to locality when accesses were small. QEMU’s RDMA path is optimized
for data staged into 1 MB chunks. During each pre-copy iteration, it walks the
dirty bitmap and adds adjacent dirty pages to the staged chunk. If the pages are
not adjacent, it flushes the chunk and issues an RDMA write for the data staged so
far. Sparse 4 KB uniform writes thus fragmented the migration stream into small
writes, reducing effective bandwidth and causing both RDMA configurations to
fail to converge at much lower dirty-page rates.

RDMA-pinall with the 4 KB uniform workload also exposed a weakness in
QEMU’s convergence-threshold heuristic that causes it to overestimate when the
VM is ready to pause. This heuristic chooses the threshold partly based on ob-
served throughput, so the first pre-copy round’s 10.5 GB/s bulk copy led it to
allow roughly 3.15 GB of dirty memory before pausing. Later rounds fell to
about 1.2 GB/s once dirty pages became sparse, causing QEMU to pause with
too much dirty memory remaining and increasing blackout to multiple seconds.
Tuning avail-switchover-bandwidth replaces the observed throughput
in this calculation with a configured bandwidth value, so setting it to 1 GB/s re-
turned blackout to normal levels. However, in practice this approach would re-
quire detailed knowledge of the guest workload pattern and its effective migration
throughput.
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Figure 6.3: Synthetic memory-churn benchmark showing migration time, black-
out, and data sent as guest dirty-page rate increases across access patterns and
write sizes. Vertical arrows mark the dirty-page rate where transports fail to con-
verge.
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6.4.4 CloudSuite
We used CloudSuite to compare Pontoon with TCP and RDMA migration, and to
study how realistic workload behavior affected migration performance [46]. The
benchmarks represent diverse workloads: Data Analytics (Spark), Data Caching
(Memcached), Data Serving (Cassandra), Graph Analytics, In-Memory Analyt-
ics, Media Streaming, Web Search (Solr), and Web Serving (Nginx/PHP). Be-
cause the Web Serving benchmark has separate database and web components,
we report them separately as WebServe (DB) and WebServe (Web), yielding nine
total workloads that span compute-intensive, memory-intensive, and I/O-intensive
applications with varying memory access patterns and dirtying behavior.

We group workloads into three categories. Low dirty-rate workloads (Data
Analytics, Media Streaming) dirty memory infrequently, letting traditional mi-
gration converge quickly. Garbage collection in high dirty-rate workloads (Web
Search, Graph Analytics) continuously dirties pages, delaying pre-copy conver-
gence. The remainder fall between these cases or expose transport-specific be-
havior.

Figure 6.4 compares migration time, blackout, and total data sent for each
transport on the nine benchmarks. Across these metrics, Pontoon offered nearly
fixed-cost migration. Its migration time remained low, blackout was nearly con-
stant, and data movement was fixed at the VM memory size because each page
was transferred at most once. In contrast, TCP and RDMA varied substantially by
workload, with migration time and data movement increasing when workloads in-
duced more retransmission; some workload/transport combinations failed to con-
verge (marked by an “X”).

The Data Caching benchmark exposed a limitation of RDMA migration. This
workload is driven by Memcached serving key-value requests, which tend to touch
mostly small, scattered objects rather than long contiguous memory ranges. The
resulting sparse dirty set matched the behavior of the 4 KB uniform-access syn-
thetic workload in Figure 6.3. As discussed in § 6.4.3, this pattern prevented
QEMU’s RDMA path from forming its preferred 1 MB writes and instead trig-
gered many small transfers. Our instrumentation confirmed this effect in Data
Caching, with average RDMA writes of roughly 8 KB. This reduced RDMA’s
effective migration throughput below TCP’s for this workload, so the dirty-page
rate landed below TCP’s convergence limit but above RDMA’s, causing RDMA
to fail to converge while TCP completed.

Web Search showed the opposite case, where the access pattern was favorable
to RDMA but the dirty-page rate was too high for TCP. This workload is driven
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by Solr query processing over a large in-memory index, producing Java heap al-
location and garbage-collection activity. This activity dirties memory in spatially
clustered heap regions, allowing QEMU’s RDMA path to optimally batch writes.
That matched the higher-bandwidth synthetic cases in Figure 6.3. Thus, Web
Search failed to converge for TCP because its dirty-page rate exceeded TCP’s ef-
fective throughput, but completed for RDMA because its access pattern let RDMA
achieve a higher bulk-transfer bandwidth.

