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Abstract

Garbage collection (GC) provides memory safety, while improving programmer pro-
ductivity. These properties have led to the increasing deployment of garbage-collected
languages, from low-power mobile devices to latency-critical servers. This ubiquity has
driven significant investment in GC design and implementation, hoping to improve
GC'’s efficiency and responsiveness.

Despite the considerable resources dedicated to GC research, a surprising lack of
clarity remains regarding the true costs of GC. As I will show in this thesis, when
implemented in software, GC imposes substantial overheads. Without this quantifi-
cation, there is little incentive to invest in techniques requiring significant research
and engineering effort, such as near-memory GC accelerators suitable for integration
into commodity machines.

My thesis is that software GCs are surprisingly costly, and that new techniques across the stack,
such as hardware support, can deliver significant improvements.

I develop three new methodologies and techniques across the computational stack,
from software to hardware. First, I present the lower bound overhead (LBO) methodology,
and quantify the substantial costs imposed by production software GCs. This reve-
lation strongly motivates the development of kernel-based GC performance tracing
tools, and a near-memory GC accelerator. Second, I show how kernel-based perfor-
mance tracing improves GC observability, providing agility in performance debugging
and optimization. Finally, I design and evaluate MAGC-DIMM—a first step towards
offloading GC to commodity DIMMs by integrating acceleration logic directly into the
buffer devices.

The LBO methodology has helped the research community evolve our collective
methodological foundations, and it has been used to evaluate GCs on platforms from
phones to servers. The GC observability tooling is now a part of MMTk—a pop-
ular memory management framework—and has benefited the development of new
research collectors, and the productization of existing ones. MAGC-DIMM demon-
strates that near-memory GC acceleration can be feasible and efficient. Compared with
a 16-hardware-thread CPU, MAGC-DIMM uses 72 X less cache area and significantly
less logic area, while still achieving 68 % throughput.

My thesis reaffirms that GC is by no means a solved problem, and shows that we
can reap substantial benefits by designing and optimizing GC across the entire stack.
This thesis encourages the research community to reexamine how we build, evaluate,
and optimize low-level systems, such as GC. It also reinvigorates research into GC
accelerators and provides a solid foundation for realizing them on a wider range of
NMP architectures, encouraging their adoption in commodity hardware.
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Chapter 1

Introduction

This thesis presents a novel architecture for offloading garbage collection (GC) onto
DIMMs. Before embarking on a completely new hardware design, I first needed to
establish the potential gain. Surprisingly, the literature did not hold an answer to
this most fundamental question. Thus, the first contribution of this thesis is a new
methodology that measures the real costs of software GC. The second contribution
emerged from the need for agile performance analysis and debugging, leading to the
development of novel tools that allow us to understand GC behavior in new ways.
The third and final contribution is the design and evaluation of the on-DIMM GC
accelerator itself.

In this chapter, I first discuss the broader context of GC research and engineering
in which I carry out this work, and I point out deficiencies that hold this field back.
I then outline the methodologies and techniques I develop across the stack, from
software to near-memory acceleration, to address these deficiencies.

1.1 Motivation

Complex and pervasive software systems underpin society. GC helps us build cor-
rect software by offering memory safety. This thesis aims to build a near-memory GC
accelerator, which could help us build software that is both correct and efficient.

Lack of memory safety has long been the leading cause of software vulnerabilities,
accounting for more than half of the discovered cases in recent surveys [Stoep and
Zhang, 2019; Microsoft Corporation, 2019]. Error-prone manual memory management
in languages such as C and C++ causes these memory bugs. With the increasing
deployment of software systems in mission-critical roles, memory safety is paramount.

In recent years, there has been a renewed call for the adoption of memory-safe lan-
guages, which eliminate memory vulnerabilities by design [Lord, 2023; United States
Cybersecurity and Infrastructure Security Agency et al., 2023]. The predominant ap-
proach, used by languages like Java, Go, and Swift, is automatic memory management,
also known as GC. Other examples include Rust, which statically ensures memory
safety via its ownership model.

Adopting garbage-collected languages over unsafe ones is a sociotechnical chal-
lenge, where one of the most common concerns is the high performance overheads of
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2 Introduction

GC [Stroustrup, 2021]. However, this perceived performance cost apparently contra-
dicts the promises of low costs from newer collector designs [Johansson, 2021; Kennke,
2021; Lidén, 2021].

Given this apparent contradiction, the natural question is: “Should we even con-
sider running GC on anything other than conventional CPUs?”

Research Question 1. What are the real costs of GC?

