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Abstract
Heterogeneousmemory (HMem) architectures have recently emerged

and revolutionized the traditional memory hierarchy. This trend

is likely to increase with the rise of the Compute Express Link

(CXL) standard. A fundamental problem that arises when working

with HMem architectures is data placement: at which memory tier

should the data objects of an application be placed to optimize

its performance? Existing proposals that tackle this problem at

the system-level operate transparently to the application, hence

without explicit placement hints from it.

Such lack of knowledge is a key challenge to the first placement
of new objects. Today’s state-of-the-art systems for memory tiering

solve the first-placement problem by blindly guessing that new

pages (holding new objects) should be better placed in the fast

tier. However, for large working sets, this blind guess fails for a

large fraction of pages, which results in important performance

shortcomings.

This paper aims to mitigate such shortcomings by replacing blind

guess in the first placement with an educated guess, which takes

advantage of past object-level access patterns. We propose a novel

memory tiering system that addresses the first-placement problem

by combining hmalloc, an HMem-aware memory allocation library,

with Ambix, a page-based memory tiering system, and exploiting

their object and page-level synergies. Our experimental evaluation

when running realistic HPC benchmarks on a real HMem system

demonstrates that our synergistic approach is effectively able to

address the first-placement limitation of previous systems. Our

approach achieves up to 2.03x speedup over traditional memory

management through intelligent first placement alone. When com-

bined with the state-of-the-art support for tiered page placement
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provided in the latest versions of Linux, performance further im-

proves, reaching up to 2.28x speedup over modern memory tiering

systems in certain HPC workloads.
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1 Introduction
Heterogeneousmemory (HMem) architectures have recently emerged

and revolutionized the traditional memory hierarchy. HMem ar-

chitectures may comprise memory nodes of different technologies

— not just DRAM, but also die-stacked DRAM, high-bandwidth

multi-channel RAM, or persistent memory — possibly organized in

complex non-uniform access (NUMA) topologies. By combining dif-

ferent memory technologies, HMem allow today’s systems to take

advantage of the strengths of each technology — namely, in terms

of latency, bandwidth, capacity, or cost per byte. As a result, appli-

cations may benefit from improved performance, energy-efficiency,

and cost trade-offs. More recently, mainstream servers are quickly

embracing the Compute Express Link (CXL) standard [25, 42]. CXL

promises to take HMem architectures to an unprecedented level,

opening it up to multiple tiers composed by memory devices from
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different manufacturers, accessible in a cache-coherent and byte-

addressable fashion.

The emerging HMem trend constitutes a notable opportunity

for today’s data-intensive applications, which are characterized

by a high degree of data complexity and parallelism, as well as an

ever-increasing demand for memory capacity. The memory tiers

provided by HMem let applications place and process much larger

working sets than in DRAM-only systems, while minimizing (or

even avoiding) accesses to slow block-based storage.

HMem architectures introduce dramatic disruptions to the usual

memory hierarchy assumptions that have guided decades of system

and software design. Therefore, exploiting the full potential of

HMem is notably challenging. A fundamental problem that arises

whenworkingwith HMem architectures is data placement: at which
memory tier should the data objects of an application be placed to
optimize its performance?

Finding an appropriate data allocation strategy in HMem archi-

tectures, taking into account the performance trade-offs between

the available tiers, is well-known to be a non-trivial problem with

a substantial impact on the effective performance of data-intensive

applications. This problem has received increased attention from

the research community in recent years. The most prominent pro-

posals tackle it from the operating system (OS) level [15], at virtual

page granularity, in a transparent and dynamic fashion. As of today,

proposals such as Memtis [23], TMTS [8], TPP [29], Nomad [49],

MTM [36] or FlexMem [50] represent the state of the art along

this research avenue. Among such proposals, TPP has taken an

important step towards a wide adoption, since a big portion of its

design has been merged into Linux’ automatic NUMA balancing

(AutoNUMA).

Since these proposals operate transparently to the application,

they lack explicit placement hints from it. This constitutes a major

challenge to the first placement of new objects.When the application

allocates a new object, the pages that hold the object are allocated

and, as soon as they are accessed, mapped to a given tier.

Today’s state-of-the-art systems for memory tiering solve the

first-placement problem by blindly guessing that every new page

will be among the most accessed ones. Therefore, new pages are

always placed in the fast tier, provided it has available space. How-

ever, for memory hungry applications whose resident working set is

much larger than the fast tier’s capacity, this blind guess will fail for

a large fraction of pages. Therefore, these systems adopt a reactive

strategy to heal any misplaced pages. After a page is first-placed,

they track page-level accesses using best-effort low-overhead mech-

anisms to estimate per-page access frequencies. Then, based on

such estimates, they determine what pages should be in the fast

tier – typically the hottest ones. Finally, they migrate any page

that belongs to that set but is currently standing in the slow tier,

possibly demoting any cold pages from the fast tier to free the nec-

essary page frames. This reactive approach tries to fix any wrong

guesses at the first-placement instant (as well as adapt to workload

changes).

Unfortunately handling the first-placement problem with a blind

guess can have important performance shortcomings. First, any

page that is initially misplaced will be soon migrated. This easily

results in increased migration volumes. This can degrade the overall

performance of the tiered memory system [49].

Second, misplaced pages linger in the fast tiers, and quickly

consume its available space. As a consequence, when pages become

hot – which can either occur when a new (hot) page is first-placed,

or when a cold page standing in the slow tier has just become a hot

spot –, they cannot be immediately placed to the fast tier. Instead,

their promotion must either be aborted or postponed due to lack of

free space in the fast tier. If hot pages cannot be timely promoted,

the application can suffer important performance costs [50].

Motivated by these two shortcomings, we advocate that mem-

ory tiering systems should improve page placement right from the

first guess. To achieve this, we take advantage of the prior obser-

vation [9] that in many applications, the objects that are allocated

from the same place in code, or allocation context, tend to share

similar access trends. Iterative applications, such as scientific ap-

plications for simulating molecular or plasma physics dynamics or

machine learning algorithms, constitute notable examples of this

trend. In such applications, each iteration typically allocates a vari-

able amount of objects from multiple allocation contexts and frees

such objects at the end of the iteration, where each kind of object

(originated from a same allocation context) often shares similar

access patterns.

