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Analysis of Memory Access Patterns for Large Language Model In-
ference

Max H. Fisher

(ABSTRACT)

The use of tiered heterogeneous memory systems in HPC workloads is growing in popularity

as the increasing memory requirements for these workloads outpace the decline in the cost-

per-gigabyte of fast DRAM; however, the Linux kernel has no intelligent strategy to manage

these tiered memory systems. Because of this limitation, a great deal of research has been

conducted to identify policies that make efficient use of these systems. Much of this prior

research focuses on deep learning tasks, while only a few focus on inference for large models.

The training and inference workloads for the same type of model are quite different: in

training, the task is to continuously update the weights matrices with knowledge gained from

each training datum, while in inference, the workload only reads from the weights. Training

for neural networks also involves accesses in reverse order to what is used in inference, in

a training technique called backpropagation. This thesis presents a memory access pattern

heatmap tool that can track evolving access patterns through the lifetime of a workload.

This tool is applied to llama.cpp, an LLM inference tool, to identify memory access patterns

between remote and local NUMA nodes. The thesis then explores two basic NUMA page

placement strategies, where all memory is bound to either the local or remote NUMA nodes

to identify the impact of poor NUMA policies on performance and compares them to the

default Linux strategy.
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Max H. Fisher

(GENERAL AUDIENCE ABSTRACT)

Scientific computing often involves running programs with very large memory footprints that

might not fit in the available memory for the system on which they run. Because expanding

the available memory on a system can be expensive, tiered memory systems, which provide

the illusion of a fast and large memory by storing some data in regular small, expensive, and

fast memory (DRAM) and the rest of the data in large, cheap, and slow memory (NVM), have

been growing in popularity. However, effective use of such systems requires an intelligent

strategy for moving data between tiers of memory. Past research has explored strategies that

leverage data access patterns in programs like those that train machine learning models, but

few explore leveraging the access patterns of running machine learning models. This thesis

explores how llama.cpp, a program that runs large language models, makes accesses to data

and how those patterns change as the program runs. It also explores how differing data

placement policies impact performance. It compares how quickly llama.cpp runs when all

data is allocated to a slow memory node to when all data is allocated to a fast memory node,

reflecting how important these strategies are to fast performance.
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Chapter 1

Introduction

1.1 Background

The use of heterogeneous memory systems in high performance and scientific computing is

growing as new systems and products come to market [29, 30]. These systems combine high-

speed, low-capacity, expensive Dynamic Random Access Memory (DRAM) with low-speed,

high-capacity Non Volatile Memory (NVM) to build a memory hierarchy that provides the

illusion of a fast and large memory. Popular examples of these systems include Compute

Express Link (CXL) [48] and Intel Optane DC [31]. These systems are becoming more

important as the need for large-memory high performance computers for Deep Learning (DL)

tasks grows. DL tasks have had increasingly large memory footprints that are outpacing the

expansion in storage capacity for DRAM [36]. However, standards like CXL are still in their

infancy, and only recently have CXL compliant modules come onto market. As such, there

is limited support for heterogeneous memory hierarchies in the Linux Kernel [42].

In the Linux kernel, each tier of memory is represented by separate Non-Uniform Mem-

ory Access (NUMA) nodes, which are generally associated with a Central Processing Unit

(CPU). On systems with multiple CPUs, each NUMA node represents the memory physically

closer to the CPU, which allows the kernel to automatically allocate memory close to the

requesting CPU. There is no official support for tiered memory systems other than allowing

swapping between NUMA nodes [40]. By default, Linux will allocate pages to the NUMA

1



2 CHAPTER 1. INTRODUCTION

node closest to the requesting CPU. When that node is full, it will move on to further nodes

and will not allocate on the closer node again until space frees up [36]. This naive strategy

for the placement of pages in a tiered memory system has a substantial performance cost

compared to a homogeneous memory system with a large and fast DRAM [29] [16]. In fact,

a heterogeneous tiered memory system using a naive page placement strategy may perform

similarly to a homogeneous memory system with only a large, slow tier, negating the benefit

of a heterogeneous hierarchy [29]. Sub-optimal memory strategies not only reduce the per-

formance of workloads, they also increase energy use. With Large Language Models (LLMs)

being used in more latency critical workloads, the need for an optimal tiered memory man-

agement strategy is clear. To address this issue, the research community has proposed many

strategies for managing tiered memory systems.

1.2 Related Work

Some strategies such as Transparent Page Placement (TPP) [36] use live analysis of memory

use to decide when and how to migrate pages between remote and local memory tiers.

However, TPP does not do any analysis of the workload or attempt to pre-fetch pages from

remote memory before they are needed. Other strategies such as DeepMemoryDL [15] do use

workload specific knowledge to develop pre-fetching strategies offline, but these strategies are

specific to training machine learning models, not for inference. There is a dearth of strategies

in the literature discussing pre-fetching strategies specific to LLM inference. Some strategies

such as InstInfer [39] and Glinthawk [27] explore offloading some parts of the inference engine

to a computational storage device; however, this is not a pre-fetching strategy as it offloads

computation rather than making data available at local nodes when it is needed and keeping

computation on-board. It also requires alteration to the workload code, which may not
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always be possible. More recently, strategies that offload parts of the model to regular Solid

State Drives (SSDs) have been explored [35]. CachedAttention [25], for example, enables

the re-use of Key-Value caches used in a system serving multiple LLM clients at once. It

does so by offloading the computed KV cache for each session to an SSD and then restoring

that cache when the session’s client returns to reduce computations. However, this is not

generalized pre-fetching of memory pages over the course of an inference; it merely reduces

the computational workload for an inference engine when swapping between sessions. None

of these strategies explore an offline analysis to design a pre-fetching strategy for all pages

in working memory during an inference. The strategies are explored in detail in Chapter 2

and vary by whether they run in kernel or user space, whether they analyze the workload or

memory access pattern before execution or live, and the type of tool or workload that they

support.

1.3 Motivation

While some strategies are general purpose, many interesting approaches leverage knowledge

about specific workloads to find even more performance. Most such strategies focus on

DL training; however, inference still has a large memory footprint, and few prior studies in

the literature propose strategies specific to Machine Learning (ML) inference. The strategies

that do exist operate at the software and model layer by altering the workload to make better

use of limited DRAM. A system-level memory placement and pre-fetching strategy would

complement them well by finding additional opportunities for performance improvement

regardless of internal attention optimizations. ML inference is a task that is repeated many

times over the lifetime of a model, so even small speedups can have substantial impacts on

cloud infrastructure energy use and costs over time. Further, LLMs are being implemented
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in time sensitive use cases such as fraud detection [47], increasing the need to performance

improvements in LLM inference.

1.4 Contributions

To resolve this shortcoming in the literature, this thesis presents a memory heatmap tool that

allows users to visualize remote and local memory accesses separately. Users can configure

the heatmap to display either local accesses, remote accesses, or a combination of both

to understand spatial access patterns–how regions of memory are accessed in relation to

their neighboring regions. The tool can display heatmaps for individual periods during the

workload execution by splitting execution into consecutive, equal-duration time slices and

displaying a memory access heatmap representing all accesses made during an individual

time slice, allowing users to track access patterns over time. The length of the time slices is

user-configurable, and the tool can also be configured to display different types of accesses

such as cache accesses, local RAM accesses, or remote RAM accesses. It can also display the

heatmap image with varying dimensions based on the user’s need; by default it generates

a square image. These features allow the heatmap tool to be used to inform a potential

workload-aware pre-fetching strategy. This idea is explored further in Chapter 5.1.

Second, this thesis conducts an analysis of the memory access patterns for LLM inference

and proposes a strategy to exploit those patterns. This thesis first explores the costs of

bad NUMA policies by testing various NUMA placement strategies, including the worst case

strategy that forces all allocations to be to the remote NUMA node. In theory, this would

result in markedly worse performance than other strategies, such as allowing the kernel to

decide automatically where to place pages. In practice, however, this performance penalty

was only observed when the inference workload was run for the first time after the system
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restarted (i.e. a cold start). When run subsequently (i.e. a warm start), the performance

penalty was minor. Both of these strategies performed worse than the ideal case, forcing all

page allocations possible to occur on the local NUMA node. Counter-intuitively, allowing the

kernel to decide where to place pages on its own performed worse than forcing all allocations

onto the local node. This is explored further in Chapter 4.2.