There is a surprising lack of clarity regarding the real costs of GC, despite a sub-
stantial literature on how GCs compare, how they are designed, and their key sources
of cost [Blackburn et al., 2008, 2004a; Zorn, 1990; Hosking et al., 1992; Blackburn and
Hosking, 2004; Yang et al., 2012; Huang et al., 2004; Zorn, 1993; Blackburn et al., 2006;
Zhao and Blackburn, 2020; Sareen and Blackburn, 2022]. This is a fundamental problem.
Without a clear understanding of GC costs, we risk: i) discouraging the adoption of
GC where the benefits outweigh the costs, and ii) failing to provide sufficient incen-
tives to invest in the development of GC techniques that could substantially reduce
the costs but require significant research and engineering effort, such as a hardware
GC accelerator.

The first contribution of this thesis is the lower bound overhead (LBO) methodology,
which allows us to establish a clear lower bound on GC overheads for the first time,
and shows how substantial software GC costs are. With this clear motivation, in the
rest of the thesis, I focus on an on-DIMM GC accelerator design.

However, deficiencies in existing GC debugging and optimization methods hinder
the development of any high-performance collector, whether in software or hardware.
The reliance on logging and sampling lacks agility and fidelity, preventing a fast feed-
back loop for identifying potential optimizations, and for evaluating the effectiveness
of new changes. These deficiencies demand a new approach to GC debugging and
optimization.

Research Question 2. How can we better debug and optimize GCs?

Debugging and optimizing GCs has been part art, part science. Researchers and
practitioners rely on received wisdom [Oracle, 2021a], and primitive telemetry, such
as sampling, logging, and counting, to reason about collector behavior and drive opti-
mization efforts. These tools critically lack observability, which is the ability to “ask
arbitrary questions about [the GC] without—and this is the key part—having to know
ahead of time what [one] wanted to ask” [Hound Technology, Inc., 2018].

This lack of observability hinders our ability to investigate the inner workings
of collectors, and thus our ability to generate new insights that might advance new
designs and engineering practices. The second contribution of this thesis is the improve-
ment of GC observability via kernel-based performance tracing.

Despite mainstream GC research focusing on the design and implementation of
software GCs, there has been a long history of attempts to implement GC in hardware
since the 1980s. Some proposals implement specific languages in hardware [Steele
Jr. and Sussman, 1980; Ungar et al., 1984; Williams and Wolczko, 1990; ARM Limited,
2008; Puffitsch, 2011; Ramsay and Stewart, 2024], while others involve invasive changes
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to the host [Click et al., 2005; Joao et al., 2009; Tang et al., 2015; Garcia et al., 2021].
The constraints of these approaches make them unattractive for adoption in modern
computational systems, where general-purpose software and commodity hardware
are dominant.

Research Question 3. Can we build a near-memory GC accelerator suitable for inte-
gration into general-purpose commodity machines?

Near-memory GC occupies an attractive point in the design space. Such a design
limits most of the changes to the memory subsystem, and provides ample internal
memory bandwidth that might help memory-intensive GC tasks. While previous
proposals [Jang et al., 2019; Thomas et al., 2022] explored such an approach, they
relied on obsolete technology, leaving the feasibility of GC on modern, commodity
memory systems an open question.

Thus, the third and final contribution of this thesis is the design and evaluation
of MAGC-DIMM—a first step towards offloading GC to DIMMs that integrates ac-
celeration logic directly into the buffer devices. This approach could be more easily
integrated into the DIMMs of commodity machines, encouraging adoption.

1.2 Contributions and Results

The core contributions of this thesis are the responses to the above three problems.
My thesis is that, software GCs are surprisingly costly, and that new techniques across the stack,
such as hardware support, can deliver significant improvements.

Lower bound overhead methodology The first contribution of the thesis is the
lower bound overhead (LBO) methodology (Chapter 3), which transforms how we quan-
tify the hard-to-measure overheads of critical functionality, such as GC.

Applied to GC, LBO reveals, for the first time, the substantial costs of software
GC—Open]DK’s heavily-tuned default production G1 collector [Detlefs et al., 2004]
incurs 16 % overheads even in the most favorable settings. The newer low-pause col-
lectors [Flood et al., 2016; Lidén and Karlsson, 2018] in Open]JDK incur even higher
overheads—63 % even in the most favorable situations. The surprisingly expensive
overhead of software GCs provides a clear motivation for the rest of this thesis. Fur-
thermore, this worrying regression of GC overheads in newer collectors highlights the
danger of neglecting our field’s methodological foundations.