From this observation, we claim that the memory allocation li-

brary (e.g. malloc) is a previously neglected opportunity to infer

valuable application-level hints that can considerably improve the

accuracy of first-placements. Concretely, by monitoring the access

frequency of objects from a given allocation context in a program,

one can predict the access frequency of new objects that are allo-

cated from the same context and use that knowledge to guide the

first-placements.

The key insight of our paper is that, by taking advantage of these

predictions, the first-placement decisions can now rely on educated
guesses, instead of a blind guesses. In principle, this can reduce the

frequency of misplaced pages and, thus, the associated costs. Still,

achieving this vision with low overhead and high accuracy, as well

as transparently to the application, is a challenge.

To realize the above vision, this paper proposes the design and

implementation of two novel components that cooperate as part of

a larger memory tiering system: hmalloc, an HMem-aware memory

allocation library, and Ambix, a page-based memory tiering system.

The proposed system is depicted in Figure 1. Both layers operate

in synergy. hmalloc is a runtime library that intercepts malloc calls
and decides at which tier each new object is first-placed ( 1 in

Figure 1). This non-trivial decision relies on two parameters that

are not known a priori and that can change as time goes by: i) what

is the expected access frequency of objects originated from this

allocation context; and ii) how much physical memory is currently

used by the objects already allocated from this allocation context.

For the first parameter, hmalloc leverages processor event-based

sampling (PEBS) to track memory accesses in background and,

from such information, hmalloc dynamically estimates the average

frequency of accesses to objects associated with each allocation

context ( 2 ).

The second layer, Ambix, is a kernel module that seamlessly

relies on the memory management mechanisms of the kernel to

monitor memory activity on a per-page granularity and implement

a page placement policy. Ambix complements the hmalloc layer

254



Better Memory Tiering, Right from the First Placement ICPE ’25, May 5–9, 2025, Toronto, ON, Canada

Ambix       

us
er

 le
ve

l




ke
rn

el
 le

ve
l

application

hmalloc

malloc

Fast tier (DRAM)

Slow tier (CXL, etc)

objGobjE

decide first placement

allocation site

monitor obj. access freq. 

for each allocation site

PEBS
buffer


monitor per-page access frequencyPage table


migrate pages to appropriate tier

classify pages by temperature

 

Memory usage 

per allocation site 


new object

objF

objDobjCnew object

new object objA objB

1

2

3

4

Figure 1: Overview of the proposed architecture.

in two ways. First, Ambix is able to measure how many pages

holding objects of a given allocation context are actually mapped

memory at some instant. This information is sent upstream, to

be used by hmalloc as factor ii), which drives its first-placement

decisions ( 3 ). Second, Ambix is able to determine misplaced pages

– e.g. pages in the slow tier that are recently receiving a substantial

amount of accesses – and migrate them to the appropriate tier ( 4 ).

This action compensates any wrong first-placement guesses from

hmalloc. Such wrong guesses are common in the early stages of an

application execution (before hmalloc had the time to accurately

infer the access frequency of each allocation context), or in the

presence of workload changes.

We have implemented the proposed hmalloc+Ambix system and

experimentally evaluated it against the standard memory tiering

support from the latest Linux kernel, which is based on TPP [29], a

state-of-the-art page placement system designed for CXL-enabled

HMem. Our results demonstrate that intelligent first placement

achieves up to 2.03x speedup over traditional memory management,

effectively addressing first-placement limitations in previous sys-

tems. When combined with the state-of-the-art support for tiered

page placement provided in the latest versions of Linux, perfor-

mance further improves, reaching up to 2.28x speedup over modern

memory tiering systems in certain HPC workloads.

Overall, this paper makes the following contributions:

• We propose the design of a novel memory tiering system

which takes advantage of the synergies between a HMem-

awarememory allocation library, hmalloc, and a system-level

page placement system, Ambix. In contrast to the state-of-

the-art in system-level memory tiering systems, our proposal

is able to tackle the first-placement problem more effectively.

• We implement the proposed design as a kernel module that

requires no changes to the Linux kernel, combined with a

runtime library.

• We evaluate the proposed system against a state-of-the-art

memory tiering system, available in the latest Linux kernel,

with realistic HPC benchmarks.

The source code of Ambix is publicly available in https://github.

com/inesc-id/ambix, and can also be used stand-alone. The hmalloc

library is proprietary software.

registers

caches

DRAM

DRAM expansion

persistent memory

disaggregated memory

SSD

HDD

Supported

by CXL

Figure 2: The new heterogeneous memory hierarchy that
CXL enables.

The remainder of the paper is organized as follows. Section 2

presents background on memory tiering. Section 3 describes our

proposed solution. Section 4 evaluates our proposal. Finally, Section

5 discusses related work, and Section 6 draws conclusions.

2 Background
Historically, data placement in traditional memory hierarchies (such

as DRAM, SSD, disk) has relied on inclusive caching policies. In such

policies, any block from a lower tier needs to be copied to the top

tier to be directly accessed from there. These are well-studied and

a good fit for memory hierarchies whose adjacent layers differ in

cost, capacity and performance by several orders of magnitude, and

where only the fastest layer can be accessed directly by applications

[2].

However, the appearance of new memory technologies has in-

troduced new HMem hierarchies that invalidate these fundamental

assumptions and call for radically different approaches to data place-

ment. Examples include the NUMA architectures that arise in multi-

socket systems [6, 24], high-bandwidth memory+DRAM memory

hierarchies [15], CPU-GPU memory hierarchies [10], software-

defined far memories [20], or DRAM+persistent memory [3, 32],

among others [53].