Third, this thesis leverages the aforementioned heatmap tool to examine memory access

patterns in a real world LLM CPU inference workload. Although most real-world inference

workloads happen on GPUs, GPU systems can still make use of tiered memory systems,

both in the form of CXL and also GPU-to-GPU remote memory accesses [18]. Even though

the type of analysis presented here for CPU inference is not yet possible for GPU inference,

this work can still be relevant to multi-GPU systems. Many models are too large to fit in a

single GPU’s on-board memory, so past research has explored tiered memory management

in multi-GPU systems [18].

The analysis in this thesis finds a clear pattern both in spatial terms and temporally. There

is a clear stride in memory accesses, which is shown by memory regions experiencing higher

access counts occurring at relatively constant strides from each other. There is also a hotspot

of accesses covering part of the memory region that clearly moves across the entire working

set as time goes on. These patterns indicate there is room for a pre-fetching strategy to

identify pages placed remotely before they are accessed and make them available at local

nodes, reducing the time delay for the access. This is explored in detail in Chapter 4.1.

The contributions of this thesis are as follows: first, it presents a user-configurable heatmap

tool to display memory access patterns both over the entire course of a process’s execution

and for different time periods within the process’s execution. Second, it conducts an empirical

study into the impacts of NUMA page placement policies, including the case where all pages

are allocated remotely. Finally, it analyzes the memory access patterns of a real world LLM
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inference workload and proposes an offline pre-fetching strategy that exploits those patterns.



Chapter 2

Review of Literature

Several strategies have been proposed in the literature to manage heterogeneous tiered mem-

ory systems. These can be grouped based on their status as a user space or kernel space

system and by whether they conduct their analysis at runtime or offline prior to the workload

starting.

2.1 Kernel-Space Systems

2.1.1 Transparent Page Placement

TPP [36] is an Operating System (OS) level strategy that dynamically identifies hot and

cold pages using a combination of AutoNUMA [14] and Linux’s least-recently-used page

management system to migrate pages proactively, ensuring there is enough headroom at

local NUMA nodes for new allocations. TPP will identify cold pages present at local memory

nodes and offload them asynchronously once a high watermark is reached on the local node.

This strategy limits the chance of a hot page being demoted in most circumstances. It uses

AutoNUMA on CXL nodes to identify and migrate hot pages trapped in remote memory

via a similar process. TPP is application agnostic and transparent to the programmer.

It does not need to know the nature of the workload, nor does it require any changes to

applications to run. It can be deployed globally with a kernel release. Although TPP does

7
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not make guesses about where to place new pages as they are allocated, it does allow some

applications that allocate caches to prioritize the CXL node for that cache while retaining

the standard policy for other pages. TPP was evaluated on several workloads designed to

mimic common workloads at Meta. On a workload designed to mimic the behavior of a

Meta web server, 90% of memory accesses were served from the local node compared to just

22% for the default Linux strategy. TPP is among the state of the art for tiered memory

management, although it is designed for general purpose use, and there may be more room

for improvement if knowledge about the workload is leveraged.

2.1.2 vTMM

vTMM [44] is a tiered memory management system designed specifically for virtualization.

It leverages Intel Page Modification and Logging (PML) to both assist in measuring page

temperature and to migrate pages between tiers. Intel PML is a hardware-assisted technology

that provides virtual memory tracking features for virtual machines. [21] It reduces the need

for time-expensive traps needed for the hypervisor to manage a virtual machine’s memory,

making it a useful tool when designing a memory management system for virtual machines.

vTMM scans page tables for the virtual machines and, with the help of PML, assigns a page

temperature to each page and sorts them internally. vTMM then uses PML optimized page

migration to swap pages between slower and faster tiers. This design allows it to minimize

page access delays and traps and performs well even when multiple virtual machines are

running on one host. Experimental analysis confirms the performance benefits. vTMM is

outperforms AutoNUMA by over 200% using the graph500 [2] workload. vTMM solves the

problem presented by some other systems that don’t properly handle virtualization, and it

presents an additional avenue for collecting real-time access pattern information that does

not rely on changes to the host kernel.
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2.1.3 Radiant

Radiant [33] is a tiered memory management policy that focuses specifically on the manage-

ment of the page table. Systems with a large amount of memory available to them will also

spend large amounts of memory on managing their memory subsystem, such as with page

tables. The authors found that pages dedicated to managing the page table would some-

times end up in remote slow memory even when space was available in local fast memory. In

addition, pages containing parts of a page table cannot be migrated between memory tiers,

in contrast to data pages that can be migrated by an explicit NUMA policy or by the kernel

itself. Even though the memory footprint of the page table is quite small relative to the

total size of the system’s memory, it would not be feasible to bind all page table pages to

local memory tiers, because not all page table pages are frequently accessed. The strategy

proposed in Radiant is based on the observation that three out of four page table pages

accessed during a page table walk are in the upper levels of the page table tree, but these

top levels make up only a small portion of the page table’s memory footprint. Similarly,

by actively monitoring page table access patterns, Radiant can chose to migrate last level

page table pages between local and remote memory tiers. Radiant is implemented within the

Linux kernel, and experimental analysis performed by the authors showed that it reduced the

runtime of a set of synthetic and realistic workloads with large memory footprints by 20%

on average. Radiant demonstrates the value of having different tiered memory management

strategies for different types of pages and tasks.
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2.1.4 Application-Attuned Memory Management for Container-

ized Workloads

Past research has focused on improving tiered memory management strategies for standard

high performance computing workloads, where a single large task is allocated all of the

resources on a machine; however, it is becoming more common to run high performance

workloads in containerized settings. Arif et al. [17] sought to address this shortcoming in

the literature. The challenge in implementing such a strategy is that co-located container-

ized workloads have differing memory access patterns, making a unified page placement and

pre-fetching strategy untenable. Arif et al. propose an application-attuned strategy that is

applied individually to containers. Each workload has access to API’s to request allocation

from specific tiers, and then the migration of these pages between tiers is managed trans-

parently based on the observed hotness/coldness of those pages (based on a least recently

used policy) and on information provided by the workload such as its latency sensitivity or

lifetime. It will prefer not to migrate pages that the workload indicates are latency sensitive

or have a short lifetime, even if those pages are found to be the least recently used. After

implementing and integrating this strategy into the Linux kernel and into workload manage-

ment systems such as SLURM [9], experimental analysis showed an increase in utilization

of tiered memory and a reduction in workflow execution time by 35% when compared to

the performance with default Linux tiered memory policies. This strategy is not fully trans-

parent to the programmer, however, which may limit its applicability to workloads where

altering the source code is unfeasible.
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2.2 User-Space Systems with Online Analysis

These systems run in user space, but have some mechanism for identifying memory access

patterns or page temperatures to make decisions based on dynamic runtime behavior.

2.2.1 CachedAttention

CachedAttention [25] is a strategy to reduce redundant computation of the Key-Value (KV)

cache store for an LLM inference session. This store is used to reduce redundant computa-

tion of values for tokens in the context, which need to be re-used each for each generated

token. It is created during the ”pre-filling” stage of the workload before inference begins.

This cache is kept in high bandwidth memory accessible to the GPU (for GPU inference) but

is only useful for that one session. In a turn-based LLM environment such as those used in

OpenAI’s ChatGPT [38], multiple users are served by the same inference engine. Each user

submits a prompt–including the context of their conversation–to the inference engine which

then generates a response. The engine then moves on to the next prompt, discarding the KV

cache it generated for the previous client. Instead of discarding this KV cache, CachedAt-

tention retains this store and offloads it to off-device storage for later use. CachedAttention

intelligently pre-loads the KV cache for a returning user by integrating with the workload

manager. To avoid straining the memory bandwidth between high bandwidth on-device

memory and the SSD, it times the transfer to occur during the pre-filling stage for the new

prompt. Experimental results showed an 87% decrease in delay before generating the first

token and a 70% decrease in the cost of end-to-end inference. CachedAttention proposes

an interesting strategy for offloading unneeded data until it is needed again, but it is not a

strategy for managing the large memory footprint during inference itself as it only manages

one piece of the memory footprint. It also requires alteration of the workload code which
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may not be practical in all cases. This strategy is implemented at the software layer by

altering the attention mechanism to support the cache. It could be complemented well by a

system-level memory allocation and pre-fetching strategy, which would create opportunities

for performance improvements regardless of internal attention optimizations.

