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Abstract

Over the past few decades, a confluence of factors including i) the prolif-
eration of memory-intensive applications, ii) the rapid expansion of memory
capacity towards the terabyte scale, and iii) the slowing of DRAM technology
improvements, has made memory scaling difficult and established memory as
the critical bottleneck in modern data center computing. The memory bottle-
neck manifests in multiple dimensions, including access performance, hardware
costs, and power consumption.

First, the virtual memory abstraction is under increasing strain. As mem-
ory capacity grows while the Translation Lookaside Buffer (TLB) size remains
stagnant, virtual address translation overhead becomes more severe; internal
profiling at hyperscalers reveals that approximately 20% of CPU cycles are per-
forming page walks due to TLB misses. Furthermore, this overhead will worsen
due to the inherent limits of TLB size scaling, the introduction of additional
page table levels, hardware virtualization for VMs, the vast memory capacity
enabled by heterogeneous memory, and the reliance on the page-level secu-
rity checks of confidential computing. Without more efficient virtual memory
designs, memory will be too slow to scale.

Second, the hardware costs and power consumption of memory have sky-
rocketed. DRAM now accounts for nearly a quarter of rack power consumption
and nearly half of the total cost of ownership (TCO) of a typical data cen-
ter server. Looking forward, these costs will continue to escalate due to the
increasing demands of memory-intensive applications. Such high costs hinder
the data center build-out essential for supporting the insatiable demand of AI
applications, and increase the operating costs of existing data centers.

This thesis addresses the multifaceted memory efficiency challenge through
the co-design of operating systems (OS) and computer architecture.

To improve memory access performance, this thesis presents two works that
reduce address translation overhead. Contiguitas creates abundant physical
memory contiguity by grouping unmovable allocations in the OS and introduc-
ing hardware extensions to migrate previously unmovable pages used for device
I/O. Contiguitas then utilizes the newly found physical memory contiguity to
allocate more huge pages for applications and reduce the address translation
overhead, yielding up to 18% performance improvement for Meta’s production
workloads. More importantly, the large amount of physical memory contiguity
provided by Contiguitas sets up a solid foundation for future work on address
translation. Second, Learned Virtual Memory (LVM) replaces the rigid struc-
ture of radix page tables with learned page table structures that are tailored to
applications’ virtual address spaces. LVM leverages the regularity of applica-
tion virtual address spaces to build learned indexes for address translation, and
balances the size, depth, and accuracy of the learned indexes through a cost
model tailored for address translation. LVM enables low-cost virtual address
space changes, supports variable page sizes, and is affordable in the hardware.



LVM reduces page walk overhead by an average of 44% for a set of memory-
intensive applications and achieves a 2–27% speedup in execution.

To reduce the cost and power consumption of memory, this thesis presents
two works that enable the practical deployment of CXL memory in modern data
centers. Squeezed by the high cost of DRAM and the need for memory capacity,
data center operators have explored replacing part of memory with cheaper but
slower CXL memory backed by reused last-generation DRAM, along with SSD
swap, as offloading tiers. Pensieve introduces a three-tier memory system to
transparently manage pages across DRAM, CXL memory, and SSDs, and aims
to maximize DRAM savings by utilizing cheaper memory tiers while maintain-
ing application performance. It manages the system through a single-input,
single-output control loop, is robust against workload access pattern changes,
and leverages CXL memory as an intermediate tier to observe the hotness trends
of pages. Pensieve overcomes the capacity limitations of CXL memory and the
performance limitations of SSD swap. Pensieve safely offloads 33% of memory
on average, substantially outperforming standalone DRAM+CXL (21%) and
DRAM+SSD (18%) setups, while keeping application performance degradation
below 5%. Equilibria addresses the challenges of deploying tiered memory
in today’s multi-tenant environments. It ensures fair memory sharing across
memory tiers and mitigates noisy-neighbor effects through automatic fair-share
determination, flexible fair-share policies, and thrashing mitigation. Equilibria
consistently helps workloads meet their service-level objectives (SLOs) while
avoiding performance interference, improving performance over the state-of-
the-art Linux solution by up to 52% and 1.7× for Meta’s production workloads
and open-source benchmarks, respectively.

Together, these works show that through a comprehensive set of novel ar-
chitectural and operating system techniques that work together, the memory
efficiency in modern data centers can be significantly improved from the per-
spectives of performance, hardware costs, and power. This thesis lays the
foundation for memory systems that can scale with evolving application de-
mands and hardware trends, while opening a broad set of directions for future
research in computer architecture and operating systems. Several of the works
presented in this thesis have already been upstreamed into Linux and deployed
across production data centers on millions of servers, helping scale memory
systems for years to come.
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Chapter 1

Introduction

Over the past few decades, a confluence of factors has reshaped the landscape of memory
systems and created new memory efficiency challenges. First, the proliferation of memory-
intensive applications has led to increased memory usage. Second, the memory capacity
of servers in modern data centers has expanded in response, scaling from gigabytes to
terabytes. Finally, the slowing of DRAM technology improvements compared to other
hardware components means DRAM is taking up an increasingly larger share of hardware
costs and power consumption. As a result, memory has become a critical bottleneck in
modern data center computing. The memory bottleneck manifests in multiple dimensions,
including access performance, hardware costs, and power consumption. To maintain effi-
ciency in data center computing while continuing to scale memory, memory efficiency must
be holistically and significantly improved.

The High Overhead of Virtual Memory. Virtual memory is the cornerstone abstrac-
tion that applications use to address memory, offering essential benefits such as isolation,
protection, programmability, and transparent data placement. However, virtual memory
requires an address translation process during every memory access, adding overhead to
application execution. Modern operating systems have largely stuck with a small 4KB base
page size, and as memory capacities grow, virtual memory implementations are plagued by
expansive page table trees and a corresponding appetite for hardware Translation Looka-
side Buffer (TLB) capacity that is difficult to satiate. In particular, trends in data center
hardware show increases in memory capacity without comparable increases in TLB capac-
ity in the past decade: memory capacity has grown from dozens of gigabytes to hundreds of
gigabytes or even a few terabytes, yet the TLB size has stagnated at thousands of entries.
As a result, TLB coverage is woefully insufficient with contemporary 4KB pages, and even
larger 2MB pages are not a panacea.

Applications are already suffering a substantial performance penalty due to the mis-
match between memory capacity and TLB coverage. For example, our study shows that
the percentage of page walker active cycles can account for close to 20% of total cycles
for production workloads in Meta’s data centers [235], with similar results also reported
by Google [85]. This virtual memory overhead reduces the performance of applications,
ultimately reducing the fleet-wide efficiency of data centers and making continued scaling
of memory capacity unsustainable.
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Unfortunately, this overhead is only bound to worsen due to several impending archi-
tectural and application trends: i) the inherent hardware limits of TLB scaling, which have
pushed latencies beyond those of L2 caches [221], ii) the advent of terabyte-scale memory
capacity through technologies like CXL [91, 182], iii) the introduction of additional levels
of page tables (e.g., 5-level paging [87]), iv) the proliferation of hardware virtualization
for VMs, v) the continuing increase of memory-intensive applications, and vi) confidential
computing platforms that place page-granularity security checks on the critical path during
address translation [17, 89]. To keep scaling the memory capacity and adding new memory
features without wasting an increasingly larger share of cycles on virtual memory, we must
bring the virtual memory abstraction to the land of efficiency.
The Escalating Cost and Power Consumption of DRAM. As of the early 2020s,
DRAM comprises 40–50% of server costs in data centers [150, 216], and is one of the
biggest contributors towards rack-level capital expenditures and operating expenses [123,
145]. More recently, the trend toward increasing DRAM cost and power contributions
has intensified, with DRAM prices doubling due to the immense memory demands of AI
applications [135] and data centers being constrained by the power grid capacity. DRAM
now accounts for nearly a quarter of rack power consumption and up to half of the total
cost of ownership (TCO) of a typical server in modern data centers [237]. The reasons
for this trend are twofold. First, workloads are dealing with more data, hence memory
bandwidth and capacity requirements per unit of work have grown over time; servers must
therefore have more DRAM installed. Second, memory technologies have not been scaling
at the same rate as the other hardware components; DRAM’s share of server cost and
power grows as a result. To make matters worse, DRAM is not only more expensive but
also more scarce, as DRAM demand far outstrips supply [135].

To rein in the ballooning cost and power of memory, data center operators have looked
towards Compute Express Link (CXL) [46]. CXL is a cache-coherent interconnect that
enables various memory technologies, including DDR, LPDDR, NAND, and persistent
memory, to be connected to the host server. It offers greater flexibility in terms of mem-
ory capacity, cost, power, and performance characteristics. Hyperscalers are deploying
reused older-generation DRAM as CXL memory that provides part of a server’s memory
capacity at very low costs or expands a server’s memory capacity, therefore reducing the
overall spending on memory at the data center level; LPDDR-backed CXL memory can
optimize the power profile of servers. However, CXL memory has increased access latency
compared to CPU-attached DRAM, which can negatively impact application performance
when significant portions of memory accesses are to CXL memory. This means that soft-
ware support is required to effectively use CXL memory without compromising application
performance. Many hyperscalers have embraced tiered memory systems, where data that
is less likely to be accessed or less performance-critical is demoted from expensive main
memory to CXL memory. The problem is that existing tiered memory systems cannot be
integrated with multi-tenancy and multi-memory tier setups in modern data centers. To
affordably scale memory capacity for the future, we must overcome these limitations and
enable the practical deployment of CXL memory in data centers.

The goal of this thesis is to understand the inefficiencies present in current memory sys-
tems, identify the root causes of such inefficiencies, and design new computer architectures
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and operating systems that improve memory efficiency and enable the continued scaling of
memory capacity sustainably and affordably. The contributions of this thesis are two-part,
from the perspectives of both i) virtual memory overhead and ii) memory hardware and
power costs.

First, this thesis presents two works that drastically reduce the address translation
overhead by mitigating virtual memory inefficiencies caused by the lack of physical memory
contiguity and the rigid page table structure.

Contiguitas (ISCA’23) [235] (Best Paper Award, MICRO Top Picks 2024, Upstreamed
to Linux) addresses the extreme scarcity of physical memory contiguity in data centers.
Through a fleet-wide study at Meta, we found that 23% of servers do not have physical
memory contiguity for even a single 2MB huge page, and that this fragmentation happens
rapidly, primarily driven by unmovable memory allocations (such as networking buffers,
slab caches, and page tables). Contiguitas proposes software techniques in the operating
system to separate movable allocations from unmovable ones into two dynamically adjusted
continuous regions. For the majority of unmovable allocations that are tied to device I/O
(e.g., networking), Contiguitas introduces targeted hardware extensions in the last-level
cache (LLC) that enable the transparent migration of unmovable pages while in use. This
relies on migration mappings in the LLC and a relaxed TLB shootdown operation.

Impact: Contiguitas successfully confines unmovable allocations and applies the newly
abundant memory contiguity to reduce the virtual memory translation overhead, achieving
up to 18% performance improvement for Meta’s production applications and enabling the
dynamic allocation of 1GB huge pages for more performance gains. Through a collabo-
ration with Meta and Linux kernel maintainers, the core ideas of Contiguitas have been
upstreamed into Linux and are now running in production.

Learned Virtual Memory (LVM) (MICRO’25) [236] (MICRO Top Picks 2025 Honor-
able Mention) replaces the rigid structure of radix page tables with learned indexes tailored
to the specific characteristics of an application’s virtual address space. Recognizing that
application virtual address spaces exhibit significant regularity, LVM leverages small yet
effective linear models to enable single-access address translation. To overcome the limita-
tions of traditional learned indexes, LVM introduces a cost model that balances prediction
accuracy with index cacheability in the MMU. LVM enables efficient, dynamic updates of
the virtual address space by leveraging the contiguous expansion of virtual memory to scale
linear models without retraining. Furthermore, it uses adaptive learned indexes that allo-
cate small leaf page tables based on the widely available physical contiguity of hundreds of
kilobytes, removing the need for large contiguous allocations. Finally, it supports multiple
page sizes through a novel encoding scheme using varying slopes in the linear models.

Impact: LVM reduces the page walk overhead by an average of 44% over radix page
tables, shrinks the page walk cache area by 1.5×, and achieves a 2–27% speedup in appli-
cation execution.

The second part of this thesis introduces operating system support for emerging tiered-
memory hardware, addressing the challenges of managing multiple memory tiers under
multi-tenancy and enabling practical, memory-efficient deployment in modern data centers.

Pensieve introduces a three-tier memory system that transparently manages pages
across DRAM, CXL memory, and SSDs to maximize DRAM savings while maintaining
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application performance. To navigate the complex multi-dimensional decision space, Pen-
sieve combines a hierarchical data plane, decoupled control loops, and unified feedback-
driven control. The hierarchical data plane treats DRAM as hot, CXL as warm, and
SSD as cold, using CXL as an intermediate filter to preserve SSD endurance and maintain
performance. Pensieve decouples the management into a DRAM-CXL control loop and a
CXL-SSD control loop, significantly simplifying the tight coupling of the tiers. A unified
feedback-driven control mechanism dynamically adjusts the tiering aggressiveness based
on estimated performance loss and tier bandwidth utilization.

Impact: Pensieve safely offloads 33% of memory on average, substantially outperform-
ing standalone DRAM+CXL (21%) and DRAM+SSD (18%) setups, while overcoming the
capacity limitations of CXL memory and the performance limitations of SSD swap and
observing the system constraints. Pensieve has been incorporated as part of the software
support for CXL memory at Google.

Equilibria addresses the fairness challenges of deploying CXL memory in today’s multi-
tenant data center environments. Without fairness, colocated workloads suffer severe per-
formance anomalies and service-level objective (SLO) violations due to noisy-neighbor
effects and imbalanced memory tier usage. Equilibria is a comprehensive operating system
solution that provides multi-tenancy-aware controls and observability for tiered memory.
It features automatic fair-share determination, which online-profiles and solves an opti-
mization problem to allocate CXL memory capacity, access, and bandwidth fairly among
scheduled jobs. Equilibria enforces these policies through regulated promotion and demo-
tion, and includes dedicated thrashing mitigation to protect the system from disruptive
workloads.

Impact: Equilibria consistently helps workloads meet their SLOs, avoiding performance
interference, and improves performance over the state-of-the-art Linux solution by up to
52% and 1.7× for Meta’s production workloads and open-source benchmarks, respectively.
The core designs of Equilibria have been upstreamed to Linux kernel and deployed in
production to support CXL memory-equipped servers at Meta.

These works encompass a comprehensive set of novel architectural and operating system
techniques that work together and improve the memory efficiency in modern data centers
from the perspectives of performance, hardware costs, and power, addressing the urgent
need for efficiency in data centers. This thesis lays the foundation for memory systems
that can scale with evolving application demands and hardware trends, while opening a
broad set of directions for future research in computer architecture and operating systems.
Several of the works presented in this thesis have already been upstreamed into Linux
and deployed across production data centers on millions of servers, helping scale memory
systems for years to come.
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Chapter 2

Contiguitas: Physical Memory
Contiguity and Huge Pages

2.1 Introduction

Memory capacity has increased dramatically over the last decades, yet modern operating
systems have throughout stuck with a small base page size. This divergence has resulted in
excessive management overhead for memory-intensive applications. In particular, virtual
memory implementations are plagued by expansive page table trees, and a corresponding
appetite for hardware TLB capacity that is difficult to satiate.

Even with architectural innovations such as larger and multi-level TLBs and page walk
caches [7, 23, 24, 25, 31, 32, 33, 34, 48, 107, 160], applications today suffer a substantial
performance penalty due to TLB misses. Google’s internal profiling revealed that approx-
imately 20% of cycles are stalled on TLB misses [85]. Unfortunately, this problem is only
bound to get worse due to: i) the inherent hardware limits of TLB scaling, already surpass-
ing L2 cache latencies [221], ii) terabyte-scale memory capacity through technologies like
CXL [91, 182], iii) additional levels of page tables [87], iv) the increase of memory-intensive
applications, and v) upcoming confidential computing platforms that place security checks
at page granularity during address translation [17, 89].

A large body of prior research has focused on reducing the address translation over-
head [1, 3, 4, 23, 25, 30, 34, 50, 63, 79, 85, 107, 111, 142, 156, 162, 180, 188, 190, 193,
194, 198, 210, 228]. Conceptually, we can separate prior work based on the amount of
physical memory contiguity required and how it is exploited. On the one hand, earlier
works propose leveraging physical memory contiguity to back the application dataset [7,
25, 63, 64, 106, 107, 160]. These approaches create range-based translations, similar to
segments, that map large contiguous regions of virtual memory to equally large contiguous
physical memory. Their goal is to ultimately reduce the number of TLB entries needed.
However, they face the fundamental challenge that it is very hard to create multi-gigabyte
contiguous physical address ranges to cover the complete application dataset.

On the other hand, another line of research has explored alternative page table struc-
tures such as hashed page tables [54, 84, 97, 100, 188, 193, 197, 228]. Indeed, recent
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work [188, 193, 194, 228] has solved some of their traditional shortcomings [24, 56, 70, 86,
95]. Such solutions aim to replace sequential multi-level page tables and drastically reduce
the cost of page walks by accelerating page table accesses. Notably, they relax the physical
memory contiguity requirements to apply not on the whole dataset, but only on the page
table organization. However, they impose strict requirements for physical memory conti-
guity availability on the critical path of page table creation. As a result, such approaches
still remain challenging to adopt. Several other architectural extensions that implicitly rely
on contiguity [75, 143, 160, 210, 225] are hindered by the same fundamental challenge.

Today’s operating systems, such as Linux, have mostly relied on 2MB huge pages
to land performance improvements. The primary mechanism to leverage huge pages is
Transparent Huge Pages (THP) [204] that opportunistically try to provide 2MB pages.
Unfortunately, in today’s systems, finding physical contiguity even for 2MB pages is often
hard due to memory fragmentation [65, 68, 74, 117, 155, 156, 162]. THPs have also
been under scrutiny due to their performance implications such as latency spikes and
memory bloating [15, 38, 44, 65, 74, 130, 149]. Alternative approaches, such as userspace
allocators [85, 136, 137] still rely on the OS to provide physical contiguity and larger
mappings.

Addressing excessive memory management overhead will require a fundamental shift
towards larger page granularities. However, fragmentation remains as the primary obstacle.
Illuminator [155] is a major prior work that tries to address fragmentation. Within a 2MB
block, it prevents mixing unmovable allocations and movable ones that the kernel can move
on-demand. This work, while innovative, has some key limitations.

First, the fundamental problem of unmovable allocations, i.e., that the OS cannot move
them after their allocation, remains. Second, avoiding mixing movable and unmovable al-
locations within 2MB blocks still fragments the address space, prevents large contiguous
regions from being formed, and consequently blocks larger translations. This is because it
limits the maximum available contiguity to at most 2MB. For example, a single unmovable
4KB page can render a 1GB region unmovable; as a result just 0.19% of 2MB unmovable
allocations can fragment the whole of memory irrecoverably. Third, the effectiveness of de-
fragmentation is severely hindered by the presence of unmovable allocations [225]. Overall,
despite significant efforts in virtual memory research, eliminating the address translation
overhead will remain onerous in real world environments until the physical memory conti-
guity predicament gets resolved.

In this work, we start with a detailed investigation of physical memory contiguity at
hyperscale across Meta’s data centers. We sample servers across the fleet and show that
23% of servers do not even have physical memory contiguity for a single 2MB huge page.
We also find that it is practically impossible to dynamically allocate 1GB pages in a
production environment. Pertinently, fragmentation affects all servers as there is little to
no correlation between memory contiguity availability and server up-time. In practice,
servers can quickly get heavily fragmented within the first hour after boot-up while the
mean server uptime is multiple days or weeks—turning memory fragmentation into a major
challenge. Finally, our study exposes unmovable memory allocations as the root cause
for the lack of physical memory contiguity. In particular, we identify several sources of
unmovable allocations, including networking buffers, slab, filesystem, and page tables.
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To address these issues, we introduce Contiguitas with the goal of eliminating frag-
mentation due to unmovable allocations. Contiguitas separates movable allocations from
unmovable ones by placing them into two different continuous regions and dynamically ad-
justs the boundary of the two regions based on memory demand. To avoid wasting memory
in the unmovable region, Contiguitas solves two problems: i) how to dynamically resize
the unmovable region and place unmovable allocations; and ii) how to drastically reduce
unmovable allocations. For the first problem, Contiguitas performs resizing by tracking
the demand for unmovable allocations. Moreover, it reduces internal fragmentation of the
unmovable region by differentiating different types of unmovable allocations.

For the second problem, Contiguitas focuses on unmovable allocations that cannot be
moved with software alone because access to the page cannot be blocked for a migration
to take place. At Meta, networking allocations account for 73% of unmovable pages (Sec-
tion 2.2.5). We expect unmovable allocation to become an increasingly bigger problem.
This is because of new I/O technologies such as kernel-bypass and RDMA for networking
and storage, GPUs, and other accelerators that heavily really on unmovable pages.

To this end, Contiguitas introduces a set of surgical hardware extensions in the last-
level cache (LLC) that enable the transparent migration of unmovable pages while in
use. Contiguitas’s design builds off of two ideas: First, Contiguitas introduces migration
mappings in the LLC, enabling hardware to redirect traffic to the appropriate cache line
of each page based on the progress of the migration. Second, Contiguitas relaxes the
TLB shootdown operation from being synchronous and requiring acknowledgments from all
victim TLBs to a local TLB invalidation that can be performed by each core independently
and in a lazy manner. Naturally, movable page migrations can also benefit from this
hardware support.

We build the OS component of Contiguitas into the Linux kernel and run our experi-
ments in Meta’s production environment. Our results show that this component success-
fully confines unmovable allocations, drastically reducing unmovable 2MB blocks from an
average of 31% scattered across the address space down to 7% confined in the unmov-
able region, leading to significant performance gains. Specifically, we show that for three
major production services, Contiguitas achieves performance improvements between 2-9%
for partially fragmented servers that represent the majority of the servers, and between
7-18% for highly fragmented servers representative of nearly a quarter of the fleet at Meta.
Notably, Contiguitas’s contiguity gains enable Web, one of Meta’s largest services, to dy-
namically allocate 1GB huge pages, leading to a 7.5% performance win that is unattainable
with 2MB pages alone. We use full-system simulations to demonstrate the effectiveness
of the hardware extensions of Contiguitas. Our evaluation shows that Contiguitas-HW
enables the efficient migration of unmovable allocations while scaling the number of victim
TLBs and does not affect application performance. We are currently in the process of
upstreaming Contiguitas into Linux.
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2.2 Memory Contiguity Challenges and Opportuni-

ties in Data Centers

In this section, we first provide a brief overview of memory management of modern oper-
ating systems. Then we showcase the challenges and opportunities of memory contiguity
across Meta’s data centers through a detailed study of i) memory capacity and TLB trends,
ii) performance implications of address translation, iii) memory fragmentation, and iv) un-
movable allocations and their sources.

2.2.1 Memory Management

Multiple Page Sizes. Modern operating systems, such as Linux, manage memory in
small 4KB page granularity. The primary reason behind this decision is to reduce memory
bloating and expensive IO operations during paging. However, 4KB pages cause significant
address translation overhead due to the limited capacity of the TLBs and expensive page
walks in the event of a TLB miss. To that end, huge pages of 2MB and 1GB have been
retrofitted in the kernel with additional hardware support. Huge pages reduce the number
of translation entries and further shorten page walks.

Linux has two primary mechanisms to allow applications to leverage huge pages. The
HugeTLB subsystem allows a system administrator to allocate a certain number of persis-
tent huge pages which can then be explicitly mapped by userspace applications. HugeTLB
requires careful coordination between system administrators and application developers to
ensure a proper number of huge pages are available.

Alternatively, Transparent Huge Pages (THP) [204] can be used to allocate huge pages
transparently to the application. THPs only support 2MB pages and opportunistically
assign huge pages to applications, either in page fault handling or through background
page promotion. The OS forms huge pages on top of contiguous physical memory regions
that it keeps on free lists. However, userspace memory pages, kernel structures, and other
sources can cause a fragmented physical address space with no huge pages available.

Memory Fragmentation. Memory fragmentation can be alleviated by memory com-
paction, also known as defragmentation. Memory compaction [47] tries to consolidate
physical pages by moving them around, freeing up contiguous memory areas for huge page
allocations. During movement, the page becomes temporarily unavailable until the page
is copied to the new location and the new mapping is established.

Page Migration and TLB shootdowns. Figure 2.1 shows the process of page migration.
A translation for a page is cached in the TLBs. However, in contemporary processors TLBs
are not cache-coherent. Hence, the OS needs to invalidate all potential victim TLBs of
cores that might be caching the translation. First, in Step 1 the OS running on top
of the initiator core clears the present bit of the page table entry of the page under
migration. Then, the initiator invalidates the entry from the local TLB and initiates
the TLB shootdown procedure, in Step 2 . Specifically, the OS sends inter-processor
interrupts (IPIs) in Step 3 to all remote victim cores. Each core receiving an IPI invokes
an interrupt handler that flushes their private TLB, shown in Step 4 , and then sends an
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acknowledgment in Step 5 . After the initiator receives all the required acknowledgments,
it performs the copy of the page in Step 6 . Finally, it updates the PTE in Step 7 .

Time

Initiator

Page 
Copy

TLB 
Shootdown

Remote0
RemoteN

Invalidate TLB0
IPIs Acks4

3 5

1 6
Clear
PTE

Update
PTE2 7

Invalidate TLBN

Figure 2.1: Page migration procedure.

TLB shootdowns are very costly as they scale poorly with the number of involved cores
and may require several thousands of cycles to complete [12, 13, 20, 26, 115, 115, 177, 211].
Upcoming hardware [10, 18, 88] aims to reduce the TLB invalidation overhead, but a page
still becomes unavailable during migration. The same steps are followed by processors that
make use of IOMMUs with IOTLBs [9, 90, 159] and NICs with private TLBs [163, 202].
Unmovable Allocations. An impediment to memory compaction is unmovable allo-
cations that cannot be migrated. Unmovable allocations exist across different operating
systems, called wired allocations in FreeBSD, and non-paged in Windows [146, 179, 225].
While there are many sources of unmovable allocations such as slab, page tables, and other
kernel structures, they can be categorized into two types. The first type of unmovable allo-
cations are formed because the kernel opts for faster translation of kernel objects through
a simple offset into a linear map [205]. Addresses to these data structures may be stored
all over memory. As a result, such data structures cannot be moved.

Other types of unmovable allocations are related to I/O and the IOMMU, including
memory for kernel-bypass networking and storage, GPUs, accelerators, and in general
operations that mark pages as busy and thus unmovable. Such allocations are impossible
to move with software alone. The reason is that the software cannot atomically perform
both the translation update and the page copy. Hence, the only way for software to migrate
a page without potential spurious writes to the page taking place during migration is to
first block access to the page, perform the copy, and then update the translation. However,
access to such unmovable pages cannot be blocked as incoming operations from a device
need to be serviced. Even if access to the page could be blocked, page migration itself is
expensive because it requires a long downtime to (a) perform a TLB shootdown procedure
that scales poorly with the number of victim TLBs, and (b) copy the page.

2.2.2 Memory Capacity and TLB Trends

Trends in Meta’s hardware show increases in memory capacity without comparable in-
creases in TLB capacity. This discrepancy puts increased emphasis on contiguity availabil-
ity to reduce address translation overheads.

9



Gen 1 Gen 2 Gen 3 Gen 4 Gen 5
Hardware Generations

2x

4x

6x

8x
Re

la
tiv

e 
Ca

pa
cit

y Main Memory

20%

40%

60%

80%

TL
B 

Co
ve

ra
ge

TLB 4KB TLB 2MB

Figure 2.2: Memory and TLB coverage of computing hardware across generations.

Figure 2.2 shows the relative increase of memory capacity and TLB coverage of com-
puting infrastructure across hardware generations in Meta’s data centers. The x-axis shows
different hardware generations. The Gen-1 hardware is near its end of life while Gen-4
and Gen-5 are expected to be deployed in the near future. We normalize the results based
on the first generation. Memory capacity is bound to increase by almost 8×. However, the
number of TLB entries and consequently TLB coverage remain stagnant. Specifically, the
number of TLB entries has steadily remained in the range of a few thousands in the last
few generations. As a result, TLB coverage with contemporary 4KB pages, and even larger
2MB pages will be significantly insufficient. 1GB pages do provide sufficient coverage that
is larger than the main memory capacity of Gen-5 hardware. Reducing translation over-
heads will require ever larger page sizes, and hence contiguity, in hand with techniques to
reduce page walk latency.

2.2.3 Lost Cycles Due to Lack of Contiguity

To quantify the potential of memory contiguity we select a few representative services across
Meta’s fleet and measure the impact of contiguity. We perform measurements using: i)
only 4KB pages, ii) 2MB pages, iii) 2MB and 1GB. For 2MB we use THP and further
reserve huge pages through HugeTLB [206] for services that have already been optimized
to support HugeTLB. To leverage 1GB pages we solely rely on HugeTLB. We focus the
evaluation on the most widely used machine type which has 64GB memory. At Meta,
services are deployed directly on Linux servers within containers. Furthermore, services
are optimized heavily to fit within the available memory. Hence, the results provide a lower
bound of the potential address translation overhead and gains from larger page sizes—we
expect such overheads to be further exacerbated as memory capacity increases.

Figure 2.3 shows page walk cycles as percentages of the total cycles, due to Data and
Instructions, using performance counters of production workloads. For Data we show the
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Figure 2.3: Percentage of cycles lost due to page walks.

aggregate of loads and stores. We observe that page walk cycles can account for close
to 20% of total cycles in Meta’s data centers. Memory contiguity has the potential to
significantly alleviate TLB overheads of both instructions and data. Focusing on Web, one
of the largest services within Meta, we see that 2MB huge pages can halve the number of
instruction page walk cycles. Notably, while 2MB pages offer little improvement for data
page walk cycles, 1GB huge pages have a major impact by reducing such cycles from 14%
down to 8%.