More recently, CXL-based memory hierarchies have emerged

as an additional example of a HMem hierarchy. These will soon

extend contemporary systems with HMem hierarchies such as the
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one depicted in Figure 2. Compute express link (CXL) defines the

interconnect protocol between the CPU and devices connected

through the Peripheral Component Interconnect Express (PCIe)

serial interface [5]. The memory in a CXL device is byte-addressable

and cache-coherent. CXL uses a layered protocol approach with

physical, data link, and transaction layers. It defines three transac-

tion layer protocols, CXL.io, CXL.cache, and CXL.mem, multiplexed

dynamically on top of the physical layer. CXL.io is used for device

discovery, configuration, initialization, and DMA. CXL.cache allows

devices to cache host memory coherently, and CXL.mem enables

the host to access and manage device memory equivalent to local

memory [5]. CXL devices can range from local CXL devices with

DRAM expansions or even persistent memory, to disaggregated

CXL memory pools.

In such memory HMem hierarchies, the traditional caching prin-

ciple that each requested block needs to be brought into and served

from the fastest memory becomes obsolete. In fact, Zhang et al. [53]

have shown that optimal data placement policies resort to so-called

cache bypassing strategies [30] that intentionally place some blocks

in a slower memory to be accessed directly by applications.

An HMem hierarchy is exposed to the OS as distinct physical

memory devices. Starting with Linux 4.0, the different memory

types can be abstracted as distinct non-uniform memory access

(NUMA) nodes. The (virtual) pages of an application can be placed

at either node and are directly accessed through load and store

operations. Therefore, applications have access to a larger aggre-

gate main memory capacity, since the DRAM capacity is no longer

hidden as a cache. In this setting, the default NUMA placement

policy of Linux dictates that once a page is first-touched it is placed

on the fastest node (DRAM) as long as it has free space; otherwise,

the slowest node is selected.

2.1 Tiered page placement
The scope of our paper is on dynamic approaches to data placement

for HMem. Dynamic approaches typically manage data placement

on a per-page granularity, therefore we hereafter designate them as

tiered page placement approaches. In contrast to static compile-time

approaches, dynamic page placement typically incurs no program-

ming burden, easily supports legacy applications, can dynamically

adapt to workload changes by migrating pages across tiers, and

naturally manages multiple concurrent applications from a system-

wide perspective. The next section describes this approach in more

detail.

This topic witnessed a sudden spike of attention following the

emergence of new persistent memory technologies. A vast number

of papers have studied this problem even before any persistent

memory technology was commercially available [1, 13, 15, 17, 21,

22, 27, 37, 39, 43, 44, 52]. As soon as DCPMM and, later, CXL were

released and became commercially available, many other proposals

have appeared, this time on real HMem systems. This wave of

proposals includes systems such as Autotiering [16], Hemem [34],

MULTI-CLOCK [28] bkmalloc+MAT daemon [14], TMTS [8], vtMM

[41], TPP [29], Memtis [23], Nomad [49], MTM [36], FlexMem [50]

and Colloid [45].

Although these systems have important differences, they all

share a common design backbone. Each time that a page is accessed
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Figure 3: Relative volume of early demotions, using AutoN-
UMA to manage different HPC applications.

for the first time, a page fault is triggered, and the page is placed

in the fast tier (typically DRAM) as long as free page frames exist

in that tier. Otherwise, the page is placed in a lower tier. This

constitutes the standard first-placement policy.

The fast tier is gradually filled up by new pages as they are first-

accessed. Once a given DRAM occupancy threshold is reached, a

set of cold pages is selected to be evicted to the slower tier. In the

opposite direction, any page that has been mapped to the slow tier

but is found to exhibit high enough access frequency is promoted to

DRAM, as long as there is space available in that tier. In case there

is not enough space in DRAM, the promotion is either aborted or

halted, and a batch of cold pages in the fast tier is selected to be

demoted.

The reliance on a blind guess for the first placement is a crucial

limitation of this common design. First, any page that is misplaced at

first is likely to be soonmigrated. This results in increasedmigration

volumes, which penalize the performance of the memory system. To

illustrate this shortcoming, we run the CP2K, Quantum-Espresso

and Lulesh HPC applications on a real HMem system based on

DRAM with Intel Optane DC Persistent Memory, in which we

enable AutoNUMA as the memory tiering system (for detailed

specifications, see Section 4).

For every observed page demotion, we measure how much time

has passed since the instant where that page was first-placed in

memory. Figure 3 presents the relative distribution of page demo-

tions, as a function of such time. This allows us to distinguish the

early page demotions. As we can see, for CP2K and LULESH, a

substantial fraction of pages is demoted a few seconds after their

first-placement in every application. The root cause of this signifi-

cant share of early promotions is incorrect first-placement of pages.

In contrast, the Q-E benchmark appears to be more immune to this

phenomenon.

Second, misplaced pages linger in the fast tiers, and quickly

consume its available space. As a consequence, when the memory

tiering system determines that a set of pages currently placed in the

slow tier have become hot and, therefore, should be immediately
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promoted to the fast tier, such promotion may be aborted (or post-

poned) due to lack of free space in the fast tier. In practice, these

scenarios can severely constrain the action of the placement policy.

To understand the severity of this shortcoming, we alsomeasured

the amount of page promotions that are successful vs. those that

fail due to insufficient free space in the fast tier. As we can see in

Figure 4, AutoNUMA’s behavior is strongly affected by a high rate

of promotion failures, across the different applications.

3 Architecture
This paper proposes a novel memory tiering system that stacks

hmalloc, an HMem-aware memory allocation library, on top of

Ambix, a page-based memory tiering system. Both layers operate

in synergy, as depicted in Figure 1.

The top layer, hmalloc, is a runtime library that interceptsmalloc
calls. It monitors the access frequency to a subset of the objects

that it has allocated in the past, as well as the typical size that such

objects take up in physical memory. For the first parameter, hmalloc

leverages event-based sampling, as provided by the processor’s Per-

formance Monitoring Unit (PMU). The access profiling performed

by hmalloc is performed at the granularity of allocation contexts,

which we define precisely in Section 3.1.