2.2.2 HeMem

HeMem [40] is a tiered memory management scheme designed for big data applications. It

leverages asynchronous access tracking and migrations to amortize the cost of these oper-

ations over time. HeMem also allows users to set memory management policies on a per-

application basis. It runs in user space and does not require the installation of any kernel

module or other alteration to the OS. To achieve this, instead of working within the kernel to

track its page tables and NUMA data structures, HeMem intercepts certain memory-related

system calls and registers itself with the kernel to manage page-faults that occur within

the ranges it manages. It samples both processor event counters such as Processor Event

Based Sampling (PEBS) to identify hot and cold pages and intercepted allocation calls to

determine where pages should be placed when allocated. Migration and sampling are both

handled asynchronously, and migration is offloaded from the CPU when possible using an

I/OAT DMA engine. [34] Experimental results show that HeMem outperforms both Intel

Optane DC Memory Mode [31] and Nimble [51], a kernel extension for tiered memory man-

agement, in common big data tasks where the hot set of memory fits into DRAM. However,

in certain other cases, Intel Optane DC Memory Mode is more performant. While running

in user space is convenient for applications where root access is not available, this design

limits HeMem’s ability to capture knowledge of all pages allocated, a weakness newer tiered

memory management systems have addressed.
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2.2.3 DyNN Offload

DyNN Offload [41] is a tensor migration strategy focusing on the management of GPU

memory. It is designed specifically for dynamic neural networks [28], which allow the neural

network structure to change across data samples, and are growing in popularity among the

DL community. DyNN Offload runs a smaller pilot model that is used to make tensor pre-

fetching decisions. This pilot model takes the input sample being given to the DyNN and

predicts the execution of the operators for each execution block. This is then used by DyNN

offload to pre-fetch the associated tensors into GPU memory. Any mis-predictions made by

the pilot model can then be loaded on demand with a performance penalty, and the mistake

can be noted and used to improve the pilot model training. The pilot model is originally

trained based on static analysis of the DyNN training script. This process is transparent to

the programmer. Experimental analysis showed that DyNN Offload outperforms the state-

of-the-art Dynamic Tensor Re-Materialization [32] by 35%. It also allowed for the training

of a model 8x larger than would be allowed with PyTorch alone, because DyNN offload

makes it possible to work with less GPU memory, similar to how tiered memory systems

allow for smaller local RAM. The management of GPU memory is a similar problem to the

management tiered memory systems, in that GPU memory is smaller in size than overall

system memory. A key difference, however, is that GPUs cannot directly access data stored

in regular system memory, in contrast to tiered memory systems where accesses can be made

to slow memory tiers for a performance penalty. In either case, DyNN Offload presents an

interesting strategy for the migration of data, which may be applicable to tiered memory

systems as well.
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2.3 User-Space Systems with Offline Analysis

The set of tiered memory strategies that use offline analysis is most interesting to us. Systems

using runtime analysis rely on information provided either by the kernel or by performance

counters, which are not always portable between architectures. If the right performance

counters are not available on the target system, then such strategies will not be applicable.

Offline analysis is not always portable; however, it could be conducted on a per-enthronement

basis to build an understanding of access patterns that are unique to the environment in

which the workload runs

2.3.1 AutoTM

AutoTM [29] is an optimization tool designed to determine the ideal placement and fetching

of pages for deep neural network learning operations. It is built on top of existing deep

neural network training tool sets (specifically nGraph [22]) and does not require significant

cooperation from the user. It is based on Integer Linear Programming [43] and takes ad-

vantage of the fact that many neural network computation graphs are static and contain no

data-dependent control flow behavior. AutoTM automatically profiles the neural network

provided to nGraph to determine ideal page placement strategies with the goal of reduc-

ing the execution time of the training with a constraint on the amount of DRAM used.

Based on this analysis, it can also predict when to migrate pages between nodes based on

pre-determined knowledge about the execution time of nodes in the computation graph and

generate code that does so. It does this all during the nGraph compile time, with no ad-

ditional analysis happening at runtime. The researchers were able to replace between 50%

and 80% of their system’s DRAM with persistent memory while observing only a 27.7%

decrease in performance. This is compared to a 71.9% decrease they observed when making
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the same change using the default first-touch NUMA page placement strategy. AutoTM’s

ease of use makes it more practical than some other systems that rely on cooperation from

programmers to achieve their performance benefits, but is quite old now and nGraph has

since been deprecated and merged into OpenVINO. [13] While no longer useful for real-world

implementation, AutoTM still presents an interesting strategy to pre-calculate when pages

should be migrated.

2.3.2 CXL Strategies for GPU-based workloads

Most of the strategies discussed focus on managing heterogeneous memory systems by con-

trolling where pages are allocated and when they are migrated between tiers. Arif et al.,

however, propose a scheduling strategy for memory allocation in an attempt to minimize

the overhead of data migrations [16]. Similar to DyNN Offload, this strategy focuses on

GPU-based DL workloads; however, unlike DyNN Offload, it considers how heterogeneous

memory systems such as CXL can be leveraged for this. The goal of this strategy is to de-

termine an ideal scheduling of jobs within a workload management system such as SLURM

such that there is sufficient memory at each tier and GPUs have available local fast DRAM

to migrate data to during their workload. Experimental analysis showed a 65% decrease

in overhead from data transfers. While this system is not designed around scheduling the

movement of pages, its considerations of how all workloads in a shared system may compete

for space in different tiers of memory is interesting and applicable.

2.3.3 DeepMemoryDL

DeepMemoryDL [15] is a page allocation and pre-fetching framework designed for DL work-

loads. It is integrated directly within TensorFlow [10] to operate transparently to the pro-
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grammer. Since memory access patterns can vary between different phases of the same DL

task, it analyzes the workload submitted to TensorFlow to automatically provide separate

strategies at each phase of the training. DeepMemoryDL also creates and manages a fast,

intermediate storage tier in CXL memory. This tier is used as a sort of fast scratch space for

the cluster and assists in reducing the overhead of I/O stalls due to slower storage tiers. Com-

pared to the default TensorFlow platform, a DL job using TensorFlow with DeepMemoryDL

saw a performance improvement of up to 34% while seeing a performance improvement of

up to 27% compared to CXL-based memory expansion strategies. DeepMemoryDL’s trans-

parent strategy is useful, but of course, it only works with TensorFlow.

2.3.4 NoPFS

NoPFS [23] is an I/O middle-ware designed specifically for distributed machine learning

training to provide distributed caching policies that work across different datasets and storage

hierarchies. Although NoPFS does not rely on a heterogeneous tiered memory, it is designed

as a strategy to pre-fetch data before it is needed, making it relevant. It is not transparent

to the user, but only requires a few lines of code in existing training scripts and no changes

to DL frameworks. It uses clairvoyance [19] to analyze and predict exactly when a given

DL job will access a data sample arbitrarily into the future. This allows it to automatically

pre-fetch the data sample from storage on time. Experimental analysis showed that NoPFS

was able to reduce the time lost waiting for I/O operations to complete and provided an

end-to-end training time speedup of up to 5.4x on certain datasets. While NoPFS is also not

a tiered memory management strategy, its use of clairvoyance to predict when a machine

learning task would make an access is relevant to the strategy that will be proposed.
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Methodology

To identify patterns in memory accesses to exploit, the following process was implemented.

3.1 Environment

All testing was done on a single Dell R640 Power Edge server with two Intel Xeon Silver 4215

CPUs with eight cores each. The server had 348GB of fast RAM with an additional 1.5TB

of Intel Optane DC Persistent Memory. It was configured with two NUMA nodes (one for

each CPU socket), and the default Linux NUMA policy was in effect. The inference was run

using llama.cpp [3] entirely using the CPUs. All inferences used Google’s Gemma v2 [26] 27

billion parameter instruction tuned model. This model was chosen for no particular reason,

but the size of the model was chosen such that the entire working set of memory would not

fit in one NUMA node. The same model, prompt, and inference engine was used each time

for consistency.

3.2 Heatmap Tool Design

The heatmap tool presented is designed in three interoperable layers which can be altered

to match the needs of the analysis. These layers are represented in Figure 3.1. The first

layer is the data capture layer, which is responsible for tracking memory accesses made by

17
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Figure 3.1: Diagram of the three layers in the heatmap tool. The implemented modules are
highlighted in green, while potential future modules are also listed.
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the process based on whether they were remote, local, or cache. Perf-Mem [6] was used to

capture these memory access events. Perf-mem is part of the Perf [7] family of performance

analysis tools and specifically records memory access events based on where in the memory

hierarchy the address was stored (e.g. an L1 cache hit or a remote RAM hit). It can then

report each of these accesses individually to be analyzed. It was selected for three main

reasons: it was able to provide an easy to parse text document containing this report for the

second layer to use; it easily reported to which tier of memory an access was made without

requiring additional analysis; it was available on the machines used for testing. However it

had significant drawbacks compared to other tools, such as Linux’s Data Access MONitor

(DAMON) [1].

