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SUMMARY

The rapid proliferation of digital services—from web analytics and cloud platforms

to social media and generative AI—has driven an unprecedented surge in data generation

and processing demands, positioning data centers as the operational core of today’s digital

economy. As hyperscale infrastructures expand to meet this exponential growth, the mem-

ory subsystem has emerged as a critical performance and cost bottleneck. Modern server

nodes face mounting pressure to sustain high-capacity, high-bandwidth, and low-latency

memory access as workloads increasingly rely on large in-memory datasets and parallel

execution across thousands of cores. However, traditional scaling approaches—such as

adding DRAM channels or relying on remote memory through RDMA—face physical,

technological, and economic limitations. The resulting “memory wall” manifests as three

interdependent challenges: limited capacity, constrained bandwidth, and rising latency, all

intensified by the slowdown of Moore’s Law and the end of Dennard scaling.

This thesis addresses these challenges through a holistic, cross-layer co-design ap-

proach that enhances memory system performance across three hierarchical levels—chip,

server, and cluster. At the chip level, HinTM introduces compiler- and hardware-assisted

mechanisms to mitigate capacity aborts in Hardware Transactional Memory systems, thereby

improving on-chip cache utilization and parallel execution efficiency. At the server level,

SURGE dynamically harvests idle I/O bandwidth over CXL links to augment effective

memory bandwidth and reduce memory access latency in bandwidth-bound workloads.

Extending to the cluster scale, COMET provides a unified design-space exploration frame-

work that jointly optimizes compute, memory, and interconnect provisioning for distributed

AI and HPC workloads. Collectively, these contributions demonstrate that co-optimizing

architectural mechanisms with workload and hardware characteristics can overcome the

fundamental limitations of memory capacity and bandwidth scaling, enabling sustained

performance improvements across modern datacenter systems.
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CHAPTER 1

INTRODUCTION

Modern-day online services—spanning web analytics, cloud-based enterprise platforms,

social media, digital financial systems, and generative Artificial Intelligence (AI) applica-

tions —have become indispensable components of today’s digital infrastructure and every-

day life. As of 2025, Google accounts for 91.65% of all global search queries, processing

an estimated 9.1 billion searches per day [1] while the social media giant Meta reports

3.07 billion monthly active users across its platforms, reflecting steady user growth world-

wide [2]. Meanwhile, propelled by the generative AI boom, OpenAI serves approximately

800 million weekly active users, processing over 2.3 billion messages per week through

ChatGPT [3]. With every user continuously generating data and each request probing vast

datasets, the demand for rapid, large-scale data access is growing at an unprecedented

pace. To meet these escalating requirements, online service providers operate vast datacen-

ters housing hundreds of thousands of multi-processor servers that collectively form the

backbone of the global digital economy.

Driven by the explosive expansion of the digital ecosystem, datacenters are scaling at

an extraordinary rate. The global datacenter market, valued at USD 242.7 billion in 2024, is

projected to grow more than double—surpassing USD 584 billion by 2032—with a Com-

pound Annual Growth Rate (CAGR) of 11.7% [4, 5, 6]. To meet the increasing demands

of users and applications, major cloud service providers are deploying hyperscale and even

planetary-scale datacenters, each housing tens of thousands of servers [7, 8, 9]. However as

the datacenter capacity continues to grow, so do the associated costs. A significant portion

of a datacenter’s Total Cost of Ownership (TCO) stems from acquiring and maintaining

physical infrastructure—servers, storage, and networking components. Within the server

cost breakdown, memory has emerged as a dominant contributor due to its poor scaling
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characteristics [10]. Dynamic Random Access Memory (DRAM) alone accounts for nearly

50% of server costs in Microsoft Azure and 40% of rack costs at Meta [11]. The ongoing

surge in generative AI workloads, compounded by an impending shortage of NAND and

DRAM, is expected to further inflate the cost of memory and storage hardware [12].

Most datacenter and cloud applications are inherently parallel and distributed, scaling

up across multiple cores and out across multiple servers. Beyond compute performance,

many of these applications require their working data to remain memory-resident to meet

stringent latency requirements [13]. In addition, the growing dominance of generative AI

workloads has intensified the need for specialized accelerator nodes featuring higher mem-

ory bandwidth and larger DRAM capacity. Traditionally, scaling memory capacity has

relied on either provisioning additional memory channels on processor sockets at design

time or leveraging Remote Direct Memory Access (RDMA) technologies to access remote

memory distributed across servers via high-speed interconnects such as InfiniBand [14]

and Ethernet [15], or even over specialized memory fabrics [16]. However, the scalability

of these approaches is limited by technological constraints and the high latency of network

communication. For particularly challenging applications—such as graph processing over

large, hard-to-partition data structures or AI inference that accesses large, irregularly dis-

tributed data structures (e.g., key-value caches storing model activations)—distributed exe-

cution often incurs frequent inter-server communication, which can easily dominate overall

request latency and lead to violations of Service Level Objective (SLO)s. Therefore, hav-

ing access to a memory system with large capacity, high bandwidth, and low latency in the

datacenter becomes a paramount determinant of application performance.

1.1 The Memory Wall

Memory system performance remains a critical determinant of overall system efficiency in

modern datacenter architectures. Over the years, the performance gap between processors

and main memory has continued to widen [17, 18]. As the demand for computational
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power and parallelism continues to surge, systems are steadfastly approaching towards the

three walls of memory system—capacity, bandwidth, and latency. This challenge is further

exacerbated by the slowdown of Moore’s Law [19] and the end of Dennard scaling [20],

which limit conventional means of improving memory capacity, bandwidth, and latency.

Physical constraints in device technology, packaging density, power delivery, and thermal

dissipation impose hard limits on how much memory performance can scale [10, 21].

Efforts to address these limitations through alternative technologies, such as 3D XPoint

[22], aimed to expand memory capacity using denser Non-Volatile Memory (NVM) were

introduced. However, these solutions have fallen short of meeting the growing capacity

demands due to practical and economic limitations [23], as well as the substantially higher

access latencies that undermine overall performance. Expanding memory beyond a single

node—by accessing distributed memory across servers using high-speed datacenter net-

works via RDMA—offers another path for capacity scaling. Yet, this approach provides

limited scalability and incurs significant performance degradation when large or disjoint

memory regions are accessed [24], where the much higher latency of remote memory be-

comes a primary bottleneck.

Increasing memory bandwidth presents a parallel set of challenges, as sustaining higher

throughput typically requires either adding more memory channels or operating existing in-

terfaces at higher frequencies. Each memory channel demands hundreds of pins, a resource

that is inherently scarce and has been scaling slowly over successive processor genera-

tions [25, 26, 27]. Similarly, frequency scaling reduces supported capacity (e.g., limiting

to one Dual Inline Memory Module (DIMM) per channel) and introduces stringent signal-

integrity constraints [28, 29, 30]. Technologies such as High Bandwidth Memory (HBM)

and Graphics Double Data Rate (GDDR) address pin limitations by stacking DRAM dies

and using Through Silicon Vias (TSVs) or short, high-speed signaling links to provide

substantially higher bandwidth.

Other approaches seek to relieve pressure on off-chip bandwidth by dramatically in-
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creasing the amount of on-chip memory. Large-die and wafer-scale integration techniques

offer substantial local Static Random Access Memory (SRAM) capacity and reduce the

need for frequent off-chip accesses [31]. However, these designs face fundamental manu-

facturing-yield constraints, thermal and power-delivery challenges, and long on-chip in-

terconnect paths—factors that significantly increase fabrication cost, reduce die yield, and

limit their feasibility beyond highly specialized systems [32].

While these high-bandwidth memory architectures offer impressive throughput, they

still suffer from high manufacturing cost, limited total capacity, elevated standby power,

and complex signal-integrity requirements necessitating robust Error Correcting Code (ECC)

support. Compounding these challenges, the continued trend toward many-core Central

Processing Unit (CPU)s further reduces the effective memory bandwidth available per core.

Recent advances in interconnect technologies, such as Compute Express Link (CXL),

offer promising opportunities for seamlessly expanding memory capacity and bandwidth

over high-speed serial interfaces, while enabling memory and Input/Output (I/O) traffic to

share the same physical link. These capabilities pave the way for rethinking and redesign-

ing memory systems for greater flexibility, scalability, and efficiency in achieving higher

bandwidth and capacity. However, leveraging off-chip memory over serial links introduces

additional latency, necessitating workload- and hardware-aware memory system optimiza-

tions to fully exploit the potential of these emerging architectures.

1.2 Thesis Goals

The overarching goal of this thesis is to enhance the performance of parallel and mem-

ory bandwidth–intensive workloads through memory system optimizations that are co-

designed with workload characteristics and the underlying hardware capabilities. Specifi-

cally, the objective is to achieve substantial performance improvements for memory-bound

workloads across both High Performance Computing (HPC) and cloud environments.

To achieve this goal, we systematically analyze workload behaviors and hardware fea-
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Figure 1.1: Focus areas of thesis for memory system optimizations at multiple levels

tures to uncover inefficiencies and identify optimization opportunities at multiple levels of

the system as illustrated in Figure 1.1. The insights derived from this analysis inform the

design of co-optimized memory system solutions that integrate architectural mechanisms

with system software support to address key performance bottlenecks in the memory sys-

tem. Building upon this foundation, in this thesis, we demonstrate a set of co-designed

memory system optimizations tailored to diverse workload and hardware characteristics

across three levels of system hierarchy—chip, server, and cluster to enhance. Collectively,

these optimizations aim to enhance effective memory capacity, improve bandwidth utiliza-

tion, and increase overall system performance for parallel and bandwidth-intensive appli-

cations.

We begin by focusing on improving the effective capacity of on-chip SRAM cache

memory to enhance the performance of HPC workloads, a class of applications that rely

heavily on high-performance parallel programming paradigms. We identify opportunities

to enhance the utilization and effective capacity of these limited on-chip caches through

software–architecture co-design techniques applied at the processor cache level. Next, at

the server level, we illustrate how idle off-chip bandwidth can be harvested to increase

available memory bandwidth, thereby reducing the Average Memory Access Time (AMAT)

for bandwidth-intensive server and cloud workloads. Finally, at the cluster level, we pro-

pose a holistic methodology to model and study the effects of hardware–algorithm co-

design in distributed AI training workloads, focusing on how per-node memory expansion

5



via serial interconnects can be leveraged to improve training performance and scalability

in such distributed systems.

Thesis Statement

Holistic optimization across multiple levels of the memory hierarchy, through architectural

techniques supported by system software and tailored to workload characteristics and

underlying hardware capabilities, can alleviate bandwidth and capacity limitations,

improving the performance of parallel and bandwidth-intensive workloads.

In this thesis, we advocate for a co-designed approach to memory system architec-

ture, tailoring architectural mechanisms and supporting system software to the specific

characteristics of workloads and hardware platforms. By systematically exploring opti-

mization opportunities across the chip, server, and cluster levels, this work demonstrates

how holistic memory system co-design can substantially enhance the performance of par-

allel and bandwidth-intensive applications, effectively addressing the challenges imposed

by the memory wall.

1.3 Thesis Contributions

This thesis introduces a series of memory system optimizations tailored to workload and

hardware characteristics, aimed at improving the performance of parallel and bandwidth-

intensive applications in cloud and datacenter environments. We identify optimization op-

portunities at three distinct levels of the memory hierarchy—processor cache, server, and

cluster—using different application and hardware scenarios. For each level, we develop

and evaluate a proof-of-concept implementation within a microarchitectural/system sim-

ulation framework to demonstrate the effectiveness of these optimizations by leveraging

architectural mechanisms supported by system software.

First, we focus on optimizing the effective on-chip memory capacity at the processor

cache level to enhance the performance of scientific and parallel workloads in the context
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of highly parallel programming paradigm of Hardware Transactional Memory (HTM). We

propose Hinted HTM (HinTM), a novel hardware-software co-design technique to elimi-

nate costly capacity aborts in the limited-capacity commercial HTM implementations by

leveraging architectural and compiler-assisted optimizations. At the heart of HinTM is

a memory access classification mechanism through (i) a fine-grained, static design-time

technique at cacheline granularity, and (ii) a coarse-grained, dynamic runtime mechanism

at page granularity. Together, these approaches significantly reduce capacity aborts of

hardware-assisted transactions, delivering substantial performance improvements with neg-

ligible overhead.

Second, motivated by the vast underutilization of precious off-chip bandwidth in server

CPUs, we propose the dynamic harvesting of idle I/O bandwidth to alleviate the mem-

ory wall in bandwidth-constrained many-core processors. A static, design-time allocation

of off-chip bandwidth between I/O and memory often leads to inefficiencies and resource

stranding, as I/O bandwidth utilization is highly workload-dependent and typically exhibits

asymmetric usage across ingress and egress directions, leaving a substantial portion of the

available off-chip bandwidth underutilized in one or both directions. In contrast, dynami-

cally sharing bandwidth between I/O and memory improves overall bandwidth utilization

and necessitates judicious memory system optimizations across the hardware and software

stack. To this end, we introduce SURGE, a software-assisted architectural mechanism that

opportunistically salvages unused I/O bandwidth to augment available memory bandwidth

with an additional salvage memory accessed over the serial I/O links. We demonstrate two

different architectural designs, coupled with a methodology and implementation frame-

work to determine optimal traffic split between main memory and salvage memory under

varying workload and hardware conditions, thereby amortizing the latency of serial I/O

links.

Finally, at the cluster level, we investigate memory system optimizations for distributed

AI training workloads, focusing on expanding per-node memory capacity and bandwidth of
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a training node to accelerate the training of large-scale deep learning models such as Large

Language Model (LLM)s and Deep Learning Recommendation Model (DLRM)s. To this

end, we develop COMET, a holistic cluster design methodology that enables rapid de-

sign space co-exploration of model training strategies and key cluster hardware resources,

to jointly evaluate the impact on performance of distributed Deep Learning (DL) train-

ing applications. Our framework provides a systematic, step-by-step workflow for model-

ing and co-optimizing compute, memory, and network resources. We examine large-scale

model training across diverse cluster configurations to provide actionable insights for clus-

ter designers to improve performance, scalability, and resource efficiency. Furthermore, we

demonstrate the effectiveness of COMET methodology through case studies analyzing the

impact of memory expansion on distributed deep learning training performance at a cluster

scale.

1.4 Thesis Organization

The remainder of this thesis is organized as follows. Chapter 2 provides background on

the fundamental concepts and technologies pertinent to this research. Chapter 3 presents

HinTM, a software–hardware co-design framework that mitigates capacity limitations in

Hardware Transactional Memory through compiler and architectural mechanisms utiliz-

ing memory safety hints. Chapter 4 introduces SURGE, a software-assisted architectural

technique that enhances effective memory bandwidth by dynamically harvesting idle I/O

bandwidth resources. Chapter 5 describes COMET, a comprehensive design-space ex-

ploration methodology for large-scale distributed deep learning clusters, jointly analyzing

the effects of parallelization strategies and resource provisioning on training performance.

Chapter 6 discusses related work, Chapter 7 outlines potential avenues for future research,

and Chapter 8 concludes the thesis.
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CHAPTER 2

BACKGROUND AND MOTIVATION

This chapter introduces the motivation and foundational context for optimizing memory

systems across diverse workload families and hardware platforms. It highlights key op-

portunities for co-design and optimization at multiple levels of the memory hierarchy—

ranging from on-chip caches to server- and cluster-scale memory systems. For each cate-

gory, we outline the underlying challenges, present workload-driven insights, and discuss

how targeted memory system optimizations can enhance performance, scalability, and ef-

ficiency. Finally, we examine emerging trends in interconnect technologies, emphasizing

their growing role in enabling new opportunities for holistic memory system optimization.

2.1 Opportunities for Memory System Optimizations

2.1.1 High Performance Parallel Applications and Hardware Transactional Memory

High-performance scientific and parallel applications rely on fine-grained synchronization

mechanisms to achieve scalability on many-core processors. In most cases, synchroniza-

tion is implemented through software-based locking mechanisms (e.g., POSIX pthread

mutexes), which must be explicitly inserted and managed by the programmer during appli-

cation development.

In contrast, Transactional Memory (TM) [37] provides a high-performance program-

ming abstraction that simplifies concurrency control in shared-memory parallel applica-

tions. By delegating the coordination of concurrent memory accesses to the underlying

system, TM relieves programmers from the complexity of manual synchronization. As par-

allelism became fundamental to modern computing, the promise of improved programma-

bility and scalability inspired extensive research into TM systems [38, 39, 40, 41, 42, 43,
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43, 44, 45, 46, 47, 48].

The fundamental concept underlying TM is the concurrent and optimistic execution of

critical code sections, referred to as Transaction (TXN)s, without acquiring explicit locks.

During execution, if a thread encounters contention due to a concurrent modification of

a shared data structure by another thread, the conflicting TXN is aborted, all speculative

updates are rolled back, and the aborting thread retries the transaction at a later time. Oth-

erwise, if no conflicts are detected, the TXN commits successfully, and its modifications

are atomically made visible to the rest of the system.

TM implementations generally fall into two broad categories: Software Transactional

Memory (STM) and Hardware Transactional Memory (HTM). STM systems rely solely on

software mechanisms, maintaining transaction metadata in main memory to detect conflicts

among concurrently executing transactions. This approach, however, incurs significant

off-chip memory accesses and associated latency overheads. In contrast, HTM systems

leverage on-chip SRAM-based hardware buffers to track a transaction’s read and write sets,

using the cache coherence protocol to detect conflicts among concurrent transactions. By

embedding transactional support into the hardware, HTM enables fine-grained concurrency

control and low-latency conflict detection, offering a compelling alternative to traditional

locking-based synchronization.

Over the past decade, major CPU vendors such as Intel and IBM have released commer-

cial HTM implementations. In these systems, transactional state buffering is integrated into

the memory hierarchy—either within cache structures (e.g., Intel’s Restricted Transactional

Memory (RTM) [44], IBM zEC12 [49]) or within dedicated hardware buffers coupled to

the cache hierarchy (e.g., IBM POWER8 [42]).

A key limitation of existing HTM systems is their restricted transactional capacity,

bounded by the size of underlying hardware structures—whether dedicated buffers or cache

resources [51]. While numerous academic proposals have explored more flexible or scal-

able HTM designs, commercial implementations impose strict constraints on transaction
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Table 2.1: Transactional capacity of commercial HTM implementations [50].

CPU name TXN ld capacity TXN st capacity
Blue Gene/Q 20MB 20MB

zEC12 1MB 8KB

POWER8 8KB 8KB

Intel Core i7 4MB 22KB

size and system behavior, limiting their practical applicability. Regardless of architectural

differences, all commercial HTMs enforce an implicit upper bound on supported transac-

tion size that directly correlates with the capacity of the underlying hardware buffers [52].

Table 2.1 summarizes the transactional capacities of widely used commercial HTM imple-

mentations.

When a transaction’s buffered state exceeds the hardware’s capacity, the transaction

aborts and typically falls back to a software handler, which employs coarse-grained lock-

ing to guarantee atomicity. This fallback path eliminates parallelism during its execution

and can severely degrade performance. Figure 2.1 illustrates the fraction of runtime spent

on capacity aborts for a set of scientific and parallel benchmarks executed with eight threads

(four for genome and yada) on a POWER8-like HTM configuration. While some appli-

cations such as kmeans and ssca2 use small transactions that never exceed hardware

buffer limits, others suffer substantial performance degradation, with capacity aborts ac-

counting for up to 89% of total runtime and 22% on average.

On the other hand, larger-capacity HTM implementations are essential to fully realize

the benefits of the TM programming paradigm. However, the limited capacity of current

HTMs constrains transaction sizes, preventing many applications from exploiting the full

potential of hardware transactional execution. Consequently, it is imperative to reduce or

eliminate capacity aborts to improve application performance. Since physically expanding

the on-chip SRAM buffers is not feasible, alternative mechanisms are required to selec-

tively track only the most critical metadata of a transaction’s memory accesses within the
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Figure 2.1: Percentage of runtime cycles wasted in page mode transitions.

available hardware capacity of on-chip SRAM buffers, thereby enabling larger effective

transaction sizes.

To address this challenge, we employ memory access classification mechanisms, intro-

duced in Chapter 3, guided by detailed characterization of memory accesses of each TXN

observed across a range of parallel and HPC workloads. Building on these insights, we pro-

pose HinTM, a novel compiler-assisted architectural optimization that provides safety hints

to the HTM controller through a combination of static and dynamic mechanisms. These

hints enable the controller to track only the critical subset of memory accesses within the

limited on-chip SRAM buffers, thereby effectively expanding the transactional tracking

capacity for supporting larger transaction sizes in HTM systems.

2.1.2 Memory-Bound Server Workloads in Cloud Datacenters

The continuous growth of core counts in modern server-grade CPUs has enabled higher lev-

els of workload consolidation and improved datacenter efficiency. However, these many-

core designs have increasingly exposed a critical limitation: the stagnation of per-core

memory bandwidth scaling. While compute density continues to rise with every proces-

sor generation, the available off-chip memory bandwidth per core has steadily declined,

reinforcing the long-standing memory bandwidth wall problem [53]. This imbalance stems
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Figure 2.2: Bandwidth characteristics of modern manycore processors. SKUs sampled
from the AMD EPYC and Intel Xeon processor families.

primarily from fundamental architectural constraints in Double Data Rate (DDR)-based

memory systems. As core counts increase, memory bandwidth does not scale proportion-

ally, primarily due to limits on the number of DDR channels a processor can support.

Each DDR channel requires over 160 signal pins on the processor package, while total pin

count remains constrained by package area, power delivery, and signal integrity consider-

ations [54]. Consequently, the number of DDR channels cannot grow proportionally with

compute cores. Although successive DDR generations have achieved higher data rates, the

improvement rate has slowed due to increasing signal integrity and power delivery chal-

lenges [28, 55, 56]. The combined effect is a sharp decline in available memory bandwidth

per core in modern many-core processors.

Figure 2.2a illustrates this trend, showing the per-core memory bandwidth of recent

high-end server CPUs as a function of core count. For example, Intel’s Sierra Forest pro-

cessor (144 cores) provides approximately 2.8 GB/s of bandwidth per core, while AMD’s

Bergamo (128 cores) offers about 3.6 GB/s per core. Many cloud and datacenter work-

loads now operate near or beyond these limits, creating substantial contention for memory

bandwidth. Once memory bandwidth utilization exceeds roughly 50%, queuing delays and

contention cause average memory access time (AMAT) to rise sharply resulting in substan-

tially longer memory access times [54, 57, 58].

Figure 2.3 shows the per-core memory bandwidth demands of a representative set of
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cloud and datacenter workloads. These workloads frequently operate at or above the per-

core bandwidth limits of modern CPUs, resulting in substantial queuing delays and insuffi-

cient bandwidth availability. Consequently, memory bandwidth has emerged as a primary

bottleneck in modern many-core server processors.
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Figure 2.3: Per-core memory bandwidth demands across our evaluated workloads. Hori-
zontal dashed lines indicate the peak nominal available bandwidth for two modern CPUs,
as well as the 50% bandwidth mark, beyond which queuing delays start increasing signifi-
cantly.

Static Off-Chip Bandwidth Partitioning. Beyond intrinsic DDR limitations, another

major constraint lies in how off-chip bandwidth resources are statically partitioned at de-

sign time between memory and I/O subsystems. A processor’s off-chip memory bandwidth

availability is capped by the limited number of pins available per socket. Each processor

socket has a fixed number of pins that must serve both memory channels (DDR) and I/O

interfaces (typically Peripheral Component Interconnect Express (PCIe)). Physical and me-

chanical constraints on pin density scaling further limit available off-chip bandwidth [59].

The absolute off-chip data movement rate a processor can achieve over its limited pins

also depends on the signaling and protocol employed—for example, serial interfaces are

considerably more pin-efficient that DDR [54].

Across modern processors, the memory-to-I/O bandwidth allocation ratio typically

ranges between 0.6 and 1.2 (0.94, on average, among the processors we studied), as shown
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in Figure 2.2b. While this roughly balanced provisioning simplifies design, it introduces

resource stranding: one subsystem’s unused bandwidth cannot be repurposed to alleviate

pressure on the other. For instance, when a workload saturates memory bandwidth but uti-

lizes little I/O, a large portion of the off-chip bandwidth remains idle, despite the system

being memory-bound. Conversely, network- or storage-intensive workloads may leave the

memory channels underused.

Eliminating stranding requires treating the collective off-chip bandwidth as interchange-

able between memory and I/O. Prior datacenter workload studies confirm that this ineffi-

ciency is pervasive. Our key insight is that datacenter servers often leave much of their

I/O bandwidth under-utilized. For instance, PCIe-attached SSDs are often used only as

boot volumes [60, 61], so they see little activity during normal operation. For example,

Benson et al. report that (i) 70% of server network links use less than 1% of capacity [62],

and (ii) the 95th-percentile utilization over 10 days is under 25% [63]. Similarly, Zhang et

al. [64] show that, despite significant inter-rack traffic, host Network Interface Card (NIC)

utilization within a rack remains low for both ingress and egress, leaving high-bandwidth

NICs largely idle. This under-utilization arises from several factors: the absence of network

traffic during job computation phases, highly skewed traffic volumes between hosts during

communication, and heterogeneous resource requirements across jobs that exacerbate re-

source fragmentation. As a result, a substantial fraction of the I/O bandwidth provisioned

at CPU design time remains unused across datacenter servers

Dynamic I/O Bandwidth Harvesting. To address bandwidth underutilization and im-

prove off-chip resource efficiency, we introduce SURGE, a software-assisted architectural

mechanism that dynamically converts idle I/O bandwidth into usable memory bandwidth.

Leveraging the fine-grained multiplexing and full-duplex capabilities of modern serial in-

terconnects such as CXL, SURGE enables on-demand sharing of off-chip bandwidth be-

tween memory and I/O domains. This dynamic bandwidth reallocation mitigates memory
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bottlenecks without adding physical channels or compromising I/O performance, enhanc-

ing overall bandwidth efficiency for memory-bound server workloads.

In Chapter 4, we present the detailed architectural design, methodology, software inter-

face, implementation, and evaluation of SURGE, demonstrating its effectiveness in signifi-

cantly enhancing the performance and bandwidth efficiency for memory-bound workloads

while maintaining efficient utilization of I/O resources in datacenter servers.

2.1.3 Distributed AI Training at Cluster Scale

Recent advancements in artificial intelligence (AI) have been driven by increasingly large

and complex deep learning (DL) models, particularly large language models LLMs con-

taining hundreds of billions to trillions of parameters [65, 66, 67, 68, 69, 70, 71, 72,

73]. Recent multi-modal models such as GPT-4 [71], Gemini Ultra [70], and Llama 4

Behemoth [68] employ Mixture-of-Experts (MoE) architectures [74, 65] that scale to un-

precedented sizes. However, the immense memory footprint of these models—combined

with the limited capacity of on-node memory—necessitates distributed training across large

clusters of compute nodes interconnected through high-bandwidth networks to sustain ac-

ceptable throughput.