Ambix serves as the second layer of our system architecture,

functioning as a kernel module that utilizes the kernel’s memory

management mechanisms to monitor memory activity at a per-

page granularity and implement an effective page placement policy.

Ambix complements the hmalloc layer in two ways. First, Ambix

evaluates the number of pages containing objects from a specific

allocation context that are currently mapped into physical mem-

ory. This information is relayed upstream to hmalloc, providing a

secondary parameter that informs its initial placement decisions.

Second, Ambix identifies pages that are improperly located, such

as those in the slower memory tier that are experiencing a high

rate of recent accesses, and proactively migrates them to a more

suitable tier. This corrective action mitigates any suboptimal initial

placement choices made by hmalloc, which are common during

the early stages of application execution (before hmalloc has ade-

quately learned the access frequency of each allocation context), or

when workload patterns change.

Tracked objects of allocation context C1


Tracked objects of allocation context C2


 [...]


 malloc(sizeof(someObjectType));


 [...]

Call stack

function A

function B

function C

Tracked objects of allocation context C3


new objectobjA objC

Allocated with

the same


(call stack, 

malloc line, 

object size)

Figure 5: Allocation contexts and tracked objects in hmalloc.

3.1 Object allocation with hmalloc
Hmalloc library provides both direct and autonomous placement.

Direct placement enables application developers to specify which

object should target which memory, whereas autonomous place-

ment is a transparent mode that automatically selects the target

memory for each allocated object. In the remainder of the paper,

we focus on autonomous mode.

The design of hmalloc is motivated by the findings of a previous

study [9] that compared the effectiveness of using different pro-

gram data features to predict memory usage and guide memory

management, and concluded that the allocation context was the
most effective feature to cluster objects with similar access trends.

Therefore, we start by defining the notion of allocation context in

hmalloc. We say that two objects belong to the same allocation

context if the following 3 conditions hold: (i) both objects were

allocated from the same place in code, (ii) when invoked from the

same call stack context, and (iii) both objects have the same size.

Therefore, when handling a new allocation invocation, hmalloc de-

cides the target tier by taking an educated guess based on the past

access patterns of previous objects coming from the same allocation
context.

3.1.1 Estimating the hotness of allocation contexts. hmalloc inter-

cepts functions that allocate memory and release memory in an

application (malloc(), calloc(), free(), etc.). To accomplish this inter-

ception without changing the application code or recompiling it, we

use the LD_PRELOAD mechanism when running an executable file.

This allows hmalloc to be loaded before other libraries at runtime

and selectively override functions in other shared libraries.

For a certain fraction of intercepted allocations, hmalloc iden-

tifies the corresponding allocation context and stores the address

range of the newly allocated object to a list of tracked objects of that
allocation context. This is illustrated in Figure 5.

As we describe next, accesses to tracked objects are monitored

and used to guide future first-placement decisions. Monitoring only

a fraction of allocations allows hmalloc to bound its memory and

CPU overheads.

hmalloc classifies each allocation context according to its hot-
ness, which estimates the per-byte access frequency of the objects

originated from that allocation context. hmalloc uses event-based

sampling as provided by the processor’s PMU to monitor mem-

ory accesses to tracked objects. On x86, we use MEM_TRANS_RE-
TIRED.LOAD_LATENCY_GT_16, which is accessible via perf. This
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allocations in the next epoch.

allows hmalloc to get the virtual address of sampled memory ac-

cesses and the memory hierarchy level in which the memory was

touched. The virtual address of the sample is looked up among the

address ranges of tracked objects of every allocation context. If a

match is found, the access count of the corresponding allocation

context is incremented.

The hotness of an allocation context is estimated by dividing

its access count by the total size of tracked objects from the same

allocation context. However, the total allocated size may not pre-

cisely tell us how much physical memory is actually occupied by

the tracked objects. In fact, we observe that, when big objects is

allocated (e.g., >1GB), only a portion of their size is actually resi-

dent in physical memory. Therefore, to more accurately estimate

per-allocation context hotness, hmalloc should ideally use the total

resident size. However, although OSs such as Linux provide overall

resident set size statistics, their standard interfaces do not provide

such information in a per-object basis. To work around this lim-

itation, hmalloc takes advantage of its synergy with Ambix, and

requests per-allocation context physical memory usage from it. We

describe this in more detail when we present Ambix, in Section 3.2.

3.1.2 Placement policy. We now describe the placement policy

of hmalloc, which is illustrated in Figure 6. hmalloc divides the

execution of the application in epochs (𝑇1, 𝑇2, etc.). When a new

epoch starts, each allocation context is assigned to a memory tier.

A placement algorithm determines where the new objects allocated

at that site will be placed during the new epoch.

To decide the target tier of each allocation context, the placement

algorithm assumes that, in the new epoch, the ratio between the

number of new allocations and the physical memory space they will

occupy, as well as the relative hotness of their allocation contexts,

will be similar to trends observed in the past.

Algorithm 1 Update Placement Policy

1: procedure UpdatePolicy(𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛𝐶𝑜𝑛𝑡𝑒𝑥𝑡𝑠, 𝑜𝑟𝑑𝑒𝑟𝑒𝑑𝑀𝑒𝑚𝑜𝑟𝑦𝑇𝑖𝑒𝑟𝑠)