Kernel-based performance tracing The second contribution of this thesis is im-
proving the observability of GC via kernel-based performance tracing (Chapter 4). Tra-
cepoints are nops that the kernel can dynamically patch when they are attached. They
provide flexibility, yet incur negligible overheads when not in use. When combined
with the modular design of the MMTk memory management framework, just a few
tracepoints (totaling just 14 lines of code) provide a rich perspective on collector be-
havior.
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I demonstrate that tracing is well-suited to GC performance debugging via several
case studies. While using a fixed underlying set of tracepoints, we build tracing tools
that crisply highlight several classes of performance bugs, including poor scalability
in multi-threaded GCs, and lock contention in the allocation sequence. These ob-
servations uncover optimization opportunities in collectors, and even reveal bugs in
application programs. These results show that tracing can be an invaluable part of our
toolkit when working with complex, low-level systems such as GC.

On-DIMM GC accelerator The third and final contribution of this thesis is the
design and evaluation of an on-DIMM GC accelerator MAGC-DIMM (Chapter 5). Such
an approach introduces a fundamental challenge: memory interleaving across DIMMs
frequently splits objects and impedes pointer chasing.

We address these problems by leveraging inter-DIMM communication and design
a new distributed GC protocol based on message passing. We further optimize our
design by exploiting GC-specific properties to reduce communication and idle times.

Our evaluation, utilizing both event-driven simulation and an RTL FPGA prototype,
establishes the feasibility and area efficiency of our design. MAGC-DIMM uses 72 X
less cache area than a CPU. While our primary goal is proving feasibility, results show
our design achieves 68 % throughput of a 16-thread high-end CPU, demonstrating that
automatic memory management can achieve competitive performance at a fraction of
the hardware footprint.

Our results show that near-memory GC can be practical. By offloading GC onto
DIMMs, our design could be more easily integrated into the DIMMs of commod-
ity machines, from low-power laptops to general-purpose servers. Our design also
provides a foundation for future research on offloading complex system tasks to the
memory hierarchy, and encourages future research on hardware support for managed
languages.

1.3 Thesis Outline

The body of this thesis is structured around the three core contributions I listed in
the previous section: i) the lower bound overhead (LBO) methodology that reveals
the surprisingly substantial overheads incurred by software GCs, ii) kernel-based
performance tracing that improves GC observability, and iii) the design and evaluation
of MAGC-DIMM—an on-DIMM GC accelerator.

In Chapter 2, I start with an overview of the different components used in canonical
GC algorithms. Although conceptually simple, the implementation of these compo-
nents is complex in heavily-tuned production software GCs. This complexity leads to
a lack of clarity about their costs, and about how we can better analyze and optimize
them.

Chapter 3 describes the lower bound overhead (LBO) methodology, revealing the
real costs incurred by software GCs. Chapter 4 shows how kernel-based performance
tracing can help us analyze and debug GC performance cheaply, flexibly, and with high
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fidelity.

These two contributions set the stage for the next chapter by clearly motivating a
GC accelerator design, and by providing new ways to generate insights and uncover
optimization opportunities when building an accelerator. Chapter 5 then presents the
design and evaluation of MAGC-DIMM, an on-DIMM GC accelerator, to concretely
explore a novel paradigm of offloading GC onto DIMMs.

Finally, I discuss some of the lessons learned during this journey in Chapter 6, and
Chapter 7 concludes with a summary of this thesis and future work.
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Chapter 2

Background

In this chapter, I give an overview of three key components of garbage collectors (GCs):
allocation, identification, and reclamation (Section 2.1). In particular, I discuss a key
identification mechanism used in production GCs—tracing (Section 2.2). In high-
performance collectors, tracing is done in parallel (multithreaded), and sometimes
concurrently with respect to the application. These characteristics of GC tracing have
major implications for GC performance analysis and debugging (Chapters 3 and 4), as
well as for how GC can be offloaded onto DIMMs (Chapter 5).

2.1 Organization of Garbage Collectors and Challenges

Managed languages, such as Java, provide an important run-time service: automatic
memory management, also known as garbage collection. The field of GC research has
made great strides since the development of the first GC algorithms in the 1960s [Mc-
Carthy, 1960; Fenichel and Yochelson, 1969; Cheney, 1970]. To better understand these
different algorithms, we consider three key aspects: allocation, identification, and
reclamation [Blackburn and McKinley, 2008; Jones et al., 2011].

2.1.1 Allocation

The allocation mechanism concerns the placement of freshly constructed objects in
unused heap space. Two common types of allocation schemes are bump-pointer allo-
cators, and free-list allocators.