RDMA without pin-all was sensitive not only to the amount of data trans-
ferred, but also to the cost of dynamically registering RDMA memory. In the
Web Serving and Data Serving workloads, migration transferred roughly the same
amount of data as Media Streaming, and the RDMA writes remained similarly
sized, but our instrumentation showed that the dynamic-registration path behaved
differently. In Media Streaming, dynamic registration cost about 8% of the mi-
gration time, with average registration latency around 23 µs. In Web Serving DB,
registration accounted for over 90% of the time, with latency roughly two orders
of magnitude higher. This isolated the collapse to the registration path rather than
the amount or granularity of data sent. The likely explanation is that Web Serv-
ing and Data Serving exposed a more expensive on-demand pinning and RNIC
mapping path than Media Streaming, whose file-serving behavior left registration
relatively cheap.
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Figure 6.4: Migration performance on nine diverse CloudSuite benchmarks. Pon-
toon keeps all metrics nearly fixed, while TCP and RDMA vary by workload. “X”
markers indicate transport/workload pairs that failed to converge.
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6.4.5 Telemetry-guided promotion
Figure 6.5 illustrates Pontoon’s telemetry-guided promotion policy after the des-
tination resumes execution. The top plot, labeled UNSORTED, shows the baseline
policy, which promotes memory in RAMBlock address order. The bottom plot,
labeled DIRTY FIRST, shows our telemetry-guided policy, which uses the dirty
bitmap collected during migration to promote pages written during migration be-
fore promoting the remaining pages.

We created a worst case for address-ordered promotion using the synthetic
memory-churn workload with a small 2 GB working set accessed at a very high
rate, around 135 GB/s. We placed that working set near the upper end of guest
memory, so UNSORTED reached it only near the end of its promotion scan. DIRTY

FIRST instead observed that this region was dirtied during migration and promoted
it first.

We quantified recovery using two metrics. Recovery time is the interval be-
tween migration completion and the first throughput sample that reaches the post-
migration stable level. Lost work is the area between the stable-throughput base-
line and the measured throughput curve over the recovery interval, capturing
throughput lost while pages are promoted into local DRAM.

Both policies reached roughly 135 GB/s, but their recoveries differed substan-
tially. UNSORTED took 12.8 s to recover and lost 1012.0 GB of work relative
to stable throughput. DIRTY FIRST reached stable throughput in 6.9 s, reducing
recovery time by 46.2% and lost work by 90.3% to 98.5 GB.

These results reflect a highly favorable case rather than a typical benefit. The
advantage of DIRTY FIRST depends on how well the dirty bitmap predicts the
post-migration working set, whether those pages would otherwise be promoted
late, how sensitive the workload is to CXL performance, and how quickly promo-
tion can move data into local DRAM.
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Figure 6.5: Telemetry-guided promotion on a high-throughput 2 GB memory-
churn working set placed late in address order, making unsorted promotion unfa-
vorable. Dirty-first promotion reduces recovery time by 46.2% and lost work by
90.3%.

93



CHAPTER 6. PONTOON: SINGLE-PASS LIVE VM MIGRATION VIA SHARED
CXL MEMORY

6.4.6 Zero-page-first demotion
Figure 6.6 shows the effect of Pontoon’s zero-page-first demotion order during mi-
gration. UNSORTED demotes memory in RAMBlock address order, while ZERO

FIRST demotes zero pages before non-zero pages. This order keeps the working
set in local DRAM longer, reducing CXL bandwidth contention between the guest
and Pontoon’s migration threads.
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Figure 6.6: Zero-page-first demotion on a high-throughput 2 GB memory-churn
working set placed early in address order, making unsorted demotion unfavorable.
Zero-first demotion shortens migration time from 19.4 s to 8.6 s, reduces lost
work during migration by 74.5%, and improves migration efficiency from 12.4%
to 50.6%.