As models continue to scale, both training and inference increasingly strain available

compute, memory, and interconnect resources. For instance, training a 1-trillion parameter

model using the mixed-precision Adam optimizer [75] requires approximately 16 terabytes

of model memory, far exceeding the memory capacity of any single node. Consequently,

the training of such large-scale models is done through hybrid parallelization strategies that

integrate multiple forms of data and model partitioning, enabling efficient distribution of

vast datasets and model parameters across thousands of interconnected nodes.

A typical training iteration involves two main computational phases: the Forward Prop-

agation (FP) pass and the Backward Propagation (BP) pass. During the FP pass, the model

processes input data to compute intermediate activations at each layer, while the BP pass
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computes gradients of the loss function with respect to model parameters for weight up-

dates. To distribute these computations efficiently, various parallelization strategies—often

used in hybrid combinations—partition model parameters, activations, and gradients across

nodes in distinct ways:

• Data Parallelism (DP) [76]: Each node maintains a complete replica of the model

while processing a unique shard of the training dataset. After each iteration, model

updates from all nodes are aggregated using collective communication primitives

such as AllReduce, ensuring global synchronization for the next iteration.

• Tensor Parallelism (TP) [77, 78]: The model is partitioned across multiple nodes,

with each node responsible for a subset of the model’s parameters. The input data

is replicated across nodes, and collective communication is required to exchange

intermediate activations and gradients during both FP and BP passes. Depending

on how the model is partitioned, TP manifest as either Model Parallelism (MP) or

Pipeline Parallelism (PP) [79, 80, 81], wherein model layers are divided into pipeline

stages and distributed across nodes.

• Fully Sharded Data Parallelism (FSDP) [82, 83, 84]: A hybrid strategy that shards

both model parameters and optimizer states across nodes, reducing per-node mem-

ory usage while maintaining communication efficiency via high-speed collective syn-

chronization.

• Expert Parallelism (EP) [85]: A strategy used in MoE-based architectures, where

distinct expert modules are distributed across nodes. For each input, only a subset

of experts is activated, enabling efficient scaling by avoiding full model replication

across all nodes.

Beyond parallelization, offloading techniques such as ZeRO-Offload [86] and ZeRO-

Infinity [87] extend memory capacity by spilling model states, activations, and optimizer
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buffers into slower tiers of the memory hierarchy, including non-volatile devices such as

Non-Volatile Memory express (NVMe). While these techniques alleviate per-node mem-

ory pressure and reduce the scale-out requirement, they introduce substantial data transfer

overhead due to the limited bandwidth of slower memory tiers, leading to degraded training

throughput [87].

Looking forward, with model sizes projected to exceed 10 trillion parameters [88, 66],

distributed training at this scale will demand unprecedented levels of aggregate memory

capacity and bandwidth. However, because the bandwidth of slower memory tiers remains

significantly lower than PCIe or network interconnects, excessive reliance on offloading

causes severe performance degradation and suboptimal resource utilization.

Therefore, scalable and efficient memory system design plays a pivotal role in sustaining

performance and energy efficiency in distributed AI training. A memory system capable

of providing higher effective capacity and bandwidth—combined with system-level opti-

mizations attuned to workload behavior and hardware characteristics—can substantially

influence cluster performance and cost efficiency. In particular, per-node memory expan-

sion through technologies such as CXL enables larger in-memory model footprints, reduc-

ing inter-node communication and synchronization overheads. Depending on the training

configuration, such expansion can be leveraged to either maximize training throughput or

minimize total cluster size required to train a target model.

The performance and efficiency of a distributed deep learning cluster ultimately depend

on a combination of factors: per-node computational capability, available memory capac-

ity and bandwidth, and the inter-node network bandwidth. Beyond raw hardware specifica-

tions, performance is also shaped by the training structure—that is, the selected paralleliza-

tion strategy—which dictates workload characteristics, memory footprint per node, and the

extent to which each resource is utilized.

Accordingly, optimizing distributed training requires holistic co-design of the paral-

lelization strategy alongside the cluster’s compute, memory, and interconnect architecture.
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In Chapter 5, we introduce COMET, our cluster-level co-design methodology that system-

atically evaluates these interactions and identifies optimal configurations where per-node

memory expansion and bandwidth provisioning yield measurable improvements in train-

ing performance and cost efficiency across diverse distributed learning workloads.

2.2 Emerging interconnect technologies

The rapid growth of data-intensive and AI-driven workloads has intensified the need for

scalable, high-bandwidth, and low-latency memory access across compute systems. Tra-

ditional DIMM-based DRAM architectures, though performant, are limited by physical

capacity, signal integrity constraints, and socket-level pin bandwidth. To address these

challenges, the industry has increasingly turned to high-speed serial interconnect technolo-

gies that extend memory capacity and bandwidth beyond conventional boundaries.

Early standards such as OpenCAPI [89], CCIX [90], and Gen-Z [91] introduced mecha-

nisms to expose remote or shared memory across heterogeneous processors via high-speed

links. While each offered unique design trade-offs—ranging from protocol flexibility to

cache coherence semantics—their concepts converged into the now-dominant Compute Ex-

press Link (CXL) standard [92]. CXL has since emerged as a unifying fabric for coherent

communication between CPUs, accelerators, and memory devices, enabling fine-grained

memory sharing and composable system architectures. Its industry-wide adoption reflects

a growing consensus toward coherent, unified memory and I/O fabrics that can flexibly

integrate diverse compute and memory resources [93, 94, 95].

In parallel, major vendors have developed proprietary interconnects tailored to their

hardware ecosystems. Examples include AMD’s Infinity Fabric (IF) [96, 97, 98, 99, 100],

Intel’s Ultra Path Interconnect (UPI) [101], and NVIDIA’s NVLink and NVSwitch [102],

all of which provide low-latency, high-bandwidth communication within multi-socket sys-

tems or between GPUs and memory devices. While these interconnects deliver exceptional

intra-system performance, they are generally closed, architecture-specific, and limited in
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scalability across vendor boundaries. CXL, in contrast, provides an open and standardized

foundation for composable architectures, bridging the gap between proprietary fabrics and

data center-level interconnect standards.

2.2.1 Compute Express Link (CXL)

Among emerging interconnects, CXL is particularly transformative for its ability to provide

a unified, cache-coherent interface for both memory and I/O devices. Its layered protocol

structure—comprising CXL.io, CXL.cache, and CXL.mem—enables flexible sharing and

efficient multiplexing of communication across the same physical link. Its flexible design

allows heterogeneous components to share a common memory fabric, thereby enabling

composable and extensible memory systems. CXL devices are broadly categorized into

three types:

• Type-1 devices provide accelerators with coherent access to host memory.

• Type-2 devices integrate local memory that remains coherent with the host memory.

• Type-3 devices function as passive memory expanders, exposing additional memory

capacity directly to the host processor.

Among these, Type-3 devices are particularly relevant for large-scale AI and memory-

bound workloads, as they allow DRAM expansion through the CXL.mem protocol, ex-

posing cacheline-granular access to remote memory over a high-speed serial link such as

PCIe.

CXL offers substantially higher per-pin bandwidth compared to traditional DDR inter-

faces. Leveraging efficient serial signaling, CXL links can achieve up to four times higher

per-pin bandwidth than DDR [54]. Moreover, CXL supports full-duplex communication,

allowing simultaneous bidirectional data transfers. For instance, while a DDR5-4800 chan-

nel provides approximately 38.4 GB/s of aggregate read/write bandwidth, a CXL 3.0 ×8
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link can concurrently transmit and receive up to 32 GB/s in each direction. This bidirec-

tional capability enables dynamic repurposing of underutilized bandwidth, a feature par-

ticularly beneficial for asymmetric workloads where read and write intensities vary over

time. While the serial interface enables high bandwidth, it also introduces additional la-

tency due to multiple SerDes conversions along the critical path. Reported round-trip times

for CXL-attached memory range from 50 ns to over 100 ns [11, 54]. Although this is higher

than local DRAM access (∼50 ns), it is often comparable to end-to-end access latencies on

many-core processors (e.g., ∼130 ns on a 128-core AMD Bergamo) once queuing delays

are considered. Consequently, CXL-attached memory is best utilized as a secondary or

parallel memory tier rather than as a direct DRAM replacement.

To fully leverage CXL as a parallel extension to main memory, workload- and hardware-

aware co-design is essential. Effective utilization requires coordinated strategies such as:

• Intelligent page placement and migration to minimize high-latency remote accesses.

• Caching and prefetching mechanisms that overlap computation with data movement.

• System software support for dynamic memory allocation, bandwidth scheduling, and

topology-aware orchestration to avoid contention.

• Opportunistic reuse of idle I/O bandwidth to improve effective memory throughput.

When combined, these strategies enable memory systems that deliver the capacity and

bandwidth scalability required by large-scale, memory-intensive workloads while mitigat-

ing latency overheads.

From a broader perspective, CXL represents a fundamental architectural inflection

point—transforming rigid, socket-bound memory subsystems into flexible, composable

memory fabrics. This evolution paves the way for holistic memory-hierarchy co-design,

where architectural mechanisms and system software are jointly optimized to align with

workload characteristics and hardware capabilities across chip, server, and cluster scales.
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CHAPTER 3

ENHANCING ON-CHIP HTM CAPACITY THROUGH SAFETY HINTS

Hardware Transactional Memory (HTM) represents a high-performance realization of the

transactional memory abstraction, offering programmers an intuitive mechanism to express

atomic regions of code while delegating synchronization complexity to hardware. By en-

abling optimistic concurrency control with hardware-enforced atomicity, HTM simplifies

parallel programming and reduces the reliance on coarse-grained locking.

Despite its promise, the practical adoption of HTM in commercial processors remains

constrained by strict hardware limitations and rigid transactional semantics. Most notable

among these limitations is the restricted size of supported transactions, which is implicitly

bounded by the hardware’s buffering capacity. Once a transaction’s read or write set ex-

ceeds this capacity, the transaction must abort and fall back to a software-based locking

mechanism. This fallback path—often accompanied by thread serialization and synchro-

nization overhead—can significantly degrade performance, especially in workloads with

large or data-intensive critical sections.

As discussed in Chapter 2.1.1, such capacity limitations constitute a fundamental bar-

rier to scaling transactional execution on modern processors. The source of this pressure

lies partly in the programming model itself: the conventional HTM interface treats every

memory access within a programmer-defined transactional region (delimited by begin

and end instructions) as equally important to transactional correctness. In reality, many of

these accesses are benign—operating on thread-private or read-only data that cannot cause

conflicts—yet they still consume transactional tracking capacity. Consequently, hardware

resources are often overutilized, leading to premature capacity aborts and reduced through-

put.

This chapter presents HinTM, a lightweight compiler–runtime–hardware co-design that
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mitigates transactional capacity pressure by identifying and excluding non-conflicting mem-

ory accesses from transactional tracking. By leveraging safety hints derived through static

and dynamic memory access classification, HinTM effectively expands the usable on-chip

transactional capacity without modifying cache hierarchies or coherence mechanisms. The

subsequent sections describe the design principles, implementation methodology, and de-

tailed evaluation of HinTM, demonstrating how this approach enhances HTM performance

across diverse workloads while maintaining architectural simplicity and correctness.

3.1 Transactional capacity expansion through memory access classification

The limited transactional capacity of HTMs largely stems from their conservative tracking

semantics. In conventional HTMs, once a transactional region is delimited by the program-

mer, every memory access within it is tracked by hardware structures that enforce atomicity.

This implicit, all-inclusive tracking consumes scarce on-chip metadata resources—even for

memory locations that cannot participate in data races—leading to frequent capacity over-

flows and transaction aborts.

We observe that a large fraction of memory accesses within transactions operate on

data that are either thread-private or shared read-only across threads. Such accesses are

safe from a concurrency-control standpoint, as they cannot violate transactional atomicity.

Distinguishing these safe memory locations from unsafe ones allows the hardware to track

only those accesses that may lead to conflicts, thereby reducing transactional state pressure

and effectively expanding the usable capacity of existing HTM designs.

To evaluate the prevalence of such safe accesses in real workloads, we perform an em-

pirical analysis across a range of scientific and parallel transactional benchmarks. Specifi-

cally, we identify the fraction of memory regions that exhibit no read–write sharing across

threads throughout execution. A region (page or cache block) is deemed safe if no inter-

thread read–write or write–write sharing occurs on it during the program’s runtime. We

further measure the proportion of transactional read accesses targeting these safe regions to
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Figure 3.1: Opportunity study for memory access classification.

understand how much of the transactional footprint can be safely excluded from tracking.

Figure 3.1 presents this analysis for representative benchmarks running with eight threads

(four for genome and yada due to limited scalability) on a POWER8-like HTM configu-

ration (methodology in Chapter 3.3). Across applications, a significant subset of accessed

pages—on average 62%—are safe, while 40% of transactional reads occur on these pages.

When examined at cache-block granularity, the proportion of safe read accesses rises to

nearly 60% on average.

These findings highlight substantial potential for capacity optimization through mem-

ory access classification. While the reduction in tracked accesses may not directly translate

to a proportional decrease in aborts, it strongly suggests that selective tracking can alle-

viate capacity bottlenecks and improve transactional throughput. Importantly, the results

show that even coarse-grained (page-level) classification captures most of this opportunity,

indicating that practical implementations with modest hardware and software support can

achieve meaningful benefits.

In summary, distinguishing safe from unsafe memory accesses provides a low-overhead

means of tailoring transactional tracking to actual concurrency needs, reducing on-chip re-

source pressure without altering fundamental HTM semantics. The next sections introduce

HinTM, a lightweight compiler–runtime–hardware co-design that operationalizes this prin-
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ciple through compiler-generated safety hints and runtime-assisted adaptive tracking mech-

anisms.

3.2 HinTM design and implementation

We propose HinTM (Hinted HTM), a lightweight enhancement to conventional hardware

transactional memory systems that augments existing designs with compiler- and runtime-

assisted safety hints. These hints enable the hardware to distinguish between safe and un-

safe memory accesses within a transaction (TXN), thereby reducing unnecessary tracking

and alleviating transactional capacity pressure.

HinTM builds upon a baseline HTM architecture that maintains transactional state ei-

ther through dedicated hardware buffers or metadata stored within the data cache. With

minimal hardware extensions, HinTM relaxes the capacity constraints of bounded HTMs

by tailoring tracking behavior to actual concurrency requirements. The design comprises

three key components: (i) a static compile-time mechanism for fine-grained memory access

classification, (ii) a dynamic runtime mechanism for adaptive, coarse-grained classification,

and (iii) a safety hint propagation interface that conveys compiler and runtime annotations

to the underlying HTM controller.

3.2.1 Defining Safe and Unsafe Memory Accesses

From a transactional standpoint, a memory location is considered safe if it satisfies one of

the following conditions:

(i) it is accessed exclusively by a single thread during the transaction’s lifetime; or

(ii) it is shared across threads but remains read-only throughout the transaction.

A memory access is safe if it targets a safe memory location and does not introduce side

effects that could leave the program’s state inconsistent upon a transaction abort.
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Under these definitions, all load operations to safe memory locations are inherently

safe, as they do not modify program state and cannot cause conflicts. The safety of store

operations, however, requires more careful consideration. Even writes to thread-private

memory can leave the system in an inconsistent state if a transaction aborts without restor-

ing the pre-transaction value. Consequently, a store is deemed safe only if it is initializ-

ing—that is, it represents the first access to a memory location within a transaction and

does not depend on prior transactional state.

Common examples of such initializing stores include:

• stack-allocated local variables initialized within a transaction for private use,

• newly created objects not yet inserted into shared data structures, and

• arguments written to the stack prior to a function call.

These initializing stores maintain transactional correctness even under abort and retry

conditions, as their effects are confined to thread-private state until explicitly published to

shared memory.

3.2.2 HinTM’s Classification and Integration Mechanisms

By differentiating between safe and unsafe memory accesses, HinTM enables selective

transactional tracking that aligns hardware resource utilization with concurrency behavior.

This selective tracking reduces redundant metadata entries in transactional buffers and ef-

fectively expands the usable capacity of on-chip HTM structures—achieving capacity gains

without altering cache organization or coherence protocols.

To operationalize this concept, HinTM employs two complementary memory access

classification mechanisms:

1. Fine-grained static classification1: a compiler-based analysis that identifies prov-

ably safe loads and stores at compile time using data-flow and alias analysis, and
1The static classification component of HinTM was implemented by Anirudh Jain using the LLVM

compiler framework. For a detailed description of the compiler passes, analysis techniques, and instruction
encoding mechanisms, refer to our published work [33].
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2. Coarse-grained dynamic classification: a runtime mechanism that adaptively iden-

tifies and annotates safe memory regions based on access patterns observed during

program execution.

Together, these mechanisms provide the underlying hardware with safety hints that

guide the transactional controller to exclude safe accesses from tracking. The following

sections describe each mechanism in detail, illustrating how the cooperation between com-

piler annotations and runtime feedback enables HinTM to expand effective transactional

capacity and improve performance across diverse workloads.

3.2.3 Fine-grained static memory access classification

The static component of HinTM ’s memory access classification framework performs compile-

time analysis to identify and annotate memory operations that are provably safe. This

analysis operates at the instruction level, marking loads and stores that access memory

locations determined to be thread-private or shared read-only. Typical examples include

stack-allocated local variables, function parameters passed by value, and loads to global

constants or read-only data regions.

A memory operation is classified as safe only when the compiler can conclusively deter-

mine that all memory locations accessed by the instruction are safe. If a memory instruc-

tion references locations whose safety cannot be statically inferred, or potentially spans

both safe and unsafe regions, it is conservatively classified as unsafe. This conservative de-

sign guarantees correctness while maximizing the subset of instructions that can be safely

excluded from transactional tracking.

HinTM implements this functionality through a series of compiler passes built on the

LLVM framework [103]. These passes perform static data-flow and escape analysis to

determine thread-private regions and read-only data, marking the corresponding memory

operations as safe. Specifically, a memory operation within a transaction is annotated as

safe if it satisfies one of the following criteria:
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• Safe loads: The instruction performs a load from either a thread-private memory

location or a shared region that remains read-only during program execution. Thread-

privacy is verified through escape analysis, which ensures that no other thread can

reference the accessed object.

• Safe stores: The instruction performs an initializing store to a thread-private memory

location—that is, the store defines the memory location before it is subsequently

used within the transaction. Such stores do not affect shared state and thus maintain

correctness even if the transaction aborts.

The compiler annotates the identified safe memory operations directly in the gener-

ated binary using lightweight Instruction Set Architecture (ISA) extensions. Each load and

store instruction is augmented with a safety flag that encodes whether the access is safe or

unsafe. During execution, the processor decodes this flag and conveys the information to

the HTM controller, which then tracks only the memory accesses performed by unsafe in-

structions. This selective tracking significantly reduces metadata pressure in transactional

buffers, effectively expanding the usable transactional capacity of on-chip hardware struc-

tures without modifying cache or coherence organization.

3.2.4 ISA Extensions for Safety Information Propagation

To communicate compiler-generated safety annotations to hardware, HinTM introduces

minimal ISA-level support. In our MIPS-based implementation, two unused opcodes were

repurposed to define the instructions load word safe and store word safe. These

instructions are functionally identical to their standard counterparts in terms of pipeline

behavior, memory access latency, and microarchitectural optimizations such as load coa-

lescing and merging. The only difference lies in their interaction with the HTM controller:

memory locations accessed by safe instructions are not recorded in the transactional track-

ing structures. The compiler automatically transforms qualifying instructions into their

“safe” variants, making the process entirely transparent to the programmer.
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Although introducing new opcodes might appear costly, modern ISAs already support

mechanisms for direct communication between the CPU and hardware co-processors (e.g.,

ARM’s co-processor interface [104]). By conceptually treating the HTM subsystem as a

co-processor, these existing communication pathways can be repurposed to convey safety

hints efficiently, avoiding major hardware modifications.

3.2.5 Coarse-grained dynamic memory access classification

While static memory access classification is accurate, it is inherently conservative, as the

compiler lacks visibility into the dynamic sequence of memory accesses issued by concur-

rently executing threads. For instance, a heap-allocated dataset that is globally visible but

partitioned across threads may appear shared at compile time, even though no true inter-

thread sharing occurs in practice. To complement the conservative static classification,

HinTM introduces a secondary, runtime-based mechanism that dynamically identifies safe

memory regions by observing access patterns during execution.

Rationale and Overview. The dynamic memory access classification mechanism ex-

tends the address translation process to monitor inter-thread page-level sharing patterns

at runtime. By doing so, it enables the hardware to classify certain memory reads as safe,

thereby excluding them from transactional tracking within the HTM controller. A page is

deemed safe if it satisfies one of the following criteria:

(i) It is exclusively accessed by a single thread (i.e., thread-private); or

(ii) It is shared across threads but remains read-only.

Unlike static classification, the dynamic mechanism never marks write operations as

safe, as determining whether a write is truly initializing at runtime is difficult. Moreover,

dynamic classification does not apply to instructions already marked as safe by the compiler

(Chapter 3.2.3). Instead, it focuses on capturing runtime sharing behavior that the compiler

cannot infer statically.
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Mechanism and Implementation. To detect inter-thread sharing, we extend conven-

tional address translation structures—specifically, the page table (Page Table (PT)) and the

data Translation Lookaside Buffer (TLB)—to maintain per-page sharing metadata. Each

page table entry is augmented with three additional fields:

(i) a Thread ID (tid) field, which records the first thread to access the page;

(ii) a Read-only (ro) bit, indicating whether the page has been accessed only by reads;

and

(iii) a Shared (shared) bit, indicating whether multiple threads have accessed the page.

These bits are also replicated in the data TLB entries, allowing fast access to a page’s

safety status without repeated page table walks. The dynamic classification logic consults

these bits during address translation to determine whether a page qualifies as safe.

If a translated address belongs to a page marked ⟨private, ∗⟩ or ⟨shared, ro⟩, the mem-

ory read is considered safe. The processor then marks the access accordingly and informs

the HTM controller to skip tracking the address, similar to compiler-annotated safe instruc-

tions. This selective exclusion of reads from safe pages alleviates transactional metadata

pressure and extends the effective capacity of the underlying HTM structures.

Page State Transitions. Figure 3.2 illustrates the page state transition diagram as mul-

tiple threads access a page over time. When a thread first accesses a page, the page table

entry is initialized with that thread’s ID and access mode (ro or rw). All reads from a

⟨private, ∗⟩ or ⟨shared, ro⟩ page are safe.

When a second thread accesses the same page:

• If its access is a read and the page is in ⟨private, ro⟩ state, the page transitions to

⟨shared, ro⟩, and all subsequent reads to this page remain safe.

• If a thread later attempts to write to a ⟨shared, ro⟩ page, the page transitions to

⟨shared, rw⟩, invalidating its prior safety status.
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Figure 3.2: State transition diagram for a page’s lifetime. Green memory accesses are
dynamically marked safe.

Because HinTM ’s runtime mechanism does not track memory within pages at finer

granularity, such a state transition requires conservatively aborting any active transactions

that might have accessed the page assuming it was safe. These aborts, termed page-mode

aborts, prevent potential atomicity violations that could otherwise occur when a previously

safe page becomes writable.

To maintain coherence of page-state metadata, the initiating thread triggers a TLB

shootdown [105] across all cores that have cached translations for the transitioning page.

The initiator core (i) aborts its own transaction if necessary, (ii) sends inter-processor in-

terrupts (IPIs) to the affected slave cores, (iii) waits for acknowledgments after TLB inval-

idation, and (iv) updates the global page table entry to reflect the new ⟨shared, rw⟩ state.

This ensures that the updated unsafe state is visible to all threads in subsequent accesses

Distinction from Page-Based TMs. It is important to distinguish HinTM ’s dynamic

classification from page-based transactional memory (TM) systems such as IBM’s 801 [106],

PTM [40], and XTM [107], which track transactional state directly at page granularity. In

contrast, HinTM does not use page-level tracking to manage transactional state. Instead, it
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Table 3.1: Simulation parameters.

CPU
8 OoO cores, 2GHz, 176-entry ROB

4-wide dispatch/retirement, MIPS ISA

L1 Cache
32KB 8-way L1d/L1i (split)

64B blocks, 3-cycle latency

L2 Cache
shared non-inclusive, 8MB, 16-way

64B blocks, 12-cycle latency

Coherence Snoopy MESI

Memory 100-cycle latency

leverages page-level metadata purely as a filtering mechanism—informing the cache-block-

granular HTM controller whether specific pages can be safely excluded from tracking. This

design avoids the complexity and scalability challenges of coarse-grained page-based TMs

while retaining the precision of fine-grained hardware tracking.

3.3 Evaluation methodology

This section details the simulation framework, hardware configurations, and workloads

used to evaluate HinTM ’s impact on transactional capacity and performance

System Organization. We employ the SESC cycle-accurate simulator [108] to model

conventional HTMs with eager conflict detection [43]. The simulated system is an 8-core

SMP configured as shown in Table 3.1. Cache latencies are derived from CACTI 7 [109]

at 22nm technology.

Compiler. We extend LLVM 9.0.1 [110] with static analysis passes targeting the MIPS

backend to align with the simulator’s ISA.

We evaluated four baseline HTM configurations:

• Dedicated transactional buffering: Modeled after IBM’s POWER8 HTM imple-

mentation [42], this configuration provisions an external 64-entry fully associative
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buffer coupled with the L1 data cache to track cache blocks that belong to the run-

ning transaction’s readset and writeset. We refer to this HTM configuration as P8.

• Hardware signatures: We extend the P8 baseline with hardware signatures, mod-

eled after the state-of-the-art PBX hashing with a 1kb bitvector [111]. Signatures

prevent capacity aborts when a TXN’s readset spills from the transactional buffer.

We refer to this configuration as P8S. P8S increases readset but not writeset capac-

ity, and introduces the possibility of false conflict aborts due to aliasing.

• In-L1-cache transactional buffering: Instead of provisioning dedicated buffers,

a transaction’s state is tracked in the L1 data cache, offering larger transactional

capacity than P8. We refer to this configuration as L1TM.

• Infinite buffering: This ideal—from a capacity perspective—HTM configuration

never aborts due to capacity overflows, but otherwise remains functionally identi-

cal to the previous two HTMs in terms of detecting and reacting to conflict aborts,

etc. We refer to this configuration as InfCap and use it as an upper bound for the

maximum gains achievable by completely eliminating capacity aborts. Figure 3.1’s

fraction of runtime wasted on capacity aborts is derived as a comparison between

InfCap and P8.

We extend the P8, P8S, and L1TM baselines with HinTM’s memory classification tech-

niques and hardware extensions, introducing three additional configurations for each of

them:

• HinTM-st employs static memory classification (Chapter 3.2.3).