Perf mem relies on hardware performance counters to track accesses, which means it is subject

to potential sampling errors [52]. It is only compatible with the performance counters on

Intel processors; memory events are not traceable on AMD EPYC processors with perf mem.

Since the available GPU machines used AMD EPYC processors, analysis was confined to

compute nodes with Intel processors, meaning the analysis could only be applied to CPU

inference in this case. Most real world inference workloads happen on GPUs. Since perf uses

performance counters in the CPUs to sample accesses, the GPUs could not be used to get

an accurate understanding of accesses over time. GPUs have their own on-board memory,

and their memory access patterns differ from CPU inference. However, many models are

still too large to fit in on-board GPU memory, so several prior works discussed in Chapter 2

explore TMM strategies for GPU workloads; however, these needs will still differ from those

of CPU workloads. Since most real-world LLM inference happens on GPUs, this restriction

limits the universality of this analysis. Regardless, the broader pattern of how llama.cpp

moves through its working memory should be informative. The reports of perf-mem are

also not available during the execution of the process. This tool can then not be used for
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live analysis, meaning any strategies relying on live analysis of memory accesses will have to

use a different tool. In contrast, DAMON is useful for live analyses. Instead of leveraging

hardware specific CPU performance counters to track memory accesses, DAMON relies on

information from page table entries to count the number of accesses made to given pages.

However, DAMON does not have an easy way to count accesses based on whether the access

was made to a remote or local NUMA node as it is not NUMA aware. Finally, DAMON is

not enabled by default on all systems and was not enabled on the system used in this testing.

Since perf-mem does not report the time of each access, recording time-based heatmaps

requires a slightly different procedure. The PID of the workload process was captured and

a new perf-mem recording was started and attached to the captured process ID. Perf-mem

still needs a process to run, which is passed as a command line argument. In this case,

perf-mem was told to run sleep [8] for the duration of the timing interval. For this analysis,

time intervals of both one and 10 seconds were used, but this can be configured by the user.

A while loop was used to keep track of whether the llama.cpp process was still running. As

long as that process continued running, new perf-mem recordings were started and attached,

each for the noted interval length. Once the llama.cpp inference was finished, reports of each

of the recordings were generated and converted into text files. Depending on the length of

the time interval, these files could be quite large, in some cases upwards of 50GB.

The second layer of the heatmap tool is responsible for parsing the accesses reported by the

first layer. In the case of perf mem, this report is a large text file counting the number of

accesses made to a certain virtual address and what level of the memory hierarchy (cache,

local RAM, remote RAM) the access was mapped to. Since the file can be quite large,

this layer parallelized parsing the report using an OpenMP script. To represent accesses, a

methodology based on the work of Yoon et al. [53] was used. They presented a tool that

tracked memory accesses in an embedded system and developed a model to identify access



3.2. HEATMAP TOOL DESIGN 21

patterns that indicated security violations. Their method for constructing a heatmap of

memory accesses is used in this tool. The working set of memory was divided into large

granules and the number of accesses to addresses within each granule was counted. The user

is able to specify the size of the granules. The analysis script generated a csv file representing

the number of remote and local accesses to each granule during each time interval. The user

can also specify the start and endpoints of the tracked memory region, allowing them to

”zoom in” on the regions of the virtual address space that are most interesting (such as the

region associated with stack or heap memory). In this case, the parameters were set to cover

the region of memory which spanned the largest size and had the most number of accesses

from the process, which was observed to have belonged to BLAS [12].

One drawback to the current design is that Address Space Layout Randomization (ASLR)

can interfere with the starting point of different memory regions. [45]. Although the access

patterns within the region remains similar regardless of the ASLR impact, designing a strat-

egy based around exact virtual addresses will not be feasible on systems with ASLR enabled.

Instead, any potential pre-fetching strategy would have to discover the starting address for

the regions it tracks once the process has started and base its strategy off patterns relative

to this address. Since most real-world systems have ASLR enabled for security, this analysis

kept ASLR enabled.

Once the granule size and the bounds of the tracked memory region were set, the script

counted the number of accesses made to each granule and reported both the total number

of accesses and the number of accesses made to remote NUMA nodes. The script at this

stage can also be configured to include or exclude the number of cache accesses made to a

given granule. Finally, this information is combined into a Comma Separated Value (CSV)

file, which represents the number of accesses and remote accesses made to each granule, for

every granule that had at least one access. For time-slice based heatmaps, the time slice
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corresponding to each access count is also reported.

The third layer is responsible for taking the CSV output of the second layer and presenting

it in a human-interpretable format. In this case, that means creating a heatmap image

representing the memory accesses. To to this, a python script using matplotlib’s imshow

function was used [4]. This function has a limitation when creating very large heatmaps, as

is common for this use case. The size of each granule must then be carefully chosen such

that the image does not grow too large to be saved. The CSV file is taken and parsed into

a sparse array where each index in the array represents the granule and each value in the

array represents the number of accesses made. Since memory is a one-dimensional space,

the data must be projected into two dimensions to display it as an image. This is done by

reshaping the array of size n into a two-dimensional N×M matrix, where each row represents

M consecutive elements from the array. The original array could then be constructed by

concatenating the rows in order. The values of N and M are user configurable so long as

the original array can fit in the matrix, but the default behavior is N = M = ⌈√n⌉, which

displays the region as a square, maximizing the amount of granules that can be displayed by

the library.

This heatmap script in the third layer can be replaced by other analysis as needed. For

example, this thesis also makes use of scatter plots as an additional means to analyze access

patterns. Future work could train a machine learning model on the patterns observed as

well. The multi-tiered modular approach makes it easy to alter individual components based

on the source of the input or the needs of the output.

Table 3.1 shows the various parameters the user can set for each layer of the heatmap tool.

Since different stages have different purposes, the nature of the configuration at each layer is

different. The access sampler layer described above is the lowest layer. As noted above, this

layer is not implemented here, but rather the results of the existing tool chains can be used
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Layer Parameter Unit
Heatmap Generator Shape of Heatmap # of rows / columns
Scatterplot Generator Range of Granules Displayed Range of Granules
Access Analyzer Granule Size Bytes

Start of Tracked Memory Region Address
End of Tracked Memory Region Address
Type of Access to Track Local/Remote/etc.

perf mem Time Slice Length Seconds
Events to Record loads/stores
Accesses to Record eg. kernel/user

Table 3.1: User-Configurable Parameters for the Heatmap Tool

for analysis by the memory access heatmap tool. At the perf mem layer, users can specify the

types of events to record, such as memory loads or memory stores, and the types of accesses

to record, such as kernel or user accesses. For the purposes of this analysis, user-space loads

were recorded. For the time-based analysis, this layer is also responsible for controlling the

time slice length. Users can specify how long each time slice is in seconds.

The Access Analyzer is responsible for parsing the perf mem report and generating a CSV

file. At this stage, users can specify the bounds of the memory region to track. As noted

before, the interesting memory regions often move around due to Address Space Layout

Randomization, so this needs to be set for every new recording made. Users can also specify

at this stage if they are recording local or remote NUMA accesses. Finally, this stage is

where users select the size of each granule, which is represented in bytes.

The final layer is responsible for displaying or analyzing the generated CSV file. Many

different analyses could be conducted on the reported data, for example the heatmap or

scatterplot used in this thesis. The exact parameters alterable by the user differ between

each type of analysis. For example, the heatmap tool can be configured to display the image

with varying dimensions, which is used in this analysis to identify the periodicity of the

access pattern. The scatterplot is also used with user-configurable parameters for the range
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of granules that are reported. This is helpful to zoom in further to see access counts for

neighboring granules.

The tool can be invoked from the command line. Each step is executed individually so that

the parameters can be set at each stage. The steps to use the heatmap tool are enumerated

below:

1. The memory access sampler is run on the target workload. In this case, a perf mem

report is recorded with the command line flags associated with the options the user

wishes to configure as shown in Table 3.1.

2. The perf mem report is converted into text and provided to the access report parser.

Here, the user can set the desired granule sizes and region bounds. For the first analysis,

its often easier to capture the entire address space with large granules. This allows

the user to identify the bounds of the stack and heap regions or identify other regions

of memory the process is making many accesses to. Once the interesting regions are

identified, the user can zoom in on them and use a lower granule size.