2: for each 𝑐𝑜𝑛𝑡𝑒𝑥𝑡 in 𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛𝐶𝑜𝑛𝑡𝑒𝑥𝑡𝑠 do
3: 𝑐𝑜𝑛𝑡𝑒𝑥𝑡 .ℎ𝑜𝑡𝑛𝑒𝑠𝑠 ← 𝑐𝑜𝑛𝑡𝑒𝑥𝑡 .𝑎𝑐𝑐𝑒𝑠𝑠𝐶𝑜𝑢𝑛𝑡/𝑐𝑜𝑛𝑡𝑒𝑥𝑡 .𝑡𝑜𝑡𝑎𝑙𝑆𝑖𝑧𝑒
4: 𝑠𝑜𝑟𝑡𝑒𝑑𝐴𝑙𝑙𝑜𝑐𝐶𝑜𝑛𝑡𝑒𝑥𝑡𝑠 ← sortByHotnessDescending(𝑎𝑙𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛𝐶𝑜𝑛𝑡𝑒𝑥𝑡𝑠 )
5: for each 𝑐𝑜𝑛𝑡𝑒𝑥𝑡 in 𝑠𝑜𝑟𝑡𝑒𝑑𝐴𝑙𝑙𝑜𝑐𝐶𝑜𝑛𝑡𝑒𝑥𝑡𝑠 do
6: for each 𝑡𝑖𝑒𝑟 in 𝑜𝑟𝑑𝑒𝑟𝑒𝑑𝑀𝑒𝑚𝑜𝑟𝑦𝑇𝑖𝑒𝑟𝑠 do
7: if 𝑐𝑜𝑛𝑡𝑒𝑥𝑡 .𝑟𝑒𝑎𝑙𝑀𝑒𝑚𝑜𝑟𝑦𝑈𝑠𝑎𝑔𝑒𝐹𝑟𝑜𝑚𝐴𝑚𝑏𝑖𝑥 < 𝑡𝑖𝑒𝑟 .𝑓 𝑟𝑒𝑒𝑀𝑒𝑚𝑜𝑟𝑦 then
8: 𝑡𝑖𝑒𝑟 .policyAdd(𝑐𝑜𝑛𝑡𝑒𝑥𝑡 )
9: 𝑡𝑖𝑒𝑟 .decrease(𝑐𝑜𝑛𝑡𝑒𝑥𝑡 .𝑟𝑒𝑎𝑙𝑀𝑒𝑚𝑜𝑟𝑦𝑈𝑠𝑎𝑔𝑒𝐹𝑟𝑜𝑚𝐴𝑚𝑏𝑖𝑥 )
10: break

Based on such assumption, the placement algorithm tries to

find an efficient way of distribute the to-be-allocated objects from

each allocation context between the fast and slow memory tiers,

while ensuring that a given memory usage ratio (betwen tiers) is

preserved. This ratio is called the capacity ratio, and is a parameter

of hmalloc.

The placement treats this problem as an instance of the knapsack

problem. The knapsack represents the fast tier, and its capacity is

given by multiplying the current physical memory usage of the

process by the target capacity ratio. Each item to fit into the knap-

sack corresponds to the set of new objects that are expected to be

allocated from each allocation context. Hence, the value of each

item is the current hotness of the allocation context, whereas the

size of each item is given by the object size of the allocation con-

text multiplied by the number of new objects that are expected to

be allocated from it. Every allocation context that is placed into

the knapsack is assigned the fast tier during the next epoch. This

typically contains the hottest allocation contexts. The remaining –

typically colder – allocation contexts, are assigned the slow tier.

Each epoch lasts for a number of events: memory accesses sam-

pled by PEBS or memory allocations/de-allocations, where the du-

ration of consecutive epochs grows exponentially (𝑁 1
events in 𝑇1,

𝑁 2
events in𝑇2, and so forth). (Starting from a base of 1,000 events,

scaling up to a maximum of 500,000. Beyond this threshold, the

number of events is capped). The rationale behind the increasing

duration of epochs is to allow faster adaptation to changing trends

in memory usage patterns and object allocation in the early stages

after the application is launched. As time goes by, we expect such

trends to stabilize, so subsequent revisions of the tiers assigned

to each allocation context may be based on longer observations.

Ideally epoch size in iterative workloads should capture at least one

iteration’s memory access patterns, with subsequent epochs pro-

gressively refining placement decisions by leveraging increasingly

comprehensive data.

3.1.3 Enforcing the first-placement decisions. After deciding on

the initial placement of an object, it is placed in the appropriate

memory kind. Memory kinds are custom arenas created via a non-

standard API provided by jemalloc. They contains memory pages

that are bound to specific NUMA node via mbind(). Each NUMA

node represents separate memory types in the system. In this way,

there is a separation of objects between hot and cold pages.

To further reduce CPU overhead, we take advantage of the prior

observation [34] that most of the small allocations are short-lived

and frequently accessed. Therefore, for allocations smaller than 64

bytes, we always allocate them in DRAM via faster, default jemalloc

API, without counting and monitoring them.
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3.2 Page-level tiering with Ambix
Ambix serves as the dynamic memory tiering component in our

solution’s architecture, designed to complement the hmalloc al-

locator. Its design philosophy is to reduce interference with the

allocator’s initial decisions, operating on the premise that hmalloc

generally makes correct initial page placements. Unlike traditional

tiering systems that aggressively migrate pages based on short-

term access patterns in order to compensate for the blind first-

placement guesses, Ambix adopts a less reactive approach. This

design balances the benefits of dynamic tiering with the advantages

of informed initial placements taken by hmalloc.

At its core, Ambix uses a page table scanning approach to evalu-

ate memory usage, leveraging the access and dirty bits of each page

table entry (PTE) to adjust a cumulative page hotness score. This
score reflects ongoing real-time access patterns in read and write

behavior, and influences whether pages are promoted or demoted

between memory tiers.

Ambix employs a delayed migration policy that aligns with the

allocator’s long-term predictions. Instead of making immediate

adjustments, Ambix carefully monitors and verifies the allocator’s

initial page placement decisions over time. It intervenes only when

sustained access patterns indicate that the original placement was

suboptimal, ensuring that changes are based on meaningful, long-

term trends. This approach aims at preventing premature page

migrations, in order to mitigate unnecessary data movement.

When Ambix migrates pages, it aims to maintain free space in

the fast memory tier, ensuring the allocator can place new, poten-

tially performance-critical pages in the fast tier. To achieve this,

Ambix selectively promotes only a restrictive number of pages

it deems most essential from the slow tier to the fast tier, while

proactively demoting the least accessed (coldest) pages from the

fast tier to the slow tier. This balanced approach efficiently utilizes

high-performance memory, ensuring it remains available for future

needs while avoiding unnecessary data movement and supporting

the allocator’s overall strategy.