• HinTM-dyn employs dynamic memory classification (Chapter 3.2.5). Safe to un-

safe page mode transitions incur a TXN abort and TLB shootdown, which involves

Operating System (OS) handler executions and IPI latencies. We model a cost of

6600 and 1450 cycles for the initiator and involved slave cores, respectively, derived
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from an extensive TLB shootdown cost study [105]. ⟨private, ro⟩ to ⟨private, rw⟩

page mode transitions incur a 1450-cycle minor page fault cost [112].

• HinTM employs both static and dynamic memory classification (HinTM-st + HinTM-

dyn).

Evaluated Workloads. Similar to recent HTM work [113, 50, 114, 43], we evaluate

HinTM using the STAMP transactional benchmark suite [115], as well as TPCC’s two most

prevalent queries: new order (named tpcc-no) and payment (named tpcc-p) [116],

[117]. We deploy genome and yada on four threads because we observed poor scalabil-

ity for higher thread counts. Every other application runs on eight threads.

3.3.1 Rationale for Capacity-Constrained Evaluation

We base our study on HTM implementations with relatively small transactional capac-

ity for practical reasons. Evaluating systems with larger transactional capacity requires

proportionally larger application inputs to create meaningful capacity pressure, leading to

impractically long simulation times. This constraint is well recognized in prior work, as

transactional benchmark suites often provide reduced input sizes for simulation-based stud-

ies [115].

While HTMs with greater buffering capacity experience fewer capacity aborts, even

commercial implementations with larger transactional windows — such as Intel’s HTM

— continue to exhibit non-trivial performance overheads due to capacity limitations [51].

Evaluating these limitations using existing transactional benchmarks presents a funda-

mental “chicken-and-egg” problem: benchmark designers tune transactional regions to fit

within the capacity of current hardware, which masks potential scalability bottlenecks. In-

creasing HTM capacity would undoubtedly reduce abort rates for these workloads, but it

would also enable new applications or larger critical sections that are not represented in

current benchmark suites.
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Importantly, the workloads we evaluate are not artificially dominated by capacity con-

straints. For example, in the TPCC-p benchmark, approximately 85% of all transaction

aborts are conflict-driven—both with and without HinTM —yet mitigating the remaining

capacity-related aborts still results in a 16% performance improvement. This demonstrates

that HinTM can deliver tangible benefits even when capacity aborts are not the dominant

source of transactional failure.

In summary, merely increasing the hardware’s transactional buffering capacity only

postpones the onset of capacity limitations; it does not eliminate them. HinTM provides a

complementary path to achieving similar benefits by reducing unnecessary tracking pres-

sure through software-guided safety hints. Our evaluation quantifies these benefits across

several representative HTM designs with varying capacity characteristics. The P8S con-

figuration highlights HinTM ’s impact on HTMs with asymmetric readset and writeset

capacities — reflecting the design traits of some commercial systems, such as Intel’s —

while L1TM illustrates its effectiveness on configurations with larger transactional capacity

than P8.

3.4 Capacity Abort Reduction and Speedup with P8 HTM

Figure 3.3a illustrates the achieved capacity abort reduction for each of HinTM-st, HinTM-

dyn, and HinTM as compared to the baseline P8 HTM configuration. Figure 3.3b shows

how Figure 3.3a’s capacity abort reductions reflect into performance improvement, and also

includes the performance effect of the hypothetical InfCap, which eliminates all capacity

aborts.

As evidenced in Figure 3.3a, static classification (HinTM-st) alone in most cases is not

sufficient to reduce capacity aborts and, by extension, improve performance. As we later

demonstrate, while static classification does identify safe accesses, they are not enough

to reduce a TXN’s size enough to prevent a capacity abort from occurring. There are

two notable exceptions: labyrinth and vacation, for which HinTM-st prevents ∼80% and
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(a) Capacity abort reduction.

(b) Speedup over baseline P8.

Figure 3.3: Performance impact of HinTM on the P8 HTM configuration.

∼48% of capacity aborts, which results in 2.98× and 1.18× speedup, respectively. The

resulting speedup is not a direct function of the achieved reduction in capacity aborts:

while HinTM-st prevents some TXNs from capacity-aborting by implicitly increasing the

underlying P8’s effective transactional capacity, these same TXNs may end up aborting

later due to other reasons (e.g., a conflict). InfCap’s speedup in Figure 3.3b is indicative

of each application’s potential benefit from capacity abort reduction. For instance, InfCap

demonstrates that labyrinth’s improvement potential is significantly higher than vacation’s

(9.1× versus 1.6×).

HinTM-dyn is more effective than HinTM-st, eliminating 61% of capacity aborts on

average. This drastic reduction yields an average speedup of 1.34× (1.45× if applications

with zero capacity aborts—kmeans and tcca2—are disregarded), with labyrinth achieving
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the highest speedup of 8.7×. Because HinTM-dyn as a standalone mechanism is much

more effective than HinTM-st, the achieved capacity abort reductions of HinTM (which is

a combination of dyn and st) are mostly subsumed by HinTM-dyn. As a result, HinTM’s

speedup is marginally higher than HinTM-dyn’s (2% higher on average). Overall, HinTM

achieves an average speedup of 1.36× over baseline P8 (1.14× excluding the extreme

cases of labyrinth, kmeans, and ssca2), and is within 6% of InfCap’s performance. Im-

portantly, for applications like ssca2 and kmeans that exclusively employ very small TXNs

and thus never trigger a capacity abort, HinTM has a performance-neutral effect: naturally,

HinTM cannot improve performance, but is not detrimental either. HinTM-st has no effect,

while the page mode transition aborts introduced by HinTM-dyn do not incur a notice-

able slowdown. This marginal slowdown is avoidable by proactively disabling HinTM’s

mechanisms for applications that only use tiny TXNs.

3.4.1 Effect of Page Mode Aborts

Figure 3.3b’s secondary y axis shows the cost incurred by our newly introduced page mode

aborts, quantified as the aggregate cycle count spent across cores on page mode abort

actions (including initiator/slave core overheads as per Chapter 3.3) divided by the total

number of cycles spent for the application’s execution. The net cost of page mode aborts

depends on two factors: the frequency of such aborts and the resulting cost per abort. The

former is a function of the fraction of safe pages and the application’s total runtime; the

longer the runtime, the better page mode transition costs are amortized, as each page may

transition at most once in our HinTM implementation. The latter is a function of the num-

ber of threads affected by the ensuing TLB shootdown, and the amount of TXN work that

ends up being lost upon such shootdown.

Figure 3.3b shows that the fraction of cycles spent on page mode transitions is mod-

est, with vacation as the only outlier because of a combination of three factors: vacation

exhibits a high fraction of read-write pages (>85%), the highest frequency of page-mode
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Figure 3.4: Memory access breakdown within transactions.

aborts, and the highest cost (number of execution cycles lost) per page-mode-transition

abort. To further study vacation’s outlier behavior and investigate opportunities for further

optimization, we conduct an additional experiment with an ideal zero-cost TLB shootdown.

Surprisingly, we find that vacation’s achieved speedup only increases by 4%. Despite that

vacation on HinTM spends almost 40% of total cycles in page mode aborts, eliminating

these costs yields minimal gains, as the increased effective concurrency converts into more

conflict aborts that consume most of the achieved overhead savings. Mechanisms for page

safety transition prediction or for faster TLB shootdowns (like DiDi [105]) can alleviate

page mode transition costs.

3.4.2 Transactional Capacity Pressure Study

We henceforth omit ssca2 and kmeans, which exhibit no capacity aborts, for brevity. To

identify HinTM’s source of benefits, Figure 3.4 shows the dynamic breakdown of mem-

ory accesses performed within each application’s TXNs by type, distinguishing between

compiler- and runtime-annotated safe accesses (collected using HinTM + P8).

The two memory access classification mechanisms combined identify ∼50% of the

total memory accesses on average as safe. In labyrinth’s extreme case where most mem-

ory accesses are to thread-private buffers, our combined classification mechanisms identify
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95% of the accesses as safe. The vast majority of safe accesses are identified by the dy-

namic classification mechanism, indicating why HinTM-dyn is notably more effective than

HinTM-st in Figure 3.3.

The fraction of compiler-annotated safe accesses indicates why HinTM-st only achieves

small performance benefits. Our static analysis identifies no safe accesses for genome,

intruder, and yada, but classifies 18% of tpcc-no’s loads as safe. The best case for static

classification is labyrinth, marking 44% of the memory accesses performed within TXNs

as safe. This high percentage of statically identified safety is inherent to the application’s

structure, where every TXN starts by making a thread-private copy of the grid it operates

on to perform optimistic source-destination routing.

Finally, vacation and bayes have a small fraction (3% and 2% respectively) of their

transactional memory accesses statically identified as safe.

The fraction of safe accesses alone does not explain the observed capacity abort re-

duction and performance gains. For example, while HinTM-st identifies just 2% of trans-

actional memory accesses as safe in vacation, it significantly reduces capacity aborts and

achieves a sizeable speedup of 18% (Figure 3.3). In contrast, the 18% of loads statically

marked as safe in tpcc-no only reduce capacity aborts by 4%, resulting in virtually no

speedup. Interestingly, the opposite trend holds for tpcc-p: only 4% of loads are statically

marked as safe, allowing HinTM-st to reduce capacity aborts by 18%. This trend is at-

tributed to tpcc-no’s safe loads exhibiting higher spatiotemporal locality. To shed more

light into these behaviors, we next analyze each application’s TXN size distribution when

HinTM-st and HinTM are used.

Figure 3.5 shows the readset+writeset Cumulative Distribution Function (CDF) of each

application’s TXNs, omitting yada and intruder for brevity. We cap the x-axis at 64 cache

blocks, matching our modeled P8 configuration’s transactional capacity. TXN with sizes

beyond the x-axis range are TXNs that surely abort due to capacity constraints. We collect

TXN sizes by running InfCap and recording each committed TXN’s readset+writeset size
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Figure 3.5: Transaction size CDFs for P8 configurations: baseline, HinTM-st, and HinTM.
HinTM-st and baseline fully overlap in (a) and (b). Note the different y-axis scales.

as recorded by:

1. baseline HTM—i.e., every cache block touched in a TXN.

2. HinTM-st—i.e., every cache block touched by a memory operation that is not stati-

cally marked as safe.

3. HinTM—i.e., every cache block touched by a memory operation that is not marked

as safe by either of our two classification mechanisms.

The gap between HinTM’s and baseline’s CDFs shows how memory access classifica-

tion (primarily the dynamic mechanism) shrinks effective TXN sizes. Specifically the gap

between different HTM configurations on the graphs’ far right end indicates the reduced

fraction of TXNs exceeding P8’s transactional capacity and explains the capacity abort

reductions reported in Figure 3.3a.

To illustrate, Figure 3.5d shows that 2% of vacation’s TXNs exceed P8’s transactional

capacity, causing baseline P8 to perform 56% worse than InfCap (Figure 3.3b). HinTM-
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st’s safety marking enables half of those TXNs to fit in P8’s transactional buffer, leading

to a 47% reduction in capacity aborts, and recouping about half of the performance gap

between baseline and InfCap. We hypothesize that the effect is so pronounced, despite

only 2% of vacation’s runtime memory accesses being statically identified as safe, because

these safe accesses are to unique cache blocks, while unsafe accesses have high spatio-

temporal locality in the cache blocks they touch.

3.4.3 HinTM Effect on Larger HTMs

We now evaluate HinTM’s impact combined with larger HTM baselines. We use Chapter

3.4’s applications with larger inputs to generate sufficient transactional capacity pressure.

1. P8 with Signatures (P8S). P8S alleviates P8’s capacity pressure by employing signa-

tures to support an unbounded readset. In this case, the opportunity for HinTM’s memory

access classification is narrower, with benefits stemming only from false conflict and mod-

est writeset size reduction. Figure 3.6a illustrates the achieved capacity and false conflict

abort reduction for HinTM-st, HinTM-dyn, and HinTM as compared to the P8S baseline

for a subset of our benchmark applications. The effect of these reductions on performance

is shown in Figure 3.6b.

Compared to the P8 configuration, HinTM’s opportunity for capacity abort reduction is

limited, because any such reduction must stem from static classification’s identification of

safe writes for writeset size reduction, as P8S’s readset is effectively unbounded. HinTM

only reduces capacity aborts for bayes, labyrinth and yada.

Due to the application’s nature, HinTM-st identifies a large fraction of labyrinth’s writes

as safe, eliminating all capacity aborts. For bayes and yada, the small fraction of writes

HinTM identifies as safe results in large relative capacity abort reduction, yet performance

gains are minimal, because the absolute number of capacity aborts for both applications is

low, accounting for a negligible fraction of their runtime.
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(a) Capacity and false conflict abort reduction.

(b) Speedup over baseline P8S.

Figure 3.6: Performance impact of HinTM on the P8S HTM configuration.

Safe read identification does not reduce capacity aborts in P8S, but does mitigate false

conflict aborts, which sometimes constitute a significant fraction of the application’s total

conflict aborts. For instance, false conflicts cause 39% and 37% of total conflict aborts in

vacation and genome, respectively. However, reducing these false conflicts does not always

result in performance improvements. For vacation, HinTM’s reduction of false conflicts

by 87% improves performance by 1.47× over baseline P8S, while genome’s performance

remains unaffected. In tpcc-no’s case, ∼2% of TXNs result in false conflicts, which HinTM

completely eliminates. However, HinTM’s overhead due to page mode transitions offsets

this benefit, resulting in a small net performance loss.
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Overall, when combined with P8S, HinTM’s benefit wanes, as signatures eliminate

readset capacity constraints. However, HinTM remains beneficial, benefiting most applica-

tions modestly and some (like labyrinth and vacation) significantly, for an average speedup

of 1.28×.

2. Intel TSX-Style (L1TM). L1TM reduces capacity pressure by tracking read and write

sets in the larger (32KB 8-way) private L1 cache. This tracking style can suffer from capac-

ity aborts due to both capacity and set-conflict misses. In order to generate capacity pres-

sure in L1TM while using practical workload sizes in our simulation environment, we em-

ploy 2-way SMT on each core. Figure 3.7 shows the performance results. Despite L1TM’s

increased transactional capacity, HinTM yields significant performance gains—1.7× on

average and up to 7.1×—by reducing capacity aborts by 29–100%. Due to SMT-incurred

capacity pressure, HinTM delivers the best performance improvements of all baseline HTM

configurations evaluated.

The best gains are achieved for labyrinth, followed by genome. Page mode aborts are,

on average, of no concern, with one significant outlier. As indicated by InfCap, trans-

actional capacity expansion holds significant promise for vacation, which however is not

fulfilled due to exorbitant page mode abort costs. Vacation’s case motivates investigat-

ing improved mechanisms for page-mode classification with reduced page mode transition

penalties, as previously mentioned in Chapter 3.2.5.

3.4.4 Evaluation Summary

Our evaluation shows HinTM’s effectively extends a baseline HTM’s limited transactional

capacity, improving performance by alleviating capacity aborts. Achieving the same ef-

fect solely with hardware requires larger buffering capacity or increased complexity for

sophisticated overflow mechanisms. Even when such overflow mechanisms exist (e.g.,

signatures), HinTM is a beneficial auxiliary mechanism.
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Figure 3.7: HinTM ’s impact on L1TM. Speedup and cycles wasted on page mode transi-
tions.

HinTM-st’s average benefits are underwhelming. Although only noticeably boosting

few workloads, HinTM-st is worth considering, as its implementation cost is predominantly

on the compiler, with minimal hardware requirements. Binary size increase is also modest;

our function replication (Chapter 3.2.3) leads to an average and maximum increase of 3%

and 5.8%, respectively. We reiterate that advanced compiler techniques can potentially be

used to identify more safe accesses than our simple static analysis techniques and improve

HinTM-st’s potential. Furthermore, all our evaluated workloads are written in C, resulting

in very conservative compiler safety classifications. We expect increased static classifica-

tion opportunity when using languages with stronger in-built memory safety guarantees

(e.g., Rust).

3.5 Chapter Summary

This chapter presented the design, implementation, and detailed evaluation of HinTM, a

lightweight extension to conventional hardware transactional memory systems. By com-

bining static and dynamic memory access classification, HinTM reduces the tracking of

non-conflicting accesses and effectively expands the usable on-chip transactional capacity.

Through systematic evaluation across multiple HTM architectures, we demonstrated that

HinTM consistently mitigates capacity-induced aborts and improves transactional perfor-
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mance, while maintaining architectural simplicity.

Beyond its quantitative benefits, HinTM illustrates the broader principle of tailoring

memory system behavior to workload and hardware characteristics. Its co-designed com-

piler–runtime mechanism exemplifies how semantic information from the software layer

can inform hardware-level optimizations, thereby improving concurrency without increas-

ing hardware complexity. The lightweight nature of HinTM makes it applicable to both

existing commercial architectures and emerging designs, including future RISC-V proces-

sors with planned HTM extensions [118].

More broadly, the insights from this work reinforce the potential of memory system

co-design as a pathway to overcome on-chip scalability bottlenecks. The principles demon-

strated through HinTM —workload-guided optimization, selective state tracking, and capacity-

efficient design—serve as a foundation for higher-level system optimizations explored in

the subsequent chapters, which extend these ideas to server- and cluster-scale memory sys-

tems.
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CHAPTER 4

AUGMENTING SERVER-LEVEL MEMORY BANDWIDTH THROUGH IDLE

I/O RESOURCE HARVESTING

As modern datacenter workloads continue to scale in volume and complexity, server-grade

processors have evolved toward increasingly many-core architectures to sustain higher

computational throughput and greater workload consolidation. However, while compute

density has improved steadily with each generation, the growth of off-chip DDR memory

bandwidth has not kept pace. Physical pin limitations, packaging constraints, and sig-

nal integrity challenges have hindered further expansion of memory channels, leading to

a progressive decline in available bandwidth per core. This widening gap between core

count and memory provisioning has intensified the long-standing memory bandwidth wall,

posing a fundamental obstacle to the performance and scalability of bandwidth-intensive

server workloads.

Beyond the intrinsic limitations of DDR scaling, the effective utilization of off-chip

bandwidth is further constrained by static resource partitioning. Each processor socket

is provisioned with a fixed number of physical pins that must concurrently support DDR

memory channels and high-speed I/O interfaces such as PCIe. At design time, this finite

off-chip bandwidth is statically divided between the memory and I/O subsystems based

on projected peak utilization ratios. However, such rigid partitioning precludes dynamic

reallocation at runtime, often resulting in bandwidth stranding—a condition in which the

memory subsystem becomes bandwidth-saturated while the I/O subsystem’s allocated ca-

pacity remains idle—thereby diminishing overall system efficiency.

As discussed in Chapter 2.1.2, empirical studies of production-scale datacenter infras-

tructures indicate that a substantial portion of the I/O bandwidth provisioned in modern

server-grade processors consistently goes underutilized. Network links and PCIe-attached
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storage devices frequently operate far below their designed throughput limits, leaving a

significant share of I/O bandwidth idle. Yet, due to the static partitioning of memory and

I/O bandwidth, these underutilized I/O resources cannot be repurposed to relieve pressure

on the memory subsystem. This persistent mismatch between provisioned and utilized

bandwidth exposes an architectural inefficiency and highlights the need for a dynamic,

workload-aware resource-sharing mechanism.

To overcome this inefficiency, we introduce SURGE, a software-assisted architectural

mechanism that dynamically harvests unused I/O bandwidth to augment available memory

bandwidth at runtime. SURGE takes advantage of emerging unified interconnect stan-

dards such as Compute Express Link (CXL), which consolidate memory and I/O traffic

into a cache-coherent, full-duplex, high-speed serial interface. Leveraging this unification,

SURGE opportunistically reallocates idle I/O bandwidth to serve memory transactions,

thereby increasing effective memory throughput for workloads constrained by bandwidth

contention and queuing delays.

Conceptually, SURGE transforms underutilized I/O bandwidth into a performance-

enabling resource, mitigating the memory bandwidth wall while preserving full I/O func-

tionality. It bridges the gap between static hardware provisioning and dynamic workload

behavior by aligning bandwidth allocation with the asymmetric utilization patterns typical

of cloud and datacenter environments. Through this adaptive approach, SURGE enables a

new class of memory system optimizations that enhance overall efficiency, scalability, and

performance in modern many-core server architectures.

The remainder of this chapter describes the architectural design and implementation

of SURGE in detail, outlining the coordinated hardware–software mechanisms that enable

efficient bandwidth harvesting and demonstrating the resulting improvements in memory

performance across representative datacenter workloads.
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Figure 4.1: SURGE hardware and software components.

4.1 SURGE Design

Allowing dynamic multiplexing of memory and I/O bandwidth resources mitigates the in-

efficiencies introduced by static design-time partitioning of a processor’s off-chip band-

width. To this end, we propose SURGE, a software-assisted architectural mechanism that

targets memory-bound workloads by dynamically salvaging idle I/O bandwidth to enhance

effective memory bandwidth availability.

Figure 4.1 illustrates the high-level organization of SURGE. The mechanism combines

lightweight architectural extensions with software coordination to maximize the hardware

technique’s utility. On the architectural front (Chapter 4.1.1), the processor is provisioned

with additional salvage memory accessible via the I/O interfaces, which are enhanced to

support concurrent multiplexing of memory and I/O traffic. On the software side (Chapter

4.2), the operating system and cluster management software coordinate when and how the

additional bandwidth resources are activated, ensuring that SURGE ’s benefits are realized

only when the I/O subsystem is underutilized.

SURGE is not intricately tied to any specific protocol or off-chip interface fabric; its
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only fundamental requirement is the capability to dynamically multiplex memory and I/O

traffic over the same physical interface. Among current standards, Compute Express Link

(CXL) represents a particularly promising substrate for realizing this capability. Accord-

ingly, this work adopts CXL as the reference implementation to provide a quantitative and

architectural basis for evaluating SURGE ’s potential.

4.1.1 Architectural Support

We explore two architectural design instances that realize the SURGE concept: one at the

individual server level and another at the cluster (or pod) level. The first design, SURGE

Solo, focuses on localized I/O bandwidth salvaging within a single server, while the second,

SURGE Pod, extends this concept to enable resource pooling across multiple servers in

a tightly coupled cluster. The two approaches are detailed in Chapters 4.1.2 and 4.1.3,

followed by a comparative analysis of their resource efficiency in Chapter 4.1.4.

4.1.2 SURGE Solo

Figure 4.2a illustrates the simplest form of SURGE, which targets per-server bandwidth

augmentation. Consider a CXL-capable PCIe interface attached to an I/O device, such

as a network interface card (NIC). SURGE Solo bifurcates this interface to support both

I/O and memory functions: the primary link remains connected to the I/O device, while a

secondary link connects to a CXL-attached memory device (a Type-3 device). We refer to

these as the salvage link and salvage memory, respectively.

An on-chip arbiter dynamically multiplexes the traffic between the two devices, steering

memory requests to the salvage memory and I/O packets to the connected peripheral device.

The arbitration logic ensures that memory traffic is injected only when the I/O interface is

underutilized. The operational details of this hardware mechanism are discussed further in

Chapter 4.3.1.

The key performance parameters governing SURGE Solo are the bandwidth of the
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Figure 4.2: Two SURGE architectural embodiments.

salvage link (BL), the bandwidth of the salvage memory (BM ≤ BL), and the latency over-

head introduced by the I/O interface. These parameters are determined by the underlying

interconnect technology. For instance, a 16-lane PCIe 5.0 or CXL link provides approx-

imately 63 GB/s of bandwidth per direction with an added latency of 50–100 ns relative

to direct DDR access [54]. The salvage memory’s bandwidth BM depends on the number

and speed of the DDR channels provisioned on the CXL Type 3 device—for example, a

single DDR5-4800 channel (38.4 GB/s) or two DDR4-3200 channels can be comfortably

supported over a 16-lane CXL link.

4.1.3 SURGE Pod

The SURGE Pod configuration, shown in Figure 4.2b, is an alternative design point lever-

aging the same principle of opportunistic I/O bandwidth salvaging to a multi-server envi-

ronment. In this design, the salvage memory is pooled across multiple servers grouped into

a logical unit called a pod, as in prior architectures proposed to mitigate memory capacity

stranding [119, 11]. The pooled memory is a CXL Type 3 multi-headed device, featuring

multiple CXL ports to support direct connections to every server in the pod.
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In contrast to SURGE Solo, the pooled configuration enables aggregate provisioning

of memory bandwidth (BM ) that exceeds the per-link bandwidth (BL), allowing multiple

servers to simultaneously access the shared salvage memory. This design significantly im-

proves resource utilization, as the probability that at least one server has idle I/O bandwidth

increases with pod size. The implications of BM provisioning and trade-offs in resource

efficiency are discussed in Chapter 4.1.4.

4.1.4 Utility Comparison

The two SURGE design variants—SURGE Solo and SURGE Pod—represent distinct points

in the design space, differing in complexity, scalability, and overall bandwidth utilization

efficiency. While both leverage idle I/O bandwidth to augment memory bandwidth, their

effectiveness depends on how consistently the provisioned salvage memory can be used

without being stranded behind busy I/O links.

In the SURGE Solo configuration, the salvage memory is directly attached to a sin-

gle server via one salvage link. This link serves as both the conduit for memory traffic

and the arbiter of opportunity: when the I/O subsystem is actively transmitting data, the

link is occupied, and the salvage memory becomes inaccessible. Consequently, whenever

the I/O interface operates near capacity, the salvage memory remains underutilized. This

phenomenon, termed bandwidth stranding, directly limits the practical utility of the provi-

sioned salvage memory.

To quantify this behavior, we define utility (U ) as the probability that a salvage memory

device’s provisioned bandwidth is actively used to serve memory requests. Conversely, the

stranding probability (1− U) reflects the likelihood that the salvage memory remains idle

due to insufficient available I/O bandwidth. For SURGE Solo, the utility USolo can be

expressed as:

USolo = P (4.1)

where P denotes the probability that a server has sufficient idle I/O bandwidth available for
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salvage.

The SURGE Pod design improves upon Solo by pooling salvage memory across mul-

tiple servers interconnected within a pod. Each server in the pod independently monitors

its I/O utilization and can access the shared salvage memory when its local I/O link is idle.

This collaborative model significantly reduces the overall probability of memory stranding,

since the likelihood that all servers in the pod simultaneously experience full I/O utilization

is much smaller. For a pod comprising N servers, the aggregate utility UPod is given by:

UPod = 1− (1− P )N (4.2)

This formulation captures the benefit of statistical multiplexing: as N increases, the

probability that at least one server can salvage idle I/O bandwidth rises rapidly. For ex-

ample, with P = 0.2 (i.e., each server having idle I/O bandwidth with probability 20%)

and N = 16, the aggregate utility increases from 20% in SURGE Solo to approximately

97% in SURGE Pod. Figure 4.3a illustrates this trend, demonstrating that larger pods yield

substantially higher utilization of provisioned salvage memory.