2.2.4 Memory Fragmentation

Memory fragmentation prevents the OS from creating large contiguous regions. To quan-
tify fragmentation across Meta’s fleet, we randomly sample tens of thousands of 64GB
servers in production independently of workloads and perform a full scan of each server’s
physical memory. Figure 2.4 shows the cumulative distribution function (CDF) of memory
contiguity as a percentage of free memory at the 2MB, 4MB, 32MB and 1GB allocation
levels. Servers having less than 1GB of free memory are filtered out. We observe that
memory fragmentation is severe across the fleet i.e., 23% of the servers do not have enough
contiguity for even a single 2MB allocation. This number increases to 59% for 32MB
allocations. Dynamically allocating 1GB pages is practically impossible in production.
Correlation With Uptime. It is commonly assumed that memory fragmentation is
correlated with server up-time [155, 225]. In particular, freshly brought-up servers are
expected to have an abundance of available memory contiguity that slowly deteriorates
as workloads execute. Interestingly, our analysis showed there is little to no correlation
between memory contiguity availability and server uptime, with the Pearson correlation
coefficient between server uptime and the number of free 2MB pages being only 0.00286.
We further looked into servers with only a few hours of uptime and discovered that the
correlation still remained weak, with a coefficient of 0.16. Finally, we performed a set of
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Figure 2.4: Contiguity availability as the percentage of free memory.

experiments that indicated that servers can get highly fragmented within the first hour
of running workloads. Given that the mean uptime of Meta’s servers is multiple days or
weeks, memory fragmentation affects nearly all servers.

2.2.5 Unmovable Memory Allocations

Despite high amounts of fragmentation, the kernel could succeed in allocating huge pages
by compacting allocated pages into fewer contiguous regions. Unmovable allocations inher-
ently limit memory contiguity as they impede memory compaction. To quantify unmov-
able allocations we follow the same process for studying memory fragmentation. Figure 2.5
shows the percentage of 2MB unmovable pages relative to the total memory. As we can
see, a median server has 34% of its memory occupied by unmovable allocations. As a
result, a significant portion of the memory cannot be used for huge pages, and forming any
larger contiguous regions (at 4 MB, 32 MB or 1GB) will be even harder. Furthermore, the
variance across machines is a major obstacle for using huge pages. At Meta it is desirable
to treat the servers interchangeably so that a workload can potentially land on any avail-
able server in the fleet. In practice, for some critical services that depend on the existence
of sufficient huge pages, automatic server reboots are used to resolve high fragmentation.

Furthermore, we identified that unmovable allocations are scattered across the address
space. The median ratio of the number of unmovable 4KB pages over the total number of
pages is only 7.6%, but it makes 34% of 2MB pages unmovable, showing that scattering is
greatly exacerbating the unmovable memory issue.

To identify the sources of unmovable allocations, we track all allocations marked as
unmovable and backtrace their allocation sources. Figure 2.6 shows the breakdown of
various sources of unmovable allocations. Networking-related operations are a major source
of unmovable allocations, accounting for more than 73%. Such allocations include send and
receive buffers maintained by the OS. These buffers carry the data received or to be sent
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Figure 2.5: Distribution of unmovable pages in contiguous regions of 2MB, 4MB, 32MB,
and 1GB.

through the processing of different layers of the networking stack, from the applications
that own the sockets down to NICs [80]. In Meta’s environment the number of networking-
related pages constantly remains high. More importantly, we expect unmovable networking
allocations to become an increasingly bigger problem for two reasons. First, with the
adoption of high bandwidth NICs [201] and the increased number of queues based on the
number of cores, the number of networking allocations are expected to increase drastically.
Second, with kernel bypass and RDMA technologies [59, 73, 144, 166, 241] in data centers,
networking pages are pinned to memory and remain unmovable for the lifetime of an
application.
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Networking Slab File systems Page tables Others

Figure 2.6: Sources of unmovable allocations.

The second source, which accounts for 12%, is related to slab allocations. The slab
allocator is the small object allocator in the Linux kernel that packs objects in pages
obtained from the page allocator. It is the primary memory source for kernel data structures
which cannot be moved. File systems frequently allocate pages as buffers for compression
and decompression. Page tables are used to store translation entries from virtual addresses
to physical addresses. About 4% of allocations are related to other sources.

In the future, we expect additional sources of unmovable memory driven by the in-
creased deployment of heterogeneous hardware such as GPUs, accelerators, and other
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Figure 2.7: Contiguitas design overview.

devices that rely on unmovable allocations. As a result, managing unmovable allocations
is critical for efficient memory management.

2.3 Contiguitas Design

The goal of Contiguitas is to provide ample physical memory contiguity by reducing mem-
ory fragmentation due to unmovable allocations. To that end, Contiguitas redesigns mem-
ory management in the OS to confine unmovable allocations and completely separate them
from movable ones. In addition, Contiguitas drastically reduces unmovable pages in data
centers. Specifically, Contiguitas introduces a set of hardware extensions in the last-level
cache (LLC) that enable the transparent migration of unmovable pages while in use.

2.3.1 Overview

Figure 2.7 provides a high level overview of Contiguitas and how it transforms the physical
address space. There are two key design principles guiding Contiguitas. The first one,
is to strictly separate unmovable from movable allocations using two dedicated regions
and, thus, prevent unmovable allocations from scattering across the address space. The
result is shown in Step 1 . Next, Contiguitas introduces a dynamic resizing mechanism
in Step 2 , that monitors the demand for allocations in each region and grows or shrinks
the corresponding region accordingly. Contiguitas further reduces internal fragmentation
of the unmovable region by placing certain types of allocations away from the region’s
border.

The second design principle of Contiguitas, is to drastically reduce the amount of
unmovable allocations by turning them into movable ones. Our study at Meta’s data
centers in Section 2.2.5 revealed that a significant portion of unmovable allocations are
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impossible to move as access to the page cannot be blocked for a software migration to
take place. Hence, a software solution is inadequate. To this end, Contiguitas introduces a
set of hardware extensions in step 3 that enable the transparent migration of unmovable
allocations. Naturally, these hardware extensions can further be leveraged by movable
pages.

2.3.2 Confining Unmovable Allocations

Contiguitas separates the physical address space into two continuous regions, one for mov-
able and one for unmovable memory. Allocations are confined in their respective region.
Contiguitas categorizes the physical pages based on their addresses and keeps them on
distinct free lists for each region. Memory in each region can only be allocated from pages
in the free lists belonging to that region. When a page is freed, it is returned back to
its respective list. This approach simplifies the critical path of allocations as the OS can
quickly pick a free page while avoiding mixing different types of allocations.

Confinement is sufficient for allocations that are deemed unmovable during their whole
lifetime. However, some allocations might first be allocated as movable but later become
unmovable. For example, due to operations such as memory pinning for zero-copy network
send operations. In such scenarios, Contiguitas first migrates them to the unmovable region
and then marks them as unmovable. This approach avoids the dynamic pollution of the
movable region and subsequent compaction failures.

The major challenge in designing confinement is the sizing of the unmovable region. If
it is too big, unused memory in the unmovable region is wasted while there is limited mov-
able memory for the applications, causing frequent reclaims, swapping, or even allocation
failures. On the other hand, if the unmovable region is too small, it may fail unmovable
allocations. Therefore, Contiguitas needs to dynamically balance the sizes of the movable
and unmovable regions.
Dynamic Region Resizing. As the need for movable or unmovable memory may change
across applications and their phases, static sizing would be ineffective. To this end, Con-
tiguitas dynamically resizes the two regions to keep the unmovable region small while not
negatively affecting application performance. Contiguitas sets up the physical memory
layout during system boot-up, and gives the unmovable region a configurable initial size
based on the memory capacity of the system and the behavior of workloads in our fleet. For
our 64GB servers, we configure this initial size to 4GB. The boundary of the two regions is
then tracked in the OS to support resizing. To expand the unmovable region, Contiguitas
adjusts the boundary, moves away allocated pages, and takes over space from the movable
region, adding pages to the unmovable free list.

Dynamic resizing of the unmovable region introduces three major design challenges.
The first challenge is to move resizing operations off the critical path of memory allocation.
The second challenge is to choose the placement policy of unmovable allocations within the
unmovable region and avoid internal fragmentation. Allocations exhibit various lifetimes
and as a result, placing an unmovable allocation with a long lifetime close to the boundary,
might unnecessarily block the shrinking of the region even if free space is abundant within
the region. The last challenge is to choose the proper size of the unmovable region, which
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Algorithm 1: Region resizing algorithm.

1 function Resize(Pressureunmov, Thresholdunmov, Pressuremov, Thresholdmov,
cue, cus, cme, cms)

2 if Pressureunmov ≥ Thresholdunmov and Pressuremov < Thresholdmov then
3 // Expand unmovable upon high pressure

4 F ← Pressureunmov

Thresholdunmov
· cue + Thresholdmov

max(Pressuremov ,1)
· cme

5 U ← (1 + F ) ·Memunmov

6 else
7 // Shrink for all other cases

8 F ← Pressuremov

Thresholdmov
· cms +

Thresholdunmov

max(Pressureunmov ,1)
· cus

9 U ← (1− F ) ·Memunmov

10 return U ;

is workload dependent.
Contiguitas performs resizing off the critical path of memory allocation to avoid latency

overheads. This is accomplished by monitoring the amount of free memory when periodic
memory reclaim is triggered by the kernel. Contiguitas extends reclaim to wake up a
kernel thread to perform resizing when the free memory in either region falls below a
low-watermark threshold.

In addition, Contiguitas introduces a bias to prefer physical pages further away from
the region border. Some unmovable allocations that are inherently long lived, e.g., kernel
code pages, are safely placed by Contiguitas early on, at the end of the unmovable region
that is farthest from the movable region. On the other hand, pages that are initially in the
movable region and later on migrated to the unmovable region often exhibit short lifetimes.
In general, Contiguitas prefers allocating pages away from the region border as long as
sufficient free space is available. This approach increases the chance that shrinking will be
successful. Later on, in Section 2.3.3 we will further introduce the hardware extensions of
Contiguitas that enables the migration of unmovable pages.

Finally, to aide in deciding when and how much to resize, Contiguitas introduces the
concept of per-region memory pressure, which builds on top of the kernel’s pressure stall
information (PSI) used for reclaim [216]. PSI tracks the percentage of time wasted due to
lack of free memory (e.g. due to page faults of recently resident memory, or direct reclaim).
We extend PSI to track time wasted due to lack of free memory in both the movable and
unmovable region separately.

The resizing algorithm is depicted in Algorithm 1. Given per-region pressure, Pressureunmov|mov,
configurable thresholds,
Thresholdunmov|mov, and coefficients that fine-tune the expansion and shrinkage of the re-
gion, cue, cme, cus, and cms, the algorithm resizes the unmovable region. Depending on
pressure the kernel expands or shrinks the unmovable region. Contiguitas sets parameters
for dynamically resizing empirically by observing the patterns for movable and unmov-
able allocations of the workloads, and tunes the parameters iteratively. Contiguitas uses
global parameters that work well for a diverse set of workloads, and we leave automated
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parameter space search as future work.

2.3.3 Architectural Support for Transparent Page Mobility

The goal of the hardware extensions of Contiguitas, Contiguitas-HW, is to enable the
migration of the subset of unmovable pages that must remain accessible even during mi-
gration. Such pages represent a major chunk of allocations in data centers that is bound
to increase in the near future (Section 2.2.5). Hardware support is required because it
is impossible for software to move such pages as it cannot atomically perform both the
translation update and the page copy operation. Hence, software has to block access to
the page for the duration of page migration in order to avoid spurious writes to it. Even
if access to the page could be blocked, software page migration induces a long downtime
due to (a) TLB shootdowns that scale poorly with the number of victim TLBs, and (b)
the page copy.

To this end, Contiguitas-HW enables transparent page migration while the page remains
in use. Such migrations can substantially reduce the size of the unmovable region and lead
to more efficient defragmentation and memory management as the vast majority of pages
can be moved on demand. While Contiguitas-HW is motivated by unmovable allocations,
its design is suitable for both movable and unmovable allocations.
Platform Overview. Figure 2.8(a) shows a high-level overview of the hardware platform
of Contiguitas-HW. The hardware extensions of Contiguitas-HW are located in the LLC.
Contiguitas-HW targets environments that are representative of current and upcoming
hardware platforms such as those based on CXL [46]. Specifically, Contiguitas-HW targets
a multi-core processor with a cache-coherent interconnect. The hardware platform further
includes an IOMMU [9, 90] with local TLBs. The IOMMU performs similar duties to the
MMU on the CPU side, such as page walks and caching of translations in the TLB for
devices. The NIC includes a TLB and is cache-coherent with the LLC. The core performs
IOTLB shootdowns by putting invalidation requests onto a queue in memory [90]. Device
TLBs cache translations from the IOMMU, and the core can synchronize them with the
IOMMU by submitting invalidation requests through the aforementioned queue.
Hardware Operations. At a high level, Contiguitas-HW aliases a physical page under
migration with a destination page and redirects appropriate traffic to the destination page
based on the progress of the migration.

Specifically, a page migration is initiated in Step 1 by the OS that provides the source
and destination physical page numbers (PPNs) to the Contiguitas-HW. Contiguitas-HW
stores them in a metadata table shown in Figure 2.8(b). In addition, Contiguitas-HW
stores a Ptr field that points to the next line to be copied [28, 169, 188]. It effectively
tracks the number of cache lines that have been copied.

Before a cache line can be copied, Contiguitas-HW issues BusRdX events for both the
source and the destination cache lines, shown in Step 2 . This step guarantees that the
most recent version of the source cache line is located in the LLC and that both source and
destination cache lines are invalidated in higher level caches. Next, Contiguitas-HW copies
the line from the source to the destination, as shown in Step 3 . Then, it increments Ptr
by one. This process continues until the page is completely copied.
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Figure 2.8: Contiguitas hardware overview. (a) shows the hardware extension of
Contiguitas-HW in the LLC. (b) shows the metadata table of Contiguitas-HW. (c) shows
the page migration process followed by Contiguitas-HW.

During the migration process, a request, e.g., LDAi may arrive at the LLC, as shown
in Step 4 . If the request is for the source page then Contiguitas-HW uses the page offset
of the address and compares it to the value of Ptr. For addresses less than Ptr, the LLC
returns the line from the destination page. This is because the cache line has already been
migrated. Otherwise, the LLC returns the line from the source page.

When the copy of the page is complete, Contiguitas-HW sets a flag that is periodically
checked by the OS. In our design, we opt to perform this check whenever the kernel
naturally runs next on each core e.g., due to context switches or system calls. When the
OS detects that the flag is set, it updates the page table entry to point to the destination
page. Then, the OS performs a local TLB invalidation, shown in Step 5 . When all TLBs
are eventually invalidated, the OS clears the entry from the metadata table in Figure 2.8(b).

Critically, Contiguitas-HW opts to maintain both mappings concurrently active for the
duration of page migration and rely on the LLC to redirect traffic. This approach allows
TLBs to switch from the source to the destination mapping without a long downtime,
greatly simplifying the TLB shootdown procedure. In Contiguitas-HW, TLB shootdowns
do not require inter-processor interrupts (IPIs), as each TLB can be locally invalidated
without coordination and synchronous acknowledgements. Similarly, any available core
can issue a TLB invalidation to the NIC and the IOMMU. During this process the page
under migration is always accessible.

Ultimately, Contiguitas-HW enables the a page under migration to be accessed by the
source and destination mappings. Depending on the underlying cache microarchitecture,
Contiguitas-HW is amenable to multiple optimizations. Next we discuss two design points
that shed light on the trade-offs between noncacheable and cacheable accesses for the page
under migration based on underlining microarchitecture mechanisms.
Noncacheable Accesses. One approach to realize the Contiguitas-HW is to rely on
noncacheable accesses during migration. When a cache line in the source page has been
copied, the LLC treats it from then on as noncacheable for the L1 and L2 caches. This
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optimization is useful because at any point a core may issue requests based on the source
mapping found in the TLB while Contiguitas-HW may respond based on the data in the
destination mapping.

While it is possible to allow the caching of the line in the private caches, this approach
would introduce two implications: First, it would require Contiguitas-HW to keep track of
such lines to maintain coherence. Second, writes performed to the source page would have
to be propagated to the destination as well. Noncacheables accesses resolve this issue as
all traffic is redirected to the LLC.

Noncacheable accesses are already supported by contemporary processors [96]. In ex-
isting processors, page table entries maintain a page-level cache disable (PCD) bit that
is also installed in the TLB. Requests for a page with the PCD bit set in the TLB are
performed as noncacheable accesses. However, in current processors such accesses bypass
the complete cache hierarchy, including the LLC. Contiguitas-HW piggybacks on existing
hardware support for noncacheable accesses, but instead selectively activates noncacheable
accesses while allowing caching in the LLC.

At a high level, one possible approach would be for Contiguitas-HW to set the non-
cacheable bit when a line is returned from the LLC to the private caches, notifying them to
not cache the line. However, since noncacheable information is available a priori, at trans-
lation time, noncacheable requests issued by the core may follow a different and simpler
path when traversing the cache hierarchy.

To this end, Contiguitas can integrate with existing noncacheable mechanisms as fol-
lows. When Contiguitas-HW issues a BusRdX it also notifies the cache agents in the
private caches to install an entry in their miss status holding registers (MSHRs) corre-
sponding to the source PPN, marking it as noncacheable. When the migration is complete
Contiguitas-HW notifies the private caches to clear the entry. Finally, there is one special
case that Contiguitas-HW needs to handle—a core that has not received an invalidation is-
sues a request for the source page for the first time. In this case, Contiguitas-HW nacks the
request and notifies the private caches as before. Then the cache agent will retry the cache
access as noncacheable. This mechanism can further be implemented on top of upcoming
hardware extensions [88] that will support efficient and extensible IPIs in hardware.
Cacheable Accesses. Noncacheable accesses resolve the challenge of maintaining co-
herence for a line that can be accessed by different mappings. However, with careful
examination of the migration process, we identify that private caching can stay enabled
as long as only a single mapping is used to cache a line at any given time. The benefit
of this approach is twofold. First, lines under migration can reside in private caches. Sec-
ond, it eliminates the need to notify the private cache agents to handle migration pages as
noncacheable.

To achieve this goal, Contiguitas-HW performs the following steps. First, when the
OS notifies the Contiguitas-HW to start migrating a page, the hardware enables traffic
redirection but does not start the copy process. Instead, the OS immediately modifies the
page table entry to point to the destination page and starts invalidating each TLB. During
this process, a page may be accessed with either the source or the destination mapping.
If a request hits in the private caches, it is serviced without further action as in a regular
cache hit. Otherwise, on a miss the Contiguitas-HW checks whether a line is currently
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Figure 2.9: Contiguitas operations in a sliced last-level cache architecture.

stored in private caches with the opposite mapping of the request i.e., if a request is for
the source mapping and the line is stored with the destination mapping, and vice versa.
If the condition is true, the request invalidates any cached copy. Otherwise, the request is
serviced regularly. This invariant allows the caching of lines under migration as only the
source or the destination mapping is active in the private caches.

When the TLB invalidations are complete, the OS notifies the Contiguitas-HW to start
the copy. At this point only the destination mapping is active at any given TLB. During
the copy process, a request for the destination mapping might be in a modified state. In
that case, the copying of that line is skipped as the destination already contains the most
up-to-date data. Other operations are handled regularly. By the end of the migration the
Contiguitas-HW notifies the OS as before.
Distributed Last-level Cache Slices. So far we have discussed the operations of
Contiguitas-HW in the context of a monolithic last-level cache (LLC). In practice, the
LLC usually consists of multiple slices that communicate over an interconnect such as a
ring bus [96]. Figure 2.9 shows a high level overview of a sliced cache architecture. In this
environment, a physical address is passed through a hash function f that spreads the cache
lines of the page across different slices. As a result, a given source page A and destination
page B, f(Ai) and f(Bi), may map each of their source and destination cache lines to
different slices.

In this environment, Contiguitas-HW and its metadata table are replicated across each
slice. In addition, Contiguitas-HW adds a copy of the slice selection hash function. This is
needed because the hash function is usually located at the private L2 caches. The added
hardware is cheap because such hash functions are a simple combination of logic gates e.g.,
XOR [229]. To use the Src PPN to initiate the copy of the lines, it first computes the slice
selection function, f(Ai) and checks if the address corresponds to the local slice.

If the line belongs to this slice, then Contiguitas-HW issues a BusRdX event as before,
in Step 1 . When the line is invalidated in the private caches and the most recent version of
the line is in the LLC slice, Contiguitas-HW uses the Dst PPN, f(Bi) to identify the “home”
slice of the destination line. If the home is the current slice then the copy is performed
locally as before. Otherwise, Contiguitas-HW sends a Write request to the destination
slice, shown in Step 2 . After the write is complete, the destination slice responds in
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Step 3 with an acknowledgement. At this point, in Step 4 Contiguitas increments Ptr. If
the line does not belong to this slice, Contiguitas-HW increments Ptr until it reaches a line
that belongs to the local slice. This is correct because each local slice is only responsible
for the lines within the slice.

Meanwhile, a request for the source page Ai may arrive at a slice, shown in Step 5 . The
slice responds in the following manner. First, it compares the address to Ptr to identify
the migration status of the line as before. If the line has been migrated then Contiguitas-
HW uses f(Bi) to identify the destination slice. If the destination slice is the current
one, then the operation continues locally as before. Otherwise, Contiguitas-HW does not
need to perform the lookup in this slice. Instead, in Step 6 it forwards the request to
the destination slice that then responds to the request. Overall, this process is similar to
handling the case that a request arrives at an LLC slice but the line is dirty in a private
cache.

The final piece of this process is how slices coordinate on when to perform their local
copy procedures for a given page. With the above protocol in place and the natural paral-
lelism provided by a distributed cache architecture, each slice could operate independently.
This approach would significantly improve the performance of the copy operation. How-
ever, it would also add additional pressure to the interconnect during the copy operation.
Instead, given the target operation of Contiguitas-HW of moving unmovable allocations,
we opt for a simpler and less aggressive design. Specifically, after each slice completes its
portion of the copies, it then sends a notification to the next slice to start. In the future,
if an even lower latency page copy might be beneficial, leveraging slice parallelism might
be more attractive.

Variable Buffer Sizes. Depending on the application characteristics it might be bene-
ficial to support variable mapping sizes for device TLBs. Contiguitas-HW naturally sup-
ports this use case. When a mapping is composed of smaller independent translations,
Contiguitas-HW can independently move each mapping one at at time. Alternatively, the
metadata table of Contiguitas can be extended to maintain a Size field that defines the
range of the translation. Depending on how the OS opts to map the allocation on the
CPU side, the OS can perform TLB updates at a finer granularity than device TLB ones.
Overall, Contiguitas-HW enables a large optimization space depending on the application
characteristics.

Interface Contiguitas-HW supports two commands to interact with the OS. Migrate
(PPN Src, PPN Dst, Flag) sets up a migration mapping by providing the source and
destination physical page numbers. Based on the flag argument the mapping is simply
installed or a migration is initiated based on the cacheable model of the microarchitecture.
Clear(PPN Src) clears the metadata table entry, ending a page migration.

Contiguitas-HW accepts commands from the OS via a work queue similarly to In-
tel’s DSA [92]. The OS prepares a work descriptor in memory containing commands and
parameters to Contiguitas-HW, and submits the descriptor to the work queue using the
existing ENQCMD instruction [53]. The work descriptor contains a completion address that
Contiguitas-HW writes to indicate to the OS that a work is completed.
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2.4 Evaluation Methodology

To evaluate Contiguitas, we follow a two-pronged approach. We evaluate the OS compo-
nents of Contiguitas in Meta’s production environment and further perform full-system
simulations for the hardware components.
Production Environment. Unless otherwise noted, the hardware used for the produc-
tion experiments is Intel Cooper Lake single-socket 64GB servers running Linux 5.12. We
implement Contiguitas on top of Linux 5.12. In the rest of this section, we refer to the
default kernel as Linux, our kernel implementation on top of Linux as Contiguitas, and the
combination of our kernel implementation and hardware extensions as Contiguitas-HW.
Since it is hard to run our production workloads on a simulator, we evaluate Contiguitas-
HW with a page migration microbenchmark on top of NGINX [172], and memcached [60].
Production Workloads With Live Traffic. Our production evaluation leverages three
major workloads at Meta, Web, Cache A, and Cache B. Web is a web server and one of
the largest applications in deployment across Meta’s fleet. Cache A and Cache B are the
two largest in-memory caching services that handle traffic for most of the internal services
at Meta. Cache B is a forked version of memcached. We leverage production-grade load-
testing A/B infrastructure that has been developed internally at Meta to evaluate hardware
selection and software optimizations. During our experiments, all workloads receive real
production traffic.
Full-system Simulation. To evaluate the hardware components of Contiguitas we use
full-system cycle-level simulations. We integrate QEMU [29] with SST [176] and DRAM-
Sim3 [124]. We model a server architecture with 8 cores, 64GB of main memory. We run
Linux 5.12 as the baseline and compare it with Contiguitas-HW. The architecture param-
eters are shown in Table 2.1. Each out-of-order core has private L1 and L2 caches, and
a slice of the shared L3 cache. In addition, each core has private L1 and L2 TLBs and
fully associative (FA) page walk caches. For Contiguitas’s metadata table we use a fully
associative structure with 16 entries per slice. To model TLB invalidations we intercept
INVLPG instructions [96] issued by the OS and perform a traversal of the TLB hierarchy
and page walk caches. Through measurements on a real processor, we find that the cost
of the INVLPG instruction is substantially higher than the TLB round-trip and close to
250 cycles. We believe that it is due to the interactions of the instruction with the core
pipeline. We model this behavior by adding a fixed penalty of 250 cycles, accounting for
the cost of a full pipeline flush when an INVLPG instruction is issued.
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Table 2.1: Contiguitas architectural parameters.

Full-System Simulation Parameters

Multicore Chip 8 4-issue OoO cores, 200-entry ROB, 2GHz
L1 Cache 32KB, 8-way, 2 cycles round trip (RT), 64B line
L1 TLB 64 entries, 4-way, 2 cycles RT
L2 TLB 1536 entries, 16-way, 12 cycles RT
Page Walk Cache 3 levels, 32 entries per level, FA, 2 cycles
L2 cache 256KB, 8-way, 14 cycles RT
L3 cache 2MB slice, 16-way, 40 cycles RT
Contiguitas-HW 16 entries, FA, 1 cycle
Main memory 64GB, DDR4 3200, 16 Banks, 1GHz
OS Linux 5.12

2.5 Evaluation

Our evaluation attempts to answer the following questions:

1. Does Contiguitas improve application’s end-to-end performance?

2. What is Contiguitas’s impact on unmovable allocations?

3. What is Contiguitas’s impact on memory contiguity?

4. Does page migration in Contiguitas-HW scale with the number of cores?

5. How do Contiguitas-HW page migrations affect page availability and application
performance?

6. What are the hardware resource requirements of Contiguitas-HW?

2.5.1 End-to-end Performance Impact

We evaluate the performance of three major workloads at Meta, Web, Cache A, and Cache
B. The performance metric is requests per second under certain latency SLAs based on the
characteristics of each workload. In all cases, THP is set to “always”. Additionally, Web
attempts to allocate 2MB and 1GB huge pages directly.

We consider two setups, Full Fragmentation and Partial Fragmentation. Full Fragmen-
tation represents the case where a workload lands on a server whose memory is already
fully fragmented. As we showed in Section 2.2.4, 23% of production servers are fully frag-
mented. To represent this scenario, we run a fragmentation process to fragment the server
fully before the workload is deployed.

Partial Fragmentation represents the case where a workload lands on a partially frag-
mented server that is representative of the majority of servers at Meta. As each workload
fragments the address space at different levels, we first run the same workload to fragment
the server and then restart the workload before our experiment. This behavior is common
in production due to frequent code deployments.

Figure 2.10 shows the results. Contiguitas produces the same result under Full Frag-
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Figure 2.10: End-to-end performance over Meta’s production workloads. The red bar of
Contiguitas for Web shows the performance gains from 1GB pages.

mentation and Partial Fragmentation and hence we show one bar. In ”Linux Partial”
and ”Linux Full”, dynamically allocating 1GB HugeTLB pages always fails due the lack
of contiguity. For Web, we show a stacked bar for Contiguitas to highlight the gain with
1GB pages. Overall, Contiguitas delivers substantial performance improvements between
2% and 18% across major workloads at Meta.

Looking at Web, compared to Linux in the fully fragmented case, Contiguitas achieves
18% higher performance. Compared to Linux in the partial fragmented case, Contiguitas
delivers a performance gain of 9%. Notably, looking at the breakdown of Contiguitas
we see that substantial gains are due to Contiguitas being able to dynamically allocate
1GB HugeTLB pages. Diving deeper, we find that Linux with partial fragmentation
was able to allocate 14 GB worth of 2MB huge pages compared to 20 GB allocated by
Contiguitas. For 1GB huge pages, Contiguitas allocated 4GB in total whereas Linux
allocated none. Note that, in Contiguitas, 1GB pages provided a major performance win
of 7.5%, which highlights the importance of bigger contiguity beyond 2MB. Finally, we
compared Contiguitas and Linux when both were forced to use only 4KB pages. While
the results are not shown in the figure, they had identical performance, showing that
Contiguitas introduces no measurable overhead even if it finds no opportunities to allocate
huge pages in the worst case.

2.5.2 Unmovable Allocations and Memory Contiguity.

Unmovable allocations. To assess the impact of Contiguitas on unmovable allocations,
we compare the percentage of memory that becomes unmovable for different workloads
at Meta. We further include Meta’s continuous-integration (CI) workload that executes
various build and test jobs. For this experiment, we start our workloads on freshly booted
servers and then profile the servers once every 15 minutes.
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Figure 2.11: Unmovable 2MB pages for Meta’s production workloads.