We constructed a worst-case placement for address-ordered demotion using
the synthetic memory-churn workload: a 2 GB working set in a 64 GB VM with
high throughput. We placed the working set near the start of guest memory, so
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UNSORTED demoted it to CXL early, sharing CXL bandwidth with migration
traffic. ZERO FIRST delayed demoting the active region by processing zero pages
first.

We quantified application impact over the migration window using two met-
rics. Lost work is the area between the throughput baseline and the measured
throughput curve from migration start to end. Migration efficiency is the fraction
of baseline work completed during migration.

ZERO FIRST improved migration time and throughput during migration. Mi-
gration time fell from 19.4 s to 8.6 s, or 55.7%. Mean application throughput
during migration increased from 26.3 GB/s to 109.3 GB/s. As a result, lost work
during migration decreased from 3598.4 GB to 916.2 GB, or 74.5%, and migra-
tion efficiency improved from 12.4% to 50.6%.

These results also reflect a highly favorable case rather than a typical benefit.
The advantage of ZERO FIRST depends on how many zero pages exist, where the
working set falls in the demotion order, how bandwidth-intensive the workload is,
and how sensitive it is to CXL contention.

6.4.7 Pushing CXL’s limits
Figure 6.7 shows Pontoon’s behavior under increasing synthetic memory-churn
workloads. Each plot shows guest throughput before, during, and after CXL-
based migration, with the migration window marked by green and red dashed
lines. These tests went far beyond the dirtying rates where network-based migra-
tion was possible: TCP and RDMA convergence failed under only a small fraction
of this workload.

The first two configurations used a 64 GB VM with similar pre-migration
throughput, but increased the workload threads from 16 to 32. The final config-
uration scaled to a 232 GB VM with 200 vCPUs and 200 workload threads (the
largest our experimental setup could handle).

We quantified both migration-window brownout and post-migration recovery.
Again, migration lost work is the area between the pre-migration throughput base-
line and the measured throughput curve during migration. For post-migration re-
covery, recovery lost work is the area between the throughput baseline and the
measured throughput curve until the workload returned to stable performance.

The first two plots show that CXL was not primarily limited by the guest’s
aggregate throughput. Both tests sustained roughly 185 GB/s before migration
and about 66 GB/s on average during migration. However, raising the workload
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Figure 6.7: CXL stress test under increasingly threaded memory-churn workloads
and larger VMs. As thread count and VM scale increase, CXL bandwidth con-
tention stretches Pontoon’s migration. At the largest scale, Pontoon still completes
but takes 1107.5 s to migrate and 1545.1 s to recover.
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from 16 to 32 threads increased migration time from 29.9 s to 84.6 s, while post-
migration recovery increased from 38.5 s to 83.7 s. Thus, the brownout depth was
similar, but the system remained in that degraded state for much longer.

The bottom plot shows the same effect at a larger scale. With a 232 GB VM
and 200 workload threads, Pontoon still completed migration, but migration time
increased to 1107.5 s and post-migration recovery took 1545.1 s. During migra-
tion, mean guest throughput remained 56.3 GB/s, corresponding to 30.5% mi-
gration efficiency. After migration, recovery efficiency was 22.7%, similar to the
smaller configurations, but the recovery interval was much longer.

These results identify the dominant bottleneck in our CXL implementation.
All configurations eventually completed, but extreme thread counts exposed CXL
bandwidth contention as the dominant cost. This contention stretched both de-
motion and promotion, producing extended brownout rather than a convergence
failure. Migration and recovery finished, but the guest spent a long time sharing
CXL bandwidth with Pontoon’s migration and promotion threads.

6.4.8 Blackout Time Analysis
We instrumented migration to identify the sources of blackout time. Pontoon uses
WBNOINVDwhen available, which writes back dirty cache lines without invalidat-
ing them, and otherwise falls back to WBINVD. The latency of these instructions
depends on the LLC size and the amount of dirty cache at flush time. On our sys-
tem, with a 32 MB LLC, we observed idle-guest flush times as low as 0.4 ms and
up to 7.2 ms under high-bandwidth workloads. If neither instruction is available,
we fall back to iterative CLFLUSHOPT, whose cost scales with dirty memory size
and can exceed 100 ms for large dirty sets.