However, this improvement in utility comes with associated trade-offs. Increasing the

pod size introduces (i) greater interconnect complexity and cost, as more servers must

maintain coherent connectivity to the shared salvage memory, and (ii) higher access latency,

as memory requests may traverse additional network or fabric hops. Prior evaluations of

CXL-based memory pooling report an additional 75–100 ns access latency for groups of

8–16 servers [120, 11], which bounds the practical pod size for latency-sensitive workloads.

Designing a cost-effective SURGE system therefore requires balancing the salvage

memory’s provisioned bandwidth (BM ) and the salvage link bandwidth (BL) against ex-

pected utility and performance requirements. For a pod with N servers, each connected via

a salvage link of bandwidth BL, the aggregate salvage memory bandwidth BM can range

from BL (no overprovisioning) up to N × BL (fully matched to aggregate link capacity).

53



1 2 4 8 16 32
Pod Size

0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

U
til

ity

0.2
0.3

0.4
0.5

0.6
0.7

0.8
0.9

(a) Utility for various P values, as a function of
pod size. Pod size of 1 is SURGE Solo.

1:1 2:1 4:1 8:1 16:1
memory:link bandwidth

0.0

0.2

0.4

0.6

0.8

1.0

U
til

ity

(16,0.5)
(16,0.2)

(8,0.5)
(8,0.2)

(4,0.5)
(4,0.2)

(b) Utility across (pod size, P) combinations as
a function of provisioned BM :BL ratio.
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The optimal provisioning point depends on both P and N , as excessive overprovisioning

yields diminishing returns once stranding probability becomes low.

Figure 4.3b plots utility as a function of BM for different pod sizes and idle-bandwidth

probabilities. On the x-axis, a ratio of X:1 indicates that BM = X × BL. The results

show that utility declines more sharply for smaller pods and higher I/O activity (larger

P ). For example, a 16-node pod with BM = 4 × BL sustains over 80% utility even

when P = 0.2. In general, maintaining high utility favors moderate salvage memory

provisioning—sufficient to absorb temporary bandwidth slack but not so excessive as to

leave capacity idle during sustained I/O activity.

In summary, the SURGE architecture demonstrates how dynamic multiplexing of mem-

ory and I/O bandwidth can recover otherwise stranded off-chip capacity to alleviate mem-

ory bandwidth limitations. The two design variants, SURGE Solo and SURGE Pod, high-

light a trade-off between simplicity and scalability. SURGE Solo offers minimal imple-

mentation complexity and server-level deployability but achieves limited utility under high

I/O activity. In contrast, SURGE Pod leverages memory pooling across multiple servers to

improve utilization and amortize cost, at the expense of higher implementation complex-

ity and modest latency overheads. Regardless of configuration, realizing the full benefit

of SURGE requires effective runtime coordination to identify idle I/O bandwidth, manage
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salvage memory allocation, and balance resource sharing across workloads. These coordi-

nation tasks are enabled by software mechanisms, described next in Chapter 4.2.

4.2 SURGE Methodology

4.2.1 Workload Placement by Cluster Manager

The fundamental premise of SURGE is that modern servers frequently exhibit idle I/O

bandwidth that can be opportunistically harvested to augment memory bandwidth. How-

ever, this condition is not guaranteed across all workloads — it depends on each server’s

workload composition and the degree of I/O activity at runtime. Consequently, in a cluster

environment, the cluster manager plays a crucial role in orchestrating workload placement

to maximize SURGE ’s utility and overall system efficiency.

By being SURGE-aware, the cluster manager can infer when a server’s I/O subsystem

is likely to remain underutilized and communicate this information to the server’s local OS.

The OS can then initiate bandwidth salvaging operations as described in Chapter 4.2.2. In

effect, the cluster manager serves as a global coordinator, enabling workload-aware re-

source allocation and ensuring that SURGE activates memory bandwidth augmentation

only when sufficient idle I/O capacity is available.

A SURGE-aware cluster manager also avoids detrimental workload colocations. For

example, consider a server currently running workload A, which is known to minimally

utilize I/O resources. The cluster manager can colocate a memory-intensive workload B

on the same server, anticipating that sufficient I/O bandwidth will remain idle for SURGE

to exploit. Once this placement is made, the cluster manager notifies the server’s OS that

I/O bandwidth is available for salvaging. If workload A later completes or is replaced by a

more I/O-intensive task, the cluster manager must either (i) schedule a new workload with

similar I/O characteristics, or (ii) notify the OS about an impending change in available idle

I/O bandwidth. Upon receiving such notification, the OS adapts by migrating workload B’s

pages from salvage memory back to primary memory, thereby preserving performance sta-
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bility. This synergy between the cluster manager and the OS requires the cluster manager

to maintain awareness of the performance characteristics of all active workloads, particu-

larly their memory bandwidth and I/O utilization profiles. Such workload characterization

is already a key feature of modern cluster management frameworks, which use profiling

or declarative metadata to inform scheduling decisions [121, 122, 123, 124]. SURGE ex-

tends this principle to off-chip bandwidth management, allowing system software to make

coordinated decisions that align workload behavior with available hardware resources.

4.2.2 Memory Traffic Split Strategy and Analytical Model

A key challenge in a SURGE-enabled server is determining the optimal distribution of

memory traffic between the server’s primary memory (directly DDR-attached) and the sal-

vage memory accessible via the I/O interface. To address this, we develop an analytical

model, summarized in Figure 4.4, that determines the traffic split ratio minimizing the

overall Average Memory Access Time (AMAT) experienced by a workload.

The model’s objective is to compute the optimal fraction of traffic directed to the pri-

mary memory, denoted as:

R∗ = argmin
R

AMAT(R) (4.3)

where R represents the fraction of total memory traffic sent to the primary memory, and

(1−R) corresponds to the fraction directed to the salvage memory. The AMAT is expressed

as a function of the access latencies of both memory types, the ingress and egress latencies

of the salvage link, and the queuing delays that increase with overall bandwidth utilization.

Model Inputs and Profiling. As shown in step 1 of Figure 4.4, the model takes as in-

put the load–latency curves of the server’s primary and salvage memories, along with the

load–latency characteristics of the ingress and egress paths of the I/O interface (e.g., CXL),

all profiled directly on real hardware. Each server configuration is characterized by discrete

latency measurements collected across a range of utilization levels for the DDR-attached
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Figure 4.4: Methodology to analytically determine the optimal traffic split between primary
and salvage memories.

primary memory, the I/O-based salvage memory, and the I/O interface. These measure-

ments provide a comprehensive view of subsystem behavior under varying bandwidth uti-

lization and serve as empirical input to the analytical model. Prior work has demonstrated

that such profiling accurately captures the performance and queuing characteristics of real

memory systems [57].

To generalize these discrete measurements into a form suitable for continuous opti-

mization, the data are interpolated using cubic splines to construct smooth functions rep-

resenting the load-dependent access latencies of the primary and salvage memories. Each

interpolated curve preserves the fidelity of the hardware-observed behavior while providing

the smooth continuity required for analytical evaluation. Using these interpolated latency

curves, the analytical model computes the optimal traffic split ratio R∗, which specifies, for

any given workload bandwidth demand D, the proportion of traffic that should be steered

to primary memory to minimize the overall AMAT.

Modeling of SURGE’s AMAT. Using the interpolated latency functions derived from

offline profiling, we construct a mathematical model that expresses the total AMAT, ex-

perienced by a workload using SURGE, as a function of the memory traffic distribution

between the primary and salvage memories. This formulation serves as the foundation for
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the subsequent Integer Linear Programming (ILP)–based optimization, which determines

the traffic split ratio that minimizes the overall access latency for a given workload band-

width demand D. The model captures the interdependence between bandwidth utilization

and access latency across both the memory subsystems and the I/O interface.

For a workload with total bandwidth demand D, a fraction R of the traffic is directed

to the primary (DDR-attached) memory, while the remaining (1 − R) is directed to the

salvage memory accessed via the I/O interface. The effective utilization of each memory

subsystem is therefore defined as:

UP =
R ·D
BP

, US =
(1−R) ·D

BS

(4.4)

where UP and US denote the effective utilization levels of the primary and salvage memo-

ries, respectively, and BP and BS denote their corresponding peak sustainable bandwidths.

The total AMAT experienced by the workload for a given traffic split R is expressed as:

AMAT(R) = R · LP (UP ) + (1−R) ·
[
LS(US) + Ling(λing) + Legr(λegr)

]
(4.5)

where LP (Up) and LS(Us) represent the interpolated load-latency functions for the primary

and salvage memories, while Ling and Legr capture the latency characteristics of the ingress

and egress paths of the I/O interface (e.g., CXL), as a function of the link utilization in each

direction (λing and λegr). These latency functions model the queuing behavior observed

in the profiled load–latency curves, thereby reflecting realistic contention effects under

varying traffic conditions.

The ingress and egress link loads, which determine the corresponding interface laten-

cies, vary with the directions of traffic traversing the link, and are evaluated as:

λing =
(1−R) ·D · ρrd

η
+ IOing, λegr =

(1−R) ·D · ρwr

η
+ IOegr (4.6)
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where where IOing and IOegr represent the ingress/egress I/O activity, ρrd = 0.75 and

ρwr = 0.25 correspond to a typical 3 : 1 read-to-write traffic ratio assumed in the system,

and η = 0.94 denotes the effective link efficiency of the CXL I/O interface. Thus, as the

fraction of traffic directed to the salvage memory increases, the ingress and egress latencies

also rise, capturing the queuing effects and dynamic contention behavior of the interface

under higher utilization.

4.2.3 Offline Optimization and Generation of Traffic Split Curves

In the step 2 of Figure 4.4, an integer linear programming (ILP)–based optimization is

performed to determine the traffic distribution that minimizes the overall AMAT (Equa-

tion (4.5)) for a given workload bandwidth demand D. The optimization leverages the

interpolated latency functions obtained from hardware profiling to accurately capture the

non-linear interactions between bandwidth utilization and access latency across the mem-

ory subsystems and the I/O interface.

The ILP solver evaluates a discrete set of candidate traffic split ratios of R (typi-

cally ranging from 0.05 to 1.0 in uniform increments) and computes the corresponding

AMAT for each configuration using the interpolated latency functions. For each value of

R, the solver interpolates the load-dependent latencies for LP (UP ), LS(US), Ling(λing),

and Legr(λegr), and then aggregates them according to Equation (4.5). The optimization

objective is therefore defined as:

R∗ = argmin
R

AMAT(R) subject to 0 ≤ R ≤ 1 (4.7)

where the solver identifies R∗ as the optimal traffic fraction directed to the primary mem-

ory (and correspondingly (1 − R∗) to the salvage memory) that minimizes aggregate ac-

cess latency for a workload with bandwidth demand D. This formulation captures the

latency–bandwidth trade-off between the DDR-attached and I/O-attached memories, along
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with the dynamic queuing effects that emerge on the interface under higher utilization.

While the above formulation produces the theoretically optimal traffic split for a sin-

gle set of system parameters, real datacenter environments exhibit dynamic variations in

available memory and interface bandwidths due to workload co-location and fluctuating

I/O activity. To ensure SURGE remains effective under such dynamic conditions, the opti-

mization is extended offline across a multidimensional design space that spans:

• available bandwidth fractions of the primary and salvage memories (Bavail
P , Bavail

S ),

• instantaneous utilization levels of the ingress and egress interface paths, and

• representative workload bandwidth demands D.

By repeating this optimization across multiple combinations of primary memory, sal-

vage memory, and interface bandwidth availabilities, the model produces a comprehensive

family of optimal traffic split curves that collectively capture the best traffic distribution

policies under diverse system states. For each configuration within this multidimensional

design space, the ILP solver evaluates discrete values of R, computes the corresponding

AMAT using Equation (4.5), and identifies the optimal split R∗ as function of the work-

load demand (D), the available bandwidths of the primary and salvage memories (Bavail
P ,

Bavail
S ), and the load-dependent interface latencies (Ling, Legr).

Finally, the resulting family of optimal traffic split curves is stored as a lookup table in-

dexed by the current availability ratios of primary, salvage, and interface bandwidth. Steps

1 and 2 are executed offline once per unique server configuration. This precomputa-

tion eliminates the need for costly runtime optimization, allowing SURGE to determine

near-instantaneous traffic distribution decisions through lightweight lookup operations per-

formed by the operating system and the cluster manager.

60



Figure 4.5: Determining traffic split between primary and salvage memory as a function of
memory bandwidth demand and salvage memory’s latency/bandwidth characteristics.

4.2.4 Runtime Selection and Application of Optimal Traffic Split

Upon the deployment of a new workload, SURGE determines the optimal primary-to-

salvage traffic ratio in a two-stage process. In step 3 , the system evaluates the target

server’s current utilization of primary and salvage memory bandwidths, along with the

prevailing I/O traffic conditions, to select the most appropriate precomputed optimal traf-

fic split curve from the offline-generated lookup table. Each entry in this table maps a

workload’s expected bandwidth demand D to its corresponding optimal split fraction R∗,

allowing the system to quickly identify the best traffic allocation policy without re-running

the optimization computations. Accurately accounting for concurrent I/O activity during

this stage is critical, as active interface utilization can constrain the salvage memory’s effec-

tive bandwidth and, in turn, influence the optimal split decision. In step 4 , the workload’s

estimated memory bandwidth demand D is used to probe the selected curve, yielding the

precise primary-to-salvage traffic ratio to be applied for that workload under the current

system state.

Figure 4.5 illustrates the use of these optimal traffic split curves. Each curve corre-

sponds to a distinct salvage memory configuration, characterized by unique bandwidth and

latency parameters. In the plots, salvage bandwidth is expressed relative to primary mem-
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ory bandwidth, while salvage latency represents the additional delay beyond the baseline

DRAM access latency. For instance, consider a system equipped with DDR5-4800 pri-

mary memory offering 38.4 GB/s peak bandwidth and approximately 50 ns DRAM access

latency. A salvage memory configuration labeled “50 ns @ 50% boost” represents a device

providing an additional 19.2 GB/s of bandwidth (i.e., 50% of the primary memory’s capac-

ity) with an effective total access latency of 100 ns—comprising 50 ns DRAM latency and

50 ns link overhead—when accessed over a serial interconnect such as CXL.

At lower memory bandwidth demands, most traffic is directed to the low-latency pri-

mary memory, which can efficiently serve requests without queuing. As demand increases

and the primary memory approaches saturation, a progressively larger fraction of traffic is

offloaded to the salvage memory, alleviating contention and minimizing the total AMAT.

The effect of unloaded latency is most pronounced at lower demand levels, where queuing

is minimal. Under high bandwidth demand, however, the system becomes bandwidth-

bound, and queuing delays dominate the overall access latency—making the salvage mem-

ory’s additional latency relatively less significant. This trend is visible in Figure 4.5: while

configurations with higher salvage bandwidth shift more traffic from the primary memory,

the optimal split ratios converge at high demand levels regardless of the salvage memory’s

latency overhead.

Finally, although the analytical model computes the optimal traffic distribution assum-

ing that traffic can be statelessly distributed between the two memories, the effective real-

ization of this split is governed by data placement policies. In practice, SURGE enforces

the computed split through a page-based placement strategy, wherein the operating sys-

tem distributes physical pages between the primary and salvage memories according to the

model-predicted ratio. The detailed implementation of this page placement mechanism is

discussed in Chapter 4.3.2.
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Figure 4.6: I/O and memory traffic multiplexing block diagram.

4.3 SURGE Implementation

4.3.1 Hardware Extensions

As discussed in Chapter 4.1.1, SURGE requires a fabric that supports dynamic multiplexing

of I/O and memory traffic. Our implementation focuses on the CXL protocol, as its spec-

ification supports such dynamic multiplexing of CXL.io, .mem, and .cache traffic. While

existing CXL controller IP blocks (like the one from Rambus [125]) support all three CXL

protocols, they are currently designed to operate in a single mode at system initialization

time. However, the CXL specification includes the “Flex Bus” feature, which supports

dynamic multiplexing of traffic types and even provisions for programmable arbitration

policy between them. Flex Bus provides the basic functionality required by SURGE and,

to the best of our knowledge, we are the first to leverage this feature for new architectural

designs that push the memory bandwidth wall.

Figure 4.6 shows a block diagram of a CXL controller that performs .io and .mem

traffic multiplexing, along with a 2-port CXL switch to support traffic bifurcation between

the primary I/O device and our added salvage memory device. Given that, in SURGE, the

interface “belongs” to the I/O device, we configure the arbiter to always prioritize I/O traffic
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over memory. At high I/O activity, such policy can penalize the—generally more latency-

sensitive—memory traffic. However, prolonged high I/O activity is outside SURGE’s target

use cases.

4.3.2 Software Support

Memory traffic split via page placement. Data placement to achieve the traffic split

derived via our analysis in Chapter 4.2.2 can be performed in several ways. For example,

a mechanism could perform fine-grained (e.g., per cache block) data distribution between

primary and salvage memory. We opt for a coarser-grained, but also much less intrusive,

page-based approach that can be seamlessly integrated in any modern OS.

In our SURGE implementation, the OS implicitly achieves memory traffic distribution

between primary and salvage memory by allocating pages in the respective memory type

at the desired ratio. We assume a first-touch policy; every time the OS allocates a new page

for a workload, it selects the primary or salvage memory with a probability R∗ or (1−R∗),

respectively, defined by Chapter 4.2.2’s traffic split analysis. We find that such allocation

results in the intended traffic split, confirming statistical expectations.

Role of cluster manager. We assume a cluster manager aware of the fleet’s SURGE-

enabled servers and at a minimum:

1. Is aware of the expected average memory and I/O bandwidth use of each workload

that is about to be deployed, as derived by prior workload profiling.

2. Given the target server’s state and workload to be deployed, determines the best traf-

fic split between primary and salvage memory as per Chapter 4.2.2’s methodology,

and indicates that split to the server’s OS.

3. Does not deploy a new I/O-intensive workload on a server where a previously de-

ployed memory-intensive workload with permission to salvage I/O bandwidth is still

active.
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Advanced software support can further improve SURGE’s utility. For example, more so-

phisticated page placement policies than first-touch may also explicitly take the CXL sal-

vage link’s directionality into account and place read-/write-heavy pages in salvage mem-

ory when the I/O interface has more ingress/egress activity, respectively. Additionally,

advanced synergies between the cluster manager and the OS can be developed, to allow

dynamic memory allocation changes during a workload’s runtime—for example, the clus-

ter manager can instruct the OS to free up I/O resources by scaling back on salvaging

via page migration from salvage to primary memory. We focus on the demonstration of

SURGE’s benefits as a novel proof-of-concept architectural technique, leaving more ad-

vanced software mechanisms to future work, further discussed in Chapter 7.4.

4.4 SURGE Evaluation

4.4.1 Methodology

Modeled system. We simulate a scaled-down version of a modern manycore server CPU.

We consider two exemplary systems of such a processor family. The AMD EPYC 9754

CPU (Bergamo) [126] features 128 cores, 12 DDR5-4800 channels, and 128 PCIe 5 lanes

per socket. The Intel Xeon 6780E CPU (Sierra Forest) [127] features 144 cores, 8 DDR5-

6400, and 88 PCIe 5 lanes per socket. We model a scaled down CPU with 12 cores that pre-

serves core-to-memory-bandwidth and core-to-LLC-capacity ratios representative of such

systems.

Table 4.1 details the parameters used for cycle-level simulation in ZSim [128]. We

adopt SURGE Pod as the primary instance of SURGE in most of our evaluation due to its

higher utility, as discussed in Chapter 4.1. We assume a SURGE Pod deployment offering

50% additional memory bandwidth over a single server’s primary DDR memory bandwidth

at a 100 ns latency premium (at zero load). We evaluate other bandwidth and latency values,

including configurations representative of SURGE Solo deployments, as a sensitivity study

(Chapter 4.4.6).
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Table 4.1: System parameters used for simulation in ZSim.

CPU 12 OoO cores, 2.4GHz, 4-wide, 256-entry ROB

L1 32KB L1-I & L1-D, 8-way, 64B blocks, 4-cycle hit, inclusive

L2 512 KB, 8-way, 8-cycle hit

LLC 2MB/core, shared & inclusive, 16-way, 20-cycle hit

Memory
DDR-based (Primary): 1x DDR5-4800 channel (baseline)

CXL-attached (Salvage): 50% bandwidth of primary

CXL 1x16 PCIe 5.0, 100 ns latency overhead

NIC 1x400 Gbps interface

Memory modeling. We model memory behavior using the Mess framework [57]. We

profile the memory system of several AMD and Intel server-grade CPUs and observe sim-

ilar load-latency characteristics. For our evaluation, we use the load-latency curve derived

from the AMD EPYC 9754 CPU (Bergamo), as SURGE is most suitable for manycore

CPUs with lower bandwidth-per-core availability. Our simulation model uses Figure 4.7’s

curve to determine the memory component’s latency as a function of its utilization, as-

sessed at 1000-cycle execution intervals. We apply the same modeling method for both the

primary (direct DDR) and the salvage (CXL-attached) memory.

CXL interface modeling. We extend ZSim’s performance models with a new CXL in-

terface component, which models the interface’s latency, utilization, and the impact of the

latter on the former. We modeled an x16 CXL link operating at 32.0 GT/s, which corre-

sponds to a 64 GB/s raw transfer rate per direction. At the Physical and Link Layers, we

assume a 68-byte flit format. Each link-layer flit consists of 64 bytes of payload and 2 bytes

of overhead, resulting in an effective link efficiency of 0.94 after accounting for protocol

and formatting overheads [129]. Beyond link-layer efficiency, we also incorporate meta-

data transfer overheads introduced by the transport protocol for both request and response

packets exchanged between the CPU host and the CXL device, following prior work [130].

These metadata overheads reduce the effective peak bandwidth of the CXL interface to

∼80% of nominal in the ingress (device-to-CPU) direction and ∼40% in the egress (CPU-
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Figure 4.7: Profiled DDR5-4800 memory load-to-use latency vs. demand (as % of peak)
on AMD Bergamo.

to-device) direction. The precise fractions depend on each workload’s read/write ratio.

Evaluated Workloads. We evaluate five workloads from each of the Tailbench [131],

SPEC [132], and GAP [133] benchmark suites representing the typical cloud and data

center environments, with a combination of online services, throughput workloads, and

Graph Analytics.

• Online services: We select five workloads from Tailbench, including an open-source

search engine (xapian), an in-memory key-value store (masstree), a statistical ma-

chine translation system (moses), a speech recognition engine (sphinx), and an image

recognition model (imgdnn), using their default datasets. We exclude shore, silo, and

specjbb as they fail to execute reliably on ZSim.

• Throughput workloads: We evaluate five workloads from the SPEC CPU 2017 rate

benchmark suite, in ref mode. These include throughput workloads from various do-

mains, such as data compression (xz), scientific computing (bwaves, lbm, fotonik3d),

and graph-based optimization (mcf).

• Graph analytics: We evaluate five kernels from the GAP benchmark suite using

the Kronecker dataset, including Breadth-First Search (bfs), Single-Source Shortest
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Paths (sssp), PageRank (pr), Betweenness Centrality (bc), and Triangle Counting

(tc).

Our evaluation primarily focuses on homogeneous scenarios, where all cores execute

the same workload, but also perform a study using a few mixes of co-located workloads

in Chapter 4.4.5. We simulate 200 million instructions per core after fast-forwarding to

a representative region of interest and warming up the caches. Figure 2.3 shows each

workload’s per-core memory bandwidth demand, derived by using an ideal memory with

unconstrained bandwidth and fixed zero-load latency.

I/O traffic modeling. ZSim does not simulate any I/O devices by default. To evaluate

I/O interference, and without loss of generality, we focus on NICs, as they are typically

the highest-bandwidth I/O devices on modern servers. We emulate network traffic with a

ZSim-integrated traffic generator from prior work [134] that injects and ejects packets over

the simulated CXL link at configurable Poisson intervals. We also capture Data Direct I/O

(DDIO) behavior: all ingress network traffic is written directly into designated ways of the

Last Level Cache (LLC). Finally, we evaluate three levels of NIC utilization—high (80%),

medium (50%), and low (10% of peak bandwidth)—capturing a range of I/O interference

scenarios.

I/O utilization scenarios. We use the combination of our workloads and network traffic

modeling to investigate common scenarios encountered in cloud deployments. We use a

level1 level2 notation to indicate the level of I/O activity on the ingress (RX) and egress

(TX) path, respectively.

1. Low I/O scenario: This is the most intuitive use case for SURGE, where the CPU

executes workloads with little I/O activity, leaving ample opportunity for idle I/O

bandwidth harvesting. In such scenario, I/O activity is low low.
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2. Media streaming (egress-heavy) scenario: Media streaming (e.g., Netflix [135]) is

a common workload in datacenters and features heavy egress (TX) path utilization.

However, the ingress (RX) path is underutilized, leaving room for effective I/O band-

width harvesting, as most workloads are read-heavy. In such scenario, I/O activity is

low high.

3. Ingress-heavy scenario: Although less common than egress-heavy scenarios, ingress-

heavy deployments are encountered in presence of workloads with high data inges-

tion rate from peripheral I/O devices, while leaving the egress path underutilized. In

such scenario, I/O activity is high low.

The egress- and ingress-heavy scenarios demonstrate the effect of the CXL interface’s di-

rectionality, allowing independent operation of the two data movement directions.

Evaluation. We now evaluate SURGE with the purpose of illustrating the benefits of our

proposed idle I/O bandwidth harvesting technique, as well as demonstrating our devised

mechanism’s effectiveness and robustness. We aim to answer the following questions:

1. What is SURGE’s performance gain headroom in a variety of workload deployment

scenarios? (Chapters 4.4.2 and 4.4.3)

2. How effective is our heuristic in deriving the optimal traffic split for a given work-

load, and how robust is SURGE’s performance to uncertainty in bandwidth utiliza-

tion and I/O interference? (Chapter 4.4.4)

3. How significantly do salvage link latency and bandwidth characteristics impact SURGE’s

effectiveness? (Chapter 4.4.6)

4.4.2 SURGE under Low I/O Utilization

Figure 4.8 (top) shows the speedup achieved by SURGE over the baseline across our eval-

uated workloads, under the low I/O scenario. Figure 4.8 (middle) presents the breakdown
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Figure 4.8: Speedup, AMAT, and memory bandwidth usage for baseline vs SURGE in
low-networking scenario. Dots indicate the traffic split (% of traffic to primary memory)
for each workload, as determined by the SURGE methodology.

of average LLC miss latency (henceforth AMAT for brevity), decomposed into “Access

Service Time”—i.e., the unloaded latency of retrieving data from the DRAM device—and

“Queuing Delay”. In the baseline, queuing delay occurs exclusively at the primary memory,

whereas in SURGE the metric represents the average queuing latency experienced across

both the primary and salvage memories. “CXL Interface Delay” quantifies the time spent

on the CXL interface on average; for example, an access to primary memory experiences

zero CXL interface delay. Finally, Figure 4.8 (bottom) shows each workload’s aggregate

memory bandwidth demand.