Bump-pointer allocators are conceptually simple: starting with a contiguous chunk
of free memory, they place newly constructed objects consecutively until the available
space is exhausted. Free-list allocators organize unused heap space into linked lists
(free lists), and accommodate new objects by finding good fits from these free lists.

Regardless of the allocation mechanism used, high-performance allocators are
implemented using a “fast-and-slow-path” paradigm [Blackburn et al., 2004b]. The
allocator comprises an efficient common-case fast path, which is usually thread-local
and unsynchronized, and an infrequently taken slow path, which is used only when
the fast path exhausts its cache of available memory.

7
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Although the allocation fast path is logically part of GC, it is often compiled and
optimized with the application code for performance reasons. This tight coupling
makes it difficult to measure the allocation costs of GC [Blackburn et al., 2004a]. 1
discuss this challenge further in Chapter 3.

The allocation slow path is less performance-critical than the fast path, but in
applications with high parallelism and fast allocation rates, the scalability of the slow
path can become a major concern. As a case study in Chapter 4, I show how kernel-
based performance tracing tools can identify lock contention in the allocation slow
path.

2.1.2 Identification

An important part of GC is the identification of objects to reclaim. The two main
strategies are reference counting (RC) and tracing.

In reference counting, each object has a counter tracking the number of incoming
references [Collins, 1960]. The compiler usually maintains these counters by inserting
increments and decrements as the reference fields of objects are changed. Once an
object reaches a reference count of zero, it can be reclaimed. Even though naive RC
is very expensive, RC-based collectors can be performant [Shahriyar et al., 2012], as
demonstrated by recent high-performance research collectors [Shahriyar et al., 2013,
2014; Zhao et al., 2022a]. One problem with RC, however, is its inability to collect
cycles. Therefore, even these state-of-the-art RC collectors employ backup tracing.

Tracing is the predominant identification mechanism used in production GCs.
Reachable objects are identified by a transitive closure over the heap graph via pointer
chasing; the remaining objects are implicitly unreachable and thus can be reclaimed.
Due to the irregular and memory-intensive pointer chasing, tracing collectors have
unique performance challenges, which I tackle in this thesis across the computational
stack, spanning software, kernel, and hardware. I discuss tracing further in Section 2.2.

2.1.3 Reclamation

Though not a focus of this thesis, I now give a brief overview of reclamation. Recla-
mation concerns reusing the space occupied by unreachable objects. The reclamation
mechanism is often dictated by the allocation mechanism. For example, for heaps
governed by a bump-allocator scheme, space occupied by unreachable objects can only
be reclaimed en masse by resetting the bump pointer. A free-list allocator, however,
supports sweeping individual objects by returning them to the free lists.

2.2 Tracing GC

2.2.1 Mechanism and Canonical Implementation

As briefly mentioned in Section 2.1.2, before GC can free unreachable objects, it must
first identify reachable objects. The dominant mechanism for identification is tracing.
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let work_list: Stack = roots;
while !work_list.is_empty() {
let obj = work_list.pop();
if obj.marked { continue; }
obj.mark() ;
let type_info = *obj.type_info_ptr;
for child_offset in type_info.offsets() {
let child = *(obj + child_offset);
if (child != NULL) work_list.push(child);

© ® N O v AW N e

5
-

Iy

Figure 2.1: A GC tracing algorithm that enqueues object references before marking, and then
scans the referenced objects.

For tracing-based GCs, tracing can account for over 9o % of GC time [Zhao et al.,
2025a].

Tracing traverses the heap via pointer chasing and identifies reachable objects
iteratively (Fig. 2.1). A canonical implementation maintains the traversal wavefront
in a work stack/queue of object references. The runtime initially populates this queue
with a set of program roots. When invoking GC, the programming language runtime
(such as OpenJDK) provides the roots, which include all runtime references into the
heap, such as global variables and local variables held on the program stack.

The trace proceeds by taking a reference off the work queue. If the object has not
yet been visited, the GC marks it (line 4) by setting a bit either in its header or in
a side bitmap. After marking an unvisited object, the GC looks up the object’s type
information (line 6), uses it to scan for references to child objects (line 8), and inserts
these children into the work queue (line 9). The trace continues iteratively, taking
references from the work queue and skipping already marked ones, until the queue is
empty.

The need for a full heap trace can sometimes be reduced at an algorithmic level via
generational GCs [Ungar, 1984] or region-based GCs [Detlefs et al., 2004; Blackburn
and McKinley, 2008]. These algorithmic improvements are not a focus of this thesis.