3. The user then selects which last level analysis they want to conduct. For the heatmap

tool, this would be a heatmap generator. This generator takes the CSV generated

by the parser and creates a heatmap from that data. The user can experiment with

different dimensions of the heatmap to identify any strides visible in the pattern.

4. It is easy to re-use earlier steps of the analysis to experiment with different parameters.

For example, if a user wants to change the granule size of the final heatmap, there is

no need to re-run the perf mem step. The parser can be re-run with a different granule

size using the already existing access report, and a new heatmap can be generated with

the different granule size.
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3.3 numactl Testing

In addition to looking for a pattern in memory accesses made by llama.cpp, it was im-

portant to understand how different page placement policies impacted performance. Two

basic strategies were attempted to see how performance characteristics changed based on the

placement of pages relative to the CPU requesting those pages. One strategy was to bind

all threads and memory allocation to the same NUMA node; the other was to bind them

to separate nodes. These were compared to a third baseline control trial where no memory

node was specified but a CPU node remained specified for consistency in the number of

threads available. To do this, the numactl [5] utility function was used. numactl provides

command line flags to control both the CPUs the task was bound to as well as the NUMA

memory nodes the kernel prioritizes. This tool makes it possible to override the default

Linux NUMA page placement policy discussed in Chapter 1 and test how significant of an

effect page placement policies have on performance. Naturally, we would hypothesize that

the same-node strategy would significantly outperform the different-node strategy. It is also

reasonable to expect the Linux default to perform at least as well or better than both these

strategies.

To test the importance of NUMA policies and the potential negative impact a bad NUMA

policy can have, the STREAM benchmark [37] was used to identify memory bandwidth

and other performance characteristic differences between the strategies. Prior works [20, 50]

have explored using the STREAM benchmark with heterogeneous memory systems and with

CXL systems; however, these analyses often differ between specific hardware configurations.

To explore the impacts of the differing NUMA policies on the specific hardware setup used

for this investigation, the STREAM benchmark was run under the three NUMA strategies

described, and the results are described in detail in Chapter 4.2.
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Because the results of an LLM inference are based partially on random numbers and are

non-deterministic, additional care must be taken to get meaningful results from this testing.

Even the length of the output between trials can vary, which can have significant impacts on

the workload runtime. To solve this problem, llama.cpp allows users to specify an inference

temperature, which represents how responsive the model is to those random seeds, where a

value of 0 would have deterministic results and a maximum number of tokens to predict. For

the purposes of this test, the temperature of the inference was set to 0 and the maximum

token count was set to 100 so that trials could be run more quickly. In addition, the thread

count was set to eight for all cases, ensuring there were only as many threads as there were

physical CPUs on each NUMA node.

Testing shown in Chapter 4.2 showed that the performance penalty on the different nodes

strategy was significantly less than expected based on the STREAM benchmark results.

Further analysis showed the difference was likely caused by llama.cpp benefiting from a

warm start, meaning llama.cpp had recently been run with the same model. A previous

execution of llama.cpp allowed the system to cache parts of the executable and model,

improving startup times. To ensure that llama.cpp started from cold without the benefit of

these caches, the system was restarted after each trial. The results from this experiment are

also described in Chapter 4.2



Chapter 4

Results

The methodology discussed in Chapter 3 was implemented using the Dell R640 Power Edge

server with two NUMA nodes as previously discussed. A series of heatmaps were captured

and several interesting patterns were observed. The NUMA strategy comparisons were also

tested on the STREAM benchmark and the real world llama.cpp inference workload with

both warm and cold-start conditions. Their results are as follows:

4.1 Heatmaps

As expected, the heatmaps generated using the methodology discussed in Chapter 3.2 showed

a pattern of accesses.

Figure 4.1 shows such a clean pattern. The lowest address is represented in the top left corner

of the figure, and the highest in the bottom right. The figure can be read left to right, top

to bottom to understand the access pattern over a single-dimension region of memory. Each

row of the heatmap represents consecutive granules, and the original one-dimension array

can be recreated by concatenating each row together in order. The heatmap is only displayed

in two dimensions to better show large regions of memory.

In the figure, there is a clear periodicity in the accesses. The dimensions of the heatmap

were selected such that the number of granules in each row was 135. The granule colors line

27
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Figure 4.1: Memory access pattern for llama.cpp during the inference phase and not including
the initialization phase. Each granule is 16MB in size.

up to demonstrate that there is a stride in accesses of approximately 135 granules.

In the case of Figure 4.1, the memory region pictured is approximately 100GB, and each

granule is 16MB in size. This means that the stride is approximately 2GB in length. When

viewing the perf output for this analysis, the region of memory pictured is said to belong to

BLAS [12], indicating that this region is a series of matrices and their accesses are part of

the matrix operations that underlie any neural network. The pattern displayed in the figure

is consistent with such a matrix operation in that more accesses are made to the vector

operand and product vector than the matrix operand in a matrix-vector multiplication.

To test this hypothesis, a test script representing a basic matrix-vector multiplication was

written and analyzed using the memory heatmap tool. This script multiplies a 10,000 by

10,000 matrix of double precision floating point numbers by a 10,000 dimensional vector.

The total size of these vectors and matrices is then over 800MB. The BLAS matrix-vector

multiplication function is used because the same function is used by llama.cpp. The matrix-

vector multiplication function was repeated several thousand times to ensure there were
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Figure 4.2: Memory access heatmap for an example matrix-vector multiplication

enough samples recorded by perf mem to accurately capture the spatial access patterns of

matrix multiplication. Figure 4.2 shows the resultant heatmap of this analysis. The region

of memory displayed represents the bulk of all accesses made by the process. Each granule

is 1KiB in size, and the tracked memory region is only 80KiB in size. This is significantly

smaller than the 800MB the combined matrices and vectors should take up; however, 80KiB

is the size of the multiplier vector in the matrix-vector multiplication. It makes sense then

that the vast majority of memory accesses would be made to this vector, as each call to the

matrix-vector multiplication function would involve 10,000 accesses to this one vector, but

only one access to each row vector of the multiplier matrix. Note also that only load events

are tracked for this analysis. We would expect to see a similar result with the product vector

if store events were recorded. However, recording both loads and stores simultaneously did

not work when tried. This analysis focuses on load events because it is interested in ensuring
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data is available to read when needed.

As we can see in Figure 4.2, there is a clear periodicity similar to what was seen in 4.1.

The vertical stripes seen in that figure are present here, meaning the pattern observed is

consistent with a matrix operation. The periodic variations in the number of accesses would

then represent the underlying implementation of the BLAS library and how it moves through

large vectors and matrices. In the case of Figure 4.2, the figure generated such that there are

8 columns, and the granules line up indicating that the periodicity in this case is eight. Since

each granule is 1 KiB, the periodicity observed is 8 KiB. However, further testing revealed

that the pattern observation held when the number of columns was reduced to four, meaning

the actual periodicity is just 4KiB. However, this image is too narrow to be displayed legibly

on the page; the eight column version still demonstrates the periodicity.

A similar pattern is shown in Figure 4.3. In this image, single granules with extremely high

access counts that are a near constant offset from each other are visible. This is clearly the

result of a series of accesses with constant strides. Each of these high access count granules

is offset by 540 granules. To verify this, Figure 4.4 has a row width of 540 columns and

shows a similar pattern to that seen in Figure 4.1. Although it is hard to see individual

granules due to how wide this image is, it does confirm the hypothesis that the access

pattern repeats every 540 granules. In both figures, each granule is 4MiB in size, meaning

this stride is approximately 2GiB long. This granule size was chosen because, as discussed

in Chapter 3.2, smaller granules would cause the script to generate an image too large for it

to handle.

Figure 4.5 is a one-dimensional representation of the same data and demonstrates this stride

even more clearly. While there appears to be an underlying pattern, there are also layers

of granules that have access counts much higher than those around them. The upper layer

has samples spaced approximately every 540 granules (2GiB) from each other. There is



4.1. HEATMAPS 31

Figure 4.3: Memory access pattern for the larger working region of llama.cpp over its lifetime
with 4MB granules.
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Figure 4.4: Figure 4.3 heatmap with 540 columns.

Figure 4.5: Scatterplot of access counts to a snippet of the working region of llama.cpp.
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Figure 4.6: Autocorrelation graph for the heatmap displayed in figure 4.3

an additional lower layer, which appears to shadow the upper layer. This lower layer has

a similar stride itself but appears to be offset by 180 granules (720 MiB) from the upper

layer. There also appears to be an interesting pattern in the other granules as well. This

is somewhat visible in the heatmaps, but there are waves of higher and lower access counts

even within a 540 granule period.