Figure 2.11 shows the percentages of 2MB unmovable pages. We observe that for all
workloads we consider, unmovable memory increases drastically within the first hour and
then plateaus. Therefore, we show the percentages at their stable state. As we discussed
in Section 2.2.4, given the long uptime of servers, fragmentation is ubiquitous across the
fleet. Under Linux, the unmovable memory is between 19% to 42%, with an average of
31%. In contrast, Contiguitas has the highest value at 9%, with an average of 7%. This
demonstrates that Contiguitas’s confinement strategy successfully restricts the spread of
unmovable 2MB pages and keeps the unmovable region small.

To understand the internals of the unmovable region, we characterize its fragmentation.
Specifically, we scan the unmovable region and count the number of unmovable pages within
each 2MB block. Note that, in the unmovable region a page is either unmovable or free. We
find that 22% of the pages in a typical 2MB block in the unmovable region are free. This
internal fragmentation of the unmovable region further motivates the need for Contiguitas-
HW, especially as the number of unmovable allocations increases (Section 2.2.5).

Potential memory contiguity. To quantify the impact of Contiguitas on memory conti-
guity, we compare each workload’s steady state under Linux and Contiguitas. Specifically,
we quantify the contiguous regions that can be formed if we hypothetically run a perfect
software compaction in order to service allocation requests of 2MB, 32MB, and 1GB.
Figure 2.12 shows the results. With Linux we see that some 2MB allocation are possible
given that less than half the memory is composed of unmovable 2MB pages as we discussed
above. However, Linux struggles as we search for larger contiguous regions, and fails to find
even a single 1GB page. On the other hand, Contiguitas, by design, isolates the unmovable
region and hence the whole movable region can potentially be used after compaction for
large contiguous allocations, even 1GB pages as we showed in Section 2.5.1.
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Figure 2.12: Potential memory contiguity as a percentage of total memory.

2.5.3 Contiguitas-HW Characterization.

Scalability. To evaluate the scalability of Contiguitas-HW with respect to the number
of cores we use full system simulations. Specifically, we develop a micro-benchmark that
triggers page migrations in software and Contiguitas-HW. We simulate all the operations
of Contiguitas-HW and instrument Linux to track the page migration procedure, including
TLB shootdowns and page copy operations. We then measure the number of cycles a page
is unavailable during migration from the perspective of a memory operation to that page.
Figure 2.13 shows the results. The measurement with one core means that we perform a
TLB shootdown on one remote core. Linux-Sim shows the result of a simulated system,
which is compared to the result of a real system, denoted Linux-Real. We see that the
two systems match well (-6% to +10% difference), which confirms the accuracy of the
simulation.

From the results we see that as the number of cores/TLBs involved in the TLB shoot-
down increases, the amount of time during which access to the page is blocked increases
linearly. The cost of the page copy remains the same, at approximately 1,300 cycles. Fi-
nally, we plot the result from Contiguitas-HW. By design, the cost of Contiguitas-HW is
constant and equal to a local TLB invalidation, because its TLB shootdowns do not require
inter-processor interrupts and each TLB can be locally invalidated without coordination or
synchronous acknowledgements. The cost of a 4KB page migration in Contiguitas-HW is
close to 2us in our microbenchmark. Although the absolute migration time will vary based
on the cache behavior of the page, access to the page is never blocked during a migrations.

Performance. We evaluate with full system simulations the performance implications of
Contiguitas-HW on two open source applications NGINX and Memcached. We select these
workloads to cover both ends of the spectrum. NGINX is insensitive to huge pages and
it makes use of networking buffers. In this scenario, our goal is to move unmovable pages
that will benefit other applications without interfering with the application that makes use
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Figure 2.13: Page unavailable cycles during migration.

of unmovable allocations. Memcached is a close proxy to our Cache B workload, which is
a fork of memcached; it is sensitive to huge page availability and also relies on networking
buffers.

In both cases we consider an aggressively disadvantageous scenario where Contiguitas-
HW moves unmovable networking buffers only of the application while the application
serves requests at peak throughput without any available slack. We consider two rates:
(i) Regular is the expected rate of unmovable page movement set at 100/second based
on the ratio of unmovable and movable pages, (ii) Very High which is the rate if we
were to move unmovable pages at the highest rate we observed our production systems
to move movable pages, set at 1000/second. We evaluate both workloads without huge
pages in order to understand any potential negative performance impact by unmovable
page movement without any performance gains from huge pages.

At Regular rate Contiguitas-HW with noncacheable and cacheable accesses do not have
an impact on application performance. Even at Very High rate, which would be unwar-
ranted for a real environment, Contiguitas-HW with noncacheable accesses only shows a
marginal overhead of 0.2% for NGINX and 0.3% for memcached. The Contiguitas-HW
with cacheable accesses does not have an impact on application performance even at this
rate. This is because Contiguitas-HW is able to very efficiently redirect traffic and perform
copy operations in the background.

When combined with the benefits of contiguity and 2MB huge pages, memcached perfor-
mance improves by 7%. Overall, Contiguitas-HW does not negatively impact applications
that do not benefit from contiguity while improving contiguity for those that do. In ad-
dition, Contiguitas-HW successfully achieves its goal to drastically reduce the unmovable
region. Specifically, it enables the migration of the majority of the unmovable pages and
further enables the defragmentation of the unmovable region that can potentially unblock
22% of the region’s memory (Section 2.5.2).
Sizing and Hardware Requirements. To size the metadata table of Contiguitas-HWwe
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consider the following parameters. First, Contiguitas-HW enables local TLB invalidations
that can occur whenever the kernel naturally executes on top of a core. Hence, we need
to take into account the amount of time a mapping needs to be maintained. To this end
we consider the rate of system calls and context switches on a core that is observed to
be 40K-100K per second in production. This provides a window of at least 25us for an
invalidation to take place. Accounting conservatively for 5us for a 4KB page copying to
take place this provides us with 30us per migration. As a result, a single entry already
provides a very high theoretical number of migrations/second.

To facilitate concurrent migrations, we size the metadata table to store 16 entries as
a fully associative structure. Requests across slices are buffered in existing slice queues
that handle regular cache requests. Contiguitas-HW augments messages to pass additional
information e.g., noncacheable. However, it does not require additional buses as requests
and responses are flowing in existing paths between L3 slices and the L2 caches. Our
Cacti [22] analysis for a 22nm technology node shows that the area for Contiguitas-HW
per slice is 0.0038mm2, the energy per access is 0.0017nj, and the leakage power is 0.64mW .
We conservatively account for 2-cycle access time to the metadata table. Compared to the
size of a core, the cost of Contiguitas-HW is only 0.014%. Overall, the hardware cost of
Contiguitas-HW is negligible.

2.6 Discussion

As server memory capacity increases drastically, resolving excessive memory management
overheads will require a fundamental rebuild of the operating system and hardware layers.
Contiguitas tames unmovable allocations and introduces a reliable source of physical mem-
ory contiguity that can enable a plethora of prior [65, 68, 74, 75, 85, 117, 136, 137, 143,
155, 156, 160, 162, 188, 193, 194, 210, 225, 228] and future works that aim to tackle the
address translation overhead. In the near term, we expect that 2MB huge pages can be-
come a primary choice for memory intensive applications and curb the address translation
overhead. Finally, existing 1GB huge pages can provide major performance benefits for
certain applications when carefully deployed, however we believe that additional support
and research is needed as the substantial increase in page size can exacerbate the severity
of data movement overheads and memory bloating.

2.7 Related Work

TLB efficiency has been a major target of prior work [24, 34, 48, 107, 107, 138, 143,
148, 157, 160, 161, 186, 191, 210, 225]. Works have focused on coalesced [161], range-
based [107], and part of memory TLB designs [140, 180]. Contiguitas can boost their
efficiency by providing ample contiguity.

Huge page support has received significant attention in the past [67, 85, 117, 136,
137, 155, 156, 170, 199, 224, 225]. Other efforts have focused on upstreaming 1GB THP
support [224]. As we showed in Section 2.2.2, 1GB huge pages can be effective in reducing
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the address translation cost. Work on capabilities [218] can reduce address translation
overheads; the approach of Contiguitas could be useful in such environments in order to
efficiently manage DMA and other sources of unmovable pages. More recent proposals
have also focused on improving the efficiency of userspace allocators to better utilize huge
pages [85, 136, 137]. Contiguitas can further boost the efficiency of userspace allocators as
they rely on the OS to provide contiguity.

Another body of work has focused on improving TLB shootdown operations [12, 13, 20,
26, 115, 115, 177, 211]. For example, UNITD [177] proposes TLBs to be included in the
regular cache coherence protocol in order to reduce their overhead. LATR [115] proposes
asynchronous TLB invalidation’s for operations that are amenable to lazy TLB shootdowns
but this mechanism is not applicable to unmovable pages because such mappings cannot
afford to become unavailable. Overall, the primary focus of these works is to perform fast
TLB shootdown operations so their frequency can be increased [20]. Instead, the goal
of Contiguitas is to enable transparent migration of unmovable pages while in use. As a
result, Contiguitas arrives at a vastly different design point that requires minimal hardware
changes in the last-level cache.

2.8 Conclusion

This work presented Contiguitas, a holistic solution across the operating system and hard-
ware that reduces memory fragmentation due to unmovable allocations. Our evaluation
at Meta’s data centers and full-system simulations showed that Contiguitas is a generic,
production-ready solution to provide ample memory contiguity for not only the current
demand but also a future where the optimal page size will continue to grow alongside
ever-increasing memory capacities.
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Chapter 3

Learned Virtual Memory: A Learned
Page Table Design

3.1 Introduction

The increase in memory capacity in data centers, coupled with the proliferation of memory-
intensive applications, has made virtual memory translation a major performance bottle-
neck. This overhead is rooted in the status quo of virtual memory translation—radix page
tables. By design, radix page tables incur substantial overhead during page walks, requiring
up to five sequential memory accesses.

Despite their inherent drawback of having multiple indirections, the longevity of radix
page tables is justified. Organizing page tables in a tree structure (Figure 3.1(a)) provides
high coverage at upper levels (e.g., 512GB of coverage at the 2nd level), with coverage
diminishing only closer to the leaf nodes that map actual pages, such as 2MB at the 4th
level. This approach is amenable to caching upper levels of the tree in the MMU page walk
caches because applications exhibit high locality at coarse address space granularities.

Unfortunately, the meteoric rise in memory capacity has begun to pierce the veil of
cacheability of radix page tables. In response, over the past decade, processor architec-
tures have spent the last decade in an arms race to increase TLB capacity and page walk
cache sizes. Despite these efforts, studies at Google and Meta reveal that roughly 20% of
cycles are spent on page walks [85] (Chapter 2) and this issue is about to worsen due to
several factors: (i) the inherent hardware limits of TLB scaling which have pushed latencies
beyond that of L2 cache [221], (ii) the advent of terabyte-scale memory capacity through
technologies like CXL [91, 182], and (iii) the increasing prevalence of memory-intensive
applications.

Prior research has extensively studied methods to reduce address translation over-
head [1, 3, 5, 23, 24, 25, 30, 31, 32, 33, 34, 48, 50, 63, 78, 79, 85, 98, 99, 104, 105, 107, 111,
142, 156, 158, 160, 162, 168, 180, 187, 190, 193, 194, 198, 209, 210, 228, 234] (Chapter 2).
One line of work has focused on virtual and physical memory contiguity to form larger
translation blocks backing application datasets [7, 25, 63, 64, 106, 107, 160, 168, 234] (Chap-
ter 2). The goal of these works is to map large, contiguous virtual memory regions to
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equally large contiguous physical memory regions and form large translations such as huge
pages or even larger range translations. However, the limitation of these approaches is
their reliance on abundant physical memory contiguity—a scarce resource in modern data
centers (Chapter 2).

Another line of research has explored an alternative data structure to radix page tables
based on hashed page tables [54, 84, 97, 100, 187, 193, 197, 228] (Figure 3.1(b)). Despite
early shortcomings, recent work has shown that hashed page tables are viable [187, 193, 194,
228]. These designs replace sequential page walks with parallel accesses that aim to resolve
hash collisions. However, state-of-the-art hashed page table designs [187, 193, 194] do not
eliminate the core issue of multiple memory accesses for an address translation. Instead
they trade sequential accesses for parallel ones, leading to increased memory traffic and
cache pollution.

Recent work in databases has introduced learned indexes [52, 57, 112, 113, 132, 200,
219]. The core idea behind these structures is that the distribution of input keys can be
learned, enabling models to replace hash functions and reduce collisions. Typically, learned
indexes are organized as a hierarchy of models that incrementally capture finer-grained
details of the key distribution. However, their effectiveness hinges on the assumption of
a regular key distribution—a condition that is often challenging to satisfy in real-world
database workloads [181].

In this work, we explore the design of a learned index page table structure that enables
single-access translations. However, building page tables with existing learned indexes is
challenging as they are plagued by several limitations that make them ill-suited for virtual
memory translation. At a high level, learned indexes have been designed for database
software and fail to meet the requirements of address translation at the processor front-
end. Specifically, existing learned indexes are hierarchical and can expand significantly
in both width and depth, incurring more sequential indirections than radix page tables.
To achieve high accuracy, these indexes often grow to tens of megabytes and rely on
floating-point arithmetic, which makes them hard to cache and unsuitable for the page
walk pipeline. Additionally, existing learned indexes require large, contiguous memory
allocations—a poor fit for page tables, which must function within a fragmented physical
address space.

Compounding these challenges, most learned index structures are designed for static
datasets and assume one-time construction. Although recent efforts have explored mech-
anisms to support dynamic updates [52, 57, 132, 219], these approaches either incur sig-
nificant retraining overhead or suffer from accuracy degradation, ultimately resulting in
performance inferior to conventional hash tables. These limitations are misaligned with the
requirements of address translation, which inherently involves dynamic virtual-to-physical
mappings. Moreover, supporting multiple page sizes further complicates the design, as
existing techniques often require maintaining separate learned indexes per page size, un-
dermining the efficiency gains of single-access lookups.

In this work, we holistically address these challenges through a novel learned index
design tailored for virtual memory. We call our design Learned Virtual Memory (LVM).
At a high level, as shown in Figure 3.1(c), LVM replaces the hash functions of the hashed
page table with a learned index. The learned index itself is organized as a hierarchy of
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models, each responsible for different parts of the virtual address space. Intuitively, the
learned index learns the location of page table entries.

We start by validating our hypothesis that virtual address spaces of applications exhibit
significant regularity through an in-depth study spanning a diverse range of applications,
programming languages, and memory allocation behaviors, including graph analytics, key-
value stores, bioinformatics, databases, data center workloads, HPC, and real-world pro-
duction workloads at Meta. Our analysis reveals that the virtual address spaces of appli-
cations are highly structured, making them well-suited for learned indexes.

To resolve the depth and width challenge of learned indexes, we introduce a cost
model tailored for virtual memory. The cost model balances prediction accuracy with
the cacheability of the index, accounting for the expected latency of address translation
based on depth, width, and collision rates. The cost model guides LVM to build a highly
optimized learned index based on space-efficient linear models on a per-process basis. The
learned index of LVM requires minimal memory to provide page table entry lookup cover-
age for the complete address space, so it enjoys high cacheability. Next, to support efficient
updates, we leverage the tendency of applications to expand their virtual address space in
a contiguous manner. Specifically, in LVM, we introduce new scaling techniques for the
linear models that allow new translations to be added to the learned index while avoid-
ing retraining or rebuilding. To resolve the physical contiguity requirements, we study
Meta’s production data centers and identify that while physical memory contiguity in the
range of hundreds of MBs does not exist (Chapter 2), it remains abundant in the range
of hundreds of KBs, even in highly fragmented servers. To this end, we design adaptive
learned indexes that can dynamically allocate small leaf page tables based on the available
physical contiguity. Finally, to support multiple page sizes, we develop a novel encoding
scheme that leverages the linearity of our models. Different page sizes are represented via
varying slopes within the same structure, enabling efficient multi-page-size support without
separate indexing logic.

We evaluate LVM with OS extensions in Linux, RTL synthesis, and full-system simula-
tions across a wide range of workloads. LVM reduces the address translation overhead by
an average of 44% over radix page tables, while reducing the page walk cache area required
by 1.5×. Overall, LVM achieves a 2–27% speedup in application execution time and is
within 1% in terms of performance and memory traffic of an ideal page table that always
performs single-access translations.

3.2 Background

In this section, we provide background on radix page tables, hashed page tables, and
learned indexes.

3.2.1 Radix Page Tables

Multi-level radix page tables typically use four to five levels with 4KB leaf pages. Fig-
ure 3.1(a) shows a five-level radix page table. In the worst case, translation requires
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Figure 3.1: Address translations schemes. LVM avoids both the long sequential page walks
of radix page tables and the high collision rates and parallel accesses of hashed page tables.

pointer-chasing through all levels, incurring five sequential memory accesses. Modern pro-
cessors use two techniques to reduce translation performance overhead: large pages (e.g.,
2MB) for higher TLB hit rates and shorter walks, and page walk caches (PWC) to store
upper-level entries. While upper levels in radix page tables offer high early coverage,
PWC reach quickly diminishes—e.g., L4 tables cover only 2MB per entry. As prior work
shows [104], even with more entries, MPKI remains high due to random access patterns in
memory-intensive workloads.

3.2.2 Hashed Page Tables

Hashed page tables (HPTs) [54, 70, 84, 97, 100, 187, 193, 197, 228] are an alternative to
radix page tables. In HPTs (Figure 3.1(b)), a hash function maps VPNs to page table
entries, enabling single-access translation in the absence of collisions. In practice, however,
HPTs face several challenges [23, 228]: hash collisions can degrade performance during
resolution, early designs lacked dynamic resizing and support for multiple page sizes, and
scattered entries led to poor cacheability. Although clustering improved cacheability, other
issues remained [228].

Elastic cuckoo page tables (ECPTs) [187, 193, 194] improve on HPTs using a dynami-
cally resizable d-ary cuckoo hash table [61, 154] with parallel accesses. However, they still
require multiple memory accesses per translation, trading sequential for parallel lookups.
As shown in Figure 3.1(b), a 3-way cuckoo table probes three candidate locations, incur-
ring two unnecessary fetches per translation [187], increasing memory traffic and cache
pollution. Supporting multiple page sizes adds further overhead, as ECPT must maintain
separate tables per size. While ECPTs outperform radix trees via memory-level paral-
lelism, they still stress the memory hierarchy.
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Figure 3.2: Virtual memory gap coverage of gap = 1.

3.2.3 Learned Indexes

Recent work in the database community has introduced learned indexes [113], which can
outperform traditional structures like hash tables. Learned indexes replace the hash func-
tion with a hierarchy of models that approximate the cumulative distribution function
(CDF) of keys, with each model responsible for part of the key space. They predict the
position of the value in the table corresponding to the key, and on a misprediction, a
bounded search is performed within the model’s min and max error range, leveraging
sorted keys [113]. Several approaches [112, 113] have laid the foundation for learned in-
dexes. RMI [113] uses a hierarchical structure where each node holds a simple model,
reducing collisions compared to traditional hash functions [181]. A core challenge is sup-
porting inserts: new entries reduce model accuracy and may require slow full rebuilds.
Recent work [52, 57, 132, 219] enables incremental updates, but often reduces accuracy or
adds complexity, increasing memory accesses during lookup.
Key Space Regularity. In practice, the primary requirement for a learned index to per-
form effectively is a regular key space. In this context, a regular key space is characterized
by a key distribution that follows a predictable structure or pattern, e.g., sequential or
evenly spaced. This regularity allows machine learning models to easily learn the distribu-
tion with high prediction accuracy.

3.3 Learned Indexes for Page Tables

In this section, we explore the feasibility of learned indexes for page tables.

3.3.1 Virtual Address Space Regularity

Since learned indexes rely on a regular key space to achieve high accuracy, we aim to
determine if the application’s virtual address space exhibits a consistent pattern between
its keys, i.e., virtual page numbers (VPNs). To quantify regularity, we define a metric called
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the virtual memory gap coverage. Conceptually, a gap = 1 indicates that two virtual pages
are sequential, meaning VPNnext − VPNcurrent = 1. The coverage of gap = 1 represents
the proportion of all mappings in the virtual address space that are sequential. In other
words, it measures how much of the virtual address space follows this specific pattern of
contiguity, providing insight into the regularity of the virtual address space layout. For
example, if 100% of the gaps are equal to 1, it means that all virtual pages are sequential.
As a result, in that scenario, a single linear function can represent the whole virtual address
space.

We use the virtual memory gap coverage to study the virtual address space of a broad set
of representative memory-intensive applications, including graph analytics, bioinformatics,
caching, HPC, database (MongoDB), web serving (Finagle RPC from Twitter [167] and
hhvm from DCPerf [174]), streaming (Apache Kafka [35]) and four production workloads at
Meta (Workload 1-4). They represent applications that are written in C, C++, PHP and
Java, use file-backed mappings (MongoDB) and anonymous mappings. We see that across
the workloads, a minimum of 78% of gaps are equal to 1, showing significant regularity
in the distribution of virtual address space of applications. Importantly, both benchmarks
and real-world production workloads show similar characteristics, validating our hypoth-
esis that the virtual address space is highly regular. To quantify the effects of different
userspace allocators, we further evaluated two broadly used allocators, jemalloc [101] and
tcmalloc [130]. We find that across workloads, the regularity remains practically the same.

There are several reasons why application virtual address spaces exhibit regularity.
First, userspace allocators aim to minimize holes in the address space and pack allocations
closely together [215]. Furthermore, allocators tend to buffer irregular allocation and free
patterns of applications, hiding potential fragmentation from the OS that allocates pages
for userspace [215]. Such buffering behavior is further present in virtualized environments
where the guest OS handles the majority of memory allocation and free operations.

In addition, large object allocations, e.g., large arrays, need to be contiguous due to
addressing requirements. Moreover, virtual address spaces are per-process and are not
susceptible to fragmentation unlike the physical address space. Finally, the OS aims to
reduce the space needed for page tables by coalescing mappings because lower-level page
tables are only needed for the mapped virtual address space. Based on these observations,
we believe that in the future, userspace allocators and the OS can make additional efforts to
further bias the virtual address space towards regularity if needed, without modifications
to other parts of the stack. As we show in later sections, LVM introduces cost model
parameters that bound the depth and width of the learned index, further relaxing the
regularity requirements of the virtual address space, even under pathological cases.

3.3.2 Virtual Memory Challenges

Having established that virtual memory is sufficiently regular to be a good candidate for
learned indexes, we now discuss the requirements and challenges of an efficient virtual
memory design.
Learned Index Structure and Size. Learned indexes are structured as hierarchical
models that can expand in both width and depth. As a result, existing learned indexes
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Figure 3.4: LVM learns the distribution of virtual addresses and maps them to page tables.

often involve more sequential indirections than radix page tables. Additionally, they tend
to be large, frequently reaching sizes in the tens of megabytes. One potential solution is
to design an MMU caching structure large enough to store these models that is loaded
during context switch. However, this approach is impractical due to the significant chip
area required and the added context switch overhead. Instead, to effectively use learned
indexes for address translation, we need models that are compact and easily cacheable
within the MMU.

Insertions and Dynamic Virtual Address Spaces. Most learned indexes are typically
constructed once over a static dataset. While recent research attempts to introduce support
for updates, these methods often become prohibitively expensive due to retraining or a
rapid degradation in accuracy. Address translation requires learned indexes to efficiently
adapt to address space changes.

Multiple Page Sizes. Virtual memory supports different page sizes, such as 4KB, 2MB,
and 1GB. The page size determines the page offset and hence the size of the VPN. Prior
solutions in hashed page tables [187] handle this by maintaining separate tables for each
page size and auxiliary data structures providing page size information, leading to addi-
tional memory requests. Maintaining separate learned indexes for every page size negates
the goal of single-access address translation. Instead, efficient translation requires a single
learned index that operates with variable page sizes without loss of accuracy or increase
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in training time.

Compute. Learned indexes rely on floating point operations. Implementing floating point
support in the kernel, where page tables are maintained, would be challenging [58]. In hard-
ware, while building a floating point page walk pipeline is possible, such an approach would
(i) require a significant amount of resources, (ii) waste energy, and (iii) add unnecessary
overhead to the page walk latency. Importantly, current MMUs support multiple out-
standing page walks to satisfy the wide processor front-end; replicating such an expensive
pipeline would significantly increase the area overhead. Instead, a practical page walk
pipeline would require a learned index that relies on highly efficient integer computations.

Physical Memory Fragmentation. Physical memory fragmentation is a major chal-
lenge in data centers. Recent work (Chapter 2) showed obtaining large physically contigu-
ous memory regions is infeasible in Meta’s production environments. To investigate, we
conducted a large-scale study across tens of thousands of servers in Meta’s data centers.
Figure 3.3 shows the percentage of free memory immediately allocatable as a contiguous
block. Our findings confirm (Chapter 2): contiguous regions of hundreds of megabytes
are practically nonexistent. This is a key obstacle for existing learned indexes, which typ-
ically run in software and rely on large contiguous memory for the table storing values
corresponding to keys. Notably, however, we find that small contiguous regions—on the
order of a few hundred kilobytes—remain widely available, even in fragmented systems.
Practical learned indexes must adapt to the granularity of available physical memory to
allocate their leaf page tables.

3.4 Learned Virtual Memory Design

The goal of Learned Virtual Memory (LVM) is to build an optimal page table structure
that performs single-access address translations. To this end, LVM introduces a novel
learned index design tailored to the needs of virtual memory translation.

3.4.1 Overview

Conceptually, LVM aims to replace the fixed hash functions used in hashed page tables with
a learned index. LVM organizes this index as a hierarchy of models, where each model is
responsible for a subset of the virtual address space. Intuitively, the learned index predicts
the location of page table entries (PTEs). Figure 3.4 provides a high-level overview of how
LVM learns the structure of the virtual address space and maps it to page table entries.

Starting with Figure 3.4(a), each application has its own virtual address space, con-
taining segments such as text, data, and heap. As in radix page tables, each mapped
virtual page number (VPN) has a corresponding PTE, which specifies the physical page
number (PPN). In radix page tables, the VPN-to-PTE mapping is performed through a
fixed number of intermediate page tables that are indexed with a subset of the VPN bits.
In hashed page tables, the mapping is identified by passing the VPN through a fixed hash
function.
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Intuitively, LVM replaces the fixed hash function with a learned function based on the
underlying structure of the virtual address space. To showcase this point, we next visualize
the mapping of VPNs to PTEs in Figure 3.4(b). In this figure, the x-axis represents the
sorted VPNs, while the y-axis shows the corresponding physical addresses of PTEs. The
goal of LVM’s learned index is to discover a set of functions that, given a specific VPN as
input x, compute an output y that accurately predicts the physical address of its corre-
sponding PTE. This concept is central to how LVM operates—it learns the distribution of
VPNs and stores the PTEs at locations defined by the learned function.

LVM realizes this idea through a hierarchy of models, as shown in Figure 3.4(c), which
partitions the virtual address space into smaller subsets that are described by models in
internal and leaf nodes. Intuitively, internal nodes zoom in on a particular subset of the
address space. They take as input the VPN and output the location of the child node
responsible for an even smaller piece of the address space. Leaf nodes are responsible for
the final mapping to page table entries and take as input the VPN and output the physical
address of the PTE. Internally, the operation of both internal and leaf nodes is similar.
Specifically, since the virtual address space is highly regular (Section 3.3.1), LVM leverages
simple linear functions that effectively describe the distribution of the address space shown
in Figure 3.4(b). LVM stores PTEs in gapped page tables (GPTs), which are conceptually
small arrays of page table entries. Each GPT can be allocated at different physical address
ranges, and hence, LVM does not impose strict physical contiguity requirements.

Under LVM, the OS maintains the learned index and the gapped page tables, and the
hardware, on a TLB miss, performs lookups to locate the PTE. As we will discuss later,
LVM aims to optimize the learned index’s structure—including depth, width, and other
parameters—to improve address translation efficiency.
An Address Translation Example with LVM. Next, we describe an end-to-end trans-
lation example with LVM. Consider a page in the application’s heap with a V PN = 139,
as shown in Figure 3.4(a). This VPN is mapped by a PTE that is located in the PA 0x8b.
The PTE maps that page to PPN 0xff.

Figure 3.4(b) shows the VPNs of the application in the x-axis, and 1 shows VPN 139.
Based on the distribution of VPNs shown in the figure, LVM learns a representation of
the mapped pages using the linear function y = 1 · x− 97 as shown in 2 . Specifically, to
identify the location of the PTE, we set x as the VPN under translation, and the output y
is the physical location of the gapped page table. Similarly, the pages in the application’s
stack are represented by another linear function ( 3 in Figure 3.4(b)).

Putting everything together, Figure 3.4(c) illustrates a page walk for V PN = 139.
The walk begins at the root node ( 4 ), which spans the entire virtual address space of the
application. The root contains a linear model y = ax + b that uses the input x = 139
to select one of its child nodes, as shown in step 5 . In this case, the root has a learned
function y = 0.01x − 1 to select between its children nodes. The round-down result of
this function with x = 139 directs us to Model0, which is responsible for the VPN range
[100, 150). At step 6 , the selected model computes y = 1x− 97 for x = 139, returning the
physical address 0x8b. This address corresponds to the location of the target page table
entry (PTE) within the per-leaf-node gapped page table starting at base address PAGPT0.
Next, the relevant PTE cluster is fetched from memory (step 7 ), and the cluster’s VPN
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tag is checked to validate the entry. Finally, the retrieved PTE contains the physical page
number (PPN) = 0xff.

3.4.2 A Learned Index for Virtual Memory

In this section, we describe the learned index structure, the underlying gapped page table,
and the cost model of LVM.