Memory-intensive workloads encountering high queuing delay due to memory band-

width pressure in the baseline are relieved by leveraging the additional memory bandwidth

afforded by the salvage memory, which is accessible over the salvage link. By splitting

memory traffic between the primary and salvage memories, the system’s overall memory

bandwidth increases and average memory access latency decreases. Across all workloads
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with substantial queuing delay in the baseline, SURGE reduces AMAT For this subset of

workloads, SURGE directs 25–30% of the traffic to the salvage memory, resulting in an

average speedup of 1.2× (up to 1.3×). It is noteworthy that while AMAT and performance

are qualitatively correlated, the same reduction in AMAT across different workloads does

not deliver the same speedup. Individual workload characteristics, such as sensitivity to

memory latency, available memory-level parallelism, and temporal burstiness in memory

traffic, determine the resulting speedup.

The memory bandwidth demand of several workloads (mcf, xz, xapian, sphinx, tc, bfs)

is ≤50% of the primary memory’s peak theoretical availability. With such low demands,

these workloads encounter minimal memory queuing in the baseline, thus SURGE’s traffic

split methodology directs all (or most) of the memory traffic to the primary memory. Hence,

such workloads show no or marginal benefit with SURGE.

Considering all workloads, in scenarios with low I/O activity, SURGE achieves an av-

erage queuing delay reduction of 36% and delivers an average speedup of 1.1×, and up to

1.3×, over the baseline.

4.4.3 SURGE with Higher I/O Utilization

While the low I/O scenarios are the most intuitive use case for idle I/O bandwidth salvaging,

SURGE is applicable and effective even with higher I/O activity. To highlight SURGE’s

breadth of applicability, we evaluate scenarios with a variety of I/O utilization levels, as

outlined in Chapter 4.4.1. We use different ingress and egress traffic level combinations to

evaluate RX TX I/O traffic interference of low high, high low, med med, and high high.

We first focus on the baseline to study each workload’s behavior with increasing I/O

traffic. The results are shown in Figure 4.9a. Even though we use DDIO, increasing I/O

traffic exacerbates memory bandwidth pressure, as both application and I/O traffic data

move between the LLC and the primary memory. Such I/O-induced traffic introduces in-

terference in the memory hierarchy that degrades performance.
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Figure 4.9: Impact of I/O traffic interference. level1 level2 on the legends indicates
ingress egress path utilization.

We make two important observations. First, workloads exhibit different sensitivity to

increasing I/O traffic interference. For example, xz, which has the lowest bandwidth re-

quirements, remains virtually unaffected; xapian, sssp, and tc exhibit sharp performance

drops as I/O utilization increases; and the remaining workloads experience different de-

grees of more gradual degradation. Second, workloads are affected differently by RX

and TX interference, with tc and sssp more sensitive to the former, and others (like mcf,

masstree, pr) more sensitive to the latter. Across workloads, a medium or high interference

on both ingress and egress is detrimental to performance.

Figure 4.9b shows the impact of I/O utilization on SURGE’s effectiveness. The low low

configuration represents the scenario studied in Chapter 4.4.2, low high represents egress-

heavy scenarios, such as media streaming, while high low represents ingress-heavy sce-

narios. SURGE yields an average speedup of ∼ 1.1× over the baseline, across all I/O
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interference configurations. The results indicate that SURGE effectively adjusts the traf-

fic split between primary and salvage memory, balancing bandwidth pressure on primary

memory with I/O interface and salvage memory bandwidth availability to minimize the

contribution of queuing delays on AMAT.

As I/O activity increases, SURGE’s methodology reevaluates the optimal traffic split

between primary and salvage memory. Higher I/O activity means less available bandwidth

to salvage on the I/O link, but also increased bandwidth pressure on the primary mem-

ory due to network-induced memory traffic, pushing queuing delays higher. With few ex-

ceptions, the SURGE-determined optimal traffic split remains stable across I/O utilization

levels because

(i) even under higher I/O utilization, the I/O interface offers considerable bandwidth

availability to complement the primary memory’s bandwidth, and

(ii) the increase in the I/O interface’s contributed queuing delay at higher utilization is

still smaller than the primary memory’s high queuing delays under high memory

bandwidth demand.

Even in the small subset of workloads where higher I/O interference shifts the preferred

traffic split (mcf, xapian, sssp, tc, bfs), SURGE places less traffic to primary memory,

indicating that queuing at the primary memory bandwidth is more detrimental than queuing

on the I/O interface, thereby determining that shifting more traffic to the latter is overall

beneficial. As a result, even with high high I/O activity, SURGE yields speedups of up to

1.2×. Importantly, even when SURGE does not benefit a workload, it has a performance-

neutral effect, delivering performance on par with the baseline.

Finally, in a few workload cases, like xapian, sssp, and tc, SURGE delivers a higher

speedup under higher I/O utilization. The increased speedup is because the baseline’s per-

formance degrades fast, while SURGE offers better performance robustness, as its enforced

traffic split manages to absorb the detrimental bandwidth interference experienced by the
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Figure 4.10: Robustness to I/O interference. Traffic split configured expecting low low I/O
traffic in all cases. The plot shows only the subset of workloads that are sensitive to the
SURGE-selected traffic split, while the mean refers to all 15 workloads.

baseline at the primary memory.

4.4.4 Robustness of SURGE Traffic Split Methodology

SURGE’s traffic split methodology relies on workload knowledge, specifically their mem-

ory bandwidth demand and I/O activity levels, derived from profiling. In this section, we

study our traffic split approach’s robustness to imprecision in such knowledge, due to inac-

curate profiling or fluctuations in memory bandwidth utilization and I/O interference.

Performance sensitivity to I/O interference. We first focus on the impact of I/O inter-

ference uncertainty; namely, when I/O utilization ends up being higher than expected at the

time of a workload’s deployment—for example, expecting low utilization but encounter-

ing medium or high instead, which represents a substantial spike of 5×/8×, respectively.

Figure 4.9b already showed that the optimal traffic split for a given workload is largely in-

sensitive to the I/O utilization level. In other words, for most workloads, the SURGE traffic

split methodology would determine the same traffic split value across all the I/O utilization

levels we consider.

Figure 4.10 focuses on SURGE’s performance for the five workloads that benefit from

adjusting the traffic split according to the I/O activity level. The remaining ten workloads’

performance is omitted, because it matches Figure 4.9b’s results. Of those five workloads,
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sssp still benefits from SURGE. While the remaining four workloads lose any performance

gains when I/O utilization is higher than the expected low low, none of them experiences a

slowdown, performing on par with the baseline. For some cases, like mcf and xapian under

med med and mcf under high high, a comparison between Figure 4.9b and Figure 4.10

reveals that SURGE performs on par with the baseline, despite a difference in the traffic

split used in the two experiments. This behavior is attributed to our observation that the

optimal traffic split is a range rather than a single point, as explained next in the following

section on performance sensitivity to traffic split.

Overall, SURGE delivers robust performance results even under unexpected I/O traf-

fic interference (whether sustained or instantaneous in the form of temporal spikes). No

workload experiences a slowdown, and average speedup remains at ∼ 1.1× across I/O

interference levels, with some workloads still experiencing a performance gain of up to

1.25×.

Performance sensitivity to traffic split. For our next robustness analysis, we use the

workloads without any I/O interference to exclusively focus on memory bandwidth uti-

lization uncertainty. Figure 4.11 shows the resulting AMAT and speedup as a function of

the applied traffic split. In the interest of space, we only indicatively show data for the bc

workload; similar trends hold for all workloads. Evidently, the selected traffic split criti-

cally affects performance: the best choice can yield a speedup of 1.2×, but a poor choice

can incur a 67% slowdown. For bc, the optimal primary:salvage split in a deployment sce-

nario without I/O interference falls in the 80:20 to 65:35 range. However, there is a wide

traffic split range from 85:15 to 60:40 where SURGE yields substantial performance gains

of 1.15× or higher. Given the breadth of this range, SURGE is robust to uncertainty or

fluctuations in memory bandwidth usage.

As previously discussed, SURGE’s performance gains primarily stem from reducing

the memory system’s AMAT. Figure 4.11 confirms that the highest speedup is achieved by
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Figure 4.11: AMAT and speedup for the bc workload across the range of possible pri-
mary:salvage memory traffic splits. Whiskers show standard deviation.

the configuration with the lowest AMAT. The whiskers on Figure 4.11’s aggregate AMAT

bars highlight an additional significant benefit of SURGE. In addition to reducing AMAT,

SURGE also reduces memory access latency variance, because queuing delay—which sig-

nificantly fluctuates over time due to bursty workload behavior—becomes a smaller con-

tributor to overall latency. Higher memory access time predictability additionally con-

tributes to performance improvement, as observed in prior work [54].

SURGE’s methodology determines a traffic split based on average bandwidth utiliza-

tion derived from profiling. We now evaluate how close the derived split is to the optimal

(i.e., best-performing split). We derive the latter experimentally, using a primary:salvage

split sweep in 5% increments.

Figure 4.12 (top) shows that, across all workloads, the SURGE methodology’s theoret-

ically derived traffic split matches or is very close to the practically optimal. Importantly,

there is a significant margin of deviation from the optimal split within which SURGE per-

forms close to its maximum potential: the error bars indicate the traffic split range that still

delivers performance within 10% of the optimal split. The reason for such robustness is

that there is a wide plateau around the performance peak, as previously demonstrated in

Figure 4.11.

Figure 4.12 (bottom) shows each workload’s memory demand, and the speedup achieved

with the SURGE-derived and the optimal split, respectively. Indeed, SURGE’s achieved
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Figure 4.12: Deviation of SURGE-derived traffic split from optimal split, and impact on
performance.

speedup is very close to the one achieved with an optimal split—within 1% on average

and at most within 5%. As discussed in Chapter 4.4.2, high bandwidth utilization in the

baseline is essential to derive substantial gains from SURGE, but that average utilization

alone is not predictive of the achievable speedup.

4.4.5 SURGE in Co-located Workload Scenarios

The preceding analyses focused on homogeneous deployments, where all cores execute the

same workload and thus observe similar memory and I/O interference patterns. It is com-

mon in production datacenters to co-locate heterogeneous workloads on the same server

to maximize hardware utilization and amortize operational costs [123]. In such scenar-

ios, SURGE must allocate traffic between primary and salvage memory under diverse and

potentially imbalanced bandwidth demands across concurrently running workloads. To

study such deployment scenarios, we evaluate SURGE under heterogeneous workload co-

location in the low-I/O interference operational regime, where the CXL interface offers

ample headroom for bandwidth salvaging.
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For this study, we construct three workload mixes with decreasing aggregate memory

bandwidth demands, denoted Mix-A, Mix-B, and Mix-C. Each mix comprises four work-

loads, with each workload running on three cores of our 12-core system. The aggregate

memory bandwidth demand of the three mixes ranges from severely bandwidth-constrained

to comfortably provisioned, corresponding to approximately 90%, 70%, and 50% of the

available primary memory bandwidth, respectively.

• Mix-A: lbm, masstree, moses, pagerank.

• Mix-B: lbm, mcf, moses, sssp.

• Mix-C: lbm, fotonik3d, mcf, xz.

For each workload mix, we evaluate two traffic-split policies:

• incremental: Workloads are deployed incrementally. When a new workload is de-

ployed, SURGE computes its traffic split using the analytical model, based on that

workload’s expected memory bandwidth demand, the current primary and salvage

memory bandwidth availability (determined by the already deployed workloads on

the system), and I/O interface availability. Previously deployed workloads retain

their originally assigned traffic splits.

• uniform: This case assumes that all four workloads are deployed at the same time,

hence the aggregate bandwidth demand on the server is known in advance. Given

that knowledge, the SURGE methodology determines a single optimal traffic split,

which is applied uniformly across all workloads in the mix.

In the case of the incremental workload deployment, each workload’s determined pri-

mary:salvage traffic split, and, by extension, its performance, is affected by its deployment

order. To demonstrate this effect, we evaluate two different deployment orders for the same

workload mix with the incremental traffic split policy, resulting in two evaluated configu-

rations, as follows:
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• incr-forward: Workloads are deployed in the order indicated by the set comprising

the mix (left to right).

• incr-reverse: Workloads are deployed in the reverse order.

Figure 4.13 shows the results for the three workload mixes, two deployment orders,

and two traffic split policies. Figure 4.13 (top) shows the speedup for Mix-A, the evaluated

mix with the highest memory bandwidth demand (> 80% of the primary memory’s peak

bandwidth). Each of the mix’s workloads individually exhibits high memory bandwidth

demand. As observed by the comparison of the incr-forward and incr-reverse policies,

workloads deployed early in the sequence see greater primary memory bandwidth avail-

ability and thus direct most of their traffic to primary memory, with little need to use sal-

vage memory. As additional high-demand workloads are deployed, SURGE progressively

shifts more of their traffic to salvage memory to alleviate queuing encountered at the pri-

mary memory. Consequently, the order of deployment directly influences which workloads

benefit most from the additional bandwidth and which ones rely more heavily on salvage

memory. Uniform determines that a global 70:30 primary:salvage traffic split is the best

single value for the aggregate workload. Overall, for the strongly bandwidth-constrained

workload Mix-A, all three evaluated scenarios, incr-* and uniform, deliver a speedup of

1.2–1.3×. While incr-forward achieves the best mean speedup of 1.3×, uniform results in

a more fair distribution of performance gains across the mix’s workloads.

Figure 4.13 (middle) shows the speedup for Mix-B, which comprises workloads with

cumulative demand around 70% of the primary memory’s peak bandwidth. In this mix,

lbm and moses are highly bandwidth-intensive, whereas mcf and sssp have more moderate

bandwidth demands. Under incr-forward, the early placement of high-demand workloads

causes the primary memory to operate close to saturation by the time later workloads are

deployed. To avoid further exacerbating primary memory queuing, SURGE assigns a larger

fraction of the late-arriving workload’s traffic (in this case, mcf) to the higher-latency sal-

vage memory. For mcf, this shift does not yield sufficient queuing reduction to offset the
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Figure 4.13: Speedup of SURGE over the baseline for three workload mixes. Each sub-plot
shows a different workload mix (Mix-A/B/C) with cumulative baseline memory bandwidth
demands of approximately 90%, 70%, and 50% of the primary memory bandwidth, respec-
tively.

salvage latency penalty, resulting in a 12% slowdown relative to the baseline. This behav-

ior reflects SURGE’s global objective to prioritize mitigating queuing and protecting the

performance of already-deployed, highly memory-bound workloads, even if this occasion-

ally reduces performance for a later-arriving, moderately demanding workload. Overall,

SURGE delivers an average speedup of 1.13× for Mix-B.

Finally, Figure 4.13 (bottom) shows the speedup for Mix-C, where the cumulative de-

mand is only about 50% of the primary memory’s peak bandwidth. In this regime, the

system is less bandwidth-constrained, and SURGE has limited incentive to divert traffic

away from primary memory, so the net effect of salvaging is modest. However, even in

this relatively unconstrained setting, deployment order matters with the incremental traf-

fic split policy. Under incr-forward, the early placement of lbm and fotonik3d consumes

a large share of the available primary bandwidth headroom. As a result, later workloads

80



such as mcf are assigned a higher fraction of their traffic to salvage memory than would

be necessary in a more balanced placement, causing avoidable performance degradation.

In contrast, in incr-reverse, where the less demanding workloads are deployed first, re-

sults in a more balanced performance across the mix. Overall, for Mix-C, SURGE has a

performance-neutral effect.

Taken together, the Mix-A, Mix-B, and Mix-C results illustrate that both aggregate

bandwidth demand and deployment order shape SURGE’s effectiveness under co-location.

In addition to these per-mix trends, a cross-mix comparison of a single workload further

clarifies the role of overall memory system contention. For example, focusing on lbm, the

first workload deployed in all three workload mixes, incr-forward determines an optimal

100% primary memory traffic split in all cases. Although the traffic split for lbm is the same

across the three mixes, its speedup with SURGE differs, with the highest gains achieved

in Mix-A compared to Mix-B or Mix-C. In Mix-A, the baseline performance of lbm de-

grades more rapidly due to interference from other co-located high-bandwidth workloads

(masstree, moses, and pr), which impose greater contention on the primary memory than

the co-located workloads in Mix-B or Mix-C. This increased contention exacerbates lbm’s

queuing delay in the baseline, so even with lbm’s traffic fully resident in primary memory

under SURGE, the resulting speedup in Mix-A is higher than in the other mixes.

With respect to workload deployment order, it is preferable to deploy less bandwidth-

intensive workloads earlier, allowing them to retain primary memory residency, and to

admit highly bandwidth-bound, high-queuing workloads later, steering a larger fraction of

their traffic to salvage memory. The underlying intuition is that heavily queued workloads

derive substantial benefit from any additional bandwidth, and are therefore more tolerant of

the salvage memory’s higher unloaded latency, whereas lightly queued workloads can suf-

fer when diverted unnecessarily away from the low-latency primary memory. A SURGE-

aware cluster manager can exploit this asymmetry to improve both overall memory-system

efficiency and per-workload performance under heterogeneous co-location. Importantly,
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Figure 4.14: Impact of harvest memory’s bandwidth-latency characteristics on SURGE’s
effectiveness. SURGE Solo/Pod deployments are more likely to offer characteristics land-
ing toward the bottom left/top right corner, respectively.

although individual workload performance is affected by deployment order, every work-

load mix we evaluated always benefits from SURGE on average.

4.4.6 Sensitivity to Salvage Link Latency and Bandwidth

We conclude our evaluation with a sensitivity study on the latency and bandwidth char-

acteristics of the CXL-attached salvage memory. We express salvage memory bandwidth

in terms relative to the primary memory’s bandwidth. Figure 4.14 shows SURGE’s at-

tainable speedup for 16 bandwidth-latency combinations and six of our workloads with

low low I/O utilization. 50% bandwidth boost at 100 ns latency premium is the config-

uration used throughout the evaluation, which we consider a reasonable design point for

a SURGE Pod deployment. Configurations with lower bandwidth boost and potentially

lower latency (e.g., 25% boost, 50 ns) are more likely for SURGE Solo deployments, as

discussed in Chapter 4.1.4.

While the sensitivity of workloads to the salvage memory’s bandwidth-latency char-

acteristics differs, the same key observation holds across the board: for the bandwidth-
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strapped scenarios SURGE targets, bandwidth is more important than unloaded latency

penalty. The reason is that SURGE is a technique that shines under bandwidth scarcity,

where the primary memory experiences latency spikes due to queuing. In such cases, even

a 200 ns unloaded latency premium is preferable, if the memory system can be brought

to an operational point prior to the region of exponential queuing delays. Workloads with

lower bandwidth demands that don’t benefit from SURGE, like mcf (not shown), are insen-

sitive to salvage memory latency premium, because the SURGE traffic split methodology

diverts less (or no) traffic to the salvage memory. The effect of latency is more pronounced

at higher bandwidth availability, where the contribution of queuing to AMAT is less pro-

nounced. Our sensitivity study highlights that the higher bandwidth that SURGE Pod is

likely to be able to afford can more than offset is higher latency premium.

4.5 Chapter Summary

Modern manycore processors increasingly face severe memory bandwidth constraints, as

off-chip bandwidth has not kept pace with the growth in core counts. This work presented

SURGE, a software-assisted architectural mechanism that dynamically salvages idle I/O

bandwidth and converts it to a memory bandwidth boost. SURGE exploits the full-duplex,

unified nature of modern serial interfaces such as CXL, which support both memory and

I/O traffic over shared physical links.

At the hardware level, SURGE enables dynamic multiplexing of memory and I/O traf-

fic across the same off-chip interface, converting periods of underutilized I/O bandwidth

into additional memory bandwidth capacity. Complementing this architectural mechanism,

SURGE incorporates a software layer—comprising the operating system and cluster man-

ager—that jointly determines the optimal traffic split between primary (DDR-attached) and

salvage (I/O-attached) memory. This decision is guided by an analytical model that min-

imizes the average memory access time (AMAT) for each workload, based on profiled

memory and interface characteristics.

83



Our comprehensive evaluation demonstrates that SURGE substantially improves sys-

tem performance across diverse workloads by efficiently repurposing unused I/O resources.

When the I/O subsystem is largely underutilized, SURGE achieves up to 1.3× performance

improvement, and maintains up to 1.2× even under substantial I/O activity.

In summary, SURGE provides a novel and practical approach to alleviate the off-

chip bandwidth bottleneck in modern manycore servers. By unifying architectural and

software-level coordination, it transforms otherwise stranded I/O bandwidth into usable

memory bandwidth to derive a tangible performance benefit for bandwidth-starved work-

loads, paving the way for more balanced and bandwidth-efficient server architectures.
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CHAPTER 5

OPTIMIZING CLUSTER-SCALE AI TRAINING THROUGH DISAGGREGATED

MEMORY EXPANSION

The unprecedented growth in the size and complexity of modern AI/Machine Learning

(ML) models has fundamentally reshaped the design priorities of large-scale computing

infrastructures. Models powering contemporary applications—such as natural language

processing [136, 137, 138], drug discovery [139, 140], text-to-speech systems [141, 142,

143], and large-scale recommendation engines [144, 145]—now require tens to hundreds of

terabytes of memory to train efficiently. To accommodate these extreme memory demands,

training is typically conducted in a distributed fashion across clusters of high-end accel-

erator nodes (e.g., GPUs, TPUs, and custom ASICs) interconnected via high-bandwidth,

low-latency such as InfiniBand, NVLink, and Ethernet [146, 147].

As discussed in Chapter 2.1.3, a variety of training and parallelization strategies are

employed to partition model parameters, activations, and datasets across compute nodes,

enabling large-scale distributed training. However, the scalability of such scale-out ap-

proaches is inherently limited. As the number of participating nodes increases, commu-

nication and synchronization overheads begin to dominate, ultimately constraining overall

performance and efficiency. An alternative strategy to reduce reliance on large cluster sizes

is to offload model states to host DRAM and slower memory tiers such as NVMe stor-

age. While this tiered offloading temporarily extends the effective memory capacity, it

can introduce substantial performance penalties when a larger fraction of model states is

placed in slower tiers, owing to their higher latency and limited bandwidth. Sustaining

high training throughput therefore requires a scalable and efficient memory system capa-

ble of providing larger DRAM capacity and bandwidth—without excessive dependence on

costly high-bandwidth memory or performance-limiting storage devices.
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To sustain continued progress in large-scale AI training, future systems require memory

architectures that combine commodity DRAM-based expansion with workload-aware sys-

tem optimizations, achieving both scalability and cost efficiency. A particularly promising

development in this space is the emergence of disaggregated memory expansion through

high-speed serial interconnects such as Compute Express Link (CXL), which introduces a

cache-coherent, high-bandwidth interface enabling processors and accelerators to expand

memory capacity seamlessly beyond traditional DIMM-based limits. Such per-node CXL-

based memory expansion increases the in-memory footprint available to each training node,

thereby reducing dependence on slower storage tiers and alleviating inter-node communi-

cation overheads. However, as discussed in Chapter 2.2, realizing these benefits requires

carefully tuned memory system optimizations that account for both workload behavior and

underlying hardware characteristics to mitigate the latency penalties introduced by serial

interconnects.

Therefore, understanding and evaluating the benefits of per-node memory expansion

requires a comprehensive cross-layer analysis that jointly considers the model architecture,

training algorithm, compute capability, memory hierarchy, and network topology. Achiev-

ing optimal training performance, in turn, demands a holistic co-design approach where

the model’s parallelization strategy is tuned in concert with the cluster’s compute, memory,

and interconnect resources. Capturing these complex interactions necessitates a system-

atic methodology that quantifies how design decisions across the hardware–software stack

influence cluster-scale training performance.

To this end, this chapter introduces COMET —a Cluster-scale Optimization Method-

ology for Efficient Training—which enables rapid and iterative algorithm–hardware co-

design for large-scale DL training. COMET provides a unified framework to jointly ex-

plore model parallelization strategies and cluster resource configurations, offering quanti-

tative insights into how compute, memory, and interconnect parameters collectively shape

distributed training efficiency. The methodology supports composite design-space explo-
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Figure 5.1: COMET methodology overview.

ration, where cluster resource provisioning strategies and parallelization schemes for a

given training task are jointly covaried to uncover optimal configurations that balance per-

formance and scalability.

By modeling layer-wise training behavior, evaluating diverse parallelization strategies,

and analyzing the system-level impact of architectural design choices—such as per-node

capacity scaling—COMET enables system architects to identify design points that maxi-

mize training performance, scalability, and cost efficiency across emerging AI workloads.

5.1 The COMET Methodology

Figure 5.1 shows a high-level overview of our methodology and this section details each of

its steps.

5.1.1 Workload Modeling

The first step involves decomposing the model of interest into its layers, along with the

number of operations and data movement requirements in each layer. We express each

layer as a General Matrix Multiplication (GEMM) between input activations (M ×K) and

weights (K×N ), producing an output matrix (M×N ). After decomposing the model into

layers, we compute the number of parameters for the operand matrices of each layer. The

total size of a model, in terms of number of parameters, is given by the sum of the weight

matrices’ (i.e., K × N ) elements [148]. Layers that cannot be encoded as GEMMs (e.g.,

embedding-lookups) are represented by their input/output operand sizes, total number of

operations and data moved between memory and the compute unit.
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5.1.2 Training Strategy Configuration

In this step, we determine the parallelization strategy for the selected model based on the

model type and per-node memory capacity. Different strategies focus on optimizing train-

ing for different metrics such as throughput, compute utilization, inter-node communica-

tion, etc.

The current version of COMET focuses on Data and Model parallelism (MP and DP—

as described in Chapter 2.1.3). Given a target cluster size, we compute the per-node mem-

ory capacity requirement as a function of the selected degree of MP and DP in the clus-

ter. We compute the per-node memory footprint to hold all the data (model, input/output

matrices) required for the distributed DL training task. The model’s memory footprint is

dictated by model states and activations. We compute the memory footprint required for

each operand matrix based on its type (i.e., model weights or input/output activations), size

of parameters, and the memory optimizations (e.g., ZeRO-DP, as explained later in Section

Chapter 5.2). For a cluster of size N, we start with the initial condition where all the nodes

are within the MP dimension (i.e., MP = N,DP = 1) and, collectively, hold a single

copy of the entire model. Then we sweep the (MP, DP) degree to the other extreme (i.e.,

MP = 1, DP = N ), considering all power-of-two combinations, with MP ×DP = N .