For CXL, the vast majority of the observed blackout time came from fixed
QEMU work, including CPU and device-state serialization, VM teardown, and
migration cleanup. For example, the 29 ms blackout in Table 6.2 spent only 0.4 ms
in WBNOINVD, while the remaining time came from this work.

This observation led us to identify QEMU’s virtio-blk ioeventfd syn-
chronization as the dominant component of blackout in our experiments. As an
experimental optimization, we added support for disabling these before blackout.
With an idle 8-vCPU guest, this reduced CXL blackout from 29 ms to 14 ms. With
64 vCPUs and no guest workload, pre-stopping ioeventfds dropped blackout
from 136 ms to 25 ms. With 64 vCPUs and a high-bandwidth workload, the same
optimization cut it from 175 ms to 39 ms.

This synchronization overhead is also present in TCP and RDMA migration,
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but is masked by network-based stop-and-copy’s dirty-page transfer during black-
out. CXL’s much lower blackout time exposes these costs more clearly, making
them both easier to identify and more worthwhile to optimize. We suspect ad-
ditional optimizations are possible, but leave a broader redesign of this phase to
future work.

6.5 Related Work
Pre-copy and post-copy migration. Clark et al. introduced pre-copy live mi-
gration [114, 33], which iteratively copies memory; Google reported 50 ms me-
dian and 300 ms 99th-percentile blackout across its production fleet [122]. Many
optimizations improve pre-copy: adaptive stop-and-copy thresholds [71], ML-
based termination predictors [61], copy-on-write preservation [45], and multi-core
parallelization [130]—but all still retransmit dirtied pages and cannot eliminate
this fundamental overhead. Post-copy [64] transfers each page at most once and
avoids pre-copy’s convergence problem, but exposes VMs to demand-paging la-
tency after switchover. Hybrid approaches begin with pre-copy and can therefore
retransmit dirty pages before switching to post-copy, after which remaining pages
are fetched on demand. Pontoon avoids retransmission by demoting each DRAM-
resident page to shared CXL memory once and remapping it so subsequent writes
update the shared location directly; it avoids post-copy’s latency penalty because
the destination can already access the pages.

RDMA-based migration. RDMA dramatically reduces migration time com-
pared to TCP [68, 74], and later work migrates SR-IOV InfiniBand virtual func-
tions directly to preserve device access when migrating the VM [56]. However,
RDMA still copies over the network and requires complex device-state coordi-
nation. Pontoon uses memory-mapped CXL rather than the network, eliminating
network transfer of guest memory.

Shared-memory migration. ThymesisFlow uses IBM POWER9 disaggregated
memory to leave guest memory in place, improving guest-visible memory latency
and throughput during migration by up to three orders of magnitude while match-
ing the best-case blackout of traditional approaches [55]; migration over software
distributed shared memory reduces total migration time by 70% [77]. These works
show that shared memory can reduce migration overhead, but rely on non-CXL
or software-distributed shared memory mechanisms. Closest to Pontoon, a 2023
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Linux summit BoF discussed CXL-based migration [132], but did not release an
implementation. In contrast, Pontoon targets commodity x86 servers with stan-
dard CXL support and provides a working QEMU/KVM implementation.

CXL memory tiering. A substantial body of work addresses tiering policies
for CXL memory. TPP extended Linux NUMA balancing to demote cold pages
and promote hot ones [100]. Nomad used shadow copies and transactional mi-
gration to reduce thrashing [160]. Alto suppressed unnecessary migrations using
memory-level parallelism awareness [93]. Colloid steers placement using each
tier’s loaded access latency [149], and HybridTier tracks long-term access fre-
quency alongside recent momentum with compact probabilistic metadata [129].
Melody showed that some workloads tolerate CXL-only placement with little
slowdown [92]. Pontoon is complementary to this work: tiering policies deter-
mine which pages reside in CXL during normal operation, and Pontoon leverages
that placement during migration—pages already in shared CXL require no demo-
tion at all.

CXL memory pooling. POND demonstrated CXL-based memory pooling,
showing that pooling across 8–16 sockets captures most of the benefits [86]. Pon-
toon is complementary: VMs can migrate while leaving memory in a CXL pool,
further reducing migration overhead.