3.2.1 Runtime Metrics and Decision Making. Ambix collects run-

time page metrics through incremental page table scans, where

a fixed number of pages are periodically scanned. Each page has

a score that reflects its activity, and this score is updated in each

scan by examining PTE bits (e.g., accessed and dirty bits). If a page

is accessed, its score increases by 2; if it is also written, the score

increases by an additional 1 as writes can be particularly impact-

full to performance in persistent memory devices [12]. If neither

condition is met, the score decreases by 1.

The placement policy of Ambix is guided by a dynamic partition
threshold, which borrows inspiration from Memtis[23]. Conceptu-

ally, the partition threshold defines what are hot and cold pages:

pages above this threshold are considered hot and are suitable for

fast memory, while those below are deemed cold and should remain

in or eventually move to slow memory.

At the end of each full memory scan, Ambix recalculates this

threshold based on the updated hotness scores of each page. Con-

cretely, Ambix ranks all pages by their hotness scores and cuts off

the ranking where the number of pages equals the fast memory’s

capacity. The updated threshold is then used in the next scan to

manage page migrations.

3.2.2 Handling just-placed Pages. When a page is first-placed, its

initial score is set to the value of the optimal partition threshold,

categorizing the page as "warm"—neither hot nor cold—allowing

the system to adjust the score based on actual usage patterns before

making migration decisions. This initial state ensures that future

scans will gradually adjust the page’s score based on its actual usage

patterns. This approach ensures that newly placed pages are given

time to show their true behavior before any migration decisions

are made.

Additionally, Ambix tracks how many times each page has been

scanned since its first placement. Pages must be scanned at least 10

times before they are eligible for migration. By requiring multiple

scans before a page is considered for migration, Ambix avoids

prematurely overriding the object allocator’s initial decisions by

delaying migration, allowing it to trust and verify placements based

on sustained, consistent access patterns rather than reacting to inital

short-term access patterns. As a result, Ambix can complement the

object allocator’s long-term strategy while still leveraging dynamic

tiering to optimize memory performance.

3.2.3 Implementation Considerations. Ambix is implemented as a

kernel module that seamlessly integrates into the operating system.

It uses kernel functions such as walk_page_range for page table
scanning and migrate_pages for migrating pages between mem-

ory tiers. These functions enable Ambix to efficiently monitor and

manipulate page placements without requiring significant changes

to the kernel. Both the score and age are stored in the existing Linux

page_struct without requiring changes to the kernel source code,

minimizing memory overheads and improving portability. This

design choice ensures compatibility across different kernel versions

and hardware configurations.

3.2.4 Interface With Hmalloc. Ambix provides an interface for

hmalloc to receive memory usage statistics on a per-allocation

context basis. The API includes functions to retrieve memory infor-

mation and enable and disable monitoring of allocation contexts,

which are specified as ranges of pages where each allocation con-

text allocates its objects. For example, the get_object_mem_info
and get_program_mem_info functions allow hmalloc to query the

memory usage of specific objects or the entire program, respectively.

This interface helps hmalloc make informed allocation decisions

by leveraging the detailed memory usage data collected by Ambix

(recall Section 3.1).

3.3 Limitations
hmalloc is a system that builds optimal placement logic based on

past behavior. It has the best results in workloads having an iterative

nature or which are doing a lot of malloc/free calls during the

application’s lifetime. For applications that allocate all objects at

the start before they are used, hmalloc is not able to bring about

improvements.

4 Evaluation
In this section, we experimentally evaluate the proposed hmal-

loc+Ambix system against the alternatives for page placement that

are available in the latest Linux kernel.

Our evaluation aims at answering the following main questions:
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Workload Data set size malloc calls Allocation contexts Execution time

(Linux default policy)

CP2K 140 GB 9,586,283 5,283 22,453 s

LULESH 220 GB 2,270 410 5,500 s

Q-E 160GB 1,601,701 622 33,557 s

Table 1: Summary of evaluated workloads

• How effective is hmalloc in taking first placement guesses?

(Section 4.2)

• What gains can hmalloc provide when combined with differ-

ent tiered placement systems? (Section 4.3)

• From an end-to-end perspective, how does the proposed

hmalloc+Ambix system perform when compared to relevant

alternatives? (Section 4.4)

Before addressing each question above, Section 4.1 starts by

detailing the experimental setup.

4.1 Experimental methodology
Workloads.We study three computational benchmarks that em-

phasize diverse and memory-intensive HPC applications. They are

summarized in Table 1.

• The H2O-1024 benchmark from the CP2K suite [19] per-

forms ab-initio molecular dynamics on liquid water using

the Born-Oppenheimer approach, with a resident working

set size of 140 GB.

• LULESH (Livermore Unstructured Lagrangian Explicit Shock

Hydrodynamics) models a basic shockwave propagation, rep-

resenting how materials respond to extreme forces, with a

220 GB working set and a problem size of 630
3
.

• The GRIR443 benchmark from the Quantum ESPRESSO

(Q-E) suite [11] simulates complex carbon–iridium system,

with a memory usage of 160 GB.

Evaluated solutions. We evaluate a full-fledged implementation

of our proposed system.

We compared our system against the following set of alternative

solutions:

(1) AutoNUMA in tiering mode.
(2) Linux default allocation policy.

(3) Each component of our proposal running in isolation: hmal-

loc stand-alone and Ambix stand-alone.

For hmalloc, while using an application’s expected maximum

memory usage to set hmalloc’s memory ratio parameter can yield

satisfactory results, optimal performance often requires a more fine-

tuned approach. For CP2K and Q-E, which report their expected

maximummemory usage at initialization, this value provides a good

baseline. However, we found that analyzing the average memory

consumption during execution led to more efficient ratios. In Q-E,

this analysis resulted in a 2:3 DRAM to slow memory ratio, which

outperformed the ratio based solely on maximum usage.