Doubling the DP dimension implies halving the MP dimension, so half the number of

nodes must hold an entire copy of the model. Consequently, the per-node memory capacity

requirement doubles. To illustrate, Figure 5.2 shows a cluster configured as two data-

parallel node groups (DP = 2) and each DP node group consisting of m nodes performing

m-way model parallelism (MP = m), for a total node count N = 2m. To contain a copy of

the entire model of size C across each DP group’s m nodes, each node requires a minimum

memory capacity P = C
m

. Moving from a DP = 2,MP = m to a DP = 4,MP = m
2

configuration doubles the per-node memory capacity requirement to 2P , as each DP group

of m
2

nodes must now hold the entire model C. As a result, the cluster’s total memory

capacity also doubles from 2mP to 4mP .
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MP degree = m, DP degree = 2
total nodes = MP * DP = 2m

total memory capacity = 2mP

MP degree = m/2, DP degree = 4
total nodes = MP * DP = 2m

total memory capacity = 4mP
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Mem size = 2P
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Figure 5.2: Variation of per-node memory capacity requirements as a function of MP and
DP degrees in a fixed-size cluster.

The chosen (MP, DP) degree not only affects the memory requirement per node, but

also results in different computation requirements and communication behavior. Therefore,

for each (MP, DP) combination, we also derive the volume of per-node computation and

inter-node communication.

5.1.3 Distributed Training Time Estimation

The computation and communication requirements per layer for each (MP, DP) combi-

nation are fed into a performance model that estimates the model’s training time. The

performance model estimates end-to-end training time as a function of the modeled clus-

ter’s per-node compute capability, memory capacity and bandwidth, network bandwidth

and topology.

A key design decision in COMET is opting for generality and breadth rather than de-

tailed modeling of individual components, as our methodology is intended to enable rapid

and scalable exploration of a vast design space, rather than highly accurate performance

estimations. COMET’s goal is to enable users to glean performance trends as cluster pa-

rameters are varied both jointly and separately. Therefore, we chose to go with detailed

analytical models for compute, memory, and network rather than be tied to any specific

technology or component instance. Performance estimation for DL training models lends

itself well to analytical modeling (as opposed to cycle-level simulation), as their com-

putation, memory access, and communication patterns exhibit regularity typically absent

89



BW2

Compute
bound
region

At
ta

in
ab

le
 P

er
fo

rm
an

ce
(G

FL
O

PS
) pe

rf B
W

1
pe

rf B
W

2

Memory bound
region

BW1

Peak Compute performance (perfpeak)

Operational Intensity (FLOPs/Byte)

Figure 5.3: Roofline model. Attainable performance shifts for the same OI, depending on
available memory bandwidth.

from general workloads [149, 150]. By sweeping generic characteristics like TOPS, band-

width, and latency, COMET’s users may easily create proxies for specific components or

technologies of interest, such as GPUs with different computational capabilities, memo-

ries with different capacity/bandwidth characteristics (e.g., HBM vs. DDR), or networks

with different bandwidth/latency characteristics (e.g., InfiniBand vs. NVLink). Next, we

describe how individual performance models are constructed and tied together in COMET.

5.1.4 Compute delay estimation

To produce compute-delay estimations independent of any compute node’s microarchitec-

tural details, we employ a roofline model [151, 152]. In each case, the compute node

of interest is represented by its peak performance (perfpeak in GFLOPS) and memory

bandwidth.

Figure 5.3 shows a roofline model, which consists of a compute-bound region (under

the flat line) and a memory-bound region (under the slanted line). The flat line is dictated

by the target node’s perf peak. The slanted line’s slope denotes the compute node’s available

memory bandwidth BWmem(GB/s). In COMET’s design space exploration, a change in

the available memory bandwidth changes the roofline’s slope and, correspondingly, the

intersection point with the perfpeak horizontal line shifts.

For each training phase, a workload layer’s Operational Intensity (OI) is calculated as
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OI (FLOPs/byte) =
# of floating-point operations

memory traffic
(5.1)

where memory traffic is the total number of bytes moved between the memory and pro-

cessor for operand and result matrices of the layer. Chapter 5.1.5 elaborates on our es-

timation of memory traffic generated by each layer. Based on the target compute node’s

characteristics, a workload layer’s OI may place it under the roofline’s compute-bound or

memory-bound region. The maximum compute performance achieved for a layer i with

OIi is perfmax (GFLOPS) = min
{
perf peak, OIi ×BWmem

}
.

Using perfpeak and BWmem as knobs in our methodology, we estimate their impact

on the maximum attainable performance perfmax for each workload layer, and thereby the

compute delay for each layer i in each training phase as

compute delayi (s) =
# of floating-point operations

perfmax

(5.2)

The total compute delay for one training iteration is the sum of compute delays for the

forward pass, backward pass, and weight update for each of the model’s layers.

Why Roofline Model? The roofline model makes our workflow fast and versatile, and

while not enough to estimate absolute performance, it captures performance trends. Despite

having limitations, as a first-order model, the roofline model has still been used widely in

a broad range of prior work [153, 154, 155, 156, 151, 157, 158, 152, 159, 160, 161] due to

its versatility and utility in quickly and correctly highlighting general performance trends,

given the general compute and memory capabilities of a compute node. COMET as a gen-

eral methodology is not limited to roofline and its modular design allows plugging in more

detailed compute models, such as runtimes captured from real GPUs or simulated acceler-

ators modeled in appropriate tools, like GPGPU-Sim [162], or ScaleSim [163]. However,

in this work we use the more general roofline model to focus on the methodology’s utility

and decouple the results of the conducted case studies from any specific compute unit’s
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microarchitectural characteristics.

5.1.5 Memory traffic estimation

Memory traffic is the cumulative number of bytes transferred between the main memory

and compute unit while performing the desired functionality. For a hypothetical compute

node with infinite on-chip buffer space, all operands can be fetched exactly once from the

memory, resulting in a very high OI (cf. Equation (5.1)). However, every realistic compute

unit’s limited on-chip buffer space can only hold a limited set of data operands. Therefore,

a layer’s matrix operands must usually be fetched multiple times from the memory to com-

plete the required operations, thereby lowering the resulting OI . We construct a linear

model to better estimate the memory traffic for a GEMM operation on a compute node

with an on-chip buffer of configurable size.

Consider a GEMM operation between two matrices of U and V bytes, generating an

output matrix of W bytes. We assume one of the input operands is tiled to fit in the on-

chip buffer, and the other operand/output are streamed in/out of the compute node, respec-

tively. For an on-chip buffer size of S bytes, we estimate the memory traffic (in bytes) as

min {Ψ1,Ψ2}+W , where Ψ1 = ⌈U/S⌉×V +U and Ψ2 = ⌈V/S⌉×U+V . In practice, for

U and V >> S, tiling the smaller operand results in less data movement (e.g., if U < V ,

Ψ1 is the tiling method of choice, resulting in about V − U less data movement).

An additional important architectural design knob we want to investigate with COMET

is that of memory expansion, whereby the compute unit’s Local Memory (LM) is enhanced

with a secondary level of memory, which we refer to Expanded Memory (EM). Such a set-

ting can be enabled by allowing the compute unit to directly access its host CPU’s memory,

or by physically attaching additional memory over CXL [129], photonic links, or other

(current or future) technology. Investigating such an option using CXL-attached memory

(which offers considerably higher bandwidth per pin than DDR) for DL training is of partic-

ularly high relevance given the growing interest in deploying it as a new memory hierarchy
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component [95, 11, 164].

To investigate this system design option, we consider per-node memory expansion,

with the available bandwidth as our sensitivity analysis knob. To model performance with

such a hybrid memory system, we instrument our roofline model with the new memory

system’s effective memory bandwidth (bwhybrid), which depends on the fraction of data

accessed from local/expanded memory (dataLM/dataEM ) at the local/expanded memory’s

bandwidth (bwLM/bwEM ). We estimate the hybrid memory system’s effective bandwidth

as:

bwhybrid =
total data accessed
datalocal
bwLM

+ dataEM

bwEM

(5.3)

To illustrate, accessing 240GB of data in a hybrid memory system with 80GB of LM,

bwLM = 2TB/s, and bwEM = 1TB/s results in bwhybrid = 1.2TB/s. Using Equa-

tion (5.3), we can determine the cluster’s performance as a function of the bandwidth of-

fered by the hypothetical memory expansion technique used.

5.1.6 Communication delay estimation

During the training process, nodes continuously exchange data. Their communication de-

lay is dictated by the total communication volume, the aggregate network bandwidth avail-

able between the nodes, and the dynamic network utilization. In addition, depending on the

training phase, the communication among the nodes may be blocking or non-blocking. In

the forward-pass and input-gradient phases, communication is blocking along the model-

parallel dimension; in the weight-gradient phase, communication is non-blocking across

the data-parallel dimension. Blocking communication falls on the critical path of a train-

ing phase, while non-blocking communication can be (partially) overlapped with compute,

thus ameliorating its impact on resulting training time. The combination of data movement

volume, available network bandwidth, communication type, and concurrently performed

computation, dictates how much of the occurring communication is exposed, affecting

training time. Ultimately, for each layer, the total exposed communication delay determines

93



Parallelization
Strategy

per-layer operations,
data movement,

communication size

per-node memory
footprint estimation2

3

outputs

End-To-end
compute delay,
communication

delay, total
training time,
utilization etc.

Workload
Input file

topology
configuration

(.json)
system

parameters
configuration

ASTRASIM

compute,
memory-bw,
network-bw

scaling

4

name type M,K,N input model output
layer-1
layer-2
layer-3

layer-n

...

1

inputs

Figure 5.4: COMET implementation and workflow.

whether the layer is compute- or communication-bound on a given system configuration.

subsectionTotal training time estimation Finally, we combine the per-layer compute de-

lays (Chapter 5.1.4) with each layer’s corresponding communication characteristics (data

volume and communication type—Chapter 5.1.6) to determine the degree of computation/-

communication overlap and derive the training time per iteration and, by extension, total

training time.

Overall, COMET comprises an iterative training time estimation process as shown in

Figure 5.1. For each model, different training strategies are considered (cf. Chapter 5.1.2)

and the training time is estimated as described in Chapter 5.1.3. The process is repeated for

different cluster sizes, and compute, network, and memory parameters to guide the user’s

selection of parallelization strategy and cluster resource provisioning to optimize for the

target metric of merit—raw training performance, or training efficiency (i.e., training time

relative to resources deployed).

5.2 COMET Implementation

Figure 5.4 illustrates the implementation of the toolchain that operationalizes the COMET

methodology. In the frontend ( 1⃝ and 2⃝), the toolchain characterizes each model layer
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by generating parameters that capture its computational workload and communication re-

quirements. These parameters are then passed to the backend ( 3⃝ and 4⃝), which models

end-to-end training performance as a function of the target cluster’s compute, memory, and

interconnect configuration.

Figure 5.5: COMET evaluation space.

Figure 5.5 summarizes the hardware

components and configuration ranges of

the clusters evaluated using COMET. By

enabling rapid and holistic exploration

across system parameters, COMET pro-

vides quantitative guidance for selecting

balanced resource provisioning strategies

that maximize training performance and ef-

ficiency for a target set of deep learning workloads.

5.2.1 DL Model Analysis

In step 1⃝, we analyze the DL model of interest and break it down into its layers. Each

layer is represented as a sequence of GEMMs of input activations, model parameters and

resulting output activation matrices. The size of each matrix dimension M , K, N is derived

from the model’s hyper-parameters and batch size. Depending on the model type, a set

of fixed independent hyper-parameters form the model’s signature. For example, in case

of Transformers, hidden-dimension, # layer-stacks, and # attention-heads characterize the

model size. Then, based on the derived GEMM dimensions, we compute the total number

of model and activation parameters required for each layer. In addition, the size of each

operand matrix (i.e., input activations, model parameters, and output matrices) per node is

affected by the MP/DP degree.
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5.2.2 Parallelization Strategy

In step 2⃝, we select a parallelization strategy for the given workload, generate the cor-

responding workload input file and feed it to the performance simulator to estimate the

distributed training time. In addition, the workload’s required memory footprint is com-

puted by aggregating model parameters, optimizer states, gradients, residual states, and

checkpoint-activations. The workload input file must describe the characteristics of each

layer of the workload, which includes the number of floating-point operations, data volume

(in bytes) moved between memory and compute, communication collective, and communi-

cation volume (in bytes). As per ZeRO-Infinity, we compute the total number of operations

and matrix operands required in both forward (FP) and backward (i.e., Input Gradients (IG)

and Weight Gradients (WG)) training phases.

As described in Chapter 5.1.5, we estimate the bytes transferred between the processor

and main memory for each layer in each training phase. Similarly, we estimate the total

number of operations and matrix operands required for each layer in each training phase.

Based on the parallelization scheme used for the workload, we also determine the com-

munication collective and compute the communication volume required per layer in each

training phase, as well as the required per-node memory footprint to fit the model states

and working dataset.

We use ZeRO-DP (os+g) [165], a.k.a. ZeRO-2, to derive the per-node memory footprint

of model-states. ZeRO-2 avoids replication of optimizer states and gradients on each node

and distributes them across the data-parallel dimension to reduce the per-node memory

footprint, while avoiding additional communication overhead. For residual states, we esti-

mate the memory footprint as # activation-parameters × 2 bytes assuming fp16 activation

parameters. We exclude the memory required for checkpoint activations in our per-node

memory footprint estimate. Typically, in large models such as Transformer-1T, the memory

footprint required to store the checkpoint activations is significantly larger than the inter-

mediate activations and hence are offloaded to host memory. Therefore, during the training
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process, we only consider the Activation Working Memory [87], which is the memory re-

quired to hold the intermediate activations between two consecutive checkpoints.

Figure 5.6: Per-node memory footprint for Transformer-1T model with baseline and dif-
ferent ZeRO-DP stages.

As explained in Chapter 5.1.2, the parallelization strategy affects the required mem-

ory footprint per node. To illustrate with a concrete use case, Figure 5.6 shows how the

per-node memory footprint requirement changes for a Transformer-1T model on a fixed

cluster size of 1024 nodes, as a function of different stages of ZeRO and a decreasing MP

degree (the invariant being DP × MP = 1024). In baseline (i.e., no ZeRO optimiza-

tions), the model footprint per node increases exponentially as the MP degree reduces. The

same trend holds even with memory optimizations like ZeRO-2: although the growth is

slower, the model footprint per node eventually exceeds the typical memory capacity of

a single device, highlighting the value of MP to enable in-memory training of huge mod-

els. Among all the ZeRO-DP optimizations, ZeRO-3 stands out as it provides the lowest

memory footprint per node and remains unaffected by MP reduction. However, ZeRO-3 in-

curs a 1.5× communication overhead compared to the baseline. Other approaches such as

ZeRO-Offload and ZeRO-Infinity offload data and compute to the host machine resources

to reduce the memory capacity pressure on accelerator nodes.
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5.2.3 Total Training Time Estimation

As shown in Figure 5.4 step 3⃝, COMET plugs into a cost model for training time esti-

mation. We use the ASTRA-SIM simulator [166, 167] for this purpose. ASTRA-SIM is a

discrete event-based simulator developed by Meta, Intel and Georgia Tech that can simu-

late distributed training for a variety of DL workloads. It accepts a workload configuration,

topology description and system parameter file to simulate the distributed DL training on a

target cluster, and outputs the end-to-end training time breakdown and resource utilization.

At a high level, ASTRA-SIM consists of a workload, system, and network layers.

The workload layer is responsible for instantiating a model and scheduling training loops

for simulation. The system layer provides the mechanisms for collective primitives and

scheduling of communication tasks, similar to collective communication libraries such as

NCCL [168]. The network layer provides the topology interface via network APIs to sup-

port a fast analytical model [167] or detailed network simulation using Garnet [169] and

NS3 [170].

An ASTRA-SIM workload configuration file describes the DL workload to be simu-

lated, and consists of the compute time, communication collective, and the collective size

for each layer of the workload. For each layer, ASTRA-SIM schedules the communication

collectives and overlaps the communication delay with compute delay to estimate the total

training time. ASTRA-SIM’s analytical network backend—used in our current COMET

implementation—estimates the communication delay of an event based on the topology and

network bandwidths specified in the configuration files. ASTRA-SIM supports multiple

collective communication primitives and scheduling algorithms. The symmetric network

topology of distributed training platforms and topology-aware collective communication

algorithms minimize the network congestion, enabling the analytical network backend to

accurately model the communication overhead [171, 172, 173, 167]. ASTRA-SIM’s run-

time projections for 8–16 node clusters has been validated against real systems to be within

5% difference [167].
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For COMET, we chose ASTRA-SIM as the cost model for training time estimation

given its modular architecture for plug-and-play compute and communication models, and

implementations of diverse collective communication algorithms and scheduling strate-

gies. We integrated our roofline and data movement models (Chapters 5.1.4 and 5.1.5) in

ASTRA-SIM to enable modeling a range of compute units with hybrid memories (LM and

EM). Using our added models and the data provided in the workload input file (operations

and data size per layer), the compute delay per layer is estimated. ASTRA-SIM uses the

compute delay, communication collectives and volume, the network topology, and system

parameters provided to perform a training simulation and generates an end-to-end per-layer

training-time breakdown for each training phase. It reports the compute and exposed (i.e.,

non-overlapped) communication times for each layer in the FP, IG, and WG phases.

For our design space exploration of parallelization strategies on a cluster of size N ,

we sweep the degree of MP and DP such that always MP × DP = N . This emulates

the effective increase in per-node memory capacity as MP decreases in favor of DP, as

demonstrated in Figure 5.6, and generates the corresponding workload input file for each

(MP, DP) combination.

5.2.4 Cluster Parameter Reconfiguration and Iterative Modeling

Finally, step 4⃝ provides a set of knobs to perform sensitivity analysis by varying the key

component parameters, which include the network topology, compute capability, as well as

memory and network bandwidth and latency.

By iterating through steps 2⃝ to 4⃝ (Chapters 5.2.2 to 5.2.4), we obtain the resulting

training time for different system configurations and hardware parameters to identify the

best combination of parallelization strategy and cluster resources. The target optimization

metric may be raw performance or cost efficiency (i.e., performance relative to cluster’s

provisioned resources). In practice, this iterative analysis helps architects explore trade-

offs between scaling efficiency, hardware utilization, and memory system balance when
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provisioning large-scale AI training clusters.

5.3 Evaluation and Case Studies

We now leverage COMET to evaluate cluster design decisions across multiple dimen-

sions—including cluster size and network configuration, per-node memory capacity, and

compute capability—in the context of large-scale Transformer and DLRM training.

A100 GPU
128 DGX Pods with expanded memories

300GB/s
Gen2

NVSwitch
DGX
POD

250GB/s
Gen2

NVSwitch
DGX
POD

Gen2
NVSwitch

DGX
POD

Expanded Memory

Switch

Figure 5.7: Cluster of 1024 A100 GPUs with expanded memories, grouped in 128 8-GPU
pods. Link bandwidth is per direction.

5.3.1 Baseline Evaluation Setup and Workloads

Figure 5.7 visualizes our baseline 1k-node DGX A100 [174] cluster with expanded mem-

ories (EM) and Table 5.1 summarizes the parameters used to model it in ASTRA-SIM.

We evaluate training performance for Transformer and DRAM models, which represent

the largest models currently deployed. Our evaluation predominantly focuses on the Trans-

former model due to its higher complexity and broader range of (MP, DP) training strate-

gies (Chapter 2.1.3). Towards the end we present a subset of DRAM evaluation results in

Chapter 5.3.8.

5.3.2 Transformer Evaluation

Transformer-based language models are huge natural language processing models used

extensively in language modeling, machine translation, text summarization, AI chatbots

(e.g., ChatGPT), etc. We model the Transformer-1T architecture and hybrid model &
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Table 5.1: Baseline NVIDIA DGX A100 system parameters.

Single-node Parameters (NVIDIA A100 GPU)
Peak Performance (perfpeak) 624 TFLOPS (fp16)
Local Memory Capacity / Bandwidth 80 GB / 2039 GB/s
On-chip SRAM size 40 MB
Cluster Parameters
Compute Pod NVIDIA A100 DGX (8-GPU)
Cluster Size 1024 nodes (128 pods × 8 GPUs)
Intra-pod Network BW per GPU 300 GB/s / direction (NVLink Gen-3)
Inter-pod Network BW per GPU 31.25 GB/s / direction (InfiniBand)
Physical Topology Hierarchical Switch
Collectives Implementation Logical Ring

data parallelism approach as described in Megatron-LM [78]. Table 5.2 breaks down the

Transformer-1T model into its layers, and summarizes each layer’s type and dimensions.

Table 5.2: Transformer model layers and dimensions.

Layer Type #Stacks GEMM Dimensions
M K N

Input Embedding Table Look-up 1 b× seq sub vocab dmodel

Layer Norm Element-Wise Mult N b× seq 1 dmodel

Query Projection (Qi) GEMM N b× seq dmodel h× dk
Key Projection (Ki) GEMM N b× seq dmodel h× dk
Value Projection (Vi) GEMM N b× seq dmodel h× dv
Ui = softmax(QiK

T
i /

√
dk) GEMM N b× seq h× dk b× seq

Yi = UiVi GEMM N b× seq b× seq h× dv
concat(Zi = YiBi, .., Zn) GEMM N b× seq h× dv dmodel

Residual Addition Element-Wise Add N b× seq 1 dmodel

Layer Norm Element-Wise Mult N b× seq 1 dmodel

Yi = GeLU(XAi + k) GEMM N b× seq dmodel sub ff
Zi = YiBi + k GEMM N b× seq sub ff h× dmodel

Residual Addition Element-Wise Add N b× seq 1 h× dv
Output Embedding Table update 1 b× seq dmodel sub vocab

Legend: dmodel: hidden dimension, h: # of attention heads, b: mini-batch size, seq: sequence length,
dk/dv: key/value tensor dimension per attention head, sub ff: portion of MLP layer per MP node,
sub vocab: chunk of total vocabulary per MP node

A Transformer model comprises a stack of multiple encoder and decoder structures,

each composed of multi-head attention layers followed by fully connected feed-forward

and residual layers [148]. Each of the encoder and decoder stack takes input and output

embeddings as inputs which map a sequence of symbols into a continuous representation.

Latest Transformer models comprise up to trillion parameters and must be trained over
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hundreds of high-end processing nodes in a distributed manner using multiple levels of par-

allelization [80, 78], despite advanced techniques employed reduce their required memory

footprint [175, 165, 87].

5.3.3 Parallelization Strategy Impact on Performance and Memory Requirements

A Transformer model can be trained via a wide range of parallelization strategies. We

first evaluate the impact of different (MP, DP) parallelization strategies on that cluster’s

performance and per-node memory requirements. We begin by sweeping (MP, DP) under

the invariant MP×DP = 1024. In this section, training time estimations ignore per-GPU

memory capacity constraints, assuming infinite per-node memory capacity accessible at

the baseline system’s peak memory bandwidth.

Figure 5.8a shows the training time breakdown and corresponding per-node memory

footprint for several (MP, DP) configurations, assuming a constant memory bandwidth of

2039 GB/s, irrespective of capacity. The total training time is a combination of compute

delays and exposed communication delays (Chapter 5.1.6). The compute and exposed com-

munication time is broken down into three components to indicate the three main phases

in a training iteration: forward pass (FP), input gradients (IG), and weight gradients (WG).

As MP decreases in favor of more DP groups, the required memory footprint per node

increases; therefore, fitting the model in our baseline NVIDIA A100 Graphics Processing

Unit (GPU)’s 80GB memory requires an MP degree of 64 or higher.

Memory capacity requirements aside, the best-performing configuration is MP8 DP128,

where the exposed communication in FP and IG phases, and the compute delay exhibit

their lowest values. Note that WG communication (WG Exp Comm) is fully overlapped

by the WG compute (WG Compute) in every configuration, hence not visible. The con-

figurations left of MP8 DP128 (higher MP) are communication bound due to the exposed

blocking communication patterns in FP and IG phases across the MP dimension. In con-

trast, for configurations right of MP8 DP128 (lower MP), the effective model footprint per
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(a) Breakdown of comp./comm. time & per-node memory footprint.

(b) Exposed communication to compute ratio.

Figure 5.8: Training runtime of Transformer-1T with varying MP/DP degree (norm. to
best-performing MP8 DP128 config.).

node grows as the model is distributed across fewer nodes per Data Parallel Unit (DPU),

and hence becomes more memory bound resulting in higher compute delays dominating

runtime, while barely any communication is exposed.

Figure 5.8b better highlights the changing balance between compute and exposed com-

munication time for the same (MP, DP) range. Under high MP degrees (e.g., MP64 DP16),

training time is dominated by exposed communication time. As MP decreases in favor of

increasing DP, the fraction of runtime spent on communication becomes negligible from

MP8 onwards. MP8 DP128 is the optimal configuration because it strikes the best bal-

ance, effectively overlapping communication delays with compute, without getting into a
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memory-bandwidth-bound region that causes drastic compute time increase.

5.3.4 Effect of Memory System Design

Based on Chapter 5.3.3’s results, the best-performing MP8 DP128 configuration requires

∼250 GB of memory to fit the model, exceeding the 80GB the NVIDIA A100 GPU base-

line’s per-node memory capacity by 3×. The best-performing configuration achievable

under the 80GB memory constraint is MP64 DP16. The required capacity for MP8 DP128

could be achieved with a hybrid memory system, complementing the GPU’s HBM with a

secondary DRAM-based memory that offers additional capacity, albeit accessible at lower

bandwidth. As mentioned in Chapter 5.1.5, such additional capacity could be provided by

allowing the GPU to access its host CPU’s memory, or by attaching additional memory to

the GPU over CXL [129] or other technology.

Figure 5.9 shows the performance results normalized to MP64 DP16, the best-performing

configuration of in-memory distributed training that is feasible without memory expansion

(Figure 5.8a). The heatmap’s x-axis shows the bandwidth to expanded memory, while the

varying (MP, DP) degree on the y-axis is a proxy for the required capacity of that expanded

memory (see memory requirements in Figure 5.8a). MP64 DP16 and configurations with

higher MP remain unaffected by the expanded memory’s bandwidth, as the dataset entirely

fits in each node’s local memory, and configurations with MP higher than 256 are omitted,

as they perform strictly worse.

The heatmap guides system architects in determining what memory expansion technol-

ogy can be used to boost a cluster’s training performance, revealing the range of expanded

memory characteristics that allow building a cluster with lower training time than the

MP64 DP16 baseline. Conversely, the data can also be leveraged to derive the equally

valuable information of memory technologies that would not be applicable.

We provide two illustrative examples derived from Figure 5.9:

Ex. 1: The theoretically optimal MP8 DP128 configuration is achievable with a hybrid
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Typical HBM BW rangeLikely CXL BW range

Figure 5.9: Effect of memory bandwidth availability to the expanded memory system. The
check-mark indicates the baseline configuration to which all the other values are normal-
ized.

memory system offering at least 4.25× higher aggregate capacity than the baseline (cf.