6.6 Chapter Conclusion
We presented Pontoon, a live VM migration system that leverages CXL shared
memory to eliminate fundamental inefficiencies of traditional migration. By re-
framing migration as a memory-placement problem—single-pass demotion to
shared CXL, stop-and-flush, background promotion at the destination—Pontoon
transfers each page at most once and avoids both pre-copy’s retransmission and
post-copy’s demand-paging latency.

Our evaluation on CXL pooling devices showed dramatic improvements
across all metrics. Pontoon completed 64 GB VM migrations in roughly 4.9 s,
which is 2.1–9.4× faster than TCP, RDMA, and RDMA-pinall migration. Black-
out times dropped from 267–281 ms to 29 ms, significantly reducing one of the
most disruptive components of live migration for interactive services. Crucially,
Pontoon’s performance remains consistent up to dirty-page rates where network-
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based migration fails to converge, eliminating the convergence problem that has
plagued live migration for two decades.
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Chapter 7

Conclusions

It is our thesis that understanding and optimizing tiered memory and storage sys-
tems requires comprehensive evaluation of multi-tier configurations, efficient ex-
ploration of configuration spaces, and novel tiering mechanisms that exploit op-
portunities introduced by evolving technologies. The configuration space of tiered
memory and storage systems continues to grow as new devices, policies, and pa-
rameters are introduced, making these systems increasingly difficult to evaluate
and explore efficiently. Emerging technologies such as Compute Express Link
(CXL) further expand this space while enabling new forms of tiering.

Chapter 4 addresses the challenge of comprehensively evaluating tiered mem-
ory and storage systems. It examines limitations in existing cache analysis and
presents a general n-level cache simulator. The simulator models arbitrary hi-
erarchies and reports both per-tier and aggregate metrics, including performance
and cost. Simulations using real-world traces show that conclusions about de-
vice selection, hierarchy complexity, and write policy can change when complete
multi-tier configurations are evaluated across multiple metrics.

Chapter 5 addresses the challenge of efficiently exploring large configuration
spaces. It presents a framework that combines hash-based sampling, Ramer-
Douglas-Peucker curve simplification, recursive knee detection, and post-process-
ing filters to select key points from miss ratio curves. The framework includes
Z-Method, which uses statistical outlier detection to identify multiple significant
knees. It identified optimal two-tier configurations while reducing the required
simulations by average factors of 5.5× for ARC and 7.7× for LRU, and acceler-
ated evolutionary optimization by 34%.

Chapter 6 addresses the challenge of exploiting tiering opportunities intro-
duced by evolving technologies. It presents Pontoon, a rack-local fast path for

101



CHAPTER 7. CONCLUSIONS

live virtual machine migration using shared CXL memory. Pontoon is imple-
mented in QEMU/KVM and provides transparent guest memory tiering across
local DRAM and shared CXL memory, performing migration in three phases:
single-pass demotion of pages from DRAM to CXL, a brief stop-and-flush phase,
and background promotion at the destination. For 64 GB VMs, Pontoon improved
migration time by 2.1–9.4×, reduced blackout from 267–281 ms to 29 ms, and
completed migration at dirty-page rates where traditional pre-copy failed to con-
verge.

Together, these contributions provide techniques for evaluating multi-tier con-
figurations, reducing the cost of searching their configuration spaces, and exploit-
ing new tiering opportunities. The simulator reveals interactions and trade-offs
that narrower analyses can miss, the key point selection framework efficiently
identifies promising configurations, and Pontoon uses shared CXL memory to re-
duce migration time, blackout, and data movement during live VM migration.

7.1 Future Work
The placement of guest memory pages across local DRAM and shared CXL mem-
ory affects two important outcomes: guest performance and migration cost. Pages
in DRAM provide lower access latency for the guest, while pages already resi-
dent in CXL do not need to be transferred during migration. These observations
motivate two directions for future work: developing migration-aware CXL tiering
policies and extending VM scheduling for CXL.