The Learned Index Structure

LVM introduces a novel learned index design specialized to serve the needs of address
translation. The purpose of the learned index is to identify the location of the PTEs.
The learned index is organized as a hierarchy of models, each residing logically within a
node. This is because a single model is ineffective at capturing the complete distribution
of the keys. Figure 3.4(c) shows the overview of LVM’s learned index structure. There
are two types of nodes: internal nodes subdivide the key space into finer granularities to
be handled by their children, and leaf nodes predict the position of the value associated
with a key in the table. The children nodes evenly divide the address space of a parent
node. The number of children per node is flexible and depends on the complexity of the
key space. This approach enables a pliable index that can adapt to the needs of different
applications. As we will discuss in Section 3.4.2, the training process is responsible for
defining the depth and width of the hierarchy.

The learned model is the building block of the index. There is an inherent relationship
between the complexity of the model and the address space it aims to represent. As we saw
in Section 3.3.1, the virtual address space of applications is highly regular. Consequently,
LVM opts for a linear function of the form y = ax + b. Hence, each node only needs to
store the slope a and the intercept b. This design decision offers ease of computation (one
multiplication and one addition) and provides sufficient accuracy when used in a hierarchy.
Furthermore, it greatly enhances the explainability of the model.

Each model is responsible for approximating the cumulative distribution function (CDF)
of its key space and mapping its key space to its output range, which is either the number
of child nodes (for an internal node) or the size of the table (for a leaf node). Essentially,
each model outputs range · CDF (x), where x is the key.

LVM uses this learned index design for address translation. Specifically, the key space
is the virtual address space of the application. The input key is the virtual page number
(VPN) under translation. The output of the leaf node is used to access the gapped page
table holding the PTE, as shown at the bottom of Figure 3.4(c).

LVM stores all internal nodes at a particular depth consecutively in physical memory.
Hence, each internal node can be uniquely identified with an offset, obviating the need to
output the physical addresses of the internal child nodes and significantly reducing the size
of each node. This layout does not impose any meaningful physical memory contiguity
requirements as the learned index models of LVM are tiny, which we will see in Section 3.7.
Scalability. Because a single function can describe an arbitrarily large, virtually contigu-
ous space, the learned index remains efficient even as memory usage grows. In contrast,
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radix and hashed page table designs require linearly larger MMU caches. For example,
radix page tables need to populate additional entries in the upper levels of the radix tree
as the memory footprint increases. This leads to cacheability issues since the hardware
page walk caches (PWCs) must also expand—lest additional sequential memory accesses
be needed to traverse the page tables. In contrast, LVM provides long-term scalability and
cacheability in hardware irrespective of the memory footprint, effectively future-proofing
its design. We empirically demonstrate this property of LVM in Section 3.7.

Gapped Page Tables

Each leaf node in LVM is associated with its own page table. The model within the leaf node
maps the VPNs to PTEs. To support insertions after the model is built, the page table is
organized as a gapped array [52], resulting in gapped page tables (Figure 3.4(c)). Intuitively,
the gapped page table contains additional empty slots, called gaps, that are unoccupied at
build time. This design allows new keys to be inserted and further reduces collision rates
when combined with LVM’s insertion procedure, which we discuss in Section 3.4.3.
Relaxing Physical Contiguity Requirements. An important design decision for the
gapped page tables is their size. This is because gapped page tables, similar to regular
page tables in radix or hashed page tables, are allocated in the physical address space.
As we showed in Figure 3.3, large blocks of physical contiguity are scarce in real-world
data centers due to fragmentation. Instead, LVM optimizes the design of the gapped
page tables for small allocations that are ample even in highly fragmented environments
and eliminates the need for a large physically contiguous page table. To this end, LVM
maintains different gapped page tables for each leaf node as shown in Figure 3.4(c) with
different physical addresses. To achieve this, during training of a leaf node, the physical
address of the base of the gapped page table is added to the index of the PTE in the table
to yield the final output that the leaf model needs to learn. In the example in Figure 3.4,
this means adding PAGPT0 to the index of the PTE in the GPT, using it as the output
the leaf model learns. Therefore, leaf nodes in LVM output directly the physical addresses
of PTEs in its private table.

Moreover, this per-leaf-node gapped page table design enables LVM to dynamically
adapt to the physical memory fragmentation status of the system when a leaf node is cre-
ated. If there is insufficient physical contiguity for a large table, additional leaf nodes—and
thus separate gapped page tables—can be created to utilize smaller physical contiguity as
low as the base page size, e.g., 4KB in x86 or 64KB for some ARM systems. In the evalu-
ation, we will demonstrate the adaptability of LVM and show that this approach performs
well even in highly fragmented environments.

Cost Model

The shape of the learned index is critical for performance and space efficiency. There
are three key parameters that influence the lookup performance of learned indexes in
the context of virtual memory: (i) the depth of the index, which defines the number of
indirections required to traverse the model, (ii) the branching factor of the nodes, which
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influences the width of the model and affects the translation coverage of each node, and (iii)
the collision rate, which determines the number of accesses required to locate an entry in
the underlying table. Generally, increasing the depth or branching factor allows individual
models to handle smaller segments of the virtual address space, which decreases collision
rates and enhances lookup performance. However, as the index becomes wider and deeper,
traversal times increase, and the model’s cacheability deteriorates due to its larger size.

To address this trade-off, LVM introduces a principled cost model to balance these pa-
rameters effectively. The cost model employs a weighted function associated with a specific
number of children (n) for each node under consideration. This function incorporates the
index depth (d), the size of the index in bytes (s), the collision rate (cr), and the average
number of additional memory accesses per collision (ma). By optimizing this function,
LVM finds an equilibrium that minimizes overall lookup latency while maintaining effi-
cient space utilization. Specifically, we define the translation cost C(n) of a node with n
children as:

C(n) = x1 · d+ x2 · s+ x3 · cr ·ma (3.1)

We discuss the tunable weights xi in Section 3.5. During execution, the cost model
first computes the number of spline points for the keys within a particular node [112].
Spline points partition the input key space into segments where simple linear models can
accurately approximate the key distribution. Essentially, the number of spline points
reflects the complexity of the key distribution within the node—more spline points indicate
greater variability. This number provides a reasonable estimate for the optimal number of
child nodes needed to model the key space effectively. To reduce computational overhead,
the cost model limits its evaluation to ±2 around the estimated number of spline points,
allowing the cost model to quickly assess a few plausible numbers of child nodes, minimizing
the effort required to find the most cost-effective option.

Although the cost model inherently penalizes increasing the index depth without sig-
nificant accuracy gains, LVM further enforces a hard limit on the depth using a parameter
d limit, which bounds the number of indirections during a lookup, ensuring efficient
traversal. Additionally, LVM imposes a constraint on the worst-case coverage per byte,
aiming to match or improve upon the locality provided by a radix page table at the same
level. Specifically, if a node does not offer sufficient coverage relative to its size—that is, it
doesn’t map enough of the address space per byte of index—the cost model prevents the
creation of additional child nodes beneath it. This strategy emphasizes the cacheability
of the index by ensuring that each node is space-efficient. By bounding the depth and
coverage of the learned index, these two constraints also protect against pathological cases
when the regularity of the virtual address space is not maintained. Even in a pathological
case, LVM’s learned index would not grow too deep for hardware page walks nor too large
to have good cacheability.

LVM’s cost model is carefully tailored to the needs of virtual memory systems. Con-
ceptually, the goal is to create a more efficient hierarchy than the upper layers of a radix
tree. In practice, while a radix tree has a rigid structure, LVM’s cost model enables a flex-
ible hierarchy that can adjust its depth and width to increase precision for specific regions
of the address space. The model dynamically adds depth and width by closely following
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the regularity of the address space, incorporating additional nodes only where they are
necessary. As we will demonstrate in Section 3.7, this cost model leads to indexes that are
minimal in size yet highly efficient.

3.4.3 Learned Index Operations

In this section, we discuss the main operations of LVM.

Initialization

The learned index is initialized as follows. Given a set of keys, LVM creates a root node and
begins the training process. This training invokes a cost model that greedily determines
the optimal number of child nodes at each level. When a new branch is created, the key
space is evenly divided into k segments, assigning each child node responsibility for 1/k of
the key space. This recursive process continues for each child node until the cost model
decides that a leaf node should not have any further subdivisions. The same procedure
is applied when rebuilding the model. In the context of virtual memory, the operating
system initializes the index upon mapping the first page of a process.

Training of the Learned Index

The goal of training the linear model in a node is to approximate the cumulative distri-
bution function (CDF) of the keys as closely as possible with minimal computational cost.
Internal nodes and leaf nodes are trained using two different methods. For internal nodes
of the index, the training process first determines the number of children the node should
have based on LVM’s cost model. Then, the training continues by allocating memory
space for the child nodes. Next, to derive the model of the internal node, LVM learns a
linear function between VPNs and indexes of children nodes to evenly divide the parent
node’s key space. Because the relationship between inputs and outputs can be perfectly
represented by a linear function, heavyweight algorithms are unnecessary.

Leaf nodes are trained differently through a specialized process. First, LVM queries the
OS allocator for physical contiguity (e.g., the next available allocation order in the buddy
allocator in Linux). Then based on the available contiguity, LVM adapts the number of
sibling leaf nodes necessary such that a leaf node covers as many translations as allowed by
physical contiguity. A linear model for a leaf node is then learned using linear regression
over the (VPN, position) pairs, where position denotes the index of the VPN in the sorted
list of all VPNs within that node. This model is then scaled by the gapped array scale
factor (ga scale) to disperse the existing VPNs across a gapped array, leaving empty
slots available for future insertions. After scaling, a table for the node is allocated in
memory with size determined by multiplying the total number of VPNs at the node by
ga scale, ensuring sufficient space for both current and future VPNs. The page table
entries corresponding to the VPNs are then inserted into the gapped page table array at
the positions predicted by the scaled model. If a predicted location is already occupied,
an exponential search is conducted to find the next available slot for insertion.
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Bounding Mispredictions

As learned indexes are based on machine learning models, they can incur rare mispredic-
tions during a lookup. If the predicted location does not result in a hit, then a binary
search is performed within the error bound that is enforced during the training of the
index [113]. For LVM, this is done by setting the error bound during linear regression
such that an upper bound Cerr of the number of additional memory accesses is enforced to
ensure efficient address translation even in the worst case. This approach sacrifices some
space efficiency for tighter error bounds by creating more child nodes during training. More
specifically, if, at a particular leaf node, the error bound cannot be satisfied, LVM goes
back to its parent node and re-evaluates the cost model with a sufficiently boosted weight
x3 for the computational cost of resolving a collision that will satisfy the error bound in
all its children nodes. Training then returns to the parent node, and more child nodes are
created to subdivide the key space at a finer granularity, which simplifies the key space
each child node is responsible for and reduces error.

Supporting Efficient Insertion

Insertions are divided into two categories based on the new key’s relation to the existing
key range: (i) within-bounds inserts and (ii) out-of-bounds inserts. A within-bounds insert
occurs when the new key falls within the existing range of keys, while an out-of-bounds
insert happens when the new key lies outside the current key range.

Out of bounds inserts close to the edge. LVM optimizes for the common case of
out of bound inserts that happen close to the existing edge. This is because applications
tend to exhibit locality in page allocations, so newly added pages tend to expand the
virtual address space in a contiguous manner. LVM introduces two new novel techniques
for learned indexes to avoid costly retraining.

The first technique defines the minimum insertion distance which allows insertions to
be processed in batches. Specifically, LVM always expands the address space by at least the
minimum insertion distance. The benefits are two-fold. First, this approach absorbs some
non-contiguous insertions that are temporary in nature. Second, it allows LVM to amortize
the fixed computational cost of insertions over a larger range of keys, further reducing the
software management cost. Note that LVM’s approach of allocating a minimum distance
only creates page tables ahead of time, and the actual physical page allocation only happens
later on demand. The second technique relies on rescaling. Specifically, LVM rescales the
leaf node by expanding the gapped page table associated with the node without modifying
the model and inserting the new keys.

For example, as shown in Figure 3.5 (a), suppose a leaf node (Model0) is responsible
for keys 500 − 1000 and has its gapped page table. During an insertion of a new VPN,
1030, first, LVM records that the key range of this node is expanded to 500 − 1050,
taking into account a hypothetical minimum insertion distance of 50 (Step 1 in Figure 3.5
(b)). Then, the gapped page table is expanded by 65 slots (Step 2 ), taking into account
ga scale = 1.3. Finally, the new key for VPN 1030, along with other keys from 1001−1050
are inserted into the expanded part of the gapped page table at locations predicted by the
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Figure 3.5: LVM out of bounds inserts close to the edge.

unchanged model (Step 3 ). Note that this avoids retraining the model or re-inserting the
existing keys of the node: for existing keys for VPN 500−1000, since neither the model nor
the location of their PTEs changed, future page walks still yield the correct PTEs; similarly,
the expanded keys follow the same model. Overall, these techniques, when combined with
the underlying design of gapped page tables, resolve the adaptability limitation of prior
learned indexes, making them suitable for virtual memory.
Within bounds inserts and out of bounds inserts away from the edge. If the key to
be inserted falls within the current bounds of the key range, LVM proceeds as follows. LVM
queries the model and attempts to insert the key into the location indicated by the model.
Due to LVM’s gapped array design, the table usually has empty slots for insertion. In the
common case, the location is empty, and the new key is inserted successfully. Otherwise,
in the unlikely scenario that the slot is occupied, LVM proceeds with retraining only the
leaf node. In the vast majority of cases, the local retraining is successful, and the new key
finds its place within the table.

Finally, if the key is still not inserted, there are two possible approaches we can take.
These approaches are also the same for out of bounds inserts away from the edge. One
approach is to only rebuild the parent node and try again. This process can continue
recursively until the key is inserted. The other approach is to simply rebuild the index. In
practice, as we will see in Section 3.7, the computational cost of rebuilding the model is
quite small. Hence, due to the rarity of these events, LVM opts for a full rebuild.

3.4.4 Supporting Multiple Page Sizes

LVM efficiently supports multiple page sizes without requiring separate learned index struc-
tures, thereby overcoming the limitations of hashed page table designs. It leverages the
linearity of the learned index to seamlessly accommodate multiple page sizes within a single
index. This is achieved by representing different page sizes as lines with varying slopes in
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Figure 3.6: Regular and huge pages as represented by LVM.

the cumulative distribution function (CDF) of the keys. Specifically, smaller pages corre-
spond to steeper slopes, while larger pages correspond to lower slopes. Intuitively, larger
page sizes result in fewer PTEs within a given VPN range, leading to lower slopes in the
learned index.

Figure 3.6 shows an example virtual address space distribution with both a 4KB page
and a 2MB page. The 4KB page at VPN 142 has only one VPN in its range of virtual
addresses, which gets mapped to position 42 in the gapped page tables by the learned index.
On the other hand, the 2MB page spans VPNs [1024, 1536). To support huge pages, LVM
trains the learned index based on the VPN of the first 4KB sub-page i.e., VPN 1024.
During a lookup, the 4KB VPN is derived from the VA to traverse the index. Note that
if a huge page is mapped, 4KB sub-pages inside it cannot also be mapped. Therefore,
lookups using any addresses inside a huge page will identify a unique translation entry. In
the example of Figure 3.6, any queries using VPNs between 1024 and 1536 will be rounded
down to the PTE at position 221, yielding the 2MB translation entry.

To identify the page size, the translation entry in the table uses two bits to encode
the size (supporting the 4KB, 2MB, and 1GB pages in x86). Importantly, LVM can
support any number of page sizes without modifications or additional structures. This
is in contrast to existing radix page tables that rely on rigid page sizes and hashed page
tables [187] that require separate structures and potentially additional accesses for each
page size. We envision that LVM will enable a new direction where applications can
leverage arbitrary page sizes without hardware changes, unlocking high performance. We
leave this exploration for future work.

3.4.5 Fixed-Point Arithmetic for Fast Lookups

State-of-the-art learned indexes rely on floating-point operations, which violates the
requirements discussed in Section 3.3.2. To ease the implementation of LVM, we introduce
an effective quantization strategy for learned indexes that represents model parameters in
fixed-point values. Specifically, each value in the model consists of a 44-bit integer part
and a 20-bit fractional part. In this way, each value of a model requires 8 bytes, and each
node takes 16 bytes.
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3.4.6 OS and Hardware Support

At a high level, LVM maintains the same abstraction and mechanisms of virtual memory
as in radix and hashed page tables.

Operating System

The OS components of LVM build and manage per-process learned indexes. They include
the cost model along with logic in the page fault handler and generic page walk logic for
the OS to access and modify translations. In terms of operations, the OS is responsible
for initiating, training, and manipulating the learned index and the translations, while
the hardware performs lookups during address translation. We further discuss our OS
prototype of LVM in Section 3.5.
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Figure 3.7: LVM hardware overview.

Hardware

The changes of LVM are isolated in the hardware memory management unit (MMU) as
depicted in Figure 3.7. Only the two shaded components in the MMU are modified com-
pared to existing architectures, while other components, such as the L1/L2 TLBs, remain
unchanged. The page table walker and the page walk cache (PWC) of the radix page ta-
ble are replaced by the LVM Page Table Walker and the LVM Walk Cache (LWC). Each
LVM walker contains an adder and a multiplier that are used to compute the output of
the model. Upon an L2 TLB miss, the LVM page table walker starts to translate a virtual
address to a physical address. It performs the LVM page walk by traversing through a hier-
archy of learned models, which are cached by the LVM Walk Cache (LWC). If a requested
model is present in LWC, it is supplied to the page table walker (Step 1 ); otherwise, it
is fetched from main memory on demand (Step 2 ). After the page walk reaches the leaf
node in the index, the physical address of the page table entry (PTE) is computed, and
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the walker fetches it from the memory hierarchy (Step 3 ). Similarly to radix, the PTEs
can be cached by the data caches of the processor, but are not cached in the LWC.

Tag (16 bits) Model (128 bits)

Level (2 bits) Offset (14 bits) Slope (64 bits) Intercept (64 bits)

Figure 3.8: LVM Page Walk Cache Entry.

The LWC is fully associative and stores the slope and intercept of individual models of
the learned index. Figure 3.8 shows an LWC entry in details. This design allows LVM to
only cache nodes on demand instead of fetching the whole learned index. The page table
walker fetches 64-byte cache lines, each containing four individual models. Each model
takes 16 bytes of space (slope and intercept). The page walker stores the learned index
node in an LWC entry and attaches the level and the offset of the node. Furthermore, each
entry in the LWC stores the address space identifier (ASID). This approach allows LVM to
handle context switches without flushes, similar to PWCs in radix page tables. As we will
see in Section 3.7, LVM achieves a 3× area reduction over radix page walk caches while
being more scalable.

The OS exposes information required for the hardware page walk using d limit control
registers (Section 3.4). LVM adds these registers that store the base physical address of
the internal nodes at each level in the index. This is similar to how the x86-64 architecture
stores the base address of the page table in the CR3 register.

Virtualization Support. LVM can support virtualization through nested page tables,
similarly to radix page tables. In this environment, the hypervisor maintains LVM page
tables for each VM to translate guest physical addresses (GPA) to host physical addresses
(HPA). Similarly, each guest OS maintains LVM page tables to translate guest virtual
addresses (GVA) to guest physical addresses (GPA). Due to the increased performance
cost of nested radix page tables, we expect LVM to provide even higher performance
gains.

3.5 Implementation

3.5.1 Parameters Used

LVM uses a set of tunable parameters. We empirically set the values of the tunable weights
in the cost model to be x1 = 10, x2 = 5, x3 = 200. We define the depth limit of the index
d limit = 3 to mirror the maximum number of indirections in a traditional radix page
table (LVM has another fetch for the translation entry, bringing the max possible memory
accesses to 4). We set ga scale = 1.3 to effectively leave space for future inserts in the
table. Finally, we set the minimum insertion distance to be 64MB, enough to cover most
inserts in applications and not unduly expand the size of the table.
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3.5.2 LVM Operations in the OS

Software lookup. When the translation entry of an already mapped page needs to be
changed or looked up (e.g., a permission change or checking the accessed or dirty bits),
the OS performs the same page walk operation as the hardware does to obtain the page
table entry. These operations do not modify the index.

Free. When a page is freed to the OS, LVM follows the same steps as radix page tables
by clearing the PTE in page tables, flushing the TLB, and releasing the physical page.
However, LVM opts to not change the index and keeps the empty space for the PTE in the
table because, first, the OS prefers to keep the virtual address space contiguous and plugs
in holes in the virtual address space with later allocations, so the space for the entry will
likely be reused in the future by new allocations. Second, memory usage of applications
typically remains relatively stable near their peak usage after their initialization phase.
For workloads that exhibit a peak memory usage that is significantly higher than their
steady-state memory usage, the OS can rebuild the index and reclaim unused space.

Insert. LVM maps new pages by inserting into the learned page table as described in
detail in Section 3.4. Physical frame allocations are deferred until the first access to a
page, as in current OSs.

Kernel Mappings. The Linux kernel has a shared kernel address space mapped to the
virtual address space of all processes. LVM keeps one learned page table for the kernel
address space, reducing memory consumption and also avoiding repetitively training a
different kernel space learned page table for each new process.

ASLR. Address space layout randomization (ASLR) partitions the virtual address space
into distinct parts that are far apart. The OS exposes the ASLR base addresses to hardware
through registers, removing ASLR effects during LVM training and management. This
approach is transparent to applications, maintains ASLR’s security, and simplifies the
learned index training process of LVM.

TLB Shootdowns. LVM maintains the same TLB shootdown behavior as radix page
tables. Specifically, TLB shootdowns take place only when PTEs are modified, e.g., during
OS swapping or page permission changes. During any LVM-specific operation, such as
retraining, insertions, or rescaling, PTEs are not modified and hence a TLB shootdown is
not required.

LWC Flushes. On regular insertions or rescaling, which are the most frequent operations,
the LVM learned index is not modified and hence the LWC does not need to be flushed.
On the very rare occasion when an LVM model node is retrained, it causes the cached
entry in the LWC to become stale. In this case, the OS simply flushes the entry from the
LWC. As we will see in the evaluation (Section 3.7.3), retraining operations, and thus LWC
flushes, are very rare, with an average of two and at most three occurring during the entire
application runtime, taking place at the program initialization.

Multi-threading LVM naturally supports multi-threaded applications. At a high level,
LVM leverages similar locking mechanisms as in radix page tables. For updates to the
PTEs, the table in which the PTE resides is locked by the OS so that only one thread can
perform the modification at any given time. This locking requirement is consistent with
PTEs being modified in radix page tables, when the OS acquires a lock associated with the
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leaf page table. For retraining, LVM acquires a lock on the parent node during retraining,
preventing concurrent modifications. This is similar to when radix page tables allocate or
free page tables.

3.5.3 Linux Prototype

We evaluate LVM with a Linux prototype. Specifically, we modify Linux kernel 5.15 to
stream operations that map and unmap pages to a userspace agent that implements LVM.
As the hardware features of LVM are simulated, we choose to implement LVM in userspace
through an indirection layer for ease of development. Our prototype maintains LVM for
a particular process, including all the necessary virtual memory operations, building and
training the learned index, as well as managing the translation tables, including allocation
and free operations. During simulation, we can configure our prototype to rely solely on
LVM for virtual memory operations, providing a realistic evaluation of its performance.
The prototype is composed of 4200 lines of C and C++.

3.6 Evaluation Methodology

3.6.1 Architectural Simulation

We use SST [175], a detailed cycle-level simulation backend, integrated with a QEMU [29]
frontend that runs the Linux kernel and userspace processes for full-system simulation.
SST also incorporates DRAMSim3 [178] for main memory modeling. We model all the
hardware components of LVM, including page walkers, LWCs, and flush operations. The
architectural parameters are shown in Table 3.1. The simulation includes all the compu-
tational costs of managing LVM, e.g., training, insertions, and rescaling by relying on our
Linux prototype described in Section 3.5.3.

3.6.2 Workloads

We consider a wide range of workloads in our evaluation. They include six workloads from
the graphBIG [151] graph benchmark suite: Breadth First Search (BFS), Depth First
Search (DFS), Connected Components (CC), Degree Centrality (DC), Page Rank (PR),
and Shortest Path (SSSP). They take a Kronecker graph that produces a runtime mem-
ory footprint of 75GB. GUPS is a random access benchmark from HPC Challenge [133].
MUMmer (MUMr) is a DNA sequence alignment program from the BioBench2 [6] bioin-
formatics suite and has a memory footprint of 20GB. Memcached [60] (mem$) is a widely
used in-memory key-value store. It has a memory footprint of 124GB. During simulation,
we execute 1 billion instructions in the region of interest of the benchmarks.

3.6.3 Configurations and Baselines

We compare LVM with four-level radix page tables and elastic cuckoo page tables (ECPT) [187],
a state-of-the-art hashed page table. We model both designs in detail, including a page
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Full-System Simulation Parameters
Core 4-issue out-of-order cores at 2GHz
L1-I and L1-D cache 32KB each, 8-way, 1 cycle RT
L2 cache 1MB, 8-way, 20 cycles RT
L3 cache 2MB per core, 16-way, 56 cycles RT
L1 DTLB/ITLB (4KB pages) 64 entries, 4-way
L1 DTLB/ITLB (2MB pages) 32 entries, 4-way
L2 TLB (4KB pages) 2048 entries, 12-way
L2 TLB (2MB pages) 2048 entries, 12-way
Radix Page Walk Cache 3 levels, 32 entries per level, 2 cycles
LVM Page Walk Cache 16 entries, 2 cycles
Cuckoo Walk Cache PMD: 16 entries. PUD: 2 entries. 2 cycles
Cuckoo Page Tables 3 ways. 16384 entry initial size.
Main Memory 128GB, DDR4 3200MT/s, 8 banks, 4 channels
OS Linux Kernel 5.15

Table 3.1: LVM architectural parameters.

walk cache (PWC) for radix page tables, and for ECPT, we include the Cuckoo Walk
Cache (CWC) and Cuckoo Walk Tables (CWT) that trim the required parallel accesses
for huge pages. The configuration parameters are shown in Table 3.1. Furthermore, to get
a better understanding of the upper bound performance benefits, we compare LVM to an
Ideal page table scheme that always requires only a single memory access to locate the
page table entry to complete a page walk. For every configuration, we consider two page
sizes: (i) 4KB, and (ii) 2MB using Linux’s Transparent Huge Pages (THP).

3.7 Evaluation

In the evaluation, we first present the end-to-end speedups of workloads in Section 3.7.1.
We also compare the performance of LVM to three related work, Midgard [76], ASAP [142]
and FPT [158]. Next, to understand the sources of the speedups, we investigate in Sec-
tion 3.7.2 the architectural characteristics of LVM regarding MMU, caches and the memory
hierarchy. Then, we characterize the learned page table data structures of LVM in Sec-
tion 3.7.3 in terms of size, collision rates, memory fragmentation, memory consumption,
etc. Finally, we evaluate the hardware properties of LVM in Section 3.7.4 using our imple-
mentation and synthesis in RTL and a commercial PDK and compare its area and power
to those of Radix Page Tables.

3.7.1 End-to-end Speedups.

In Figure 3.9, we show the end-to-end performance results. We report speedups relative
to the 4KB radix page tables. We see that LVM provides major performance gains. When
using 4KB pages, LVM achieves a 5%–26% speedup over radix page tables, with an average
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Figure 3.9: End-to-end speedups of various page table designs.

speedup of 14%. For THP, LVM achieves a 2%–27% speedup over radix page tables, with
the average speedup being 7%. When compared to ECPT with 4KB, the state-of-the-art
hashed page table design, LVM achieves up to a 7% speedup, with an average speedup of
5%. These are significant performance gains. Similarly, LVM outperforms ECPT by 3%
when using huge pages. As we will see next, ECPT achieves good performance by trading
latency for increased memory traffic due to parallel accesses. LVM outperforms ECPT and
drastically reduces memory traffic for address translation.

Next, to get a better understanding of the upper bound performance of LVM, we
compare it to an ideal design that always requires only a single memory access for locating
the page table entry. LVM achieves performance within 1% of an ideal page table design
on average. Overall, LVM provides significant speedups over radix page tables and state-
of-the-art hashed page table designs, providing near-ideal address translation performance.
Multi-tenancy. To evaluate the efficacy of LVM in multi-tenant environments with
stacked workloads, we performed additional simulations with combinations of our work-
loads on an 8-core setup, and every workload runs on its own core. The speedups of LVM
remain the same (within 0.5% difference) across configurations.
Multi-threaded Applications. LVM supports multi-threaded applications as described
in Section 3.5.2. We simulated the graph workloads with eight threads. LVM maintains its
performance gains and the results remain similar (within 1% difference) across configura-
tions. This is because LVM efficiently uses fine-grained locking for page table modifications
and introduces mechanisms (rescaling and minimum insertion distance) that make retrains
exceedingly rare (Section 3.7.3).

3.7.2 Architectural Characterizations.

MMU Overhead. To understand the performance results, we look at the MMU overhead
relative to radix page tables shown in Figure 3.10. We measure the total cycles that memory
requests spend in the MMU, including in the TLB and page table walker. Note that for
the 4KB configurations, we normalize the results to Radix with 4KB pages and the THP
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Figure 3.10: MMU overhead relative to radix. Results are normalized separately to radix
4KB and THP.

configurations to Radix with THP. As we can see from the results, LVM reduces the MMU
overhead by an average of 39% compared to Radix for 4KB pages and by 29% when using
THP. Furthermore, LVM outperforms ECPT by 3%–10% and 8% on average for 4KB pages
and by 1%–11% and 8% on average under THP. In terms of page walk cycles, LVM achieves
a 52% reduction when using 4KB pages and 44% reduction when using THP on average
compared to radix. In comparison, ECPT achieves only a 25% reduction in page walk
cycles when using 4KB pages and 20% reduction when using THP. In other words, LVM
outperforms ECPT in terms of page walk cycles by 2×. Overall, LVM achieves significant
MMU overhead reduction over Radix and ECPT.
Page Walk Traffic. Next, we examine the MMU overhead reduction achieved by LVM
through an analysis of page walk traffic. Figure 3.11 presents the number of memory
requests sent to the cache hierarchy due to page walks. Results for 4KB configurations are
normalized to Radix with 4KB pages, and THP configurations are normalized to Radix
with THP. LVM drastically reduces memory traffic associated with page walks. Compared
to Radix with 4KB pages, LVM reduces page walk traffic by an average of 43%. For
THP, the reduction is similarly significant at 34%. These reductions represent substantial
improvements in MMU efficiency.