Figure 5.8a), and outperforms the baseline if the expanded memory is accessible at a band-

width of at least 500GB/s.

Ex. 2: A system architect considering CXL-attached memory can quickly deduce that, in

order to benefit the given workload, the technology must be capable of delivering 500GB/s

to 340GB of memory, at a minimum. In practice, that would require a memory device

accessible over 32 lanes of CXL 3.0.

5.3.5 Effect of Latency-Bandwidth Trade-Offs in Expanded Memory Systems

Emerging memory expansion technologies such as CXL-attached DRAM provide substan-

tial additional capacity but differ from on-package HBM not only in bandwidth but also in

access latency. Fully assessing the practicality of expanded-memory training thus requires

understanding how both bandwidth and latency jointly shape end-to-end performance, par-

ticularly for workloads with varied and latency-sensitive access patterns.

Figure 5.10 examines this bandwidth–latency trade-off by evaluating the MP8 DP128

configuration, which requires approximately 340 GB of capacity beyond the HBM avail-
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Figure 5.10: Effect of latency vs. memory bandwidth availability to the expanded memory
system. All the values are normalized to the baseline MP8 DP128 configuration at 2039
GB/s memory bandwidth.

able on an NVIDIA A100 node. All results are normalized to a hypothetical baseline where

the expanded memory operates at HBM-class bandwidth (2039 GB/s) and near-HBM la-

tency. The heatmap varies the link latency on the x-axis and the available bandwidth on the

y-axis, spanning a range from NVMe, SATA SSD, and even HDD latencies for contrast.

Overall, the results indicate that bandwidth is the primary determinant of performance

under the streaming-dominated access patterns captured in our compute model. With one

operand matrix tiled into on-chip SRAM and the other streamed from memory, the resulting

fp64 optimizer-state traffic sustains a high demand on memory bandwidth, making perfor-

mance substantially more sensitive to bandwidth provisioning than to moderate changes in

access latency. Consequently, within the sub–100 µs latency range characteristic of CXL-

attached memory devices, the impact of latency remains negligible as long as sufficient

bandwidth is available.

However, as access latency approaches storage-class timescales, the balance shifts and

latency becomes a more prominent performance limiter. Once latencies enter the hundreds

of microseconds to millisecond range, the delay incurred on each streamed access can no
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longer be effectively amortized by high bandwidth, resulting in noticeable slowdowns. For

example, at 0.5 TB/s of available bandwidth to expanded memory, increasing the link la-

tency from 100 µs to 10 ms leads to a 31.7% performance decline, reflecting the point at

which latency dominates the memory access cost. These effects would be further ampli-

fied under access patterns with less inherent streaming regularity, where fine-grained data

dependencies increase sensitivity to remote-memory latency.

Taken together, these results underscore that effective memory expansion for large-

scale training requires a balanced combination of high bandwidth and reasonably low la-

tency. While bandwidth dictates the achievable throughput under typical training com-

pute patterns, latency bounds the performance envelope when access patterns become less

streaming-friendly or when expanded-memory utilization deepens. CXL-attached memory

occupies a favorable region in this design space, but technologies with storage-class laten-

cies—even if provisioned with very high bandwidth—would struggle to support training

configurations such as MP8 DP128 that rely heavily on timely access to large optimizer

and activation state.

5.3.6 Effect of Per-node Compute Capability

The tremendous demand for DL training drives rapid evolution of the hardware used in

clusters deployed for such purpose. COMET can be used to study the effect of per-node

compute capability by scaling each node’s peak performance (perfmax) to model hard-

ware of different generations. Figure 5.11 shows the effect of per-node compute scaling on

the MP8 DP128 configuration, assuming a memory system of varying bwhybrid as a func-

tion of bwEM , and sufficient capacity to hold the model. At the highest bwEM of 2TB/s,

halving compute capability — e.g., by replacing the baseline A100 with a lower-end GPU

— increases the runtime by 50%, while doubling it reduces the runtime by 25%. Scal-

ing compute further has diminishing returns, as training becomes communication bound.

For lower memory bandwidth availability, the impact of compute capability scaling further
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Figure 5.11: Effect of node compute capability relative to baseline A100 GPU
(MP8 DP128 configuration).

diminishes due to the additional bottleneck of memory bandwidth. System designers can

employ such studies to predict the impact of a next-generation GPU on a cluster’s overall

performance.

5.3.7 Effect of Networking Capability

A cluster’s network bandwidth plays a critical role in the overall training time. Especially

at higher MP configurations, training time is dominated by the exposed blocking commu-

nication patterns in forward and input gradient phases. In our modeled cluster, there is an

intra-pod bandwidth to communicate with GPUs within a pod and a lower inter-pod band-

width for communication across pods (see Table 5.1). We use a Hierarchical Collective

implementation [176, 173] in our evaluations, which first reduces data across GPUs of the

same pod, followed by inter-pod reduction. Such local network bandwidth-aware collective

optimization reduces the communication volume on the lower-bandwidth inter-pod links.

Figure 5.12 shows the effect of both intra- and inter-pod network bandwidth scaling

on training time for two different (MP, DP) configurations: the communication-bound

MP64 DP16 and the compute-bound MP8 DP128. In each plot, we vary the two network

bandwidths while keeping the compute and memory bandwidth constant to the baseline

system’s values (Table 5.1).

Unsurprisingly, MP64 DP16 is majorly affected by network bandwidth, as the MP di-

mension straddles several 8-node pods, which feature high intra-pod bandwidth. Halving
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(b) MP8 DP128

Figure 5.12: Effect of network capabilities on cluster-scale performance. The check-mark
indicates the baseline configuration to which all the other values are normalized. 300/31.25
GB/s is currently a typical NVLink/InfiniBand configuration.

intra-/inter-pod bandwidth results in a 48%/22% slowdown, respectively. On the contrary,

doubling intra-/inter-pod bandwidth reduces runtime by 3%/18%, respectively, while dou-

bling both reduces runtime by 27%. Evidently, the most effective network scaling scales

bandwidth on both dimensions, while scaling only one dimension’s bandwidth provides

reduced or marginal gains.

This effect is attributed to the mapping of the workload on the underlying cluster. The

performance-critical all-reduce communication in forward and backward propagation is

bottlenecked by both intra- and inter-pod links. Thus, increasing only one dimension’s

capability yields limited gains (as the other dimension remains a bottleneck), while boost-

ing the capabilities of both dimensions has an amplificatory effect. In contrast, when

MP8 DP128 training is feasible, the network’s role is much less critical. Reducing both

intra- and inter-pod bandwidth to 50% only degrades performance by 11%, while even

increasing both by 4× only boosts performance by 5%.

We conduct an additional experiment to focus on identifying the ideal balance of the

bandwidth available at the two dimensions. Instead of varying the two values indepen-

dently, as previously done in Figure 5.12, Figure 5.13 shows the performance trends when

the available network bandwidth is re-distributed between intra-/inter-pod links, while its

aggregate value always remains fixed. For the baseline MP64 DP16 configuration with

an aggregate full duplex bandwidth of 331.25 GB/s per direction (300 GB/s intra-pod and
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Figure 5.13: Impact of relative inter-/intra-pod network bandwidth allocation on training
runtime. The total bandwidth is kept constant at 331.25 GB/s across all the ratios. The
highlighted 1:9.6 ratio represents the baseline cluster’s configuration.

31.25GB/s inter-pod), we find an optimal bandwidth ratio of 1:6 between inter-/intra-pod

network bandwidth (i.e., 284 GB/s intra-pod and 47.32 GB/s inter-pod). For lower/higher

ratios, inter-/intra-pod network traffic becomes a bottleneck, respectively. In the case of

compute-bound MP8 DP128, where the MP dimension is entirely contained within a pod,

the performance-critical MP communication is entirely dictated by intra-pod bandwidth

while the DP communication across the pods is affected by the inter-pod link bandwidth.

Therefore, MP communication is not a bottleneck and performance is largely insensitive to

the rebalanced bandwidth ratio. Performance starts dropping beyond 1:5 (i.e., with intra-

pod bandwidth less than 276GB/s), as MP communication starts reappearing as a bottle-

neck. Overall, 1:6 inter-/intra-pod network bandwidth provisioning appears to be the ratio

that best accommodates both training configurations, improving training time by up to 15%

compared to the default 1:9.6 ratio.

System designers can use such analysis to determine the topology and interconnect

technology to use (e.g., Ethernet, InfiniBand, NVLink), while balancing the resulting per-

formance with the associated cost of the selected hardware resources.

5.3.8 DRAM Evaluation

DLRMs are among the largest deep learning models used widely for generating personal-

ized content [177, 178, 179] (e.g., movie recommendations [180, 181], e-commerce cat-
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alogs [67, 182, 183]), comprising up to trillions of parameters. DLRM model contains

large embedding tables that capture the latent space of user and product feature interac-

tion. In each DLRM, inputs are classified into sparse and dense features which represent

the categorical data and continuous features. While sparse features are used to look up

the embedding tables, dense features are processed using a bottom stack of MLP layers.

The result of embedding lookup and output of bottom MLP layers are combined and given

as input to the top Multi Layer Perceptron (MLP) layers which finally predict the proba-

bility of an event (such as click-rate) occurrence. We model the DLRM architecture and

parallelization strategy as described by Rashidi et al. [184].

Unlike Transformer models that can be trained using a wide range of model versus data

parallelism configuration points, the training structure for DLRMs is more rigid. DLRM

follows a hybrid parallelization strategy where the bottom embedding layers are sharded

across multiple nodes and performs an all-to-all communication during forward and back-

ward propagation while the MLP layers are replicated on each node in a data parallel fash-

ion and perform an all-reduce during backward propagation. DLRM therefore does not

offer the same MP/DP configuration knob we sweep for Transformer models.

We now briefly cover evaluation highlights for the training of a 1.2 trillion parameter

DRAM, modeled as described in Table V of Rashidi et al. [184]. Figure 5.14a shows

the training time breakdown for single DRAM instance and corresponding per-node mem-

ory footprint for different cluster sizes. Since the DRAM’s memory footprint is relatively

smaller than Chapter 5.3.2’s Transformer-1T model, we start with a smaller cluster com-

prising only 8 pods of our baseline DGX cluster (64 GPUs in total). As the cluster’s size

decreases, the exposed communication delay decreases at the cost of increased memory

footprint per node required, resulting in a compute delay increase. However, the overall

increase in training time is sublinear with the node count reduction, especially in the 64–16

range. Thus, memory expansion can not only be used to improve DRAM training efficiency,

but also better performance for a training workload comprising several DRAM models.
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(b) Effect of memory bandwidth availability to the extended memory sys-
tem.

Figure 5.14: DLRM’s training performance normalized to 64 nodes with 2TB/s memory
bandwidth..

This is a common use case, as large corporations often need to train multiple DRAMs for

different purposes [185, 186].

Figure 5.14b evaluates the overall turnaround time of training 8 DRAMs on 64 GPU

nodes as a function of available bandwidth to the expanded memory. While DRAM’s perfor-

mance is more sensitive to memory bandwidth, results qualitatively match Chapter 5.3.4’s

takeaways. Performance improvement opportunities require memory expansion solutions

delivering at least 75% additional memory capacity at 800GB/s; a 200GB expanded mem-

ory accessible at 1.5TB/s improves training time by 1.5×.

5.3.9 Comparative DL Training on Different Clusters

We conclude COMET’s utility demonstration by comparing 11 different DL training clus-

ters, summarized in Table 5.3: nine GPU-based clusters, a Google TPU v4, and a Tesla
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Table 5.3: Per-node details of various cluster configurations.

config
compute memory

network (topology : bandwidth per node)node Peak local cap. local bw exp. cap. exp. bw
TOPS (GB) (GB/s) (GB) (GB/s)

A0
V100 125 80∗ 900

0 0 two-level switch :
A1 480 500 150 GB/s intra-pod, 6.25 GB/s inter-podA2 201 1000
B0

A100 625 80 2039
0 0 two-level switch :

B1 480 500 300 GB/s intra-pod, 31.25 GB/s inter-podB2 201 1000
C0

H100 1979 80 3350
0 0 two-level switch :

C1 480 500 450 GB/s intra-pod, 62.5 GB/s inter-podC2 201 1000
Dojo Tray 54,300 640 16000 0 0 one-level switch : 20× 50GB/s per direction

TPU v4 TPU 275 32 1200 39 1200 3D torus : 6× 48GB/s per direction
∗Although the V100 GPU features 32GB of memory, we model 80GB instead to keep the memory system configuration options
of clusters A, B, and C aligned.

Dojo cluster. Our goal is not to declare the “best” system—as they drastically differ in

cost, node count, definition of a “node”, etc.—but to demonstrate the different behavior

across three very dissimilar clusters when training the same huge model.

DGX cluster variants: We model three base 1024-GPU cluster variants—A, B, and C—

with different resource (compute, memory, network) provisioning as described in Table 5.3.

We base each design on a major GPU model (V100, A100 and H100). All GPU cluster

variants are organized in 16-GPU pods and feature a two-dimensional network like the one

shown in Figure 5.7. For each base cluster variant, we evaluate three memory systems—0,

1 and 2—with different characteristics, for a total of nine GPU cluster variants. Memory

system 0 consists of only local GPU memory without any capacity expansion. Memory

systems 1 and 2 are hypothetical expanded memory systems accessible at 0.5TB/s and

1TB/s, respectively.

Dojo cluster: We model a Dojo cluster of 64 nodes (“trays”, each comprising several

training tiles and interface processors) as shown in Figure 5.15a. Each node has 66GB

of on-chip SRAM, 640GB of memory with a 16 TB/s bandwidth, and 54.3 PFLOPS peak

performance. Given limited publicly available information, we model the network topology

113



Dojo Training
Matrix64 nodes

1000 GB/s

(a) Cluster of 64 Dojo D1 Training Matrices con-
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(b) Cluster of 4096 TPU v4 chips connected
in 3D Torus topology.

Figure 5.15: Evaluated configurations for Dojo and TPU clusters.

as a single logical switch delivering 1 TB/s of full duplex network bandwidth to each node

[187].

TPU v4 cluster: We model a TPU cluster of 4096 TPU-V4 chips, as shown in Fig-

ure 5.15b, connected in a 3D Torus topology with 48GB/s full duplex links. Each TPU

features 32MB of on-chip SRAM, a 32GB HBM with a memory bandwidth of 1.2TB/s,

and 275 TFLOPS peak performance [188].

Figure 5.16 shows the speedup for DRAM and Transformer-1T across different cluster

configurations. Every cluster except A0, B0, C0, and Dojo assumes per-node memory

expansion with capacity and bandwidth characteristics listed in Table 5.3. DLRM training

is modeled as described in Chapter 5.3.8: Clusters A0, B0, and C0 use 64 nodes to run

a single DLRM instance. A1, B1 and C1 leverage their expanded memory to train one

DLRM per 16 nodes. Likewise, A2, B2 and C2 use 8 nodes per instance. The reported

speedup for DRAM refers to training a total of 8 model instances. For Transformer-1T,

speedup refers to training a single instance on the entire cluster. All reported speedups are

normalized to cluster A0 as baseline.
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Figure 5.16: Comparison of runtime across different cluster configurations, normalized to
cluster A0.

Clusters A2, B2 and C2 benefit from their expanded memory at 1TB/s, delivering 1.8×,

2.6×, and 2.7× speedups, respectively, for DLRM. While clusters A1, B1 and C1 fare

poorly for DLRM due to their lower bandwidth to expanded memory, B1 and C1 deliver a

good speedup of 7.2× and 12.5×, respectively, for Transformer-1T. Increasing expanded

memory bandwidth to 1TB/s further improves speedup for Transformer-1T (e.g., to 14.3×

for C2).

Cluster A2’s double bandwidth to expanded memory improves cluster A1’s DLRM

performance by 1.64×. Due to the memory-bound nature of DLRM, memory bandwidth

improvements are more critical than compute capacity or network bandwidth. On the other

hand, Transformer-1T is more sensitive to the compute capacity and network bandwidth,

and therefore low compute and network bandwidth drastically reduces speedup opportuni-

ties for clusters A1 and A2. Transformer-1T benefits from Tensor Processing Unit (TPU)’s

large compute capacity and network bandwidth, but the DLRM suffers from its low mem-

ory capacity and local memory bandwidth. In contrast, Dojo significantly benefits both

workloads due to large on-chip SRAM, memory capacity, and high network bandwidth.

Overall, among GPU cluster variants, there is no single optimal configuration for both

Transformer-1T and DRAM, as different workloads are impacted differently. Disregarding

any cost considerations, the best GPU cluster on average is C0, delivering a 7.7× speedup

over the baseline A0 cluster. Memory expansion is an effective technique for all clus-

ters when training Transformers, but only for the lowest-end cluster A on average, due

to DRAM’s memory bandwidth sensitivity. This study demonstrates that, as one size does
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not fit all, system architects should evaluate a workload mix representative of the main use

cases for the target cluster to determine the system configuration that best fits the ensemble.

5.4 COMET takeaways: versatility and speed

Our extensive evaluation demonstrates COMET’s versatility and the breadth of case studies

it facilitates. We illustrated that COMET enables joint sensitivity analysis of the effect of

node compute capability, memory system design, and network provisioning on cluster per-

formance, facilitating balanced resource provisioning and identification of cost-reduction

opportunities. COMET also allows rapid exploration and evaluation of memory system de-

sign on a cluster’s performance as a function of its capacity and bandwidth characteristics,

helping system designers determine what existing technologies for memory expansion are

viable to improve training performance, and gauge the impact of relevant future technolo-

gies.

While Chapter 5.3’s evaluation focused on demonstrating the utility and flexibility of

the tool, an additional key strength of COMET is the short turnaround time of experiments,

allowing researchers to rapidly glean performance trends. Once a target model is broken

down into its layer-wise representation as specified in Chapter 5.1.1, exploring a broad

design space is a matter of few hours. COMET’s methodology allows modeling different

compute nodes, network topologies, memory bandwidths and parallelization strategies in

an embarrassingly parallel fashion on commodity processors. To provide some concrete

data points, generating the two memory bandwidth sensitivity heatmaps (Figure 5.9 for

Transformer-1T and Figure 5.14b for DLRM) takes about 5 hours / 45 minutes, respec-

tively, on a single 24-core Intel Xeon Silver server. Other analyses presented in the paper

require comparable runtimes. Such rapid exploration of a wide range of design choices is

a valuable capability COMET contributes.
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5.5 Chapter Summary

The rapid growth in scale and complexity of modern AI/ML models has redefined the

performance boundaries of large distributed training infrastructures. As computational ca-

pabilities continue to scale faster than memory and interconnect subsystems, overall effi-

ciency is increasingly constrained by the ability to deliver adequate memory capacity and

bandwidth per node. While scaling out across additional accelerator nodes remains the

dominant strategy for accommodating massive models, it inherently introduces communi-

cation and synchronization overheads that limit scalability. Expanding per-node memory

capacity presents an alternative path—reducing inter-node communication pressure and

improving data locality—provided that the underlying memory system can sustain the re-

quired bandwidth and latency characteristics. This growing tension underscores the need

for a unified design methodology that captures how innovations in the memory hierarchy,

such as CXL-based memory expansion, interact with compute and interconnect subsystems

to shape end-to-end distributed training performance in ever-larger clusters.

To address this need, COMET introduces a cluster-scale methodology for evaluating

and optimizing distributed DL training through joint co-design of compute, memory, and

interconnect resources. COMET models the coupled effects of workload structure and

cluster architecture, quantifying how model- and data-parallel strategies, memory hierar-

chy parameters, and network bandwidth collectively influence training efficiency. By com-

bining roofline-based analytical modeling, hybrid memory traffic estimation, and parame-

terized communication modeling within the ASTRA-SIM simulation framework, COMET

enables rapid and extensible exploration of system performance without dependence on

specific hardware microarchitectures. This capability is particularly important as model

sizes, memory footprints, and cluster scales grow to the point where exhaustive measure-

ment or full-cycle simulation across the entire design space becomes impractical.

Building on the insights from prior cluster-scale modeling frameworks discussed in
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Chapter 6.3, COMET integrates the strengths of analytical, profile-guided, and heteroge-

neous modeling approaches. It achieves the scalability and generality of analytical frame-

works while incorporating the extensibility and fidelity of trace-driven analysis through its

integration with the latest ASTRA-SIM-2.0 [167] infrastructure. The enhanced toolchain

supports trace-based, profile-guided estimation using the industry-standard Chakra Exe-

cution Trace format [189, 190], which provides a unified, graph-based schema for rep-

resenting AI/ML workloads. By capturing compute, memory, and communication oper-

ations—along with their dependencies and metadata—in an interoperable representation,

this integration enables consistent modeling of execution traces from diverse frameworks

and supports evaluation of both conventional and heterogeneous systems, including those

augmented with disaggregated or CXL-attached memory.

Ultimately, the primary goal of COMET is not to prescribe a single “best” paralleliza-

tion or hardware configuration, but to provide a practical, scalable lens through which

architects can reason about performance trends in the face of rapidly growing model and

cluster sizes. By supporting fast, holistic sweeps over large algorithmic–architectural de-

sign spaces and enabling more detailed analysis to be focused on a narrowed set of promis-

ing configurations, COMET helps identify where additional memory capacity, bandwidth,

or new architectural features such as CXL-enabled memory expansion are most impactful.

In doing so, COMET equips system designers with a flexible and timely methodology for

uncovering co-design opportunities, quantifying trade-offs, and guiding the evolution of

future large-scale distributed AI training infrastructures.
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CHAPTER 6

RELATED WORK

6.1 Prior work related to HTM capacity enhancements

We discuss prior work most closely related to HinTM’s mechanisms—compiler-driven

classification in STM and user-annotated privatization—and shall highlight the distinction

between HinTM’s page-based memory safety classification and prior proposals on page-

based TMs.

User-annotated privatization. Notary [111] is the only work we know that uses a pri-

vatization method to boost an HTM’s effective TXN capacity. It provides a programmer

interface for manual coarse-grained marking of thread-private data structures, and men-

tions automatic marking of thread-private stack pages. However, Notary’s proposed design

is more conceptual than algorithmic, lacking concrete implementation details of how the

hardware maintains and retrieves that information to use it. In contrast, we meticulously

detail the methods HinTM employs to identify safe memory and pass that information to

hardware. Although we focused on automation, HinTM can trivially support both coarse-

grained (i.e., Notary-style) and fine-grained programmer annotations as well.

ISA escape actions support for HTM. Intel and IBM HTMs offer suspend/resume op-

erations that can be used to mark windows of instructions within a TXN to skip HTM

controller tracking [191, 192]. LogTM [39] uses similar escape actions to skip tracking

non-TM code blocks during TXNs (traps, interrupts, etc.). Such coarse-grained pause/re-

sume approach is typically used to execute sizeable code blocks of secondary software

synchronization mechanisms within a TXN without aborting [193, 113, 194, 195, 196] and

therefore conceptually differs from HinTM’s automated identification and fine-grained dif-
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ferentiation of memory accesses that actually belong to a TXN, with the goal of conserving

the HTM’s transactional capacity. Instead of our proposed safe load/store instructions, a

compiler could use suspend/resume to wrap each load/store identified by HinTM’s static

classification as safe. IBM’s System Z features a non-transactional store for debugging pur-

poses [197]. Rock [198] and AMD’s ASF [199] are HTMs that featured non-transactional

load instructions. Prior work [200] discussed different ways of using such load instructions

to improve HTM performance, and seminal HTM work [38, 195] hinted at selectively us-

ing non-transactional instructions, but only at a conceptual level. TCC [201] marked stack

references as local to avoid broadcasts and improve scalability. We are the first to com-

prehensively study and evaluate automatic generation (by the compiler or the hardware) of

non-transactional memory operations within transactions to mitigate HTM capacity limita-

tions. HinTM can use these instructions on ISAs that feature them, as instances of our pro-

posed safe load/store instructions. Finally, neither suspend/resume nor non-transactional

instructions can be used to mark dynamically identified safe loads/stores, which yield most

of HinTM’s performance benefits.

Other metadata tracking and hint-based approaches. Memory access differentiation

lies at the core of HinTM’s principle of operation. Such differentiation information could

be encoded by leveraging systems featuring tagged memory [202, 203, 204, 205, 206] and

capability-based approaches like CHERI [207] or Mondrian [208], using flexible metadata

management frameworks like XMem [209] or MetaSys [210].

Other approaches addressing HTM capacity limitations. Pre-abort handlers [114] pro-

vide a software fallback path to attempt to save TXNs before aborting. For capacity aborts,

a pre-abort handler would convert the aborting TXN into a critical section, preventing work

loss, but still resulting in serialization. The technique can be used in conjunction with

HinTM, which reduces capacity overflows. Cai et al. [51] study the effect of cache re-

placement policy on Intel TSX capacity aborts. SI-HTM [193] builds on the semantics
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of snapshot isolation to expand POWER8 HTM’s limited transactional capacity by only

buffering a TXN’s writeset. SI-HTM combines roll-back only TXNs [211] (ROTs—TXNs

that don’t track loads) with a software mechanism that delays all TXNs with a non-empty

writeset to commit after all concurrent TXNs that started earlier have already committed.

Rather than snapshot isolation, HinTM targets the stricter transactional model of 2-phase

locking (2PL). Issa et al. [113] combine ROTs with a software technique to prevent the

readset from occupying transactional capacity, but still achieve strict 2PL semantics, at

the cost of tracking the TXN’s whole readset in software and touching it again before a

TXN commits. HinTM does not require an additional TXN validation phase with extra

instructions and memory accesses, and in general leaves TXN structure unmodified.

Dynamic page-based classification in non-TM contexts. Singh et al. [212] utilize static

and dynamic memory access classification mechanisms to relax the ordering of thread-

private memory accesses on sequentially consistent CPUs. OS page classification has been

used by Cuesta et al. [213] to eliminate directory coherence tracking for data in private

pages; in Valid/Invalid – Private/Shared (VIPS) protocol to construct a simple low-cost co-

herence mechanism [214]; and to inform intelligent data placement decisions in distributed

memories [215, 216, 217, 218].

Beyond conventional HTMs. Our work targets “conventional” HTMs [219, 38] that im-

pose rigid, hardware-bound limits on transaction sizes [50]. While all commercial imple-

mentations are instances of such conventional HTMs, the research literature is rich in ad-

vanced techniques to allow spilling transactional state from the limited hardware structures

without aborting. “Large” HTMs (LTM [41], LogTM [39]) modify the cache hierarchy or

coherence to track overflown state. “Unbounded” HTMs (UTM [41], VTM [37]) enhance

hardware with software mechanisms to enable TXNs to not only exceed hardware struc-

ture capacities, but also survive context switches. Hybrid TMs [45, 48, 47] are founded

on an underlying STM implementation and leverage HTM as an auxiliary mechanism to
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improve performance, whenever possible. HinTM maintains the relative hardware simplic-

ity of conventional HTMs and proposes minimally intrusive extensions that alleviate their

rigid capacity constraints without sacrificing HTM’s performance advantages over STM.