LULESH presents a more complex case. It doesn’t explicitly re-

port expected usage, but its memory consumption increases pre-

dictably with problem size. By examining its runtime behavior, we

observed a maximum usage of 220 GB, but an average of only 110

GB. Given approximately 45 GB of free DRAM on our test system,

this insight allowed us to fine-tune the ratio. We determined that

a range of 1:1 to 1:2 (DRAM to slow memory) was appropriate,

ultimately settling on 1:2 for optimal performance.

Similarly, for CP2K, deeper analysis of its memory usage patterns

led us to a 3:2 ratio, which proved more effective than a ratio based

on maximum usage alone.

These examples underscore the importance of considering not

just peakmemory requirements, but also average usage and runtime

behavior when configuring hmalloc’s memory ratio. This more

granular approach can significantly enhance performance across

various applications and problem sizes.

Ambix’s setup involves several key parameters that control its

memory management decisions. Ambix was configured to scan

40 GB of memory per scanning and migration round, with these

rounds occurring at 1-second intervals. To prevent excessive data

movement, a maximum migration limit of 500 MB per round is

imposed. Additionally, Ambix was setup to maintain 5% of the faster

tier memory free, providing space for high-priority allocations.

Machine.We use a dual-socket machine with Intel
®

Xeon
®

8358

CPU, running at 2.60 GHz. Since CXL memory devices were not yet

commercially available, our machine has an HMem hierarchy com-

prising DRAM as the fast tier and Intel Optane DC Persistent Mem-

ory as the slow tier. More precisely, each socket is populated with

4 DRAM modules (4x32 GB DDR4 3200 MT/s) and 4 DCPMM mod-

ules (4x256 GB, DDR-T 3200 MT/s Series 200), resulting in a total

of 128 GB of DRAM and 1024 GB of DCPMM. DRAM size is limited

to 45 GB via the memmap grub parameter.

We have installed a Rocky Linux distribution on our machine

with kernel v5.10. The only exception are the AutoNUMA experi-

ments, in which we use kernel v6.1 in order to take advantage of

critical features made to AutoNUMA, including its tiered memory

specific update. We set the swappiness value to 0, which effectively

disables swapping in our experiments. We restrict every experi-

ment to a single socket by using numactl to bind each application

to exclusively execute on the cores of the second socket and place

its pages in the local DRAM and DCPMM nodes. Finally, we dis-

able transparent huge pages (THP), since both AutoNUMA’s and

Ambix’s iplementtions do not target THPs.

4.2 How effective is hmalloc in taking first
placement guesses?

As a first phase of our evaluation, wewish to study how effective the

informed first-placement guesses provided by hmalloc are, when

compared to the standard approach of blind guesses based on the

default placement policy of Linux. This default policy determines
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Figure 7: Performance comparison of hmalloc against default
allocator, without dynamic tiering systems. Lower values
indicate better performance.
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Figure 8: Performance impact of integrating hmalloc with
existing dynamic tiering systems. Lower values indicate bet-
ter performance.

that, once a page that is absent from physical memory is first-
touched, it is placed on the fast tier as long as there are free page

frames there; otherwise, the placement spills to the slow tier.

In these experiments, placement is merely static. Once a page

is first-placed, it stays in the same memory tier until the end of

the execution, even if the access patterns of the application change

over time.

The performance comparison between hmalloc and the default

Linux policy reveals significant advantages of informed first-placement

strategies in heterogeneousmemory architectures. Figure 7 presents

hmalloc’s performance improvements across all benchmarks, from

1.49x to 2.04x, even in a static placement scenario. hmalloc’s ability

to make informed placement decisions without runtime adjust-

ments suggests its potential for even greater optimizations when

combined with dynamic tiering systems.
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Figure 9: DRAM utilization comparison between Ambix and
AutoNUMA combined with hmalloc for Q-E benchmark.

4.3 What gains can hmalloc provide when
composed on top of different tiered page
placement systems?

hmalloc provides substantial gains to tiered page placement sys-

tems, as shown in Figure 8. The graph compares AutoNUMA and

Ambix, both standalone and combined with hmalloc.

hmalloc, when combined with Ambix, achieves the best overall

performance, with a speedup up to 2.3x against standalone AutoN-

UMA. This highlights the synergistic effect of combining hmalloc’s

intelligent first placement with a tiering system that takes into

account the allocator’s strategies. Conversely, the combination of

hmalloc and AutoNUMA shows mixed results when compared to

standalone AutoNUMA. It improves performance for LULESH and

Q-E, but actually performs worse for CP2K.

To understand these performance differences, we analyzed the

memory usage patterns of these combinations. Figure 9 compares

the DRAM usage differences that occur when using hmalloc with

either Ambix or AutoNUMA. Ambix’s delayed and constrained

migration strategies result in significantly lower DRAM memory

usage throughout the benchmark’s runtime. Additionally, Ambix

avoids utilizing all available DRAM, maintaining a substantial per-

centage of free DRAM, which further aligns with hmalloc’s design.

The integration of hmalloc with dynamic tiering systems also

reveals complex interactions in memory management when con-

sidering migration volumes, as can be seen in Figures 11 and 12.

When combined with AutoNUMA, for CP2K and Q-E, an increase

in promotion volumes is observed, likely due to the additional

DRAMmade available by hmalloc’s placement strategy. Conversely,

LULESH shows a reduction in promotion volume, which suggests

that hmalloc’s informed first placement strategy is particularly ef-

fective in identifying and placing hot pages in DRAM. As a result,

AutoNUMA may find fewer pages that need to be promoted from

the slower memory tier during runtime. A consistent trend across

all benchmarks is the decrease in demotion volumes when hmalloc

is used in conjunction with AutoNUMA.

Combining hmalloc with Ambix yields different results. Both

CP2K and LULESH show a decrease in total migration volumes.