When comparing LVM to the state-of-the-art hashed page table, ECPT, the benefits
are even more pronounced. ECPT, on average, generates 1.7× and 2.1× more memory
accesses for page walks compared to Radix with 4KB and THP configurations, respectively.
This is due to ECPT’s design, which employs multiple parallel requests, trading off reduced
latency for significantly increased bandwidth usage. In contrast, LVM not only surpasses
ECPT in terms of end-to-end performance but also achieves a substantial reduction in
MMU traffic, with 2.9× and 3.1× fewer memory accesses compared to ECPT 4KB and
THP configurations, respectively.

Finally, while not depicted in Figure 3.11, LVM requires only 1% additional page walk-
induced memory traffic compared to the ideal page table design, underscoring its efficiency.
Cache Performance. To quantify the impact of page walk traffic, we examine the misses
per kilo instructions (MPKI) for L2 and L3 caches shown in Figure 3.12. The results
demonstrate that LVM achieves high cache efficiency. Specifically, the L2 and L3 MPKI of
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Figure 3.11: Page walk traffic relative to radix. Results are normalized separately to Radix
4KB and THP.
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Figure 3.12: Cache MPKI relative to radix page tables.

LVM is, on average, within 1% of that of radix. In contrast, ECPT exhibits significantly
higher MPKI, with increases of 44% in L2 and 40% in L3. This behavior stems from ECPT’s
reliance on parallel accesses to locate a translation, resulting in additional page table entries
being fetched into the caches. This effect is particularly pronounced in workloads with large
page table entry working sets, such as GUPS, memcached, and MUMmer, where ECPT
leads to on average 72% and 59% higher MPKI in L2 and L3, respectively. This is expected:
as workload memory footprints grow, ECPT’s larger PTE working set exceeds the capacity
of the caches, causing cache pollution and contention between data and PTEs. In contrast,
LVM efficiently locates translations with a single page table entry lookup in the common
case, thereby ensuring low translation latency while maintaining high cache efficiency.

TLB, PWC and LWC Miss Rates. In the simulation, the L2 TLB miss rates (57.5%–
99.4%) remain nearly identical across different configurations (Radix, ECPT, and LVM)
since they solely affect the page walk process. Radix PWC suffers medium to high miss
rates (59.7%–99.6%) at the PMD level due to limited coverage, while the upper levels enjoy
high hit rates (96.0%–99.9%) across all workloads. Among the workloads, graphs exhibit
moderate TLB and PWC miss rates of about 60% to 70%, whereas MUMmer, memcached
and GUPS exhibit very high TLB and PWC miss rates of over 90%. Instead, the LWC of
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LVM enjoys high hit rates of above 99% across all applications due to the small size of the
learned index.
Connecting PTW to L1/L2 cache. We consider an additional configuration that
connects the MMU page table walkers to the L1 cache instead of the L2 cache. On average,
LVM outperforms radix by 11% by connecting to the L1 cache and by 14% when connecting
to the L2. Connecting to the L1 enables faster page walks due to L1 cache hits for page
table entries but it significantly increases cache pressure since page table entries contend at
the L1 cache with regular data. Specifically, while the MMU overhead reduces in general,
radix benefits a bit more as as its sequential multi-access page walks can now potentially
hit at the L1 cache, which has lower latency. However, the page walk traffic at the L1
drastically increases the L1 MPKI by 59% for radix, while LVM performs better, increasing
L1 MPKI less, by 38%. This is because LVM sends close to 43% less page walk traffic to
the caches as we discussed earlier (Section 3.7.1). Overall, LVM significantly outperforms
radix irrespective of configuration.

3.7.3 Learned Page Table Characterization

Collision Rates. Collisions during page walk occur when multiple VPNs are predicted
by the learned index to reside in the same location in the page table. To characterize
the effectiveness of LVM, we measure collision rates and compare LVM to a hash table
that has a load factor of 0.6 and uses the state-of-the-art hash function Blake2 [19]. On
average, LVM achieves a minimal collision rate of 0.2% for 4KB and 0.6% for THP. This
is a drastic improvement over regular hash tables, which have a collision rate of 22% for
4KB and 19% for THP. Notably, several graph workloads enjoy near-zero collision rates
under LVM. Overall, LVM achieves a very low collision rate by tailoring to applications’
virtual address spaces.
Collision Resolution. When there is a collision during address translation, LVM searches
for the actual location of the translation entry corresponding to the VPN. As we discussed
in Section 3.4, LVM bounds the number of memory accesses involved in such a search by
enforcing an upper bound of Cerr = 3 when building the model. To understand how this
upper bound behaves in practice, we characterize the number of additional memory accesses
across our workloads. We identify that the average number of additional memory accesses
per collision across all workloads is 2.36 memory accesses. Since LVM has collision rates
of only 0.6%, it requires a single-access 99.4% of the time on average across all workloads.

Index Size bfs pr cc dc dfs sssp gups mem$ MUMr
LVM 4KB 112 112 112 112 112 112 96 112 128
LVM THP 192 192 192 192 112 192 112 112 160

Table 3.2: Index size of LVM in bytes.

Index Size, Cacheability, and Scaling. In Table 3.2, we present the index size in
bytes during the steady state. The results show that LVM requires a minimal index size
of 112 bytes and 162 bytes on average for 4KB pages and THP, respectively. To determine
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the appropriate size for the LVM page walk cache (LWC), we analyze the steady-state
and peak index sizes. The peak index size during the initial training phase averages 570
bytes, after which it stabilizes to the steady-state size. Because the peak and steady-state
indexes are small, the LWC can be sized to comfortably accommodate the entire index. As
discussed in the next section, the LWC required by LVM is 3× smaller than that of radix
page tables.

Importantly, the learned index size is not dependent on the memory footprint. For
example, memcached uses six times more memory than MUMmer but requires a smaller
index. To better showcase this property, we conducted a scaling study based on mem-
cached, where the working set was scaled from 32 GB, to 64 GB, 128 GB, and 240 GB.
The corresponding steady-state index sizes were all 112 bytes. This contrasts sharply
with radix page tables, which require linearly more entries in the page walk caches as the
memory footprint grows, making LVM a future-proof solution.
LVM Overheads in the OS. The operating system is responsible for managing LVM
for each application throughout its lifetime. The computational costs are included in
the simulation as they occur, including the initialization of the learned index and ongoing
management during simulation. For 4KB pages, the management overhead averages 1.17%
of the total execution time across all workloads, with a peak of 1.91% for dfs. A primary
reason for the low computational cost of LVM is its minimal and lightweight retraining,
and beyond the short window of simulation, the overhead will be even more diluted. For
THP, the percentage of time spent on management is less than 0.01% for all workloads
since the OS has significantly fewer pages to manage. Overall, the management overhead
of LVM is negligible.

We further use our OS prototype to run applications end-to-end for their complete
runtime, far beyond what is possible in simulation, and measure the frequency and the
computational cost of retrainings. Across workloads, the frequency of retraining is very
low. Retrains occur at most 3 times, and 2 times on average. Importantly, retrains are
very fast, less than 1.7ms on average and with the worst case of 1.9ms. This is because
application address spaces remain largely unchanged after initialization, with expansions
handled efficiently without retraining (Section 3.4.3). We further perform a tail latency
study with memcached. Our results show that LVM computational costs do not affect even
the 99th percentile tail latency.
Memory Consumption. Beyond the space of the page tables entries, every page table
structure has additional memory overhead—radix page tables require space for upper-level
page tables, and hashed page tables require over-provisioning of the hash tables to sit
below an occupancy threshold. We compute the overhead of memory usage of LVM by
calculating the additional space used in comparison to the absolute minimum required:
eight bytes for every translation entry that maps a physical page. The overhead of LVM
comes from the gapped array organization, which, in the worst case, uses an additional
1.3 times the space for PTEs than what is absolutely necessary. For example, LVM uses
at most an additional 12MB of memory compared to the minimum required page table for
MUMmer with 20GB of memory footprint, while ECPT uses an additional 27MB. Note
that, as we discussed in Section 3.4.2, gapped page tables are not required to be physically
contiguous.
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Memory Fragmentation As we discussed in Section 3.4, LVM adapts to the available
physical memory contiguity in the system. To this end, we evaluate a range of memory
fragmentation levels. We first limit the available physical contiguity for LVM allocations to
at most 256 KB, which represents 30% of free memory even in highly fragmented produc-
tion data centers as shown in Figure 3.3. Furthermore, we study three even more severe
levels of fragmentation with a free memory fragmentation index (FMFI) [69, 117] of 0.8,
0.85, and even 0.9. When physical contiguity is limited, LVM dynamically adjusts the
number of leaf nodes based on the available contiguity during allocation. Importantly,
per-node coverage of LVM remains high, resulting in high LWC hit rates (above 99%).
In practice, such severe fragmentation is not maintainable as the OS immediately com-
pacts memory to replenish multi-KB contiguity. Overall, LVM’s performance remains the
same in production environments and even at more aggressive fragmentation levels due to
its ability to dynamically allocate small non-contiguous gapped page tables based on the
available physical contiguity.

3.7.4 Hardware Characterization

We implemented the page walker of LVM in RTL and synthesized it in a commercial 22nm
PDK, and used CACTI [22] to generate the SRAMs of the caching structures. Our results
show that a page walk model calculation and lookup in the LWC can be completed in 2
cycles at 2GHz and a single LVM page walker requires 0.000637mm2 of area. The LWC of
LVM requires 0.00364mm2 of area and 0.588mW of leakage power, both lower than Radix
PWC. The hardware structures of LVM achieve 3.0×, 1.5× and 1.9× improvement over
radix in terms of size in bytes, area, and power, respectively.

3.7.5 Additional Comparison to Prior Work

Beyond ECPT, we further compare LVM to additional prior work.

Comparison to ASAP

ASAP [142], which relies on both virtual and physical contiguity to allocate leaf page tables
in contiguous physical memory and to prefetch them during page walks. ASAP performs
worse than both ECPT and LVM, with average slowdowns of 3% and 8%, respectively.
This performance degradation is primarily due to the prefetcher introducing additional
memory traffic on top of the standard page walk. Moreover, ASAP requires the operating
system to allocate large contiguous regions of physical memory—potentially hundreds of
megabytes—at VMA creation time. In practice, such large contiguous allocations are
difficult to guarantee (Chapter 2).

Comparison to Midgard

Midgard [76] reduces address translation overheads by creating an intermediate Midgard
address space for data in the cache hierarchy, thus avoiding page walks for cache hits.

57



However, Midgard still relies on radix page tables to access main memory. We evaluated
an ideal Midgard that does not include any OS overheads. Midgard achieves, on average, a
modest speedup of 3% compared to Radix, and LVM outperforms Midgard by 11%. This
is because memory-intensive workloads exhibit a high L3 MPKI, which requires frequent
radix page table walks. To further test the scalability of Midgard with larger caches, we
further evaluated a Midgard design with twice the LLC slice size per core, resulting in 4MB
LLC slices. Both LVM and Midgard achieve higher speedups. However, even with such a
large LLC capacity, Midgard achieves only modest speedups over radix of 5%, and LVM
still outperforms Midgard by 11%. Overall, we believe that Midgard is orthogonal to LVM
as a potential design can rely on Midgard combined with LVM page tables for maximum
benefits.

Comparison to Flattened Page Tables

Flattened Page Tables [158] (FPT) reduce the number of memory accesses per page walk
by folding adjacent levels of Radix Page Tables, but requires 2MB or 1GB pages for folding
to succeed. As we show in Figure 3.3, there is a limited supply of 2MB or larger physical
contiguity in data centers, which makes flattening difficult in practice. Furthermore, since it
is unlikely that the high latency caused by memory reclaim or compaction can be tolerated
at page fault time, the success rate of 2MB or larger physical memory allocations will be
even lower. Instead, LVM does not require such large contiguity. Another drawback of
FPT is that it constrains the concurrent use of multiple page sizes, e.g., 4KB, 2MB, and
1GB in the same virtual region, depending on which levels of the radix page tables are
folded. Real-world applications benefit from multiple page sizes (Chapter 2).

To demonstrate the difficulty of FPT allocations, we ran a simulation of FPT where
both L4+L3 and L2+L1 radix page tables are flattened using 2MB pages. Our results show
that in lightly fragmented environments, LVM outperforms FPT by 5% while in highly
fragmented environments, the performance of FPT degrades to that of radix. The main
challenge of FPT is that 2MB page table allocations compete with 2MB page allocations
for application data, which, as a result, can lead to FPT allocating regular radix page
tables, especially as fragmentation increases. On the other hand, LVM is responsive to
the available memory contiguity (Section 3.4.2), resulting in single-access page walks even
with limited physical memory contiguity. Finally, LVM flexibly supports all page sizes.

3.8 Related Work

A large body of work has focused on reducing the computational cost of address translation
[25, 63, 65, 68, 74, 76, 79, 85, 107, 117, 136, 137, 141, 155, 156, 158, 160, 161, 162, 168,
170, 187, 193, 194, 195, 199, 209, 210, 225, 234] (Chapter 2) through alternative page table
structures, large and coalesced translation entries, and huge page support in the OS.

Relevant to this work is [136], which leverages machine learning techniques to improve
the allocation of huge pages. Other works have focused on the application of learned indexes
for storage FTL [195] and persistent memory [49, 131]. The most relevant prior work to
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LVM is a short paper [141] that applied a learned index [113] using neural networks to
predict translation locations in radix page tables. This approach did not support insertions
and fell back to traditional page table walks on mispredictions, effectively functioning as
a prefetching mechanism. The paper concluded that existing learned indexes were not
suitable for address translation due to their large model sizes and high computational
requirements resulting in 120 cycles to produce a PTE location. While the idea was
forward-looking, we believe the primary pitfall of that work was its adherence to radix page
tables for backward compatibility with existing operating systems. It further relied on an
off-the-shelf learned index with heavyweight neural network functions originally designed
for databases, which introduced significant implementation challenges. In contrast, LVM
reimagines the end-to-end page table structure to unlock a highly efficient and practical
design.

3.9 Discussion and Future Work

Learned indexes are a promising new class of data structures that accelerate indexing oper-
ations in software. LVM pioneers the first practical learned index for hardware, specifically
for address translation. To make learned indexes suitable for fast hardware lookups, LVM
employs cost models that bound index depth and size, introduces efficient mechanisms for
key updates, fast lookups, and relaxes the need for contiguous memory allocations. These
advances are essential to applying learned indexes in hardware.

Looking ahead, the LVM framework can also benefit other hardware caching structures
indexed by virtual addresses, such as TLBs, branch target buffers (BTBs), and L1 caches.
Beyond this, we envision extending LVM to physically indexed structures like last-level
caches. Such structures often suffer from hash-table-like collisions that cause conflict misses
and reduce hit rates. By leveraging lightweight machine learning, the LVM framework offers
a promising direction to mitigate these collisions and improve performance. We leave this
exploration to future work.

3.10 Conclusion

We presented Learned Virtual Memory (LVM), a page table structure that effectively
provides optimal single-access address translation. LVM relies on a novel learned index
model that tailors address translation to the virtual address space of applications. Our
evaluation shows that LVM performs within 1% of an ideal page table.
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Chapter 4

Pensieve: Towards Multi-Tier
Memory Systems

4.1 Introduction

DRAM is a major contributor to data center server costs. In the early 2020s, DRAM
comprised 40–50% of server costs [150, 216]. Recently, this proportion has surged as
DRAM price has doubled [43, 62, 139, 208], with further price increases anticipated. Driven
by the immense demands of emerging AI applications, DRAM is also increasingly scarce
as demand outstrips supply. Therefore, data center operators are urgently searching for
strategies to reduce their DRAM footprint.

To reduce DRAM footprint, hyperscalers increasingly rely on tiered memory, demoting
infrequently accessed or latency-tolerant data to slower, cheaper tiers. Hyperscalers use
tiered memory to reduce expensive DRAM usage so that more jobs can be scheduled on
fewer resources, while ensuring that application performance does not degrade below a
predetermined service-level objective (SLO). To date, two-tier fast/slow memory architec-
tures have dominated research in both academia and industry [2, 37, 55, 83, 109, 121, 123,
128, 145, 171, 173, 184, 196, 207, 212, 223, 226, 230, 238, 240]. They include both tradi-
tional swap-based tiers like SSDs or compressed memory (e.g., zswap [126]) and emerging,
directly-addressable technologies like Compute Express Link (CXL) paired with recycled
previous-generation DRAM [108, 213, 238].

Two-tier approaches, however, are fundamentally limited in the amount of DRAM
they can save. SSD swap-based tiers impose long access latencies and expensive page
faults when accessing offloaded data. This creates a ”performance wall” on the amount of
data they can offload without severely degrading application performance. Additionally,
the SSD’s finite endurance budget may constrain the rate at which data can be swapped
out, limiting DRAM savings. CXL-attached memory offers superior performance, but
its offload potential is limited by its capacity, dictated by both physical form factors and
limited supply. As a result, two-tier systems using SSDs or CXL alone are unable to offload
sufficient data to meet hyperscaler needs in the current DRAM crisis.

A three-tier system combining DRAM, CXL, and SSD can overcome the above limita-
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tions. Compared to a DRAM+CXL configuration, adding an SSD tier allows the coldest
data to be offloaded to SSD, freeing space in CXL for more data to be offloaded from
DRAM. Compared to a DRAM+SSD configuration, the added CXL tier effectively serves
as a performant buffer, overcoming the SSD performance wall. This architecture thus
promises a pathway to achieve greater DRAM savings than a two-tier configuration.

Adding a third tier, however, is not merely an extension of the two-tier problem. Design-
ing a performant and robust three-tier system is inherently harder, not just because there
are more decisions to make (e.g., the added dimension of where to migrate to, in addition
to when and how much to migrate), but more importantly, because of the tight coupling
between these decisions. Consequently, any individual decision—even one that seems en-
tirely reasonable in isolation—can have unexpected consequences and push the system in
an unintended direction. For example, a decision to slow down CXL → SSD demotion to
alleviate the performance hit of page faults without careful orchestration quickly exhausts
CXL capacity. This might force more aggressive CXL→ DRAM promotion, pushing CXL
bandwidth usage into saturation and causing page faults to become even more expensive
(as reading pages into CXL consumes that saturated bandwidth). Therefore, a successful
design must reduce this complexity and manage the coupling.

We present Pensieve, to our knowledge the first three-tier memory system designed for
data centers. Pensieve employs three key design principles crafted to combat the complexity
of a three-tier system and manage coupling in a principled way. As a result, we arrive at a
system that is easy to reason about, can be precisely controlled, and successfully achieves all
of our operational requirements. Most importantly, Pensieve delivers significantly greater
DRAM savings than either a DRAM+CXL or a DRAM+SSD two-tier system.

First, Pensieve enforces a strict data hierarchy by disabling direct page migration
between the top and bottom tiers (i.e., DRAM ↔ SSD) in the common case. This sig-
nificantly prunes the decision space by entirely removing the where-to question from any
promotion or demotion path. Furthermore, demoting data through the CXL tier acts as
a filter against costly placement errors. It prevents pages not yet deemed to be hot from
wasting precious DRAM space, and protects against premature DRAM→ SSD demotions
that could trigger expensive page faults. Ultimately, this pruning not only reduces system
complexity but also ensures the decisions the system makes are inherently low-risk. This
hierarchy also enforces an approximate ”temperature gradient” across the system: DRAM
for hot data, CXL for warm data, and SSD for cold data, which makes the system easier
to reason about and monitor.

Second, we decompose the three-tier hierarchy into two loosely coupled subsys-
tems. The DRAM ↔ CXL subsystem aims to aggressively save DRAM by proactively
demoting as many pages as possible from DRAM to the CXL tier. Meanwhile, the CXL
↔ SSD subsystem aims to maintain high CXL utilization so that expensive page faults
and SSD write traffic are minimized. This separation reduces the complexity of the global
optimization problem across three tiers into two distinct tasks with simplified goals and
constraints.

Finally, Pensieve governs the entire architecture through a single dynamic control
knob: the aggressiveness of DRAM → CXL demotion. By locking the opposing CXL →
DRAM promotion path to a static threshold, we eliminate ”knob contention” and prevent
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the performance oscillations (or page ”ping-ponging”) that occur when two dynamic knobs
chase each other. Furthermore, the single knob provides indirect control over the bottom
tier. Because CXL acts as a shared pressure valve, regulating the ”inflow” of demoted
data from DRAM naturally dictates the capacity-driven ”outflow” of evicted data to the
SSD. Ultimately, this reduces a multi-variable optimization problem into a single tuning
parameter, ensuring fast and stable system convergence.

By combining these three design principles, Pensieve effectively manages a three-tier
memory system in a controlled manner, resolving the challenges of complexity and cou-
pling. When evaluated against a set of memory-intensive workloads (including production
workloads and one derived from hyperscaler production memory access patterns [185]),
Pensieve achieves significantly greater DRAM savings. On average, it offloads 33% of
the application memory footprint from DRAM, substantially outperforming standalone
DRAM+CXL (21%) or DRAM+SSD (18%) two-tier setups. Pensieve accomplishes this
while keeping application performance degradation within an acceptable range (¡5%) and
respecting SSD endurance constraints. Moreover, Pensieve is highly robust, maintaining
stable operations even under dynamic workload shifts and environmental changes.

4.2 Background

In this section we provide background on traditional two-tier memory systems and explain
why they are inherently limited in their ability to offload data from DRAM.

4.2.1 Swap-Based Two-Tier Systems

Many hyperscalers have adopted swap-based two-tier memory architectures, which migrate
data from DRAM to a non-byte-addressable tier, such as SSDs [216] or compressed mem-
ory [119]. Because the CPU cannot directly access data in these tiers, any access triggers a
page fault to bring the entire page back into DRAM. Swap-based tiers often have long ac-
cess latencies—for example, even high-end SSD latencies average ∼100 µs. Both the page
fault and hardware latency, coupled with the requirement that the entire page (rather than
just the requested cacheline) must be migrated, add orders of magnitude to the total ac-
cess penalty. As a result, the volume of data that can be offloaded without compromising
application performance is limited.

Furthermore, SSDs have a finite number of Program/Erase (P/E) cycles; exceeding
this limit leads to device wearout. To avoid incurring operational and financial costs to
replace server-local SSDs, data center operators aim to align SSD operational lifetime
with that of the server. SSD writes during this operational lifetime must fit within the
endurance budget, which is calculated based on the SSD lifetime, its P/E cycle rating and
the allocated swap partition. Memory tiering systems must consider the endurance budget
(§4.3.1).
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4.2.2 Byte-Addressable Two-Tier Systems

Byte-addressable tiers like CXL-attached memory, on the other hand, maintain DRAM-like
memory semantics and remain CPU-accessible at byte-granularity [46, 51], while providing
access latency that is only 2 − 3× (instead of orders of magnitude) higher than DRAM.
As a result, they do not suffer from the same fundamental performance wall as swap
devices when offloading data from DRAM. However, CXL-attached memory—specifically
previous-generation DDR4 (a common choice for high-performance DRAM offloading [134,
213, 239] (Chapter 5))—is heavily constrained by its capacity, which restricts potential
DRAM savings.

This capacity limitation stems from two factors. First, physical form factors restrict
the number of CXL-attached memory DIMMs to a specific value. This constraint, coupled
with the smaller capacities of older-generation DIMMs, caps the CXL-attached DDR4
memory capacity that can be populated on a given machine. Furthermore, as modern
servers support larger and more main DRAM DIMMs, this results in a relatively small
CXL-to-DRAM capacity ratio. For example, the OCP Hyperscale CXL Memory Expander
provides a maximum of 384 GiB of CXL-attached DDR4, with 32 GiB DIMMs and up to
12 channels [39]. Conversely, an Intel Granite Rapids-AP server supports 1.5 TiB of DDR5
main memory [217] using 128 GiB DIMMs (and can go even higher with 256 GiB DIMMs).
Thus, for a server with a single CXL controller, the CXL memory capacity can only go up
to 20% of total memory capacity.

Second, previous-generation memory becomes increasingly scarce as it goes out of pro-
duction. Whether purchasing these modules from vendors or repurposing used ones after
they retire, deployments at scale are strictly constrained by the supply of no-longer-in-
production DDR4 modules.

Ultimately, this limited CXL capacity dictates the maximum possible DRAM savings in
any byte-addressable two-tier system constructed from older-generation memory. Guided
by these hardware and supply-chain realities, we assume a 25% CXL to 75% DRAM capac-
ity ratio throughout this work, representing a reasonable setup for our server environment.

4.3 Requirements and Challenges

A three-tier memory system layering CXL-attached memory and SSDs below main DRAM
can overcome the limitations of swap-based and byte-addressable two-tier systems. Com-
pared to a swap-based system, a three-tier system can use CXL memory as a highly perfor-
mant buffer to overcome the page fault performance wall. Compared to a byte-addressable
two-tier system, it can leverage SSD as additional space to offload the coldest data, over-
coming the capacity constraints of CXL memory. It thus promises a pathway to greater
DRAM savings while limiting performance impact.

To the best of our knowledge, no system has combined these tiers in a single architecture
to maximize DRAM efficiency, especially in a data center setting. This gap exists because
designing a well-behaved, robust three-tier system involves non-trivial challenges. In this
section, we first define the three-tier memory problem based on our specific goals and
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requirements (§4.3.1). We then identify the challenges of solving this problem, which stem
from the inherent complexity and tight coupling of a three-tier system (§4.3.2).

4.3.1 Problem Formulation

Pensieve targets a three-tier memory system in a large-scale data center environment,
where each machine services a diverse set of jobs assigned by a cluster-level scheduler. We
assume each machine has a predetermined amount of DRAM, CXL-attached memory, and
local SSD storage. Notably, the CXL tier is capacity-constrained, representing 25% of the
byte-addressable memory capacity (see §4.2.2) with the rest provided by DRAM.

Our goal is to design a system that uses memory tiering to execute a set of workloads
with the minimum amount of DRAM possible – i.e., maximizing the DRAM savings – while
ensuring that system performance does not degrade below pre-defined SLOs. Maximizing
DRAM savings increases a machine’s ”schedulable memory capacity”, allowing more jobs
to be scheduled on it, thus improving end-to-end infrastructure efficiency. As the cost per
GB of DRAM is significantly higher than both SSDs and decommissioned DDR4, DRAM
savings are directly linked to monetary savings.

This problem can be formulated as a constrained optimization problem:

Objective: Maximize the total DRAM savings D.
Constraints:

1. Performance Bound: For each metric pi in the set of monitored performance
metrics P , the observed value must remain within its respective pre-defined threshold
Ti: ∀pi ∈ P , pi ≤ Ti

2. SSD Endurance: The average SSD write trafficW from swapping must not exceed
the threshold determined from the SSD write endurance budget E .

3. CXL Capacity: The data placed in the CXL tier must always remain below the
effective capacity C × (1− α), where α represents the safety buffer.

Because the system must support diverse workloads, each measuring its performance
with different metrics, we use a set of system-level indicator metrics to estimate the
slowdowns caused by tiering instead of relying on end-to-end application performance. By
constraining the system so that these indicators remain within their bounds, we indirectly
ensure that application performance remains within SLOs.

Another critical constraint concerns the SSD endurance budget (§4.2.1). We must limit
the average SSD write rate induced by tiering traffic to avoid premature device failure.
While instantaneous write traffic may occasionally spike above this threshold, the system
must ensure that the long-term average remains within budget.

Finally, we must respect the physical capacity of each memory tier. Our objective
of maximizing DRAM savings inherently pushes DRAM usage below the physical limit.
Furthermore, modern SSDs are significantly larger than local DRAM, providing ample
space for swapped data. Consequently, only the CXL tier demands a capacity constraint.
Our system must ensure that CXL occupancy remains within its physical capacity, minus
a safety buffer to maintain stability and accommodate spikes of page migrations.
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4.3.2 Challenges

Constructing a three-tier memory system is not a linear expansion of the two-tier problem;
rather, adding a third layer makes the problem inherently harder. On a surface level, there
are more decisions to make. Promotion and demotion logic must now account for multiple
tier combinations (e.g., DRAM ↔ CXL, CXL ↔ SSD, and DRAM ↔ SSD). In addition
to when to demote or promote a page, there is the added dimension of where to move it.
For instance, a page demoted from DRAM can be routed to either CXL or SSD, and a
newly allocated page can be placed in either DRAM or CXL.

However, the bigger challenge lies in the fact that these decisions are tightly coupled.
A critical requirement for any robust system is the ability to control it and steer it back into
its “operational range” when things go wrong. However, in a three-tier system an individ-
ual decision—even one that seems entirely reasonable in isolation—can have unexpected
consequences and push the system in an unintended direction. This tight coupling makes
designing a stable and robust system difficult. Consider the following example scenarios:

Bandwidth Paradox: The CXL bandwidth usage is too high, so the system slows
down CXL → DRAM promotion to conserve it. However, because pages aren’t leaving
CXL, the CXL tier quickly fills up. This forces CXL → SSD evictions and directs more
application memory access to the CXL tier, and the combination consumes even more
CXL bandwidth. The attempt to correct the system pushed it further out of its acceptable
range.