7.1.1 Migration-Aware CXL Tiering
Pontoon provides a transparent guest memory tiering mechanism that places and
moves pages across local DRAM and shared CXL memory. Its current tiering
policy, however, does not dynamically classify pages or adjust their placement
during normal execution. Existing CXL tiering policies use signals such as ac-
cess frequency, recency, loaded access latency, and memory level parallelism to
identify which pages should remain in DRAM and which can be moved to CXL
memory [100, 149, 93, 129]. An important direction for future work is to deter-
mine how these policies can operate alongside Pontoon and coordinate their page
movements with migration.
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Adapting existing tiering policies. Tiering approaches operate at different lev-
els of the system and rely on different mechanisms for tracking memory ac-
cesses and moving pages. TPP implements page tracking and migration within
the Linux kernel, while Nomad implements a Linux kernel mechanism for trans-
actional page migration and page shadowing [100, 160]. HybridTier runs in
user space and relies on hardware access sampling and operating system sup-
port, while Colloid and Alto modify the placement decisions made by other tier-
ing systems [129, 149, 93]. Because Pontoon manages guest memory from user
space within QEMU/KVM, these approaches may require substantial changes be-
fore their tiering mechanisms can be used in conjunction with Pontoon. Future
work should determine which policies are compatible, what access information
and system support they require, and how their placement decisions can be en-
forced. Their page movements must also be coordinated with migration, since
promotions and demotions could interfere while Pontoon protects, copies, and
remaps pages. Page movement may therefore need to be suspended during mi-
gration, while access tracking may continue so that the resulting information can
guide tiering decisions at the destination.

Coordinating tiering with migration planning. Tiering policies typically
make decisions based on page access behavior and memory pressure, but they
lack information about VM migrations. A VM scheduler knows that a migra-
tion is planned, its expected timing, possible destinations, and the CXL resources
available before it begins. This information could allow a tiering policy to prepare
the VM by opportunistically moving pages to shared CXL memory before the ac-
tive migration window. Future work should examine whether existing policies can
be adapted to use this information or whether new policies are needed to jointly
consider guest performance, page activity, expected migration cost, and shared
CXL resource usage.

7.1.2 Extending VM Scheduling for CXL
Cloud VM schedulers assign VMs to hosts while satisfying resource requirements,
fault domain constraints, and utilization goals [57]. CXL expands this problem by
introducing additional decisions about the placement of guest memory and the use
of shared memory for migration.
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Scheduling with shared CXL resources. Traditionally, VM scheduling pro-
duces an assignment of VMs to hosts based on resource requirements and the
resources available across the physical infrastructure. With shared CXL mem-
ory, the scheduler output may also need to specify how much memory each VM
should place in local DRAM, which CXL pool it should use, and whether the se-
lected placement supports future migration through that pool. These decisions are
constrained by the CXL topology within each rack, since Pontoon can use shared
memory only between hosts connected to the same pool. The scheduler must
therefore consider which hosts share a CXL pool, along with its available capac-
ity, fragmentation, and bandwidth, in addition to conventional host resources. It
should also account for each VM’s current page placement, since a VM with more
pages in CXL may require less migration work. Future work should use these fac-
tors to select VMs and destinations, choose between Pontoon and TCP or RDMA,
and coordinate concurrent migrations.

Improving VM packing through CXL migration. VM placements can be-
come inefficient as VMs arrive, depart, and change their resource usage, strand-
ing resources across hosts and preventing CPU, memory, and other resources
from being fully utilized. Protean shows that live migration can be used to move
VMs from fragmented machines and improve packing density and overall utiliza-
tion [57]. Prior work on dynamic VM packing similarly shows that migration
can improve the resulting placement, but that the benefit depends on the number
and cost of the migrations performed [104]. Because Pontoon reduces migration
time and blackout, it may allow a scheduler to correct inefficient placements more
frequently and with less disruption to guests. This could make migration a more
practical tool for ongoing load balancing rather than an operation reserved pri-
marily for maintenance or severe imbalance. Future work should determine when
the expected improvement in packing justifies migration, which VMs should be
moved, and how frequently rebalancing should occur. These decisions must bal-
ance utilization gains against migration and recovery costs, temporary changes in
guest performance, and contention for shared CXL bandwidth.
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