Interestingly, Q-E exhibits a slight increase in promotion volume,

but this is accompanied by a significant performance improvement
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Figure 10: Performance comparison of various memory man-
agement configurations. Lower values indicate better perfor-
mance.
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Figure 11: Promotion Volume. Lower is better.

among the tested applications. This suggests a strong collaboration

between hmalloc and Ambix for Q-E, despite the slight increase in

page promotions. As with the AutoNUMA integration, the combina-

tion of hmalloc and Ambix consistently reduces demotion volumes

across all benchmarks.

4.4 End-to-end results
Figure 10 presents the end-to-end results for the three workloads.

The combination of hmalloc and Ambix reveals nuanced perfor-

mance dynamics across different workloads. In LULESH, Ambix

seems to negatively impact hmalloc’s performance by a slim mar-

gin. In contrast, in CP2K, it offers only a marginal improvement of

approximately 4.2%. However, these results highlight a key strength

of the combined solution: unlike AutoNUMA, which consistently

degrades hmalloc’s standalone performance, Ambix at worst has

minimal negative impact. This aligns with Ambix’s core principle

of minimal interference when hmalloc’s initial placement decisions

are effective. Notably, in scenarios where Ambix does enhance hmal-

loc’s performance, such as in Q-E with a substantial 2.4x speed-up

over hmalloc standalone, the benefits are significant. This variabil-

ity underscores that while smart allocators like hmalloc can often
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Figure 12: Demotion Volume. Lower is better.

optimize memory placement effectively, certain workloads may

still benefit considerably from the assistance of dynamic tiering

systems. Importantly, across all benchmarks, either the combined

hmalloc+Ambix solution or hmalloc standalone consistently de-

livers the best performance, demonstrating the robustness of our

approach in diverse memory-intensive applications. Our approach

delivers up to 2.03x speedup over traditional memory management

through intelligent first placement. Leveraging Ambix it further

achieves up to 2.28x speedup compared to AutoNUMA.

5 Related work
The backbone of any system for tiered page placement, as intro-

duced in Section 2, relies on somemechanism to track page accesses,

whose output lets the placement policy classify which pages are hot,

hence should be in the fast tier; and cold, which can be demoted to

free up page frames in the fast tier. Different techniques have been

proposed regarding tracking page accesses in tiered page placement

systems, which range from monitoring page table access bits as in

traditional page replacement algorithms (e.g. [15, 28, 36, 51]), possi-

bly complemented with TLB miss interception (e.g. [1, 27]); to page

poisoning (e.g. [16, 29]); or event-based sampling (e.g. [23, 34, 50]).

Another underlying component is the page migration mecha-

nism. Although Linux has native support for page migration across

memory nodes, some works have proposed optimized migration

implementations. These improvements are achieved by reducing

the page management costs associated with migration [18, 49, 51],

exploiting optimized alternatives to copy page contents across mem-

ory nodes [27, 34, 51], among others.

Most of the proposals for tiered page placement in literature

operate exclusively at the system level. Hence, they are restricted

to monitoring and managing pages, with no knowledge of how

the application uses the objects that are held in such pages. To our

knowledge, there are only aware of three exceptions of systems

that, similarly to our proposal, use some object-level information

to guide their page placement policy.

First, Hemem [34] intercepts malloc calls to inspect the size of
the allocation. Below a given size, the object is directly placed in a

page in DRAM that is not managed by the Hemem tiering system.

This decision is based on the observation that small allocations
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are frequently accessed and short-lived [34]. This is an effective

heuristic to handle the first-placement of small objects. However,

for larger objects, Hemem must take an uninformed decision, just

like the remaining systems.

A second exception is the system proposed by Kammerdiener

et al. [14], which also relies on a memory allocator (bkmalloc),

which provides a system-level page tiering system (MAT daemon)

with allocation-specific attributes (such as allocation time or size).

These attributes allow the system-level module to implement richer

placement policies that can also take such object-level inputs into

account. Still, these attributes are very hardly useful for the pur-

pose of improving first-placement. For instance, all policies that

the paper considers always map a newly-allocated object/page to

DRAM, which boils down to the same first-placement strategy

that is adopted by most of the remaining page tiering systems in

literature.

A thirs exception is Unimem [48]. By default, it first-places ob-

jects in the slow tier. However, it selectively first-places those data

objects with the largest amount of memory references in the fast tier.

However, this method has limited applicability and is inaccurate

since it ignores caching effects [48].

Finally, we remark that, in literature, there are other approaches

to the problem of data placement in HMem systems. A first ap-

proach is handcrafted applications which, using programming in-

terfaces such as libvmmalloc library from the Persistent Memory

Development Kit (PMDK) [38], explicitly allocate each object on

the most appropriate tier [26, 35, 46]. To try to mitigate the bur-

den on the programmer, some proposals rely on profiling runs to

gather an accurate and detailed knowledge on per-object access

frequencies and, based on that, instrument the memory allocation

invocations to place each object at the most appropriate memory

tier [4, 7, 31, 33, 40, 47, 48]. Although this approach has proved its

effectiveness in specific application domains, it has crucial short-

comings. In many use cases, it is not practical, or not even viable, to

have a profile run before the application is actually up and running.

Second, this approach places objects statically (on allocation time)

on average access frequencies, which is ineffective in applications

characterized by distinct phases with distinct access patterns, or

with unpredictable workloads.

6 Conclusion
This paper proposes a novel memory tiering system that addresses

the first-placement problem by combining hmalloc, an HMem-

aware memory allocation library, with Ambix, a page-based mem-

ory tiering system, and exploiting their object and page-level syn-

ergies.

Our experimental evaluation when running realistic HPC work-

loads on a real HMem system based on DRAM with Intel Optane

DC Persistent Memory demonstrates that our novel synergistic ap-

proach is effectively able to address the first-placement limitation of

previous systems. Our approach delivers up to 2.03x speedup over

traditional memory management through intelligent first place-

ment. Leveraging Ambix, our custom page-level dynamic memory

tiering system, it further achieves up to 2.28x speedup.
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