As noted in section Chapter 3.2, the heatmap tool allows for other analyses to be applied to

the access data, such as the scatterplot shown in Figure 4.5. One type of analysis that can

be useful for this analysis is the autocorrelation function [24]. Autocorrelation analysis is

generally used in time series data for machine learning. It measures the linear relationship
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Figure 4.7: From left to right: Memory access heat maps of the working region of llama.cpp
for consecutive 10 second intervals during the inference phase.

between a time-series function and lagged versions of itself. Its often used in machine learning

contexts to identify periodicity in time-series data. We can treat our memory space as a time-

series to identify recurring patterns in how parts of our memory space are accessed. Figure

4.6 shows the graph of the autocorrelation function for the same data used in 4.3. Spikes in

the graph indicate that the underlying data repeats with that period; the taller the spike,

the stronger the correlation for that period. As we can see in the figure, there is a large and

prominent spike at 540 granules, confirming the periodicity observed in 4.4. However there

are several other spikes indicating some patterns with smaller periodicity. Most of these are

not as strongly correlated as the 540-granule period observed, but it could still be leveraged

by a hypothetical pre-fetching model to identify pages that are likely to see more accesses.

The prior figures explored spatial access patterns in llama.cpp to identify the hottest regions

of memory over the entire course of inference. However, a pre-fetching strategy will need
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to understand when pages will be accessed, not just which pages will be accessed. Luckily,

as discussed in Chapter 3.2, the heatmap tool supports capturing memory heatmaps for

individual periods of time through the inference process. Figure 4.7 shows such time-sliced

heatmaps. Read from left to right, the heatmaps reflect a similar pattern to that shown in

Figure 4.3. Interestingly, nearly the entire memory region is accessed in every time slice.

While access counts are obviously much lower in Figure 4.7—particularly because Figure 4.3

counts accesses made over all time slices, of which there are over 100—no memory region

goes truly untouched. There is, however, a clear hot spot within working memory. With the

time slices side by side, it is clear to see how this hot spot propagates through the region

from high memory addresses to low memory addresses. The full size of this hot spot is quite

large, as we see in the second and third time slices. This may make it hard to exploit the

pattern if the hot spot is too large to store in local fast memory. In addition to the temporal

access pattern, there is still a spatial access pattern similar to what was seen in Figure 4.3.

Even for regions of memory outside the hot spot of accesses, there is a clear pattern of high

access regions offset by some constant stride, similar to what was seen in the previous figures.

The prior analyses explored the memory access patterns for all accesses made by llama.cpp,

including any accesses to the cache, local RAM, and remote RAM. This is useful for under-

standing how llama.cpp accesses memory and demonstrating the capabilities of the heatmap

tool, but it is not sufficient for developing a pre-fetching strategy specific to llama.cpp. For

this purpose, we need to track only the accesses to local and remote RAM that llama.cpp

makes. We also need to simulate the environment that llama.cpp would experience on a

CXL system. This is done by limiting llama.cpp’s execution to one NUMA node of CPUs,

allowing the remote NUMA node to represent the remote memory that would be present in

a CXL system.

Figure 4.8 is a heatmap for llama.cpp run under those conditions. Just as seen in Figure 4.3,
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Figure 4.8: Memory access pattern for llama.cpp simulating a CXL system and ignoring
accesses to the cache. Each gramule is 4MB.
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Figure 4.9: Autocorrelation function for the heatmap shown in 4.8.

each granule is 4MiB in size, and there is a periodicity of 540 granules. The periodicity is

confirmed by an autocorrelation analysis shown in Figure 4.9. The autocorrelation shows

strong periodicity at 540 granules with less intense periodicity at 190 and 390 granules. It

is unsurprising that the stride in memory accesses is unchanged between this trial and that

of Figure 4.3 given that the workload did not change. However, the relative intensity of the

hot granules is noticeably less in this new heatmap. This is also unsurprising given that

this heatmap does not include accesses made to the cache. We would expect that granules

receiving the highest number of accesses would be present in cache most often, so a heatmap

which discounts cache accesses would under-count accesses to these granules. Despite this,

the spikes in the autocorrelation graph stand out more than in 4.6. In that figure, the

tallest spike representing the 540 granule periodicity reaches only 0.5, while it reaches 0.6

for this new recording. A value of 1 would indicate that the access counts are perfectly

repeating. In this case, the stronger autocorrelation indicates that the access pattern is

more predictable when considering only accesses to remote and local RAM, which could be

useful when designing a pre-fetching strategy based on these patterns.

Figure 4.10 shows the same trial as 4.8, but now only considering accesses made to remote
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Figure 4.10: Remote accesses made by llama.cpp for the same trial as Figure 4.8.

NUMA nodes. The images could be overlaid as each heatmap shows the exact same granules

in the exact same places on the heatmap. Notably, the remote access heatmap does not look

different from Figure 4.8. In fact, while the remote access heatmap appears slightly noisier

when placed side-by-side, the access count for each granule has a nearly perfectly linear

correlation with the remote and local heatmap. Approximately 40% of all accesses made

to a given granule were made to the remote NUMA node. 1 Since the same granules are

relatively hot in both heatmaps, we can see that the default NUMA strategy is not accurately

identifying hot pages and ensuring they are available in local memory before they are needed.

This shows that there is room for improvement in the page placement policy, perhaps through

a pre-fetching strategy that takes advantage of the knowledge we’ve gained about the access

patterns for llama.cpp.

As noted earlier, a pre-fetching strategy would need knowledge about when accesses will be

1Note that the scale of the legend for Figure 4.10 is different from that of 4.8.
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Figure 4.11: From left to right: Memory access heat maps of the working region of llama.cpp
simulating a CXL system for consecutive 10-second intervals during the inference phase.
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made in addition to an understanding of which pages will see the most frequent accesses.

Figure 4.11 shows how the access pattern of the CXL simulation of llama.cpp changes over

the course of 50 seconds in the middle of the inference process. Here, we can clearly see

the same hotspot as shown in Figure 4.7. This hotspot seems to move throughout the

tracked memory region, as seen before. Also noticeably missing from these heatmaps is

the clear spatial pattern observed before. It is possible that the spatial pattern is less

obvious in these recordings because of how few accesses are observed for each granule. In

the heatmaps counting all accesses over the entire course of the inference, several thousand

accesses were made to each granule. For these heatmaps, fewer than 20 accesses were made

to each granule. These heatmaps may simply be more sensitive to noise in the sampling

data. Another potential cause could be that these heatmaps ignore accesses made to the

cache, while Figure 4.7 includes those accesses. Granules that see higher access counts are

more likely to appear in the cache, as observed in Figure 4.8.

Figure 4.12 shows the remote access heatmaps for the same periods as Figure 4.12. Here,

we see the same temporal access pattern we saw for the same period when tracking accesses

to both remote and local NUMA nodes. This indicates that the default NUMA policy is

not adapting to the access patterns made by llama.cpp, just as seen in Figure 4.10. Hot

pages are frequently being trapped in remote nodes, increasing the average memory access

time. While the temporal pattern remains visually obvious, the remote access heatmap does

appear noisier than its counterpart, just as Figure 4.10 appeared noisier than its counterpart.

Again, this can likely be explained by the fact that fewer accesses are being made to each

granule. In this case, the ceiling of the range of accesses is 16 per granule, compared to

20 for the heatmap tracking both local and remote accesses. This is a noticeably larger

proportion than seen in Figure 4.10. In that figure, roughly 40% of accesses were made

to remote NUMA nodes, but for this case that number is 80%!. This proportion seems to



4.1. HEATMAPS 41

Figure 4.12: From left to right: Remote memory access heat maps of the working region of
llama.cpp simulating a CXL system for the same consecutive 10-second intervals as shown
in Figure 4.11.
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Figure 4.13: From left to right: Remote memory access heat maps of the working region of
llama.cpp simulating a CXL system for consecutive 1 second intervals.

change over the course of the inference.