Utilization Trap: The CXL utilization is low, so the system directs more new al-
locations to the CXL tier instead of DRAM to drive utilization up. However, because
CXL is slower, performance drops. To reduce this performance impact, it starts promoting
more pages from CXL back to DRAM. In the end, it hasn’t meaningfully increased CXL
utilization, but has caused excessive data movement.

Performance Spiral: Performance is suffering due to too many page faults, so the
system slows down CXL → SSD demotions, which quickly exhausts CXL capacity. The
system responds by increasing the aggressiveness of CXL→ DRAM promotions, saturating
CXL bandwidth. Page faults slow down even more, as they contend for already saturated
CXL bandwidth, further exacerbating the performance problem.

As these examples demonstrate, we need a principled way to reduce this complexity and
manage the coupling. Doing so will allow us to steer the system toward our intended targets
(e.g., lower bandwidth usage, higher CXL utilization, or lower performance degradation)
without having to manually account for all the permutations of coupled behaviors.

Failures of Naive Solutions

One might be tempted to borrow solutions from existing multi-tier systems. For example,
the computer architecture community has extensively studied the management of multi-
level CPU caches [82]. However, hardware caches operate with a fundamentally different
goal: they try to maximize upper-level cache occupancy, only evicting data to make room
for an incoming item. In contrast, our system strives to proactively create as much space
as possible in the ”top-level cache” (DRAM), while taking performance, SSD endurance,
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and other factors into account. The proactive migration creates a totally different problem
with more degrees of freedom and complexity.

A naive three-tier setup, cobbled together using Linux’s default mechanisms (Transpar-
ent Page Placement (TPP) [145] for DRAM-CXL management and swap for the CXL-SSD
path) exemplifies this limitation. When evaluated against a memcached workload (setup
described in §4.6), the system failed to reduce DRAM usage meaningfully. The DRAM
tier remained over 99% full, while SSD utilization was negligible (less than 0.3% of the
application footprint). This occurs because TPP maximizes DRAM occupancy like a tra-
ditional cache, and Linux treats swapping as a reactive ”failure path” triggered only when
upper tiers are exhausted. Ultimately, managing three-tier memory as a conventional cache
hierarchy fails to achieve our goal.

Another straightforward approach is to layer two independent two-tier management
systems. We evaluated this design by combining two separate proactive demotion control
loops, DRAM → CXL and CXL → SSD (configured identically to Pensieve). 1 By em-
ploying proactive demotion, this setup overcomes the shortcomings of TPP and achieves
some DRAM saving (23%). However, it is not as effective as Pensieve (38%). This out-
come is unsurprising: because the CXL → SSD loop proactively demotes pages from CXL
without coordinating with the DRAM → CXL loop, it causes under-utilization of the
higher-performance CXL tier (33%, compared to 80% of Pensieve), which hurts appli-
cation performance and creates unnecessary SSD writes, aggravating endurance concerns.
This further highlights the importance of explicitly managing the coupling and interactions
between different policy decisions within a three-tier architecture.

4.4 Design

We design our three-tier memory system by systematically reducing this complexity and
managing coupling in a controlled manner. We first give an overview of Pensieve’s op-
eration (§4.4.1) and discuss its key high-level design decisions (§4.4.2). We then present
specific aspects of the design, including the choice of indicator metrics (§4.4.3), the control
algorithm (§4.4.4), and the configuration of different data migration paths (§4.4.5).

4.4.1 System Overview

Pensieve, illustrated in Figure 4.1, makes three high-level design decisions to reduce decision
complexity and manage coupling: a hierarchical data path, decoupled DRAM→ CXL and
CXL → SSD management, and a single dynamic control knob for the whole system. The
hierarchical data path (shown by the black arrows in the data path box) means that new
pages are allocated in the DRAM tier; as they cool down, Pensieve demotes them first
to the CXL tier and eventually to the SSD tier. Conversely, as pages are accessed more
intensely, they are promoted from SSD to CXL, and eventually back to DRAM. The direct
DRAM-SSD path is disabled in the common case.

1To achieve this, we had to fix several broken Linux mechanisms regarding three-tier support. We
discuss these implementation details in §4.5.1.
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Figure 4.1: Pensieve high-level design. Black arrows mark data path operations. The
control paths are shown in green.

The system decouples the operation of the DRAM ↔ CXL and CXL ↔ SSD subsys-
tems, allowing them to be separately optimized for different goals: DRAM↔ CXL aims to
minimize the DRAM footprint by proactively demoting data based on a coldness threshold.
CXL ↔ SSD aims to keep CXL memory utilization high by enforcing utilization thresh-
olds, providing performance and endurance benefits. DRAM → CXL demotion is tuned
dynamically (blue gear), whereas the other three data paths are managed statically (red
locks).

The overall hierarchy is controlled using a single control knob, the coldness threshold
for DRAM → CXL demotion. The system monitors a set of indicator metrics, which
the controller uses to dynamically adjust the coldness threshold, thus directly influenc-
ing DRAM → CXL operations and indirectly influencing CXL → SSD operations. This
carefully managed coupling ensures that the system is within its operational range while
achieving our design goals.

4.4.2 High-Level Design Decisions

Pensieve’s high-level design choices serve to prune the design space and simplify the sys-
tem architecture while ensuring (through data-driven analysis) that all performance and
operational requirements are met.
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Hierarchical Data Migration Path

Pensieve enforces a strict hierarchy by disabling direct page migration between the top and
bottom tiers (i.e., DRAM → SSD and SSD → DRAM) in the common case.2 This choice
significantly prunes the large decision space: during demotion or promotion, Pensieve no
longer needs to decide where to migrate (e.g., whether to demote a DRAM page to CXL
or directly to SSD)—only when and how much to move. This approach offers significant
performance and operational benefits:

CXL tier as a filter. The CXL tier acts as a ”cooling-off” zone, ensuring only genuinely
cold pages are demoted to SSD to avoid order-of-magnitude-slower page faults for warm
data. Similarly, promoting a page directly to DRAM upon a page fault—before confirming
it is truly hot—can waste precious DRAM capacity. On a randomly chosen production
server in our data center, we observed that 34% to 57% of swapped-in pages do not see
subsequent accesses after two minutes. The CXL tier again serves as a buffer, allowing the
system to verify a page’s hotness before granting it a spot in DRAM. Such hierarchical
simplification removes choices in a way that ensures the placement decisions the system
makes are inherently low-risk.

Temperature gradient and observability. This hierarchy enforces an approximate
”temperature gradient”: DRAM for hot data, CXL for warm data, and SSD for cold data.
This makes the system much easier to reason about and monitor.

To further enforce this hierarchy, we also restrict new page allocations to the DRAM
tier, as shown in Figure 4.1. Pages are only placed in lower tiers once they are identified
as cold. This decision is driven by the recognition that newly allocated pages are almost
universally hot, as applications generally allocate memory with the intent of immediate use.
Interestingly, even pages that appear cold immediately following allocation often become
hot suddenly. These pages often back the free lists of user-space allocators (e.g., tcmalloc);
consequently, they may be used to house hot objects at any moment. Since there are no
reliable signals to distinguish which new pages will remain cold, DRAM is the most robust
initial placement.

Decoupled DRAM ↔ CXL and CXL ↔ SSD Management

To further simplify system management, we decompose the three-tier hierarchy into two
loosely coupled subsystems. They are optimized for different goals and employ distinct
logic. The DRAM → CXL subsystem aims to minimize the DRAM footprint by
aggressively and proactively demoting as many pages as possible from DRAM to the CXL
tier, provided the system remains within its constraints.3 Its operation is governed by
a dynamically tuned page coldness threshold: any pages colder than the threshold are
proactively demoted. This effectively achieves the goal of maximizing DRAM savings.
The CXL → SSD subsystem aims to maintain high CXL utilization through static

2Under near-out-of-memory (OOM) conditions, we allow SSD → DRAM to prioritize system stability
over tiering efficiency.

3Promotion from CXL back to DRAM is configured statically (§4.4.5), but the overall footprint man-
agement remains dynamically optimized.
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management, avoiding the need for complex, dynamic adjustments. Keeping data in the
CXL tier is strictly beneficial compared to SSD eviction as long as CXL capacity allows.
It ensures higher performance and benefits SSD endurance by avoiding unnecessary writes,
all without hurting the primary goal of maximizing DRAM savings. This subsystem evicts
pages only when the CXL tier reaches its target utilization. The separation transforms
a complex, global optimization problem across three tiers into two distinct tasks with
simplified goals and constraints, significantly reducing complexity.

Note that for both subsystems, we decouple the system’s control path from its data path
by configuring ”migration thresholds” for data path. These thresholds can be dynamically
tuned (e.g., the page coldness threshold in the DRAM→ CXL path) or statically configured
(e.g., the CXL utilization threshold on the CXL → SSD path). The control path does not
adjudicate individual page migrations; it focuses on the high-level logic of adjusting these
thresholds based on shifting workloads or system pressure. The data path then uses these
thresholds to make fast, autonomous, per-page decisions without synchronous control path
involvement.

Single Control Knob

Our final major system design simplification is establishing a single dynamic control knob
that governs (directly and indirectly) the entire system. Concretely, this implies two key
design choices.

First, Pensieve deploys a static threshold for CXL → DRAM promotion. Instead of
allowing both the demotion (DRAM → CXL) and promotion (CXL → DRAM) paths—
which exert opposing forces on the system—to be dynamically adjusted, we restrict the
promotion path to a static, pre-configured criterion. This prevents ”knob contention,” a
scenario where two dynamically adjustable, opposing paths ”chase” each other, leading to
performance oscillations and page ”ping-ponging.” By locking one side of the migration
loop, we ensure the controller remains predictable and converges quickly, even under volatile
workloads.

Second, Pensieve uses indirect control for the CXL → SSD path. Instead of avoiding
the coupling between tiers, we actively leverage it based on a key observation: although
the CXL ↔ SSD control subsystem has fewer explicit degrees of freedom (as demotion is
capacity-driven and promotion is mandatory), we can indirectly tune its aggressiveness by
adjusting the DRAM→ CXL demotion threshold. Because both loops share the CXL tier,
aggressive demotion from DRAM to CXL pushes CXL utilization over target, which in
turn forces more frequent CXL → SSD evictions. Conversely, reducing the aggressiveness
of DRAM→ CXL demotions preserves CXL headroom, delaying or reducing the volume of
data swapped to the SSD. Effectively, the CXL tier acts as a pressure valve: by controlling
the ”inflow” (DRAM→ CXL), the system naturally controls the ”outflow” (CXL→ SSD),
thereby regulating the performance penalties from SSD accesses and reducing SSD write
traffic. We evaluate the effectiveness of this indirect control in §4.6.3.

A single control knob offers several advantages. First, it drastically reduces the decision
space—the system only needs to tune one knob rather than orchestrating the adjustment of
multiple coupled knobs and managing their complex interactions. But more importantly,
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single-variable control systems are extensively studied in control theory, allowing us to ap-
ply well-established algorithms with proven stability and robustness guarantees (as shown
in §4.6.2).

4.4.3 Indicator Metrics

Pensieve ensures system stability and prevents excessive performance degradation by con-
tinuously monitoring a set of indicator metrics that evaluate the performance impact of
the secondary memory tiers as well as system component utilization. The controller uses
these indicators to dynamically adjust the aggressiveness of tiering, ensuring the system
remains within an acceptable operational range.

To be effective in a production environment serving a broad spectrum of workloads,
these indicators must provide a universal and low-overhead approach for monitoring per-
formance and memory behavior. As a result, we focus on system-level metrics that can
be measured in a consistent, application-agnostic manner. They must serve as effective
leading signals of impending performance degradation or system instability, allowing the
controller to react promptly before actual SLO violations occur.

Next, we outline the indicator metrics for Pensieve. These metrics are designed to mon-
itor performance degradation caused by tiering and to identify system resource contention.
Pensieve is extensible, supporting the integration of additional metrics or more effective
alternatives.

STAR: Measuring CXL Performance Loss

Pensieve uses secondary tier access ratio (STAR) [55] as an indicator to estimate per-
formance loss due to accesses to the CXL tier. STAR is measured as the ratio of an
application’s memory bandwidth usage that goes to the slower CXL tier versus the to-
tal memory bandwidth usage; a higher value correlates with higher memory stall times
and greater performance loss. We chose STAR because it imposes negligible overhead to
measure online and has been demonstrated as an effective indicator of tiering performance
loss in hyperscaler environments [55]. We choose the STAR limit by profiling a set of
representative workloads and empirically correlating this value with acceptable levels of
performance degradation.

CXL Bandwidth: Avoiding Latency Spikes

CXL performance is highly dependent on bandwidth utilization: as CXL bandwidth nears
saturation, access latency increases non-linearly, causing system instability [212]. Since
CXL interconnect bandwidth is shared by all four data migration paths, in addition to
the direct memory accesses to the CXL tier measured by STAR, Pensieve must monitor
absolute system bandwidth and prevent the system from reaching the saturation point.
To determine the appropriate threshold, we profiled the CXL bandwidth-latency curve on
our testbed. We define the usage limit as the point where CXL access latency increases
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by 50%. This threshold naturally aligns with the ”knee” of the bandwidth-latency curve,
ensuring the interconnect remains in a well-behaved, predictable state.

PSI: Avoiding Excessive Page Faults

We monitor Pressure Stall Information (PSI) [203, 216]—the time tasks spend stalled while
waiting for SSD page-ins—to guard against the performance degradation due to excessive
page faults. We chose PSI over other metrics (e.g., page fault rate, or normalized promotion
rate [119]) because it accounts for two critical factors. First, not all page faults reside on
the critical path: many do not result in meaningful stalling. Second, the cost of a page fault
is non-uniform, shifting with SSD hardware capabilities and transient I/O contention. We
determined the PSI limit empirically by profiling a set of representative workloads, similar
to our approach for selecting the STAR threshold. Because PSI directly measures the
resulting stall time, it inherently accounts for the variations in SSD performance and does
not require a separate metric to account for I/O contention.

SSD Write Rate: Limiting SSD Wearout

Finally, we must monitor the SSD write rate to ensure it does not exceed the hardware’s
write endurance budget, as discussed in §4.3.1. Unlike the previous metrics, which impose
instantaneous performance constraints (P ≤ Ti) that must be satisfied at any given time,
the SSD write endurance budget (E) is a cumulative constraint that needs to be observed
over the SSD lifetime. To bridge this gap, we deploy a leaky bucket algorithm to translate
the cumulative budget into an instantaneous SSD write limit that the controller must
observe. This allows the system to accommodate temporary spikes in SSD write traffic,
which are common during workload phase shifts, as long as the long-term average remains
within the overall endurance budget.

4.4.4 Control Algorithm

Having established the indicator metrics, we describe the control algorithm that uses these
inputs to dynamically adjust tiering behavior. By design, the algorithm outputs a single
value: the page coldness threshold for DRAM → CXL demotion. This approach sig-
nificantly simplifies the controller by eliminating the need to orchestrate and coordinate
multiple, interdependent control decisions.

While the system uses a single control knob, it must respond to multiple indicator in-
puts, which represents a classic Multiple-Input Single-Output (MISO) control prob-
lem [189]. Following best practices in control theory, we decompose this problem into
multiple independent Single-Input Single-Output (SISO) loops [189]. Each SISO
loop monitors a specific indicator and independently calculates a candidate value for the
coldness threshold. To ensure that all system constraints are simultaneously satisfied, the
controller actuates the knob using the most conservative value produced by these loops.
This “min-win” approach ensures that if any single indicator signals impending instability,
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the system proactively throttles demotion aggressiveness, even if all other metrics remain
within safe bounds.

Individual Control Loop Design

For each individual loop, we employ a Proportional-Integral-Derivative (PID) controller [242].
The controller calculates an error term by comparing the current indicator value against
its limit, and adjusts the control output accordingly. PID controllers are well suited for
this task as they are simple to implement and offer strong stability guarantees [14].

However, careful consideration must be given to the choice of the PID controller’s output
variable (the actuator). While the system ultimately relies on a page coldness threshold
to execute migrations, using this threshold directly as the PID output is problematic. A
PID controller is designed to control continuous systems—where the system state can be
continuously and differentiably changed by the output. However, some coldness metrics,
such as page age [119], are coarse-grained and discrete. This, coupled with the continuous
nature of the PID controller, can cause the system to oscillate and fail to converge.

To achieve the necessary precision, we instead use the Target Offload Ratio—the ra-
tio of memory offloaded from DRAM relative to the total memory usage of the application—
as the controller’s primary actuator. This allows the PID controllers to operate on a con-
tinuous, fine-grained variable. The system then translates this ratio into the actual number
of pages to demote (ranking and demoting the coldest pages first, and progressively mov-
ing towards warmer pages) until the target ratio is met. Compared to directly actuating
a coarse-grained coldness threshold, this design allows the system to halt demotions at a
fractional interval within a single coldness bin once the target volume is achieved. This
ensures smooth, stable adjustments even when the underlying hardware or OS coldness
metrics are discrete and slow-moving.

4.4.5 Static Data Path Configuration

The other data migration paths are not dynamically adjusted like DRAM → CXL demo-
tions, but they must still be carefully configured to ensure cohesive and robust system
behavior.

Watermark-Based CXL → SSD Demotions

We govern CXL → SSD demotions using three static watermarks for free CXL capacity:
low, high, and min. Demotions trigger at the low watermark and continue until free
capacity recovers to the high watermark. This dual-watermark hysteresis prevents page
thrashing between the CXL and SSD tiers during minor capacity fluctuations.

The min watermark serves as an emergency stop, rarely triggered under normal op-
eration. If reached, Pensieve completely halts DRAM → CXL demotions, reserving the
remaining CXL space exclusively for mandatory SSD → CXL promotions. We sized the
threshold based on CorpX production telemetry to safely cover the 99th percentile of sud-
den, per-minute page fault bursts.
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Figure 4.2: Pensieve system overview.

Access-based CXL → DRAM Promotions

We statically configure the CXL → DRAM promotion criterion to select pages that are
accessed in two consecutive observation windows. Requiring accesses across two consec-
utive windows effectively filters out the ”one-hit wonder” pages that are only fleetingly
accessed [145]. Choosing a short window size allows the system to react promptly, min-
imizing the performance penalty of accessing newly hot pages from the slower CXL tier.
To strike the right balance, Pensieve uses a 5-second observation window.

Mandatory SSD → CXL Promotion

Accessing a swapped out page on SSD results in a mandatory promotion via a page fault.
By default these promotions strictly target the CXL tier (§4.4.2). We do, however, allow
an emergency fallback path: if the CXL tier has no free space and cannot accommodate
the incoming page, the page is promoted directly from the SSD to DRAM. This emergency
bypass avoids fatal out-of-memory errors and crashes, improving system reliability under
extreme memory pressure.

4.5 Implementation

Figure 4.2 shows the system architecture of Pensieve. It consists of two components: a
userspace daemon (tierd) and a set of kernel mechanisms. tierd handles the policy and
control aspects of the system (≈ 2100 lines of C++ code). It takes the indicators (measured
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by the kernel) as inputs, runs the control algorithm every 5 seconds, and outputs the target
ratio of pages to be offloaded from DRAM, which is then executed by the kernel. tierd

incurs minimal runtime overhead (2% of one CPU core and 60MB of memory).

The kernel mechanisms are implemented on top of a fork of upstream Linux kernel
6.6. Importantly, this kernel runs a global page access detection thread, which periodically
scans the PTEs and increases the age of any un-accessed page. We modify the kernel to
implement the data migration paths based on the migration thresholds. The kernel also
collects the indicators metrics (PSI, STAR, SSD write rate, and memory bandwidth usage)
and passes them to tierd.

4.5.1 Missing Linux Support for Three-Tier Memory

While Linux can support both CXL (as a CPU-less NUMA node) and SSD tiers, it lacks
mechanisms to explicitly control the data flow between these tiers at a fine granularity.
First, Linux does not support controlling demotion from the CXL and DRAM tier sepa-
rately. To address this, Pensieve introduces fine-grained interfaces to independently control
demotion from the DRAM and CXL tiers, allowing the system to precisely specify the num-
ber of pages to demote from each. Second, when a page is swapped in, Linux does not
provide control over its placement. Instead, it relies on a hard-coded policy of placing the
page in the local NUMA node, falling back to remote NUMA nodes if full. Pensieve allows
the system to explicitly specify the primary and fallback destination tiers, offering precise
control over the promotion path. Finally, Pensieve implements a customized PSI met-
ric, which more accurately accounts for page-fault-induced performance loss in the highly
parallel applications we support than the existing PSI metric Linux offers [203].

4.5.2 Flexible Coldness Tracking

Pensieve is designed to support different page coldness tracking mechanisms (e.g., page
aging [55, 119], LRU lists, or custom hardware mechanisms [39]) as long as they can be
translated into a per-page coldness/hotness indicator, which we use for migration threshold
comparisons. Our current implementation uses access bit-scan based page aging, tracking
the number of scans for which a page is inactive as the coldness indicator. However,
Pensieve can accommodate emerging hardware-assisted telemetry to lower CPU overhead
and increase the resolution of hot/cold information [39].

4.6 Evaluation

We evaluate Pensieve to address three key questions: (1) Can Pensieve achieve greater
DRAM savings than two-tier DRAM+SSD or DRAM+CXL systems while maintaining
target performance? (2) Can Pensieve remain stable under dynamic workloads and varying
operating conditions? (3) Are our key design choices well-founded?
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Testbed We evaluate Pensieve on a dual-socket Intel Granite Rapids CPU server equipped
with 768 GB DDR5 DRAM, 384 GB DDR4-backed CXL memory [39], and a 150 GB SSD
swap partition [192]. The CXL memory subsystem delivers a peak bandwidth of 35 GB/s
with an unloaded latency of 360 ns.

By default, we set the following CXL utilization watermarks: min (2%), low (10%),
and high (15%). We set performance loss thresholds to 10% STAR and 0.5% PSI, which
empirically maintain acceptable application performance. To ensure longevity and stability,
we limit the SSD endurance write budget to 8 MB/s and cap CXL bandwidth at 31 GB/s.
At this bandwidth, CXL latency increases by 50% over the unloaded baseline.

Baselines We compare Pensieve against DRAM-only, DRAM+CXL, and DRAM+SSD
configurations. The DRAM+CXL baseline employs a feedback-driven control loop to reg-
ulate proactive demotion from DRAM to CXL, using STAR as a performance indicator—
consistent with the design in [55]. The DRAM+SSD baseline uses a similar control loop
for proactive reclamation driven by PSI [216]. We exclude default Linux two-tier config-
urations as they lack proactive mechanisms to free up DRAM, a core requirement of our
system.

Table 4.1: Summary of evaluated applications in Pensieve.

App Description Metric

Memcached [60] In-memory object cache; the mean of request keys shifts over time. Req / sec
GAPBS [27] Betweenness Centrality. Time
Mediawiki [174] Web serving (language runtime, reverse proxy, database, cache). Req / sec
DB Distributed relational DB at Meta. Req / sec
RB [185] Emulates hotness distribution. None

Workloads Table 4.1 summarizes our evaluation workloads, which are memory-intensive
and representative of real-world data center applications. Open-source workloads cover
caching, graph processing, and web serving. DB is a distributed relational database in
production at Meta. RB [185] emulates the page hotness distribution from hyperscalers’
production traces; it does not report a performance metric. Because total memory capacity
in our testbed exceeds the memory footprint of our evaluated workloads, we emulate a 3:1
DRAM:CXL ratio (consistent with hyperscaler deployment patterns [145]) by scaling the
available CXL tier to 25% of the footprint and disabling remaining physical memory. For
baselines without CXL, we ensure DRAM capacity fits 100% of the workload footprint.
Since DRAM savings fluctuate during execution, we report the average savings achieved
over three independent trials.

4.6.1 DRAM Savings and Performance

Pensieve consistently achieves greater DRAM savings than two-tier baselines while re-
maining within performance loss limits across applications with diverse memory access
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patterns. Figure 4.3 shows the DRAM savings and performance degradation for Pensieve
for all systems relative to DRAM-only. Pensieve delivers on average 33% DRAM sav-
ings across workloads, substantially outperforming DRAM+CXL (21%) and DRAM+SSD
(18%) two-tier systems.

DRAM+CXL savings are strictly capped by the provisioned CXL capacity (25%). Pen-
sieve bypasses this constraint, achieving 33–44% savings (excluding GAPBS) while adher-
ing to our 5% performance loss target. Although DRAM+CXL maintains lower perfor-
mance overhead—since all migrated pages reside in the more performant CXL tier—it fails
to meet our primary design goal of maximizing DRAM savings.

Compared to DRAM+SSD, where DRAM savings range from 15%–38% (excluding
GAPBS), Pensieve consistently delivers superior savings with lower performance loss.
While DRAM+CXL is capacity-constrained, DRAM+SSD is primarily limited by the per-
formance degradation of the SSD tier. Pensieve alleviates this bottleneck by effectively
utilizing the intermediate CXL tier, enabling higher DRAM savings without the steep
performance penalties of SSD-only tiering.

Among the evaluated workloads, GAPBS is a unique edge case: its limited cold memory
fits within the CXL tier and incurs negligible performance impact when offloaded. For such
workloads, a three-tier system offers no marginal benefit over two tiers. In this case, Pen-
sieve correctly defaults to two-tier behavior, offloading all cold memory without additional
overhead. Our analysis of Meta’s workloads suggests GAPBS is an outlier though. Most
data center workloads contain significant cold data—prior studies identify an average of
35% (and up to 62%) of memory as idle [145, 216]. This presents a substantial opportunity
for Pensieve to improve DRAM efficiency, breaking the limits of a single secondary tier.

Performance vs. Savings Trade-offs To investigate the relationship between DRAM
savings and performance loss, we analyze memcached and mediawiki by varying their
STAR and PSI limits. Figure 4.4 presents the resulting Memory-Saving Performance Curve
(MPC), which maps achieved DRAM savings against application performance loss. Curves
shifting toward the top left represent superior efficiency, achieving higher DRAM savings
with minimal performance impact.

Figure 4.4 illustrates the MPCs for memcached (top) and mediawiki (bottom), show-
ing that Pensieve consistently outperforms two-tier baselines. While DRAM+CXL (blue)
offloads memory with minimal performance degradation (under 2%), it is strictly capped
by the CXL physical capacity, peaking below 25% due to CXL tier watermarks (§4.4.5).
Pensieve bypasses this limit by swapping the coldest pages to SSD to demote warmer pages
to CXL, reaching 49% DRAM savings at an 8.5% performance loss for memcached. Al-
though the DRAM+SSD baseline can increase savings by accepting higher performance
degradation, it is constrained by the SSD write endurance limit at 24% savings. Medi-
awiki confirms this trend: while DRAM+SSD achieves comparable savings to Pensieve
(38% vs. 41% for Pensieve), it incurs a significantly higher performance cost (7.2% vs.
3.5%). Across all thresholds and workloads, Pensieve delivers superior DRAM savings by
effectively leveraging the three-tier hierarchy.
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Figure 4.3: DRAM tier savings and performance losses measured by application-specific
metrics of two-tier systems and Pensieve. To the right of the dotted line is a Meta produc-
tion workload. RB does not report performance.

4.6.2 System Stability

Dynamic workloads Pensieve maintains stability within target operational ranges even
under high workload churn. We evaluate this using memcached with a shifting ”hot set”—
a normal key distribution whose mean moves every 10 minutes, forcing the system to
continuously adapt. The workload comprises 3.5 M keys (2–8 KB each). Figures 4.5 and
4.6 depict the resulting memory usage timeseries and the corresponding STAR and PSI
metrics.

Following a five-minute initialization, Pensieve begins offloading DRAM. By minute
20, memory utilization across all tiers stabilizes, offloading 6GB of DRAM while fully
utilizing the high-performance CXL tier. While the system initially overshoots STAR
and PSI thresholds, it recovers by promoting pages from the SSD and CXL tiers back to
DRAM. By minute 50, PSI and STAR converge at their predefined limits, maximizing
DRAM savings without compromising performance. As the memcached access pattern
shifts every 10 minutes, both metrics momentarily spike. Pensieve responds by identifying
the active constraint (one of STAR, PSI, and swapout rate), using the deviation to throttle
offloading and redistributing pages across the tiers to accommodate the new working set.
Figure 4.7 illustrates these active constraints or the normal state when all are satisfied.
This experiment demonstrates the resilience of Pensieve’s control logic during dynamic
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Figure 4.4: DRAM savings at various application-reported performance losses, comparing
Pensieve and two-tier systems using memcached (top) and mediawiki (bottom). The larger
dots show the operating points of Figure 4.3.

workload transitions.

CXL bandwidth contention Because memcached alone cannot saturate CXL band-
width, we use Intel MLC [94] to consume 31 GB/s of CXL bandwidth in the background.
We then compare Pensieve against a variant that lacks an explicit CXL bandwidth con-
straint. Without this constraint, Pensieve still respects STAR and PSI targets and achieves
the same DRAM savings reported in § 4.6.1, yet memcached throughput drops by 5.1%.
This occurs because CXL latency spikes near saturation; at these levels, identical STAR
values translate to significantly higher performance degradation. This justifies the inclusion
of a CXL bandwidth constraint to ensure predictable application performance.
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Figure 4.5: Timeseries of memory usage of memcached.
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Figure 4.6: Timeseries of STAR and PSI of memcached.