6.2 Prior work related to memory system optimizations in server CPUs

High-end processors feature increasing core counts for throughput gains, with the aim of

improving resource consolidation and TCO. However, commensurately scaling memory

bandwidth availability using DDR technology alone is challenging, resulting in reducing

the memory bandwidth availability per core. Hence, such manycore processors cannot be

effectively utilized when handling memory-intensive workloads. Some recent high-end

CPUs alleviate the memory bandwidth wall by deploying HBM [220, 221] or large die-

stacked SRAM [222]. However, in addition to their high cost, such exotic solutions suffer

from severely limited capacity [223].

Memory tiering. In the context of CXL, recent works have explored using CXL-attached

memory as a secondary tier to expand both capacity and bandwidth [164, 58, 224, 225].

However, CXL-based tiering requires careful hardware-software co-design to mitigate the

high serial link latency [226, 227]. As in SURGE, careful page placement across the mem-

ory tiers plays an important role in maximizing performance.

Memory bandwidth boosting. BATMAN [228] proposes spreading a workload’s dataset

across planar and die-stacked DRAM to maximize aggregate memory bandwidth avail-

ability. Caption [229] aims to improve the performance of bandwidth-intensive appli-

cations by leveraging CXL memory devices for bandwidth expansion, and uses a linear

Machine Learning model to perform bandwidth-aware page allocation across the mem-

ory tiers. Sehgal et al. [230] propose software-based weighted interleaving of pages to

leverage the bandwidth of DDR and CXL memory, considering the workload characteris-

tics and performance characteristics of memories to various memory read/write patterns.
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Coaxial proposes complete replacement of the prevalent DDR-based memory system with a

bandwidth-rich CXL-based memory system [54], but such radical approach can hurt perfor-

mance under low system utilization. In contrast to all prior work deploying and managing

a secondary memory tier to boost bandwidth, SURGE multiplexes existing (primarily I/O)

interfaces to opportunistically boost memory bandwidth availability. SURGE is the first

extensive study of the opportunities arising from the CXL-enabled fungibility of I/O and

memory traffic, and the first system to leverage that capability to dynamically salvage idle

I/O bandwidth, convert it to additional memory bandwidth for memory-bound workload

acceleration.

Page placement. SURGE leverages controlled page placement as a way to split traffic

between the tiered primary-salvage memory system. We found weighted first-touch page

placement sufficient for the simple proof-of-concept deployment scenarios we evaluated.

However, more complex cases with workload churn would require periodic re-evaluation

of each workload’s traffic split and support for more sophisticated page placement and

migration techniques. There are several such mechanisms in the literature, both software-

based [231, 232, 233, 234, 235, 236] and hardware-assisted [120, 237].

6.3 Prior work related to Distributed DL Training performance and optimizations

DL training accelerator design. A vast body of prior work focuses on optimizing the

individual accelerator node (GPU or custom accelerator) [163, 238, 239, 240, 241, 242,

243]. However, node design in isolation does not capture cluster-scale effects during dis-

tributed training and can lead to resource imbalance and cluster under-utilization. Max-

imizing cluster-wide performance and utilization requires a holistic design approach that

jointly considers the impact of compute, network, memory, and workload parallelization

strategy.
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Cluster-scale DL training performance analysis. A growing body of work has exam-

ined the performance characteristics of large-scale distributed deep learning (DL) train-

ing across modern compute clusters. Jain et al. characterize the training performance

of ResNet and Inception-based models on diverse CPU and GPU architectures, analyzing

sensitivity to batch size, node count, and intra-node threading configurations [244]. Ren et

al. extend this analysis to Natural Language Processing (NLP) and computer vision work-

loads on leading-edge systems, identifying communication bottlenecks within collective

kernels and studying the impact of scaling node counts on end-to-end throughput [245].

Complementing these studies, Jeon et al. investigate multi-tenant GPU clusters running

co-located training jobs, showing how locality-aware scheduling can substantially improve

cluster utilization and overall performance [246].

Recent years have also seen the emergence of several modeling frameworks aimed at

understanding and predicting distributed DL training performance, reflecting the increasing

complexity of large-scale AI infrastructure. Broadly, these efforts fall into two categories:

analytical models and hybrid analytical–profile-based models, each offering a distinct bal-

ance between modeling speed, accuracy, and generality.

Analytical frameworks such as Calculon [247] and vTrain [248] employ first-order for-

mulations to estimate training performance by decomposing total iteration time into com-

pute and communication components. Compute time is typically estimated as the ratio of

floating-point operations to a device’s theoretical peak throughput, while communication

time is modeled as the ratio of data volume to effective network bandwidth. These formu-

lations enable rapid evaluation and lightweight design-space exploration but rely on sim-

plifying assumptions—most notably, that all operators achieve ideal hardware utilization.

To compensate for underutilization and architectural inefficiencies, these models introduce

empirically tuned scaling factors (“magic factors”), which limit their generality and pre-

dictive robustness. Furthermore, purely analytical models lack the expressiveness needed

to capture complex runtime phenomena such as overlapping communication, collective op-
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eration optimizations, or pipeline scheduling effects that dominate performance in modern

large-scale training.

Hybrid analytical–profile-based frameworks, including DistSim [150] and TrioSim [249],

enhance modeling fidelity by integrating analytical abstractions with fine-grained runtime

traces collected from real hardware. These traces capture kernel- and operator-level exe-

cution characteristics and are combined with analytical representations of data, model, and

pipeline parallelism to achieve higher predictive accuracy. However, such fidelity comes at

the cost of significant profiling overhead—requiring extensive execution of representative

workloads to collect traces. This dependency makes them less practical for early-stage ar-

chitectural exploration or for evaluating hypothetical hardware configurations. In addition,

existing hybrid frameworks predominantly target homogeneous or symmetric interconnect

topologies and offer limited support for modeling heterogeneous systems incorporating

emerging technologies such as CXL-based disaggregated memory.

Bridging this gap, HeterSim [250] extends distributed training modeling into hetero-

geneous cluster environments and explores the performance implications of disaggregated

memory technologies, including CXL. While it offers valuable insights into large-language-

model (LLM) training under heterogeneous configurations, its analytical core continues to

rely on simplified compute-delay approximations and the framework itself is not publicly

available. Consequently, HeterSim remains limited in its ability to capture the nuanced and

dynamic interactions between compute, memory, and interconnect subsystems that shape

end-to-end distributed training performance.

In contrast, COMET is expressly designed to provide fast yet expressive cluster-scale

performance analysis, enabling early-stage architectural exploration that captures the joint

impact of training strategies and heterogeneous compute–memory–network resources on

distributed DL performance. Its modular methodology allows lightweight analytical mod-

els to be combined with more detailed performance backends, offering a continuum of

fidelity–versus–speed trade-offs within a single framework. As a result, COMET can
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efficiently glean performance trends across vast design spaces—spanning parallelization

strategies, interconnect topologies, and CXL-enabled disaggregated memory configura-

tions—and then focus more detailed analysis on a narrowed set of promising design points.

Given the current and projected scale of AI models and clusters comprising thousands of

nodes, tools such as COMET are increasingly essential for rapid, flexible, and reliable joint

exploration of algorithmic and architectural choices.

Cluster communication performance optimizations. Another family of work focuses

on cluster communication performance, which is often a major performance determinant.

Dong et al. propose an algorithm/system co-design methodology to improve training scal-

ability, by alleviating network congestion with a congestion-less server architecture that

uses novel communication collective algorithms and network topology [251]. Jiang et al.

accelerate Deep Neural Network (DNN) training with a unified communication framework

that dynamically adapts reduction collectives and parameter server tasks to best utilize CPU

and bandwidth resources, and overlap communication latency [252]. Shah et al. and Sun

et al. propose communication abstraction and improvised communication algorithms [253,

254].

Memory system impact on training. Memory system design and optimizations play

a crucial role in the overall performance and efficiency of a distributed training cluster, as

well as the cluster size required to train a given large model. Prior works such as Checkmate

[255], ZeRO-DP [165], ZeRO-Offload [86], and ZeRO-Infinity [87] focus on reducing the

per-node memory footprint required to train large DL models.

Training strategy auto-tuning frameworks. Prior works on auto-tuning frameworks

(Alpa [256], AutoDDL [257], Rhino [258], FlexFlow [259]) focus on identifying the op-

timal parallelization strategy using a combination of data, operator and communication

patterns. These frameworks perform an exhaustive design space search to identify the op-
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timal parallelization strategy for a given cluster. While auto-tuning frameworks predict the

optimal parallelization strategy for a DL model training task on a specific cluster, COMET

develops a generic methodology to jointly evaluate the performance of a training strategy

on an arbitrary cluster at an earlier design stage: when a cluster’s architecture is still mal-

leable, i.e., going under design considerations.
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CHAPTER 7

FUTURE RESEARCH DIRECTIONS

The growing demand for memory capacity and bandwidth stands in stark contrast to the

slowing pace of technology scaling. With Dennard scaling and Moore’s Law nearing their

limits, the continuous improvements traditionally achieved through conventional mem-

ory system enhancements have stagnated. Meanwhile, emerging interconnect technolo-

gies such as Compute Express Link (CXL) offer a promising path forward by enabling

memory capacity expansion and bandwidth scaling through high-speed serial interfaces.

Furthermore, the latest CXL 3.0 specification envisions a unified system fabric that seam-

lessly integrates compute and memory devices, laying the groundwork for a cohesive and

flexible memory hierarchy. In parallel, research efforts in near-memory computing and

in-memory computing architectures are gaining momentum, targeting the limitations of

traditional memory systems and further expanding the design space for next-generation

memory-centric computing.

At the same time, generative AI workloads have emerged as the dominant compu-

tational demand in modern datacenters, driving the rapid proliferation of accelerated AI

servers that consume vast amounts of hardware and energy resources. In 2024, datacenters

accounted for nearly 1.5% of global electricity consumption, a figure projected to rise to ap-

proximately 945 terawatt-hours (TWh) by 2030, with nearly half of this increase attributed

to the growing deployment of accelerated AI servers [260]. Sustaining this exponential

growth in AI computation necessitates major innovations in hardware and software system

design to enhance datacenter performance, energy efficiency, and scalability.
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7.1 Rethinking Monolithic Server Architectures

Current state-of-the-art datacenter servers employ monolithic system architectures that

tightly integrate compute, memory, and networking resources to achieve the throughput

required for cloud and AI workloads. Major infrastructure vendors are increasingly de-

ploying “supernodes” and “superpods” that converge vast amounts of compute, memory,

and interconnect resources within a single system to support foundation model training and

large-scale inference. While these designs deliver exceptional raw performance, they are

fundamentally rigid, statically configured, and often reliant on proprietary interconnects,

resulting in high cost and power overheads.

Each monolithic system enforces a fixed ratio of CPUs, accelerators, and memory,

preventing independent scaling of resources. As workloads in cloud datacenters diver-

sify—from low-latency in-memory databases to AI/ML training that demands high band-

width and parallelism—monolithic architectures cannot adapt dynamically to these hetero-

geneous requirements. This inflexibility forces organizations to maintain separate infras-

tructures for different workload types, leading to resource underutilization and significantly

higher operational and management costs [261]. The limitations of monolithic designs are

further exacerbated by the growing size of AI models. Models with trillions of parameters

or Mixture-of-Experts (MoE) architectures often exceed the memory capacity of individual

server nodes, necessitating distributed processing across interconnected supernodes. How-

ever, the bandwidth limitations of datacenter networks introduce significant communication

overheads, resulting in poor scaling efficiency [262, 263, 264].

In addition, power delivery, cooling, and infrastructure costs present mounting barriers

to scaling monolithic servers [8]. Their tightly coupled nature makes incremental expansion

or hardware reuse impractical, locking datacenter operators into proprietary ecosystems

and unsustainable energy profiles. As workloads continue to evolve, these systems lack

the flexibility and adaptability to accommodate new workloads without costly redesigns or
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full-system replacement.

The challenges posed by monolithic server designs—with rigid resource ratios, limited

adaptability to diverse workloads, and constrained scalability—underscore the need for

more flexible and modular infrastructure. Future server architectures must support dynamic

allocation of compute, memory, and network resources, enabling operators to scale each

component independently in response to evolving workload requirements.

Composable datacenter server systems represent a promising solution to these limi-

tations. By disaggregating hardware resources and allowing them to be pooled and re-

allocated dynamically, composable server architectures can improve resource utilization,

cost-efficiency, and energy efficiency, while supporting the rapid integration of new accel-

erators and memory technologies. By aligning resource allocation with the demands of

specific workloads, these systems achieve higher end-to-end efficiency across the memory

and compute hierarchy.

7.2 Composable AI Systems: A Path Forward

Composable and disaggregated architectures provide a promising alternative to monolithic

designs, enabling dynamic allocation of compute, memory, and networking resources to

better match heterogeneous workload demands. By decoupling hardware components,

such architectures facilitate fine-grained resource provisioning, improved utilization, and

cost-efficient scalability across the datacenter. In the context of memory- and bandwidth-

intensive AI workloads, this shift opens up new opportunities for jointly optimizing system

cost, performance, and energy efficiency.

Scaling memory capacity through memory disaggregation is a fundamental step to-

wards achieving composable architectures. Traditional monolithic systems scale by repli-

cating entire nodes or by provisioning resources in fixed ratios, reinforcing rigidity and

inefficiency. In contrast, disaggregated memory mitigates these constraints by allowing

flexible capacity scaling, reducing communication overhead, and simplifying synchroniza-
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tion across distributed workloads. Moreover, composable systems naturally accommodate

heterogeneous compute, memory, and networking devices, enabling configurations that can

evolve alongside rapidly changing AI and cloud workload requirements, without compro-

mising local memory performance.

Recent advances in high-speed interconnect technologies, particularly Compute Ex-

press Link (CXL), make fine-grained disaggregation increasingly practical. CXL enables

low-latency, cache-coherent communication between processors, accelerators, and mem-

ory devices over serial links, facilitating both memory and network disaggregation within

datacenter infrastructures [265, 266, 267, 64]. By exposing compute, memory, and inter-

connect bandwidth as first-class, composable resources, CXL-based architectures provide

the flexibility to dynamically share and reconfigure resources across nodes, better support-

ing memory- and bandwidth-intensive workloads, including large-scale AI training and

inference.

Building on these foundations, we highlight three promising directions and system-

level optimization opportunities for future composable AI systems. First, memory expan-

sion over serial I/O links such as CXL can create shared memory pools backed by low-cost

commodity DRAM [268]. Rather than over-provisioning per-node capacity, datacenters

can expose large, logically unified memory pools that are elastically carved out and mapped

to individual jobs. This model improves capacity utilization, lowers total cost of owner-

ship, and enables AI workloads with large working sets to scale without incurring pro-

hibitive communication overheads or requiring specialized high-bandwidth memory across

all nodes.

Second, bringing compute closer to data represents an important shift towards non–von

Neumann architectures. As AI models grow in size and sparsity, data movement increas-

ingly dominates both performance and energy. In-memory and near-memory compute ca-

pabilities, when tightly integrated with CXL-attached memory devices, offer a path to of-

fload bandwidth-intensive, data-parallel kernels (e.g., reductions, embedding lookups, and
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simple linear algebra operations) closer to where data resides. Such near-data accelerators,

orchestrated within a composable fabric, can reduce pressure on host memory channels and

interconnects while enabling new execution models that couple host-side training loops

with offloaded memory-side operators.

Third, fully realizing the benefits of disaggregated, heterogeneous memory requires

latency-aware data and memory allocation policies. As AI workloads span multiple tiers—

on-package memory, local DRAM, CXL-attached devices, and potentially rack-scale shared

pools— software must reason explicitly about latency and bandwidth asymmetries. Latency-

aware data placement policies can map latency-critical activations, gradients to faster tiers,

while relegating less frequently accessed parameters, optimizer states, and checkpoint data

to slower, more distant memory. Complementary latency-aware page-migration mecha-

nisms can dynamically adapt these placements at runtime, monitoring access patterns and

proactively migrating hot pages toward lower-latency tiers. Coordinated compiler, runtime,

and OS support for such policies will be essential to translate the raw flexibility of com-

posable hardware into predictable and efficient performance for large-scale AI training and

inference.

7.3 CXL Shared Memory in Composable AI Systems

Shared memory forms a central mechanism for enabling composable AI server architec-

tures. A shared-memory disaggregated system built using CXL Type-3 devices enables

rack-scale AI training for massive models, providing seamless, low-cost, and scalable

memory expansion while maintaining the flexibility needed to support heterogeneous hard-

ware configurations. By allowing compute nodes to access and share disaggregated mem-

ory pools over high-speed interconnects, CXL-based shared memory systems eliminate

the rigid capacity constraints of monolithic servers and pave the way for more elastic and

resource-efficient training infrastructures.

In training large-scale AI models, frequent data movements—particularly coarse-grained
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transfers of parameters and gradients over serial interconnects such as PCIe—can incur sig-

nificant delays ranging from tens to hundreds of milliseconds—often exceeding layer-wise

computation times [269]. This imbalance hinders the ability to overlap computation and

communication effectively, resulting in significant performance penalties.

To address this, disaggregated shared memory systems must support pipelined data

transfers at cacheline granularity, enabling fine-grained overlap between computation and

communication. Decomposing bulk data movement into small, pipelined cacheline-sized

transfers significantly improves concurrency and mitigates serial link latency. As model

sizes continue to grow, this fine-grained pipelining becomes increasingly essential for
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maintaining high training throughput. Figure 7.1 illustrates the improved overlap achieved

through fine-grained pipelining, while Figure 7.2 presents the estimated iteration times for

0.1-trillion, 0.5-trillion, and 1-trillion parameter LLMs relative to the baseline RDMA-

based distributed training system. Employing fine-grained transfers reduces the overall

training time by up to 55% compared to coarse-grained transfers for a 0.5-trillion parame-

ter model.

Designing practical shared-memory for composable AI systems requires addressing

performance, scalability, flexibility, and cost efficiency—each of which must be evaluated

in the context of the workload and underlying hardware.

Performance. Achieving high performance is a key challenge, as composable AI sys-

tems must deliver competitive throughput without relying on specialized high-bandwidth

interconnects. Unlike proprietary designs with dedicated intra-node links, composable ar-

chitectures must operate efficiently over commodity interfaces such as PCIe and CXL.

Fine-grained, pipelined data movement enables effective overlap between computation and

communication, mitigating the bandwidth and latency limitations of serial interconnects.

Decomposing large parameter and gradient transfers into cacheline-sized operations fur-

ther improves iteration time by enhancing compute–communication concurrency, adapting

dynamically to the needs of the workload.

Fine-grained, pipelined, cacheline-sized data transfers reduce PCIe transfer latency by

improving the overlap between computation and data movement.

Scalability. As model sizes grow, memory scalability becomes more critical than com-

pute scalability, since the memory footprint of large-scale training increases far faster

than compute demand. Scaling memory across devices introduces consistency challenges

among sharers. Traditional hardware-based cache coherence mechanisms scale poorly

in such environments and can limit both system size and performance [270, 271, 272,
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273]. Addressing this limitation requires architectural strategies that exploit the structured

memory access patterns of deep learning workloads to manage consistency without costly

invalidation-based coherence protocols.

Deep learning training workloads typically exhibit a well-defined “producer–consumer”

relationship between parameters and gradients when training is partially offloaded to CPUs

[269]. During backpropagation, accelerators produce gradients consumed by the host CPU

for parameter updates, which then produces updated parameters used by the accelerators in

the next iteration [86, 87]. This structured access pattern reduces multi-writer contention

on shared cachelines, allowing shared memory usage without requiring full hardware-based

coherence. By leveraging this insight, memory capacity can be scaled efficiently through

proper memory isolation, avoiding the complexity and overhead of traditional coherence

mechanisms while supporting high-performance training of large models across shared

memory environments.

LLM training workloads exhibit structured producer–consumer relationships between

gradients and parameters, reducing multi-writer contention and simplifying consis-

tency management.

Flexibility. Composable AI systems must support rapidly evolving models, training paradigms,

and heterogeneous hardware while maintaining performance and scalability. Traditional

tightly coupled architectures lack this adaptability, often requiring extensive redesigns to

accommodate new workloads. Overcoming this limitation calls for comprehensive hard-

ware–software co-design across the stack—spanning frameworks, memory allocators, and

runtimes to efficiently manage disaggregated resources. Abstracting disaggregation while

preserving workload-specific control enables support for emerging paradigms such as Mixture-

of-Experts (MoE) and multimodal models. In addition, flexible composable systems must

balance backward compatibility with forward adaptability, empowering innovation without

imposing system-level constraints and enabling scalable, democratized AI infrastructure.
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Hardware–software co-design enables composable AI systems to flexibly support di-

verse workloads and emerging computational paradigms.

Cost Efficiency. Finally, cost efficiency is essential for democratizing access to large-

scale AI infrastructure. The growing resource demands of modern AI systems have sig-

nificantly increased deployment costs [274], creating barriers to affordability and broad

accessibility. Utilizing commodity devices instead of proprietary hardware can substan-

tially reduce costs while maintaining reliability and fault tolerance through component re-

dundancy. Such cost-effective designs promote wider adoption and scalability, enabling

sustainable growth of AI infrastructure across institutions and research environments.

In summary, realizing disaggregated memory–based composable architectures requires

a holistic, workload-aware optimization of the memory hierarchy, dynamically tailoring

memory access, allocation, and data movement to the computational needs of each work-

load. By harmonizing performance, scalability, flexibility, and cost efficiency across the

memory and compute stack, these architectures overcome the rigidity of monolithic de-

signs and establish a foundation for next-generation AI infrastructure capable of supporting

diverse workloads at scale. Optimizing the memory system architecture in accordance with

workload characteristics and underlying hardware enables higher efficiency and accelerates

computation across large-scale AI applications.

7.4 Dynamic Page Migration for Disaggregated Memory Systems

In Chapter 4.2.2, we introduced a methodology to distribute memory traffic between main

memory and extended salvage memory at the time of workload scheduling. While the ini-

tial page placement implementation demonstrates the potential for splitting memory traffic

optimally, there remains substantial opportunity to enhance utility, flexibility, and system

integration.
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One promising direction is dynamic migration of pages between main memory and sal-

vage memory at periodic intervals during execution. A key challenge in this approach is the

overhead associated with tracking page hotness. Monitoring individual pages at memory-

access granularity can introduce significant performance penalties. Moreover, frequent

page migrations impose additional costs due to TLB shootdowns and page table updates.

Prior work on page migration in tiered memory systems [231, 275, 276, 236, 277,

278, 235, 279, 280, 281] has proposed software-based mechanisms for mitigating migra-

tion overheads. However, these solutions generally do not exploit the availability of idle

memory bandwidth or opportunities to leverage unused I/O bandwidth to improve effective

memory throughput.

Careful extensions at the hardware level, combined with Linux-based software en-

hancements, can reduce migration overhead and better utilize serial interconnects for mem-

ory expansion. Furthermore, hardware–software co-design approaches [282] can enable

runtime page migration that minimizes the performance penalties associated with frequent

migrations. By integrating dynamic page migration into memory-disaggregated, CXL-

enabled composable systems, it becomes possible to maintain high utilization, improve

memory bandwidth efficiency, and support the elastic memory demands of large-scale AI

workloads.
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CHAPTER 8

CONCLUSION

The memory system has emerged as a central determinant of both performance and cost

in modern computing platforms. As computation capabilities continue to scale faster than

memory capacity and bandwidth, the efficiency of parallel and distributed workloads is

increasingly defined by how effectively the memory hierarchy delivers data to the com-

pute substrate. Across the spectrum of hardware—from individual multicore processors to

large-scale AI clusters—memory system design has become a primary factor shaping scala-

bility, utilization, and energy efficiency. This thesis has explored this challenge holistically,

presenting architectural and methodological advances that collectively promote memory

systems as active enablers of performance rather than passive constraints.

At the chip level, this work introduced techniques to alleviate on-chip memory capac-

ity limitations in Hardware Transactional Memory (HTM). By identifying and relaxing

unnecessary tracking of memory operations through compiler- and runtime-guided clas-

sification, the proposed approach improves transactional concurrency without increasing

hardware complexity. This study illustrated how fine-grained, workload-aware capacity

management within the memory hierarchy can substantially enhance performance under

constrained resources, reinforcing the broader theme that efficiency begins with locality

and contention-aware design at the lowest system levels.

At the server level, the thesis examined the long-standing imbalance between processor

core count growth and off-chip bandwidth provisioning. Modern CPUs statically partition

bandwidth between I/O and memory channels, resulting in inefficient resource utilization

across diverse workloads. The proposed architectural framework introduced a mechanism

for dynamically sharing unused I/O bandwidth with memory traffic, enabled by emerg-

ing interconnect technologies such as Compute Express Link (CXL). This dynamic cross-
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domain bandwidth reallocation redefines the off-chip interface as a flexible, composable

resource, demonstrating how system-level coordination between I/O and memory can mit-

igate the bandwidth wall that increasingly limits server performance.

At the cluster level, the work extended this holistic design perspective to distributed

training systems, addressing the interplay between workload behavior and large-scale re-

source provisioning. The study developed a systematic methodology to jointly analyze

model parallelization strategies, compute density, memory hierarchy parameters, and inter-

connect characteristics to identify balanced configurations for scalable performance. The

resulting insights highlight that effective cluster design arises not from isolated optimiza-

tion of components, but from the integrated consideration of compute, memory, and net-

work resources as a unified system, capable of sustaining the ever-growing computational

and memory demands of large-scale AI workloads.

Together, these studies advance a unified vision of holistic memory system optimiza-

tion—a view that spans from on-chip management of limited capacity, to server-level band-

width reconfiguration, to cluster-scale coordination of distributed memory resources. Each

level reinforces the other, underscoring the importance of co-optimizing compute, memory,

and communication as interdependent components of a shared performance fabric.

Looking forward, the principles developed in this thesis open several promising re-

search directions. Future systems will increasingly rely on memory disaggregation, com-

posable fabrics, and heterogeneous compute environments, where dynamic adaptation of

memory capacity and bandwidth will be key to sustained scalability. Building upon the

methodologies and insights presented here, continued work can extend these ideas toward

energy-aware memory scheduling, real-time workload adaptation, and multi-cluster opti-

mization frameworks.

Ultimately, this thesis contributes to a broader rethinking of the memory system’s

role—from a limiting factor in performance scaling to a cohesive, designable resource that

unifies hardware and workload behavior across the compute continuum.
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