In an effort to better understand the temporal pattern shown in the previous figures, Fig-

ure 4.13 shows an additional set of time-sliced heat maps for llama.cpp, this time with 1

second time slices. Here we can see the hot zone much more clearly. Unlike in the previous

timed heat maps, the entire working region of memory does not receive accesses during every

time slice. Some parts are cold during some intervals, while they are hot in others. This

fact could be leveraged to offload unneeded pages during the intervals they are not needed

and to pre-fetch the pages that will be in use. We can also see that the periodicity of the

movement of the hotspot is much faster than what was implied in Figure 4.11. This is not

surprising. The inferencer predicts each new token much faster than every 10 seconds, so we

would expect to better be able to predict the accesses with a shorter time granules. Finding

the balance between short enough time slices and ensuring there is enough time to pre-fetch

and evict pages will be important for further research into pre-fetching strategies.
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Strategy Copy Scale Triad Add
No Mem-bind 47,171.1 49,180.0 53,784.7 53,778.4
Same Nodes 47,062.7 49,144.0 53,780.6 53,802.0

Different Nodes 24,571.7 20,493.6 24,020.5 25,478.2

Table 4.1: Results of STREAM benchmark of memory bandwidth for each NUMA strategy,
reported in MB/s. Higher is better.

4.2 numactl

4.2.1 STREAM Benchmarking Results

The results of the stream benchmark analysis described in Chapter 3.3 are provided in Ta-

ble 4.1. Unsurprisingly, the different node strategy incurs a significant bandwidth penalty.

The different node strategy performs 48% worse overall than the same node strategy. Also

unsurprisingly, there was minimal difference in bandwidth between the various operations.

This same observation was made in [20], where Bergstrom observed that the primary con-

straint on these operations is the memory bandwidth, not the CPU performance. Although

this observation is similar to those of previous works, it is still valuable to note the specific

performance benchmarks observed on this machine to assist with reproducibility.

4.2.2 Impact of NUMA Strategies on LLM Inference

The process discussed in Chapter 3.3 was applied for 30 trials; 10 trials where only a CPU

node binding was specified, 10 trials where the CPU was bound to same node as memory,

and 10 trials where the CPU was bound to a different node than memory. llama.cpp was

set with a temperature of zero on eight threads and was limited to predict only the first 100

tokens.

Table 4.2 shows the result of the experiment. The mean and standard deviation of the real
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Strategy real_time real_stdev sys_time sys_stdev
No Mem-bind 266.4257 0.215 17.4554 0.363
Same nodes 264.5671 0.092 7.4554 0.031

Different nodes 266.0762 0.098 7.995 0.036

Table 4.2: Average and standard deviation of real and system times in seconds over 10 warm-
start trials of llama.cpp for each strategy. Lower is better.

and sys times reported by the time [11] utility are reported in seconds. Based on these

results, several interesting observations can be made.

First, while pushing all allocations to the remote NUMA node has a negative impact on

performance, this impact is not nearly as much as we would expect based on the results from

the STREAM analysis. This difference may be small, but an independent T-test for means

was performed and yielded a p-value of 7.09×10
−12, which demonstrates that this difference

is statistically significant. Further analysis is needed to discover why the performance impact

was so much smaller than one would expect.

Second, the performance of the workload is slightly worse when not specifying a NUMA

node for allocations and instead letting the kernel manage this with its default policy. This

difference is small, but a T-test yielded a p-value of 0.0004. This is statistically significant,

albeit not as strong as the difference between the two other allocation policies. It is not clear

why this would be. In all cases, the threads were bound to the CPU from node 0. The only

difference between each trial group was whether and where the memory binding was set.

How is it that the default strategy can perform worse than forcing all memory allocations

to go to the remote node?

Third, there is a significant difference between the system times for the default CPU-bind-

only strategy compared to the system times for the two other strategies. This may be related

to the previous observation of the default strategy being slower than the others. It is worth

noting that while real and user times are still slower, they are not as significantly slower as
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Memory Access Type Overhead (%) Number of Samples
LFB or LFB hit 47.18 4086333
Remote RAM hit 33.62 1648952

L2 or L2 hit 9.47 1643316
Local RAM or RAM hit 8.81 723280

L1 or L1 hit 0.48 84443
L3 or L3 hit 0.43 51652

L3 miss 0.01 1181

Table 4.3: perf mem report for llama.cpp running on the different node strategy with a warm
start, sorted by the type of memory access. The overhead in this case represents the percent
of samples in this category

the system time. This may indicate that some work that happens in user time for the other

trials happens in system time for this case, but it is not clear what that work would be.

To ascertain why the overall performance impact was so much less than expected, perf mem

was used to understand the types of accesses being made by llama.cpp when it was run with

the CPU and memory placement being bound to separate nodes. Table 4.3 shows the result

of this report. It is clear that a plurality of accesses are made from the Line Fill Buffer

(LFB), with remote accesses coming in second. These dwarf the number of accesses made

to the local NUMA node. There are a variety of reasons some accesses are made to the

local NUMA node even though the strategy attempts to push all allocations onto the remote

NUMA node. The likely culprit in this case is shared libraries or kernel accesses which were

not subject the the NUMA policy.

Further testing revealed that llama.cpp performed significantly worse under the different

node strategy when it was run for the first time after the system started compared to

subsequent runs with the same parameters. We call the first run case a ”cold start” and

subsequent runs ”warm starts”. When it first begins, llama.cpp executes a dry run of the

model with a blank prompt to load the model into memory before beginning its inference.

This ensures that the model is resident in memory and relevant caches before inference
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Memory Access Type Overhead (%) Samples
LFB or LFB hit 45.57 8350451
Remote RAM hit 41.65 4618820

L2 or L2 hit 9.47 2978983
L1 or L1 hit 2.45 1562044
L3 or L3 hit 0.79 444874

Local RAM or RAM hit 0.05 20165
L3 miss 0.01 2977

Table 4.4: perf mem report for llama.cpp running on the different node strategy with a cold
start, sorted by the type of memory access. The overhead again represents the percent of
samples in this category.

Strategy real_time real_stdev sys_time sys_stdev
No Mem-bind 292.0157 4.956 77.5864 0.284
Same nodes 285.1775 6.885 64.6070 1.025

Different nodes 445.0564 5.743 83.9309 1.200

Table 4.5: Average and standard deviation of real and system times in seconds over 10 cold-
start trials of llama.cpp for each strategy. Lower is better.

begins. However, this takes much longer when it is run for the first time compared to

subsequent executions. A perf report for this cold start condition is shown in Table 4.4.

Here, the percentage of accesses made to local memory decrease from 8.81% to just 0.05%

of all samples. At the same time, the percentage of accesses made to remote memory

increases from 33.62% to 41.65%. This difference is noticeable in the runtime performance

for llama.cpp with a cold start.

Table 4.5 shows the result of the same trial described in Chapter 3.3 with a cold start. This

effect was achieved by restarting the system between each inference. This ensured that any

migration or replication the OS conducted of remote pages is reset between each run, getting

a more accurate representation of the performance penalties of remote accesses.

The first observation is the significant slowdown for the different node strategy. In the warm

start trials, the slowdown in average real time for the different node strategy compared
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to the same node strategy was 0.05%. This is counterintuitive compared to the STREAM

benchmarking results shown in Table 4.1, which shows that the bandwidth of remote memory

is approximately 52% that of local memory. In the cold start results, however, the average

real time for llama.cpp running with the different node strategy is roughly 36% slower than

the real time for llama.cpp running with the same node strategy. This is not quite the 2x

slowdown observed in the STREAM report, but this is not surprising given that a plurality

of accesses are still made to the LFB in both the warm and cold start conditions, as shown

in tables 4.3 and 4.4. Still, this is a significant performance penalty that is much more in line

with the hypothesis that forcing all allocations onto the remote NUMA node would result

in a significant performance penalty.

The second observation is the noticeable increase in variance for all observed trials. In

the warm start trials, variance was quite small. The runtime differences between strategies

were comparatively small, but since the observed run times for each strategy were packed

so close together, it was possible to show that the change in strategy had a statistically

significant impact. With the cold start strategies, variance is much higher. This difference

may be caused by the workload growing more sensitive to smaller changes in where pages

are placed and the latency to access them. In the warm start strategy, something outside of

the NUMA policy is causing the number of remote accesses to be reduced either via caching

or migration. With a cold start, there is no opportunity for this to happen, so these small

differences add up over the course of the inference and make the run time vary slightly more.

Still, the difference between the same and different node strategies is much more significant

in the cold start trials; even with the much higher variance, a T-test shows the result is

statistically significant, with p = 3.48× 10
−21.