4.6.3 Validating Design Decisions

Hierarchical Data Path

Pensieve organizes the three tiers as a hierarchy and allows only page migrations between
adjacent tiers during normal operations. To understand the effects of this decision, we
compare to a modified system where promotions from SSD go to DRAM, as in many
existing memory tiering solutions [145]. We see that if swapped in pages go directly to
DRAM, the achieved DRAM savings drop by 4% compared to our design (34% vs. 38%),
while their performance differences are within the margin of error. This is because of
a constant stream of non-hot pages landing in DRAM, which take time to age and be
demoted to lower tiers, inflating the DRAM usage. To confirm this theory, we further
analyze the subsequent accesses to the swapped-in pages during the experiment. We find
that 51% of swapped in pages become cold again after 30 seconds, being poor candidates
to be promoted directly to the DRAM tier. In conclusion, Pensieve’s hierarchical data
paths are beneficial in filtering promotions through the CXL tier to avoid inappropriate
page placement.
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Unified Control

Pensieve manages the DRAM ↔ CXL and CXL ↔ SSD data paths in one unified control
loop. In §4.3.2, we attempted stacking two independent control loops on top of each other,
and observed low CXL tier utilization. We extend the configuration by adding a CXL
utilization constraint: CXL → SSD demotions happen when both PSI is under limit and
CXL utilization is high. We still observe unsatisfactory results, because when PSI is high,
CXL→ SSD demotion will stop, blocking further DRAM→ CXL demotions and reducing
the DRAM savings to 32% compared to 38% under Pensieve. Furthermore, a high PSI may
leave no space in CXL for SSD→ CXL promotions: in fact, we observe numerous instances
of uncommon case SSD → DRAM promotions (§4.4.2). Although further optimizations
to resolve more couplings are possible, our attempts highlight the fragility of using two
separate control loops with independent control knobs and the additional tuning required
to make them work well.

Indirect Control

We evaluate whether Pensieve’s single control knob of DRAM→ CXL demotion threshold
is effective for controlling all data paths. The experiment uses memcached plus an I/O
test application [21] that generates antagonistic I/O requests to the SSD device, starting
the I/O test once a significant number of memcached pages are offloaded to CXL and SSD.
With the SSD device under heavy use, page faults incur significantly higher latencies,
driving memcached’s PSI value to 28% and illustrating that PSI is responsive to dynamic
SSD performance. Pensieve senses the PSI violation and increases the threshold for DRAM
→ CXL promotions. In response, DRAM → CXL demotions slow immediately, followed
by CXL → SSD demotions after about one minute, reducing DRAM savings. Once a
sufficient number of pages are promoted from the SSD tier to bring PSI below its limit, the
demotion pipeline resumes. This experiment shows that Pensieve can effectively manage
the entire tiering hierarchy using a single control knob.

4.7 Related Work

Memory Tiering: Extensive prior work addresses memory tiering, including page mi-
gration strategies [121, 212], performance modeling [55, 77, 128, 129, 216], hardware sup-
port [238, 240], and page sizing [2, 121]. Most relevant to Pensieve are systems designed
for data center memory overcommit that proactively reclaim top-tier DRAM by offloading
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memory to a secondary tier, such as compressed memory [126, 216], SSDs [216], NVM [55],
or CXL [145]. However, these remain strictly two-tier architectures. TMO [216], for in-
stance, statically assigns either compressed memory or SSD as the sole secondary tier per
application. In contrast, Pensieve operates as a true three-tier system.
Performance Indicator Metrics: To quantify application degradation caused by mem-
ory tiering, Pensieve relies on online performance indicators. While recent work has pro-
posed various system-level metrics [77, 128, 129], those requiring offline profiling [128, 129]
are incompatible with Pensieve’s dynamic, online control loop. Pensieve is modular and
can integrate new online indicators as they emerge.
Multi-tier Storage Systems: Pensieve conceptually resembles multi-tier storage systems[45,
72, 103, 114, 118, 147], which proactively migrate inactive data to slower, cheaper tiers (e.g.,
HDD or tape) while reserving faster tiers for active data. Pensieve diverges from traditional
storage tiering in two critical ways. First, while lower storage tiers tend to have higher
capacity, Pensieve is explicitly capacity constrained by the CXL tier, necessitating care-
ful management of tier interdependencies. Second, storage systems can directly observe
the access frequency and overhead of data under their management since they operate
on the path of access. In contrast, Pensieve must use performance indicators to measure
the overhead of accessing data on the slower CXL tier, requiring careful selection of such
indicators.
Control Theory in Systems Management: PID controllers have been widely deployed
in systems design to ensure operational stability under highly dynamic conditions [81, 153,
165, 214] across diverse environments [14, 242]. Pensieve draws from foundational principles
in control theory to simplify a complex, highly coupled Multi-Input Multi-Output (MIMO)
environment into a manageable MISO model [81, 189]. This deliberate simplification of
the three-tier control path avoids the instability of interfering control loops, achieving
predictable and low-overhead management.

4.8 Conclusion

Pensieve is the first three-tier memory system that combines swap-based and byte-based
memory tiers in a single system to solve the data center problem of reducing DRAM usage
while meeting performance and system-level constraints. It tames the complexity and cou-
pling challenges of three-tier systems using a hierarchical data migration path, decoupled
DRAM↔ CXL and CXL↔ SSD management, and a unified dynamic control knob for the
entire system. Pensieve achieves significantly greater DRAM savings than two-tier systems
alone, while maintaining acceptable application performance degradation, respecting SSD
endurance constraints, and maintaining stable operations even under dynamic workload
shifts and environmental changes.
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Chapter 5

Equilibria: Fair and Multi-Tenant
CXL Memory Tiering At Scale

5.1 Introduction

The rise in memory demands of data center applications has led to increased spending on
memory in data centers, including power consumption and capital expenditures [120, 152].
Memory can account for nearly a quarter of the rack power consumption and up to 44%
of the Total Cost of Ownership (TCO) of a typical compute server in Meta’s data centers.
Memory expansion based on CXL [46] has emerged as an effective way to mitigate the
cost and power challenges. CXL is a cache-coherent interconnect that can attach memory
backed by a multitude of technologies to the host [102, 145, 222, 227]. At Meta, recycled
older-generation DRAM is connected to the host via CXL, providing 20–30% of a server’s
total memory capacity, yielding significant cost savings. We refer to CPU-attached DRAM
as local memory and CXL-attached DRAM as CXL memory, and they are in two separate
NUMA nodes.

Despite its potential benefits, CXL memory introduces higher access latency, making
software support essential to prevent performance degradation. While applications may
explicitly manage allocations across NUMA nodes, our interactions with multiple product
teams within and outside Meta reveal a strong preference for transparent memory-tiering
mechanisms that abstract away this complexity. At the same time, data centers are in-
creasingly adopting multi-tenancy, where large servers are shared by multiple colocated
workloads. Multi-tenancy is a highly effective strategy for maximizing the utilization of
expensive hardware and improving performance per TCO. By colocating workloads with
complementary resource demands, multi-tenancy enables more balanced and efficient re-
source utilization. This approach not only boosts the performance of individual compute
nodes and reduces the number of servers required, but also enhances overall fleet efficiency,
ultimately improving cost-effectiveness and scalability across data centers.

Prior work [2, 16, 41, 42, 55, 110, 121, 123, 127, 145, 173, 184, 196, 212, 223, 226, 238]
has simplified the use of CXL memory through memory tiering, where hotter pages are
transparently migrated to local memory and colder pages to CXL memory. However,
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multi-tenancy introduces new fairness challenges for deploying CXL memory at scale that
have not been identified or examined by prior work. In this work, we for the first time
systematically uncover and characterize these challenges using insights from real production
deployments at Meta.

First, hyperscale services have diverse requirements for performance guarantees and
service level objectives (SLOs), which complicates the job scheduling due to performance
uncertainties. Existing memory tiering solutions lack multi-tenancy support and cannot
guarantee fair memory sharing across tiers among colocated tenants. They primarily opti-
mize for system-level metrics such as putting the system-wide hottest or most performance-
critical pages into local memory, ignoring fairness between colocated workloads. Even when
they do consider multi-tenancy, they rely on coarse categorizations [55, 123] of workloads
based on their importance such as critical/best-effort for scheduling jobs on tiered memory
systems. This ignores the problem that colocated ”critical” workloads need to meet their
own performance SLOs but still suffer from noisy neighbor effects. In fact, at Meta, the vast
majority of multi-tenancy setups are multiple instances of the same workload with SLO
requirements stacked together. This results in performance variability across containers
and leads to severe SLO violations. For example, when two workloads with different mem-
ory access patterns are colocated, one may receive the majority of the local memory while
the other receives very little under a conventional tiering scheme. For another example, in
a multi-tenant environment where tenants dynamically arrive and depart on hosts, work-
loads that launch later are disadvantaged, as they are forced to rely more heavily on CXL
memory after local memory has been exhausted. As we will demonstrate in Section 5.3
and 5.5, the lack of a fairness mechanism in colocating workloads leads to performance
losses of up to 65% for Meta’s production workload Cache, making CXL memory difficult
to deploy for production workloads.

Second, operations in memory tiering such as demotion, promotion, setting up NUMA
hint faults [2, 231], hint faults triggering, and others, are not virtualized across tenants
(through containers or VMs). This makes it impossible to monitor the performance and
tune the behavior of memory-tiering for colocated workloads, which is essential in today’s
data centers that run first-party workloads.

Finally, most existing solutions are not thrashing-aware. We find that if a workload is
thrashing between local and CXL memory, it can cause serious interference to colocated
workloads and slow down the entire system. Therefore, detecting and mitigating thrashing
is a prerequisite for a production-grade multi-tenant memory tiering solution. All of these
issues make CXL memory adoption in multi-tenant environments challenging, and new
solutions are needed to pave the way for CXL memory in data centers.

We build upon our learnings from deploying CXL memory in production and propose
Equilibria as the first holistic solution for fair multi-tenant CXL memory tiering in data
centers. Equilibria is a solution in the OS and userspace that has four main components:
(a) multi-tenancy-aware controls and observability for tiered memory – interfaces that
enable users to configure memory placement policies and monitor tiered memory utilization
and operations per tenant; (b) automatic memory fair share determination for a set of jobs
scheduled on a server by online profiling and solving an optimization problem of CXL
memory capacity, access, and bandwidth; and (c) demotion and promotion regulations
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that enforce the fair memory placement and meet the SLOs of colocated application; and
(d) thrashing mitigation that reduces the adverse effects of a thrashing workload to the
whole system.

We make the following contributions in this work:

1. We share our learnings from deploying CXL memory in production in Meta’s data
centers. They include the latest trends of memory hardware, bandwidth, application
adaptation, as well as the acute fairness issues that are exposed when multi-tenancy
is added to the equation. To our best knowledge, we are the first to share observa-
tions from a real-world CXL memory deployment in data centers with multi-tenancy
enabled.

2. We design and implement the first solution for fairness in multi-tenant CXL memory
deployments, Equilibria, which provides per-container tiering observability, memory
fair share determination and controls, and thrashing mitigation that help colocated
workloads meet their SLOs.

3. We evaluate Equilibria with benchmarks and Meta’s production workloads. Equi-
libria meets the SLOs of colocated applications and avoids performance anomalies,
providing up to 52% and 1.7× performance improvements across production and
benchmarks respectively over baseline Linux/TPP [145].

4. Equilibria is being deployed to the entire fleet of Meta. We have shared Equilibria
patches with the Linux community, a subset of which has been accepted upstream.

5.2 Background

5.2.1 Memory Costs in Data Centers and CXL Memory

Memory costs and power overheads have become a significant challenge in designing ef-
ficient systems for data centers. Figure 5.1 shows the contribution of memory towards
the overall rack-level cost and power for one compute server types at Meta. Over the
last decade, memory has grown to be one of the biggest contributors towards rack-level
capital expenditures (CapEx) and operating expenses (OpEx) [123, 145]. The reasons for
this trend are the following. First, workloads are dealing with more data, hence memory
bandwidth and capacity requirements per unit of work have grown over time. Further-
more, memory technologies have not been scaling at the same rate as the other hardware
components.

Compute Express Link (CXL) presents a promising approach to addressing this chal-
lenge, offering greater flexibility in terms of capacity, cost, and performance characteristics.
CXL is a cache-coherent interconnect that enables various memory technologies, including
DDR, LPDDR, NAND, and persistent memory. CXL memory is presented as memory-
only NUMA domains and has increased access latency compared to CPU-attached DRAM,
which can negatively impact application performance when significant portions of memory
accesses are to CXL memory. This means that software support is required to effectively
use CXL memory without compromising application performance.
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Figure 5.1: Memory as a % of rack TCO and power at Meta.

5.2.2 Containers for Multi-Tenancy

Data Centers have been moving towards larger servers in terms of cores and memory,
which are multiplexed to support multiple tenants using containers or virtual machines
(VMs). In fact, containers have become the de facto standard for continuously developing,
testing, distributing, and deploying applications at hyperscale. Some operators choose
to have an additional virtualization layer where a physical server is divided into VMs;
nonetheless, containers still run inside those VMs. Such containerization of application
deployment has been shown to reduce the cost of running a modern data center for the
following reasons. First, larger servers have lower TCO per unit of resources due to recent
hardware trends [71]. Second, having one application use up the resources of an entire
server is difficult, whereas containers allow multiple workloads to better fit the shape of
the server, reducing stranded resources. At Meta, multiple containers typically run side by
side on the same physical server, and host agents collect per-container metrics to monitor
workloads’ performance and set the resource limits of each container. Therefore, any CXL
memory deployment must have full support for multi-tenant deployment with containers
and provide container-level observability and configurability of memory tiering.

5.3 Learnings from Production

While CXL memory offers significant potential for reducing memory costs in data centers,
the initial deployment of CXL memory in Meta’s multi-tenant data centers reveals several
key challenges that must be addressed.

5.3.1 Real vs. Emulated CXL Memory

Prior work in CXL memory has primarily relied on emulating CXL memory by disabling
CPU cores on multi-NUMA node machines. However, we noticed that emulated CXL
memory differs from real CXL memory in the following performance characteristics. Fig-
ure 5.2 depicts the latency versus bandwidth for local, remote (across NUMA-node), and
CXL-attached memory. Real CXL memory has higher idle latency (by 27 ns) and higher
loaded latency (by 37 ns at 30% load) compared to emulated CXL memory, while the
achievable peak bandwidth efficiency is lower. This implies that workloads running on a
real CXL system will generally be more sensitive to the efficacy of memory tiering than em-
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ulated systems might suggest, and highlights the importance of evaluating memory tiering
solutions on real hardware.
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Figure 5.2: Latency versus bandwidth for different memory tiers.

5.3.2 Capacity-Bound Apps Use Little CXL Bandwidth

When running memory capacity-bound workloads, we observe that most have a signifi-
cant amount of cold memory that can be placed in CXL memory without compromising
application performance. Table 5.1 shows data from three large production applications
at Meta running on a system with 1TB of total memory (768GB local and 256GB over
CXL). Each application uses a significant percentage of CXL memory capacity, but drives
a very small amount of bandwidth on the CXL bus. This shows that we do not need to
provision a large number of PCIe lanes to attach CXL memory devices to get the bulk of
the benefits from CXL memory expansion. So, we continue to use a single x8 or x16 PCIe
controller to connect CXL memory across several generations of servers.

Application Local Mem Used CXL Mem Used Local BW CXL BW
App A 718 GB 101 GB 157 GBps 3 GBps
App B 740 GB 104 GB 40 GBps 1 GBps
App C 508 GB 151 GB 41 GBps 3 GBps

Table 5.1: Bandwidth usage of memory capacity-bound apps.

5.3.3 CXL Does Not Remove Bandwidth Bottlenecks

While CXL memory potentially offers both memory capacity and bandwidth benefits, an
analysis of Meta’s production workloads and hardware indicates that additional memory
bandwidth from CXL memory has limited practical use in current deployments. As shown
in Table 5.2, CXL memory provides only a small fraction of total system bandwidth (10%),
and the ratio of CXL to local memory bandwidth has not scaled over hardware generations.
Furthermore, relying on DDR main memory bandwidth scaling is more power efficient than
increasing the number of PCIe lanes to get additional memory bandwidth from CXL.
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To illustrate this point further, Table 5.3 shows data from a memory bandwidth-bound
production workload while using different interleaving ratios to place a portion of applica-
tion memory on CXL and utilize the additional bandwidth for performance improvements.
Overall, we only see up to a 2.5% performance upside on this application on a system
configured to provide 10% of its total memory bandwidth on CXL (the Gen1 system from
Table 5.2). Therefore, we focus on capacity expansion rather than bandwidth improve-
ments, providing significant savings by extending memory capacity at low costs through
the reuse of older DRAM.

Hardware CXL-Mem Local-Mem CXL-Mem: CXL-Mem:
Gen Bw. Bw. DRAM Bw. DRAM Cap.

Gen1, Year 1 30GB/s 300 GB/s 0.1 0.25
Gen2, Year 3 60GB/s 620 GB/s 0.1 0.33
Gen3, Year 3 60GB/s 620 GB/s 0.1 0.375

Table 5.2: Bandwidth and capacity scaling of memory.

Interleaving Local Bw. % CXL Bw. % Relative Perf
1:0 59% 0% 1.00
2:1 31% 48% 0.97
3:1 46% 25% 1.025
4:1 48% 21% 1.021

Table 5.3: Application performance gains from CXL bandwidth.

5.3.4 Most Applications Require Transparent Tiering

Achieving broad adoption of CXL memory for capacity expansion hinges on minimizing the
burden on application developers. In working with owners of major workloads at Meta, we
observed a strong reluctance to implement custom memory management logic within their
applications. Determining which data is hot or cold and managing its placement across
memory tiers adds significant complexity, especially given the diverse server hardware
generations and types on which these applications must run. Consequently, we focus on
transparent memory tiering mechanisms instead of pursuing per-application support.

5.3.5 Hardware Support for Tiering is Insufficient

Ideally, hardware might assist with transparent tiering [11, 40, 93, 122, 183, 220, 232],
but current processor architectures and memory hardware have not evolved to adequately
support memory tiering. For instance, Intel’s Two-Level Memory (2LM) [164, 238] provides
hardware-managed tiering, but has crucial limitations. First, it requires a direct-mapped
DRAM region as a cache for the CXL memory, necessitating a 1:1 hardware-managed
local memory to CXL memory ratio. Secondly, it is not application-aware and cannot
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Figure 5.3: Unfairness in existing tiered memory systems. Container A with hotter access
patterns gets 100% local memory, whereas Container B gets only about half.

apply per-app policies. Similarly, while CXL memory or DRAM may incorporate hotness
monitoring units and autonomously perform memory tiering, such features are not widely
implemented.

Given these hardware limitations, we build upon the software support in the OS to
manage CXL tiered memory and ensure fairness under multi-tenancy. In the future, we
envision targeted hardware support for page migration and hotness tracking that works
together with the OS to manage CXL memory with less overhead and more precision.

5.3.6 Multi-Tenancy and Fairness

Existing tiered memory systems primarily make system-level decisions such as putting the
system-wide pages that are hottest or most critical to performance into local memory,
ignoring fairness between colocated workloads. This can cause applications with colder
access patterns to suffer. To demonstrate this point, we used two instances (Container A,
B) of a streaming microbenchmark that accesses memory at configurable hotness levels,
where hotness is defined as the frequency of repeated memory access on a block of memory.
As shown in Figure 5.3, Container A, which has twice the hotness of Container B, is able to
eventually have all its memory footprint in local memory when local memory is contended.
On the other hand, Container B only gets about half of its memory footprint in local
memory, leading to a lower access throughput compared to Container A.

Furthermore, there are performance variations between workloads that exhibit the same
access hotness solely due to their launch order. We launch two instances of the microbench-
mark with the same hotness, and Container B is launched 30 seconds later than Container
A. Container A allocates memory first and is able to get all local memory. When Con-
tainer B starts, local memory is exhausted, so it spills to CXL memory. Then, the memory
distribution remains mostly unchanged for both Container A and B, but the performance
of Container B is permanently impaired with 28% lower access throughput than Container
A because of its high CXL memory usage. Even though Linux attempts to keep a small
amount (controlled by the low/min watermarks) of local memory free so that new alloca-
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tions (assumed to be hot) have a higher chance of landing on local memory [145] before
falling back to CXL memory, kernel background/kswapd reclaim can only free up local
memory when there are inactive pages, and often cannot keep up with the speed of new
allocations so they fall back to CXL memory.

Finally, if a workload is thrashing between local memory and CXL memory, existing
memory tiering solutions do not limit its negative performance impacts on other colocated
workloads. We launch the microbenchmark with a working set significantly larger than
the capacity of local memory, causing heavy thrashing. We also run two other instances
of the benchmark with non-thrashing access patterns in CXL memory. We observe that
under baseline Linux, there are constant and heavy promotion and demotion activities
attributed to the thrashing workload at over 100K pages per second, while the other two
workloads are deprived of memory tiering management attention with less than 1/10th of
the page migration activities than when they run alone, so they are stuck using mostly
CXL memory and have 7% lower throughput than when they run alone. This demonstrates
that without proper mitigation, a thrashing workload has global negative effects on tiered
memory systems.

In summary, the lack of fairness when using CXL memory leads to performance variabil-
ity, and any tiering solution must resolve the fairness issue in multi-tenant environments
to be deployed in production data centers.

5.4 Equilibria Design

We propose Equilibria, a holistic solution in the OS and container runtime to ensure fairness
and meet workload SLOs in multi-tenant data centers with CXL-based tiered memory.

5.4.1 Fairness: Definition and Challenges

We define fairness as each colocated workload being able to run at a performance level that
meets its SLO, regardless of when it is launched and with whom it is colocated. The goal of
Equilibria is to help workloads always achieve their performance targets even with diverse
colocated workloads and varying job schedules. Equilibria focuses on memory placement
of colocated workloads and guarantees that a certain ratio of an application’s pages are
placed in local memory. For the vast majority of production workloads at Meta, this is
sufficient to guarantee that the performance of a workload using tiered memory is at a
target level. We call it the fair share of local memory. There are two benefits of the
approach. First, the mixture of local and CXL memory usage of an application is the
common way in the literature to predict and control the performance levels of applications
running on tiered memory systems [77, 145]. Secondly, the other potentially contended
resource—CXL memory bandwidth—is also tied to the ratio of local vs. CXL memory
usage; controlling the ratio is sufficient to also manage the contention on CXL bandwidth
for capacity-bound workloads.

However, determining the fair share of an application is challenging for the following
reasons. First, naively setting the fair share according to the system-wide local memory

90



vs. total capacity ratio, or evenly dividing the local memory capacity, leads to subopti-
mal performance as applications’ varying memory access patterns are not accounted for.
Secondly, the application owners at Meta have reported that it is difficult to determine
the fair share as there is not a standard procedure and toolkit for that. Thirdly, the job
scheduler may frequently decide to colocate a new set of jobs on a server that has not
appeared before; different job combinations demand different memory fair shares.

5.4.2 System Overview
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Figure 5.4: Equilibria overview.

Equilibria is a holistic solution for multi-tenancy on tierd memory systems. It has
two main components: a tiering daemon in the userspace for managing jobs, and a OS
kernel that enforces the memory fair share. The userspace daemon communicates with
the cluster job scheduler for job information, automatically determines the local memory
fair share of each colocated workload on the server, and applies the fair share values to
the job containers. The OS kernel regulates the priorities for demotion and promotion for
containers according to their current memory usage across memory tiers and their local
memory fair share, enforcing the fair share. The two components work together to satisfy
performance goals for colocated workloads in multi-tenant data centers with minimal per-
job configuration.
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Figure 5.4 gives a high-level overview of Equilibria and how it ensures memory place-
ment fairness under multitenancy. When the cluster scheduler starts a new job on a host,
it notifies Equilibria with the declared memory usage of the job (Step 1 ). Once the new
job has gone through initialization and is in a stable state, Equilibria profiles its physical
memory usage and identifies the coldness and expected memory bandwidth usage of it
in small chunks. The profiling data, along with that of all other colocated workloads, is
passed to an optimizer that maximizes memory offloading while respecting CXL memory
capacity and bandwidth constraints (Step 2 ). The optimizer determines the local mem-
ory fair share for each job on the host, and applies it as lower protection (green dotted
boxes), the guaranteed local memory usage, to job containers via per-container interfaces
(Step 3 ). The job spec of A additionally sets an upper bound of its local memory usage
(red dotted box). Equilibria also exposes the local and CXL memory usage and tiering
activities, such as demotions, promotions, and reclamations, via the per-container inter-
faces, which is used for fleet performance monitoring. The OS component of Equilibria
enforces the fair share. In the example, Container B and C are using less than their fair
share, allowing Container A to opportunistically use take up the unused local memory.
However, A is stopped from using all free local memory by its upper bound and has to
spill 4 GB to CXL memory (Step 4 ). After a while, the memory demands of Container
B and C increase, and the system local memory capacity is contended. Equilibria starts
background demotion to free up local memory for hot new allocations. It prioritizes de-
motion and deprioritizes promotion for Container A since it is exceeding its local memory
lower protection; conversely, Equilibria deprioritizes demotion for Container B and C so
that they are guaranteed to get their local memory lower protections (Step 5 ). Soon,
the local memory usage of containers converge to their fair share under contention (Step
6 ). Finally, Equilibria is always detecting instances when pages are frequently migrated
between local and CXL memory, a sign that they are thrashing due to unfavorable access
patterns and excessively large working sets, and slowing down promotions for thrashing
containers to reduce noisy neighbor effects (Step 7 ).

5.4.3 Automatic Determination of Fair Share

Equilibria automatically determines whether a job can run on a host and what the local
memory fair share of a set of colocated jobs should be, and configures the OS to enforce
the fair share and maintain job SLO.

Admission Control

When the scheduler attempts to place jobs, it relies on the amount of free local and CXL
memory reported by the tiering daemon to determine if a job fits on a host. To reduce
the likelihood that a new job will create too much pressure in local memory that degrades
the performance for every existing job on the host, Equilibria requires that a host has the
amount of free local memory greater than 50% of the new job’s declared memory size to
be eligible for receiving the new job. Other scheduling constraints such as CPU cores,
memory capacity, disk, networking, etc. still apply. Once the scheduler selects a host to
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run the new job, the decision will be communicated to the tiering daemon once the job
successfully starts on the host.

Profiling Page Hotness

Equilibria first waits for the job to initialize and reach a stable running state. The tiering
daemon in Equilibria then profiles the container for ten minutes to determine its memory
access patterns and page hotness. The profiling is by the event-sampling of L3 load misses
that correspond to memory fetches [11, 93, 145], which are the main contributor to perfor-
mance degradation from using CXL memory. As we will show in the evaluation, the CPU
overhead of the profiling is low.

Equilibria profiles the physical memory that is owned by the container in chunks of 2
MB, and tracks accesses to the memory chunks. Chunk size is determined by a balance
of fine-grained information and profiling overhead. From profiling Equilibria produces the
following information for each chunk i of memory: the coldness of the chunk Wi that is
the length of time it has not seen accesses, and Bi that is the expected memory bandwidth
incurred by the chunk. Specifically, Bi is calculated from total bandwidth BW, the number
of samples in the chunk Si, and the total number of samples obtained S, as Bi = BW ∗Si/S.

Solving the Optimization Problem

Using the profiling data, Equilibria performs an optimization pass to determine an optimal
distribution of local memory fair share across colocated workloads on the host. It pre-
processes the profiling data of all colocated workloads on the host by creating a union set
of all their physical memory chunks (i, Bi,Wi). To prevent placing hot pages in the CXL
memory and unduly degrade workload performance, it sets Wi (akin to the weight of a
chunk) to zero if it is hot. Equilibria considers chunks that have been been not accessed
for more than two minutes as cold ; this is the same threshold used in prior work [145]
characterizing cold pages in data centers. Then, Equilibria solves the following constrained
optimization problem:

Objective: Maximize
∑

i XiWi, where Xi ∈ {0, 1} indicates whether a chunk is se-
lected to be in the CXL memory.

Constraints:

1. Capacity: c
∑

i Xi ≤ Z, where c is chunk size and Z is the capacity of CXL memory.

2. Bandwidth:
∑

iXiBi ≤ b, where b is the knee of the bandwidth-util curve of CXL
memory.

In essence, Equilibria jointly optimizes for the amount of memory offloaded to CXL
and the coldness of the pages offloaded, while respecting the CXL memory capacity and
bandwidth limits. To realistically solve the integer programming problem, we relax it to a
linear programming problem. Specifically, we relax Xi be continuous in [0, 1], and count
a fractional Xi as partly in the CXL tier. Equilibria then deploys a linear programming
solver [66] to solve the problem in polynomial time. Finally, Equilibria calculates the
optimal memory amount of the new job in the CXL tier as cXi, and subtract it from the
declared memory usage of the job to get its local memory fair share.
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5.4.4 Container-level Observability and Control

Equilibria introduces per-container tiering observability and controls using the cgroup [125]
interfaces. It extends the tracking of per-container memory usage and management opera-
tions to a new dimension: memory tier, which supports fleet-wide performance monitoring,
debugging and analysis. Equilibria adds within the cgroup’s data structure new memory
usage counters per tier, and tiering activity counters, which cover successful and attempted
demotions and promotions. When a page is allocated or freed, the tier of the page is iden-
tified, and the relevant usage counters of the owning container are updated. Similarly,
when a page is migrated, the relevant promotion or demotion counters of the container are
updated.

Equilibria adds two parameters as the interface for specifying the per-container local
memory fair share. The first parameter, lower protection, is the amount of local memory
protected from demotion or reclaim due to competing memory usage by other colocated
containers when local memory is fully utilized. The second, upper bound, is the maximum
amount of local memory a container can use before demotion reduces its local memory
usage. They serve different purposes. The lower protection guarantees that a workload
will get its fair share of memory regardless of the behavior of its neighbors, and avoids
SLO violations. It still allows a container to opportunistically use available local memory
exceeding its fair share, making local memory allocation work-conserving and enabling
burstable performance. The upper bound, on the other hand, is a hard stop of a container’s
local memory usage, useful when such higher than usual performance is undesirable for
capacity planning, or when free local memory should be reserved for new workloads to
quickly ramp up. These parameters enables the balancing of fairness, performance, and
predictability in tiered memory systems. The automatically determined local memory
fair share in Section 5.4.3 is applied as lower protection, because by default we want to
be work-conserving and allow opportunistic use of extra local memory for higher host
throughput. Each job also has the opportunity to override the values and set the upper
bound if necessary.

5.4.5 Modulating Demotions

Equilibria manages the rate of demotion for each container to enforce fair share. When
there is free local memory, containers are allowed to use more local memory than their
lower protection. This approach improves the utilization of local memory, which offers
lower latency compared to CXL memory, thereby optimizing the server’s total throughput.

When local memory is fully utilized, Equilibria begins to assign priorities to containers
for demotion. Containers with local memory usage lower than their lower protection are
exempted from demotions. Those exceeding their lower protection are targeted for demo-
tions with intensity proportional to the overage. More specifically, if ncgroup, nprotection,
nlru are the container’s local memory usage, lower protection and the size of a local mem-
ory LRU list of the container, respectively, the number of pages from the LRU list to be
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considered for demotion dscan is calculated as:

dscan =
nlru(ncgroup − nprotection)

ncgroup

(5.1)

After dscan is calculated for a container, it is passed to the reclaim algorithm in Linux.
Finally, a set of least recently used pages owned by the container will be selected and
demoted. The process is repeated for every container in the system to free up local mem-
ory. Compared to Linux, Equilibria differentiates tiers of memory and accepts different
memory lower protection and upper bounds for each tier in the hierarchy, whereas Linux
does not consider memory from different tiers as needing separate resource control due to
their distinct access performance. Over the long term, the prioritization of demotion by
Equilibria applies higher demotion pressure to containers that use more local memory than
their fair share given their neighbor containers, converging to a stable state that satisfies
the fair share of all containers.

Equilibria enforces the upper bound by monitoring a container’s memory usage when-
ever it allocates memory. Unlike the lower protection, a container cannot use more local
memory than the amount specified in upper bound. As the usage approaches the upper
bound, Equilibria initiates a kernel background thread to demote pages and decrease the
container’s local memory footprint, gently enforcing the limit with minimal disruption to
the application’s execution. If the container’s local memory usage reaches or surpasses the
limit during allocation, Equilibria requires the allocating thread to synchronously perform
demotion before resuming userspace execution. This approach slows down future alloca-
tion requests for applications that try to rapidly allocate local memory without resorting
to out-of-memory kills.

5.4.6 Regulating Promotion

Equilibria de-prioritizes promotion of containers that use more than their fair share of local
memory, in concert with the prioritization of demotion for such containers to transition
their memory placement to the desired state.

Equilibria categorizes a container as “promotion throttled” in either of the two cases: if
its local memory usage exceeds its lower protection and the local memory is fully utilized, or
if its local memory usage is approaching or exceeds its local memory upper bound. During
scanning of promotion candidate pages for a container marked as promotion throttled,
Equilibria reduces the number of pages to scan via the following calculation, where pscan
is the size of the container’s CXL memory footprint to consider for promotion, and pbase is
the unthrottled promotion scanning rate:

pscan = pbase ∗max(
n4
protection

n4
cgroup

,
1

16
) (5.2)

In other words, promotion scanning is slowed down in proportion to the fourth power of the
overage amount over a container’s guaranteed share of local memory. We choose the power
function so that the throttling starts minor but intensifies rapidly with more overage, i.e.,
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promotion scan is at 96% of the normal size when the overage is 1%, but at 10% overage
promotion scanning is only 68% of the base rate. The reason behind this is that a small
overage is likely due to a burst of allocations that cause a temporary mismatch between
the speed of demotion and allocation, which will subside on its own; on the other hand, a
larger overage signals the inability of the demotion to keep up, necessitating a more drastic
slowdown of promotion to more effectively pare back the container’s local memory usage.
Notice that Equilibria still allows promotions to proceed when the local memory usage of
a container exceeds its fair share because it may have very hot pages in CXL memory;
otherwise, those pages may be stranded in CXL memory and excessively slow down its
execution. By allowing a minimum of one-sixteenth of the base promotion scanning rate,
Equilibria trades memory placement convergence speed for application performance. Such
regulating of promotion ensures that demotion and promotion are not fighting each other.

5.4.7 Mitigating Thrashing

Thrashing is when pages are repeatedly and rapidly promoted and demoted between local
and CXL memory. It can occur when a workload’s hot working set surpasses the local
memory capacity, leading to pages being frequently promoted to local memory only to be
demoted shortly thereafter to accommodate other hot pages, creating a cycle.

Thrashing between memory tiers is detrimental to performance, diverting compute cy-
cles and memory bandwidth from application execution. In a CXL tiered memory system,
it is particularly undesirable, as direct access to CXL (albeit at higher latency) is more
efficient than migrating pages to local memory only to demote them again before they are
subsequently accessed. Furthermore, thrashing increases both CXL and local bandwidth
loads, thereby increasing access latency for direct CXL accesses as well. For this reason,
in multi-tenant environments a thrashing container can create noisy neighbor problems,
increasing the access latency for neighbors and impacting their performance. Therefore,
mitigating thrashing is an essential component of Equilibria.

Equilibria identifies thrashing containers and limits their promotion rates. Equilibria
maintains lightweight tracking of recently promoted pages by sampling them in a fixed-size
hash table that records the physical page number and timestamp right after a promotion.
During demotion, if the page is found in the hash table and the elapsed time between
promotion and demotion is lower than a threshold of 30 seconds, the event is considered
a thrashing occurrence. The container that owns the page will have its thrashing counter
incremented. Equilibria includes a background thread that wakes up every 5 minutes and
performs the following task: first, it clears the hash table that tracks recently promoted
pages, moving the thrashing detection to the next period. Second, it calculates the rate of
change in the thrashing counter of each container over the last period. If the rate exceeds
a threshold 1000 pages per second, the promotion rate for pages owned by the container
will be halved for the next period. And if a previously thrashing container no longer does
so, its promotion rate will be doubled for the next period until the normal promotion rate
is restored.
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5.4.8 Implementation

We implemented the OS kernel on top of the Linux 6.11 using approximately 1,000 lines
of code, and the userspace tiering daemon in 2000 lines of C++ code that relies on OR-
Tools [66] as the solver. Equilibria integrates with the job scheduler to receive the the
proposed new job to be launched, determines the new fair local memory share of all the
colocated workloads on the server, and applies the new fair share values to containers.
Equilibria then works in the OS to track and export tier usage and tiering operation
counts for containers, enforce fair share, and mitigate thrashing.

The kernel changes are implemented in a modular way with upstreaming to Linux in
mind, and they are contained in the cgroups, demotion, and promotion code of Linux,
making it easier to test and upstream. By adhering to the existing cgroup-based memory
resource control and pursuing an upstream-first approach, we avoid ongoing code mainte-
nance costs associated with designs that heavily deviate from how Linux currently manages
memory. We have shared the OS patches with the Linux community and a subset of patches
have been accepted upstream.

5.5 Evaluation

5.5.1 Methodology

We performed experiments on two types of Meta servers equipped with CXL memory,
denoted as small and large servers. Both are single-socket servers with CPUs of the AMD
Turin generation. The large server features a local to CXL memory ratio of 3:1, including
768GB of local DDR5 memory and 256GB of DDR4 DRAM as CXL memory. It has an
unloaded CXL memory access latency of 252ns. The small server has 256GB of local DDR5
memory and 64GB of DDR4 DRAM as CXL memory. The CXL memory expanders used
in the evaluation are CXL 2.0 Type 3 devices, reusing previously-decommissioned DDR4
memory.

We compare Equilibria against the upstreamed memory tiering support in Linux kernel,
which is derived from TPP [145]. The servers have sufficient combined local and CXL mem-
ory capacity for colocated workloads, and swapping is disabled. Equilibria automatically
determines the local memory fair share of colocated workloads (§5.4.3) in the evaluation.
Although we do not provide a quantitative evaluation of the container-level observability
of memory tiering provided by Equilibria, most of the evaluation and motivation studies
in this work are only possible because of it.

We evaluate three of Meta’s production workloads: Cache, Web, and Continuous Inte-
gration (CI), as well as two benchmarks from DCPerf [174]: SparkBench and TaoBench.
Cache is a distributed object cache that provides low latency access, defined consistency
models, and common query semantics. It is the foundation of many internal and user-
facing workloads at Meta. Cache receives replayed requests from production traces. Web
is an application server that hosts many of Meta’s user-facing services. CI automates the
process of building and testing code changes before integrating them into a shared reposi-
tory. Both Web and CI serve live requests in production. DCPerf is a suite of data center
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Figure 5.5: Memory usage when containers exceed local memory lower protection.

benchmarks that closely approximates major services in data centers.

5.5.2 Validating Tiering Control

In this section, we validate Equilibria’s control of tiering through page migration manage-
ment and thrashing mitigation. These experiments were conducted on a small server. We
designed a microbenchmark that allocate a predetermined amount of memory and access
it through sequential passes. To simulate a multi-tenant environment, we launched three
instances of this workload concurrently, each running within its own container. We used
microbenchmarks due to their deterministic behavior and ease of analysis, allowing for
clear reasoning about the system’s behavior. We consider the following four conditions:
whether there is local memory pressure, whether there is unused local memory protection
that can be donated, whether the upper bound is set, and whether there is thrashing. In
the following experiments, the local memory lower protection is manually set to 80GB. No
limits are imposed on CXL memory usage for any containers.

Local memory is preferred

When local memory is not contended, each container is allowed to reside entirely in local
memory, even if exceeding its lower protection value (80GB). To validate this behavior, we
launched three microbenchmarks with respective footprints of 120GB, 40GB, and 40GB.
Given that their combined footprint (200GB) is less than the local memory capacity, no
contention occurs. We observe that Equilibria allows all three containers to be fully resident
in the local memory. This behavior of Equilibria increases the system-wide utilization of
local memory to get potentially higher total throughput out of a server.

Lower protection is enforced

In this scenario, we launch three instances of the microbenchmark having memory foot-
prints of 120GB, 90GB, and 90GB, respectively, each of which exceeds the per-container
local memory lower protection. When the local memory is fully utilized and contended,
each container’s local memory footprint eventually converges to its lower protection value
of 80GB. The remaining memory footprint for each container is then spilled over into CXL
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Figure 5.6: Promotion activities when containers exceed local memory lower protection.
Container A’s promotion rate (blue line) is throttled.

memory, with Container A having 40GB and Container B and C having 10GB each, as
illustrated in Figure 5.5.

We also observed that Container A is demoted more aggressively compared to the other
two containers, with a rate of up to 250K pages per second. This is due to Container A
exceeding its local memory lower protection by 50%, whereas Containers B and C only
exceed it by 13%. As a result, Container A is demoted more heavily to bring its memory
usage down to its fair share. Additionally, we note that the promotion rate of Container
A is suppressed from time 425s to 475s, as shown in Figure 5.6. Despite using more
CXL memory and having more hot candidate pages in CXL for promotion, Container A’s
promotion rate is intentionally limited by Equilibria. This ensures that promotions do not
interfere with converging to a steady state.

Unused lower protection is donated

We launch three microbenchmark instances with memory footprints of 120GB, 70GB, and
70GB. Container A is launched first and utilizes all available local memory before the other
containers start. The memory usage of three containers converges over time. Container A
opportunistically uses 20GB more local memory than its lower protection, even when local
memory is contended.

This is because Container B and C donate their unused local memory share to Container
A. In this case, where donation happens, Equilibria still ensures that B and C have all
their protected local memory share and fully reside in local memory. This experiment
demonstrates the work-conserving nature of Equilibria’s lower protection mechanism. In
production, a similar scenario can help workloads achieve higher performance when the
system has free local memory. Note that Containers B and C are completely protected from
demotions because their memory usage falls under their local memory lower protection, and
we find that only Container A experiences demotion activities. This means that collocated
workloads do not need to worry about degraded performance when their unused share of
local memory is donated.
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Upper bound is enforced

In this experiment, three microbenchmark instances with memory footprints of 120GB,
40GB, and 40GB are used, similar to the “no local memory pressure” case. However,
Container A’s local memory upper bound is set to 80GB. As a result, despite ample
system-wide local memory availability, Container A is restricted from using more than
80GB of local memory, forcing it to spill 40GB into CXL memory. This scenario represents
scenarios where minimizing performance variability is paramount, and local memory should
be reserved for new neighbors rather than being opportunistically utilized by existing
workloads.

Thrashing is mitigated

In this experiment, we demonstrate the effectiveness of Equilibria in detecting and mit-
igating thrashing workloads, resulting in improved system-wide performance. We tune
the aforementioned microbenchmark to create a thrashing workload as follows: it allo-
cates 100GB of memory and accesses it in blocks such that the memory is hot enough
to trigger page promotions from CXL memory but not enough to re-access the promoted
pages before they are demoted. The local memory upper bound for the container is set to
10GB. We run two other microbenchmark instances with 50GB of memory footprint each,
representing normal workloads that do not thrash. These workloads fit within their local
memory lower protection. We compare two scenarios: one in which thrashing mitigation is
disabled and another in which it is enabled. Without thrashing mitigation, the thrashing
workload experiences aggressive page migrations (over 100K pages per second), causing
interference with the other two normal workloads, which access memory at a rate of 290K
pages per second. However, when thrashing mitigation is enabled, Equilibria detects the
thrashing behavior and reduces page migrations to thousands of pages per second, signifi-
cantly decreasing system-wide memory management overhead. As a result, the colocated
well-behaving programs can sustain access to memory at a rate of 310K pages per second,
achieving a 7% performance improvement.

5.5.3 Characterizing Fair Share Determination

In this section, we characterize the automatic local memory fair share determination of
Equilibria from the perspectives of time and CPU and memory overhead, and examine the
mechanism in action using open-source benchmarks.

We select two workloads from DCPerf: SparkBench, which represents data analyt-
ics [233]; and TaoBench, which represents a caching service [36]. In our experiment, we
stack three instances of TaoBench (Containers B, C, and D) and one instance of Spark-
Bench (Container A) per server. TaoBench has a steady memory usage and access pattern,
while SparkBench has bursty memory usage and varying access hotness over its data an-
alytics phases. Since SparkBench completes faster than TaoBench, we run SparkBench in
a loop.

After new jobs (Container A,B,C,D) start running on a host and have initialized, Equi-
libria spends 10 minutes profiling the workload, and spends another 3 seconds to solve
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Figure 5.7: Memory placement of TaoBench and SparkBench (Container A) on baseline
Linux. Container A is forced to use increasingly more CXL memory and less local memory.

the integer linear programming problem. The profiler and the optimizer consume, at their
peak, 180 MB of memory and one CPU core. This shows that Equilibria can quickly de-
termine the fair share of new jobs just minutes after they start, allowing the system to
enforce local memory fair share rapidly and preserve application SLOs.

Looking deeper into the process, we see that Equilibria decided to place 136 GB of
memory of SparkBench into CXL memory with an expected CXL bandwidth usage of 6
GB/s. Overall, the local memory fair share of the four jobs correspond to 238 GB of
CXL memory usage, ensuring a well-utilized CXL tier, while keeping the CXL bandwidth
utilization low and avoiding elevated access latency under bandwidth exhaustion.

5.5.4 Evaluating Equilibria with Benchmarks

Following the workload setup in §5.5.3, we study the memory placement on baseline Linux
and Equilibria. Figure 5.7 shows the timeseries of memory placement across tiers of each
job on baseline Linux. As TaoBench ramps up and consumes more memory, SparkBench
with its less hot access patterns will be forced to use increasingly more CXL memory
(orange line) and less local memory (blue line) in later iterations. This leads to drastically
slower performance for SparkBench. We obtain on Equilibria 11.2 queries per hour (QPS)
for SparkBench versus 4.2 QPS on Linux, which is a 1.7× throughput improvement. The
benefits come from the higher and more stable share of local memory that SparkBench is
able to use when running under Equilibria as the maximum local memory per container is
constrained. Looking into memory placement with Equilibria, TaoBench is forced to spill all
subsequent memory allocations past the 192GB upper bound into CXL memory, preserving
free local memory for the short-lived and bursty SparkBench to use. Notably, the local
memory upper bound in Equilibria only marginally decreases SparkBench’s performance
by less than 0.3%, demonstrating that applications have a wide range of sensitivity to
memory placement and introducing fairness in Equilibria does not necessarily harm total
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system throughput. This experiment demonstrates that Equilibria prevents the possible
severe performance degradation when heterogeneous workloads are colocated.

5.5.5 Deploying Equilibria in Production

We evaluate Equilibria with three case studies of deploying production workloads at Meta,
demonstrating how Equilibria meets workload SLOs and improves workload performance
with flexible fairness policies. The three workloads are all memory-capacity-bound and
have low CXL bandwidth utilization (<10% available bandwidth) in our experiments.

Cache

Cache exhibits random access patterns over its entire address space, with a significant
portion of its memory footprint being hot (e.g., up to 60% of the cache may be accessed
concurrently). We stack two instances of Cache (Container A, B) on large servers, which
fully saturates the application-usable memory capacity of the server. Because the two
instances are homogeneous, the SLO calls for nearly identical cache look up latency.

We first start both the containers at the same time on the baseline Linux without
fairness support. With both containers running homogeneous workloads, their memory
usage across the tiers was supposed to be homogeneous. However, with Linux, we see that
for Container A, 90% of its memory stays in local memory with the rest spilling to CXL
memory, whereas Container B only keeps 70% of its memory in local memory and uses
significantly more CXL memory. This unfair memory split across the memory tiers results
in uneven application-level performance. More local memory helps Container A to serve
more cache queries from the fastest memory tier: throughout the run, A has 1.15× better
on average and as high as 3.3× better P99 latency over B.

Although A is more advantageous in keeping an unfairly large amount of local memory
when colocated with B under normal circumstances, without fairness support it can still
fall victim to noisy neighbor effects. To demonstrate this, we stop the loads to B, then
artificially inject burst loads to B so that its memory utilization jumps from 0% to 90%
within a minute. On Linux, rapid allocations by B forces A to demote 15% of its anon
memory to CXL tier and causes instability in A’s performance. Cache being a latency
sensitive workload, A experiences a huge spike in its tail latency and experiences a high
failure rate – request failures spike from 340 per minute to 83K per minute). As a result,
A’s throughput drops by 65%.

We then run Cache on Equilibria, and we set the local memory lower protection to
70% and upper bound to 75% of the container’s memory usage. Equilibria is able to
enforce the fair share of memory for the two containers. In stable state, Container A and
B maintain almost an identical memory usage across the tiers – on average, 72% and 73%
of their memory footprint is on local memory, respectively. With a more balanced local
memory share, B’s average P99 latency reduces by 47% compared to Linux. Meanwhile,
A’s latency also reduces by 52% because of a 97% reduction in NUMA hint faults – setting
the upper bound for both containers has limited the contention of local memory and every
container spends less time on demotion and promotion that inflate application tail latency.
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Figure 5.8: Memory usage on Equilibria of four CI instances.

The result is that B has only 7% higher average P99 latency over A, and for Cache,
this uniform latency is key to meeting its SLO as an uneven latency in the object cache
can propagate to other dependent services and cause cascading violations of performance
guarantees in user-facing services. This experiment shows that Equilibria helps colocated
homogeneous workloads meet latency SLOs and avoid noisy neighbor effects.

CI

We evaluate colocated CI instances on large servers. We stack four containers to execute
four build jobs simultaneously, and compare runs on Equilibria and baseline Linux. As the
service is not customer-facing, it does not have a stringent SLO. Instead, the primary goal
of Equilibria is to ensure that no containers are unfairly penalized due to local memory
contention and to optimize for total job throughput. We set on Equilibria the local memory
lower protection to 192GB per container. This represents a simple fairness policy that
does not need in-depth profiling of the workloads. CI has spiky memory capacity usage as
depicted in Figure 5.8 showing its memory usage running on Equilibria, because linking
phases of build jobs tend to be more memory-intensive than other phases. In the absence
of local memory pressure, Container A, B, C ramp up to freely utilize the available local
memory capacity exceeding their fair share, leading to higher performance than stricter
policies. Then, shown in the figure from time 500s to 800s, Container D starts and rapidly
allocates local memory, while other containers are forced to reduce their local memory
footprint as they exceed their protected share. We see that on Equilibria, Container D
starts unimpeded and can put over 90% of its memory footprint in local memory, whereas
on Linux it is forced to put more than half of its footprint in CXL memory. As for
performance, Equilibria achieved a 3.3% drop in average build time across the four build
jobs relative to the Linux baseline. This experiment shows that with Equilibria, a simple
policy derived from system memory capacity ratio is sufficient to improve total system
throughput for some workloads in multi-tenant systems with CXL memory.
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Figure 5.9: Memory usage on Equilibria of five instances of Web.

Web

We run colocated Web instances on small servers. At runtime, an instances is specialized
to serve a subset of traffic (partition) using just-in-time compilation. Therefore, different
instances have different memory usage and access patterns despite sharing the same pro-
gram binary. Web is not memory capacity-bound on a per-instance level (i.e., increasing an
instance’s memory usage will not yield improved performance), and the gains of using CXL
memory come from having more instances per server. We consider three cases: stacked
Web instances on Equilibria, on Linux baseline, and a single instance running alone using
only local memory. The performance of Web is measured as its average throughput per
instance measured in requests per second (RPS) when internal latency limits are satisfied,
and Web requires an SLO of less than 2% slowdown compared to running alone using only
local memory. In the two stacked cases, we stack five instances of Web per server, with
three instances belonging to partition A (Container B, C, E) and two instances belonging
to partition B (Container A, D). We set on Equilibria the local memory lower protection
to 28GB per container based on a profiling of the hot memory footprint of Web over a 10-
minute period, ensuring there is sufficient local memory for an instance of Web to allocate
its hot footprint without overcommitting the local memory. The policy still allows some
instances to utilize spare local memory capacity.

First, we compare end-to-end performance. On Equilibria, stacked Web instances do
not lose performance compared to the single instance case, achieving 36 RPS for partition
A and 80 RPS for partition B, meeting the service SLO. On baseline Linux, although
stacked instances serving partition A do not lose performance, instances serving partition
B get only 74 RPS, missing the <2% performance loss SLO. In other words, Equilibria
allows 8% more throughput for Web partition B than baseline running with multi-tenancy
and CXL memory.

Next, we analyze the memory usage of colocated Web instances on baseline Linux.
For Container A and D, we see their local memory usage trending downwards over time,
decreasing by over 5GB over the course of the experiment. This is because on Linux,
their pages manifest as less hot than pages from other colocated Web instances and are
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gradually migrated to CXL memory. The loss of local memory share for them leads to
lower performance compared to Equilibria.

Contrast this with memory usage on Equilibria in Figure 5.9. Local memory lower pro-
tection is enforced, as every container is able to use at least 28GB of local memory. Note
that Container A and D are using exactly 28GB of local memory at stable state, showing
that Equilibria prevents instances on partition B from being forced to use an excessive
amount of CXL memory as on Linux. The experiments demonstrate that Equilibria can
enforce the memory fair share policy for colocated containers and enable colocated perfor-
mance that is close to running alone in systems with CXL memory.

5.6 Related Work and Discussions

Prior work [2, 16, 37, 55, 83, 110, 121, 123, 127, 145, 171, 173, 184, 196, 207, 212, 223, 226,
230, 238, 240] transparently manages memory placement of applications in the OS for sys-
tems with tiered memory. In terms of design objectives, prior work has primarily focused
on optimizing memory placement for the entire system. However, fairness in multi-tenancy
is important as colocated workloads require a certain level of performance predictability
and guarantees regardless of their neighboring applications’ behaviors. When prior work
does address multi-tenancy, it relies heavily on coarse-grained workload categories, such as
critical/best-effort [55, 123]. This ignores the problem that colocated ”critical” workloads
must each meet their performance SLOs but still suffer from noisy neighbor effects. In fact,
at Meta, the vast majority of multi-tenancy setups are multiple instances of the same ”crit-
ical” workload. Additionally, most prior work, except for TPP [145], is not upstreamed to
Linux, making their production deployment difficult and long-term maintainability uncer-
tain.

TPP [145] identifies cold pages to demote to CXL memory by leveraging Linux’s
page reclaim algorithm, which already tracks page hotness. For promotion, TPP uti-
lizes Linux’s NUMA balancing mechanism to identify hot pages in CXL memory. TPP,
however, lacks any notion of fairness and is not designed for multi-tenancy. Another tier-
ing work, MEMTIS [121], controls the ratio of the fast tier to capacity tier memory for its
evaluation using the cgroup interface, supporting only an upper limit of the amount of fast
tier memory that a cgroup can use, akin to allocating fast tier capacity to cgroups. Equi-
libria, in addition to supporting such upper limits, supports a much more powerful lower
protection of the fast tier memory usage that is work-conserving and applied in relation to
the local memory share of other colocated cgroups in the systems. Furthermore, demotions
and promotions in Equilibria are regulated to conform to the lower protection, in contrast
to the allocation-only enforcement in MEMTIS. Equilibria is designed and evaluated for
multi-tenancy, while the cgroup limits in MEMTIS are only an aid to its evaluation.

Prior work in memory tiering has also used optimization techniques. Tierscape [116]
calculates an optimal placement of a single application’s memory across compressed mem-
ory tiers based on tier access latency and frequency, but does not support colocated jobs in
multi-tenant data centers. CFM [8] minimizes local memory-time product and rebalances
local memory usage of colocated batch-processing jobs, but does not support latency-
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sensitive production workloads. Equilibria, on the other hand, uses optimization problems
for determining the memory placement of colocated production workloads while meeting
their SLOs.

5.7 Conclusion

Equilibria is the first multi-tenant fairness solution for CXL memory tiering in data centers.
It provides per-container observability, simple yet powerful mechanisms for flexible fairness
policies, automatic memory fair share determination, and thrashing mitigation. Equilibria
meets the performance SLOs of colocated workloads using CXL memory where TPP falls
short, improves end-to-end performance of benchmarks and production workloads by up
to 1.7× and 52%, respectively, and is being deployed at Meta and upstreamed.
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Chapter 6

Conclusion

Memory is one of the oldest abstractions and mechanisms in computers, yet it has recently
come under strain due to the rapid expansion of memory capacity and the proliferation of
memory-intensive applications. The answer is to pursue memory efficiency by identifying
bottlenecks and resolving them through the co-design of operating systems and computer
architecture. This thesis approached the challenge from multiple complementary dimen-
sions: access performance, hardware costs, and power consumption.

To improve memory access performance and reduce address translation overhead, this
thesis presents two solutions that tackle the challenge from two angles. Contiguitas identi-
fies unmovable allocations as the primary culprit behind the severe lack of physical memory
contiguity in data centers. By grouping unmovable allocations in the OS and introducing
hardware extensions to migrate previously unmovable pages used for device I/O, Contigu-
itas generates abundant physical memory contiguity. This newly found contiguity allows
for the allocation of larger huge pages, yielding significant performance improvements for
production workloads. Second, building on a sufficient supply of contiguity, LVM rethinks
the rigid structure of radix page tables. By leveraging the regularity of application virtual
address spaces, LVM builds learned indexes for address translation. This design drastically
reduces the page walk overhead over state-of-the-art page tables and achieves substantial
speedups in application execution.

To reduce the cost and power consumption of memory, this thesis presents two solu-
tions that make the deployment of cheaper heterogeneous memory practical in data centers.
Pensieve introduces a three-tier memory system that dynamically manages pages across
DRAM, CXL memory, and SSDs. By employing a unified feedback-driven controller, Pen-
sieve overcomes the capacity limitations of CXL memory and the performance limitations
of SSD swap, safely offloading a significant fraction of memory while keeping application
performance degradation minimal. Finally, Equilibria addresses the challenges of deploy-
ing tiered memory in multi-tenant environments. By ensuring fair memory sharing across
memory tiers and mitigating noisy-neighbor interference through automatic fair-share de-
termination and flexible placement policies, Equilibria consistently helps workloads meet
their service-level objectives (SLOs) while avoiding performance interference.

Together, these works demonstrate that memory efficiency in modern data centers can
indeed be drastically improved. By addressing the memory bottleneck from multiple an-
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gles, this thesis provides the necessary foundations for the continued sustainable scaling
of memory capacity in the next generation of data center computing. Importantly, these
works have already made their way into upstream Linux and deployed in production dat-
acenter across millions of servers.

6.1 Future Work

This thesis builds a solid foundation for efficient memory systems in data centers, but is
only the first step in the quest for memory efficiency. Several avenues remain open for
future exploration.
Flexible Page Table Structures Contiguitas provides abundant physical memory con-
tiguity, enabling a new set of page table designs that rely on this contiguity, which LVM
leverages to make virtual memory more efficient. We are working on a new page ta-
ble design, Accordion, that enhances radix-based translation by dynamically harnessing
variable-sized contiguous physical memory during page table allocation. The design allows
each page table level to cover significantly more entries of the lower levels, particularly
at leaves, expanding their effective coverage and boosting locality. It requires minimal
changes in hardware and the OS, and expands the coverage of page walk cache entries to
reduce address translation overhead.
Application and Hardware Support for Memory Tiering In the context of tiered
memory management, future work can explore leveraging application hints to make more
intelligent placement decisions, such as guiding direct demotions from DRAM to specific
lower tiers. Finally, building on the software-based multi-tenant fairness provided by Equi-
libria, we also envision the development of targeted hardware support for page migration
and hotness tracking. Such hardware-software co-design would allow the OS to manage
CXL and other tiered memory technologies with even greater precision and lower overhead.
Learned Index for Hardware Caches LVM opens new possibilities for applying learned
indexes beyond page tables. We envision extending lightweight learned indexes to other
hardware caching structures indexed by virtual addresses, such as TLBs, branch target
buffers, and L1 caches. This helps reduce the conflict misses that increase miss rates in
those hardware caches by tapping into the regularity of applications’ virtual address spaces.
Furthermore, applying this approach to physically indexed structures like last-level caches
could mitigate hash-table-like collisions that degrade hit rates, but may require a more
restricted application physical memory layout. To apply learned indexes to hardware
caches, new software-hardware interfaces to manage them must be devised.
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