Third, the observation from the warm start strategy that forcing all allocations to happen

on a local node outperforms the default Linux strategy continues to hold in the cold start
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Memory Access Type Overhead (%) Samples
LFB or LFB hit 47.02 3319573
Local RAM hit 39.29 1678523

L2 or L2 hit 12.63 1878408
L1 or L1 hit 0.52 77612
L3 or L3 hit 0.50 44660

L3 miss 0.03 2300
Remote RAM hit 0.01 1304

Table 4.6: perf mem report for llama.cpp running on the default memory strategy with a
cold start, sorted by the type of memory access. The overhead represents the percent of
samples in this category

Memory Access Type Overhead (%) Samples
LFB or LFB hit 44.07 3319573
Local RAM hit 34.36 1678523

L2 or L2 hit 11.15 1878408
L1 or L1 hit 8.33 77612
L3 or L3 hit 1.96 44660

Remote RAM hit 0.09 2300
L3 miss 0.04 1304

Table 4.7: perf mem report for llama.cpp running on the same node memory strategy with
a cold start, sorted by the type of memory access. The overhead represents to percent of
samples in this category

strategy. While the difference is not as stark as that between the same and different node

strategies, a T-test shows the result remains statistically significant, with p = 0.02. This is

not as strong as what was observed in the warm start trials, but nevertheless it shows a slight

decrease in performance. To identify potential causes of this observation, a standard perf

analysis was conducted on the workload to identify the overhead of various functions in both

user and kernel space. In this case, we observed that the down_read_trylock function within

the kernel has an overhead of 0.12% when no binding is specified for memory allocations,

but an overhead of << 0.1% when the same node strategy is used. Although 0.12% does not

account for the entire difference in system times observed, it does show a potential cause or

part of this observation.
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To determine where this change in performance may be coming from, a perf mem analysis was

conducted again. This time, the same-node strategy was compared to the default strategy.

Table 4.7 shows the perf mem report for the default strategy, and Table 4.6 shows the report

for the same node strategy. As expected, the difference between these two reports is quite

small, which is unsurprising given that the performance difference for the two strategies is

also quite small. However, the one item that stands out is the significant increase in the

number of L1 cache hits. in the default strategy, only 0.52% of samples were accesses that

were found in the L1 cache, but the same node strategy resulted in 8.83% of accesses being

made to the L1 cache. This was coupled with a decrease in the number of accesses to the

LFB, local RAM, and L2 cache, which indicates that accesses to slower tiers of the memory

hierarchy were reduced in favor of more accesses to the fast L1 cache tier. It is unclear why

altering the NUMA policy on this system would have such a profound effect on the cache

efficiency of the workload.
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Discussion

The experimental results show two primary conclusions. First: Chapter 4.2 demonstrates

the impact of a poor NUMA policy on the time-cost of an application. When more accesses

are pushed to remote NUMA nodes unnecessarily, there is a negative impact on the time cost

of the application. This impact is much greater for some tasks when they are run for the first

time after system startup compared to subsequent executions. While much of the research

into tiered memory management policies focuses on improvements in the training process,

a given model is only trained once. A model is run, however, many times over its useful

lifetime. Even small improvements to the amount of time needed to execute an inference

could have substantial impact on the overall cost of hosting a model. Counterintuitively, we

observed that there was a slight performance penalty for the default page placement strategy

compared to specifying that memory allocations should be placed on the local NUMA node.

One would expect that the default policy, even it is not ideal, would outperform other basic

strategies. Further analysis revealed that a likely cause of this performance difference is

an increase in the number of memory accesses made to the L1 cache layer, improving the

average memory access time for this strategy.

Second: Chapter 4.1 shows that there is a consistent pattern in the memory accesses made

by llama.cpp. Based on the underlying architecture for LLMs proposed in Vaswani et al. [49],

a similar pattern should exist in other runtime environments as well. LLMs infer by running

a series of matrix operations—the BLAS memory accesses seen in Chapter 4.1—moving

50
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between different large matrices stored in memory. Figure 4.7 shows what appears to be a

constant stride in accesses made. An analysis of how the access patterns change over time

is shown in Figure 4.11 and Figure 4.13. These figures show a hot zone that migrates across

the memory region. The heatmaps remote node access heatmaps show that many hot pages

are trapped in remote NUMA nodes, even when the time-slice heatmaps show that the hot

granules are predictable. Knowing ahead of time which pages were likely to be accessed

provides an avenue to reduce memory access times by loading pages into fast local memory

before the access is made.

5.1 Proposed Strategy

Based on the results shown in Chapter 4, it is clear that there is a consistent access pattern

in GPT inference that could be exploited to reduce the number of accesses made to remote

NUMA nodes. While this analysis was only applied to CPU inference, an inference conducted

on a GPU should have a similar pattern in its accesses, but more granular page access

tracking would not be available on those systems because GPUs do not usually provide

that type of performance counter tracking. In theory, other common workloads should have

access patterns of their own that can be exploited. Most of the existing literature [29, 40, 44]

focuses on page placement and pre-fetching strategies based on live runtime analysis of access

patterns. However, this often limits the workloads to which they can apply. A potential

strategy is to apply the same analysis from Chapter 4 to a target workload. This workload

should be a frequently repeated task with a large working memory that would benefit from

a tiered memory system. If this analysis shows that there is an exploitable access pattern,

a pre-fetching strategy can be devised and implemented ahead of time. This strategy would

not rely on live analysis of hot and cold pages; rather, like some other strategies [15, 23, 29],
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it would pre-calculate when to migrate pages based on the earlier analysis. Such a system

would be transparent to the programmer, making it useful in situations where it is infeasible

to make changes to the source code. It would not be totally transparent to the end user, but if

designed well it would be simple for a user to run the analysis and a tool could automatically

generate the strategy based on the analysis.

For such a strategy to be implemented for an LLM inference workload, as was explored in

Chapter 4, it would require an ML platform team to run a system with heterogeneous tiered

memory. The platform team would conduct the analysis described in Chapter 3.2 to identify

the access patterns and remote access patterns unique to their system and environment.

Once those patterns are identified, the team could install an automatic pre-fetcher in a user-

space tool that would run the target workload and would be responsible for setting NUMA

policies with the kernel and automatically migrating pages on behalf of the workload. This

design would require administrator privileges, but should not require alteration of the kernel.

Other designs for this tool could be explored, placing the tool in either kernel or user space

or even having page migration be part of the workload’s executable. Such systems could

leverage kernel tools like DAMON [1] to provide page temperature tracking. Such a live

analysis of memory access patterns could be a workaround for the lack of availability of

performance counters on GPU systems noted earlier.
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Conclusions

With the rise of heterogeneous tiered memory systems, a need has arisen to find a way to

manage the placement and migration of pages between local fast memory and remote slow

memory. Several strategies have been proposed in the literature to handle this; however, few

are general purpose. At the same time, the Linux kernel’s default NUMA page placement

policy is lacking. Past research shows there is a great deal of performance to be gained

from better managing page placement and migration compared to the default Linux policy.

There is a potential benefit to a page placement and pre-fetching strategy that relies on

prior analysis of memory access patterns for the workload to identify exploitable patterns.

Analysis showed that there is additional performance to be gained by exploiting the memory

access patterns displayed in GPT inference.

6.1 Future Work

Further research is necessary to design such a strategy and determine its efficacy. There are

several avenues that this research shows are in need of additional exploration. Exploring

methods to track memory accesses at runtime through tools such as DAMON would be

a good place to start. This would allow the proposed strategy to be applied to scenarios

where there is a predictable pattern but the exact pattern is not known before execution.

Mixture of Experts models [46], for example, use an inference engine to generate a response

53
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which would likely have a pattern similar to that observed here. However, there are several

different models used and the exact routing of which of those models are used is not known

until execution begins. A live analysis would be able to recognize which regions of memory

will receive a larger share of memory accesses early on in the execution and alter its pre-

fetching strategy based on this. Such a strategy could combine the offline analysis presented

here with the live analysis from DAMON by first developing a model of the access patterns

for a variety of potential paths the workload can take. Live analysis from DAMON can

then be used to identify which path the workload has taken at runtime, and the pre-fetching

strategy can be updated based on this knowledge.

The same analysis should be conducted on a GPU inference workload as well. As noted in

Chapter 3.2, it was not possible to record the memory access pattern for GPU workloads on

the systems used for this thesis. However, most real-world inference workloads happen on

GPUs, so further research should explore any potential differences in access patterns between

GPU and CPU inference.

Further analysis can also explore developing a machine learning model to predict accesses

and model both the temporal and spatial patterns observed.

The observation that the default page placement strategy performs worse than the same node

strategy is also interesting and is worth further exploration with a more advanced toolset.
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