Though tracing is conceptually simple, analyzing and optimizing its performance
is difficult. There are three challenges: i) measuring the costs of tracing, including
concurrent tracing, ii) identifying and fixing scalability bottlenecks of parallel tracing
on modern multicore CPUs, and iii) quantifying the potential benefits of hardware
acceleration, and devising an approach to speed up tracing. Addressing these chal-
lenges forms the core of my thesis, and I explain each of these challenges in more
detail below.
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2.2.2 Parallel Tracing and Scalability

With the wide availability of highly parallel modern processors,* parallelizing tracing
to increase GC throughput is increasingly relevant. The challenges of parallelizing GC
are twofold: the intrinsic amenability of different workloads to parallelization, and
the engineering of the GC.

Barabash and Petrank [2010] studied the theoretical scalability of tracing, and
showed that the shape of the object graph is the ultimate limiting factor when par-
allelizing tracing. For example, when traversing a linked list, each list node must be
visited sequentially, preventing parallelism. This pathology can manifest in real-world
workloads, as I show in a case study (Section 4.7).

Apart from theoretical studies, there is a vast body of engineering effort on effi-
cient work distribution among GC workers to maximize utilization and minimize syn-
chronization overheads. These techniques include work-stealing queues in HotSpot
GCs [Open]DK Developers, 2023] and, more recently, a work packet system [Zhao
et al., 2025a].

Analyzing and debugging the performance of these systems, however, is difficult.
In Chapter 4, I show that traditional approaches—relying on sampling and logging—are
insufficient. In contrast, the kernel-based performance tracing tools I build enable
agile interrogation of running binaries, and inspection of important aspects of par-
allel GC, such as load balancing. These tools not only uncover missed optimization
opportunities in the collector, but also reveal bugs in application programs.

2.2.3 Barriers

GC barriers are mechanisms that mediate the mutators’ access to the heap, such as
reference writes or reads, to facilitate GC. Just like allocation fast paths (Section 2.1.1),
barriers are often compiled and optimized alongside the application code for perfor-
mance reasons. Measuring barrier costs requires careful methodology, and has been
the subject of extensive studies in the past [Zorn, 1990; Hosking et al., 1992; Blackburn
and Hosking, 2004; Yang et al., 2012]. However, modern low-pause collectors that use
read barriers extensively have been less studied, as I show in Chapter 3.

Barriers have many use cases. For tracing GC, barriers can be used for purposes
such as generational GC and concurrent tracing. For generational GC, write barriers
can be used to track references from one part of the heap to another, thus enabling
traversal of a subset of the heap in isolation [Ungar, 1984]. I now discuss concurrent
tracing in more detail.

2.2.4 Concurrent Tracing

GCs are increasingly used in workloads that demand responsiveness, such as trans-
action processing, or gaming. On the surface, one can minimize GC’s impact on
application responsiveness by minimizing GC pauses and shifting GC activities to run

At the time of writing, the largest are the latest AMD EPYC 9965 server chips, with 192 cores and
384 hardware contexts per socket.
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concurrently with mutators. In Chapter 3, I examine the performance pitfalls of con-
current GCs.

For now, I discuss the race conditions introduced by this GC concurrency with
mutators. An example of such a race is when mutators attach objects not yet discovered
by collectors to objects already processed by collectors. This could result in a reachable
object being reclaimed at the end of a GC epoch. To address this race, concurrent
tracing GCs employ write barriers [Steele Jr., 1975; Dijkstra et al., 1978; Yuasa, 1990].

In this thesis, I am not concerned with the different designs of concurrent GCs
and their respective barrier costs. Instead, in Chapter 3, I show how to measure the
real cost of GCs, which includes the barrier costs, without explicitly separating them.
I also discuss the opportunity cost of concurrent GCs, and how GC pause time is used
as a proxy metric for application responsiveness at one’s peril.

2.2.5 Tracing on CPUs

Tracing is an identification mechanism based on heap traversal via pointer chasing. As
discussed in Section 2.1.2, tracing remains an important backup mechanism even in
state-of-the-art reference-counting GCs. Therefore, this mechanism has been heav-
ily tuned in software GCs for decades, including parallelization (Section 2.2.2) and
concurrency with mutators (Section 2.2.4). There are also attempts at microarchitec-
tural optimizations for tracing, such as improving its memory-level parallelism using
software prefetching [Boehm, 2000; Garner et al., 2007; Wu et al., 2013].

Despite these efforts, I show in Chapter 3 and Chapter 4 that the costs of tracing
remain substantial. This is because tracing is inherently a poor fit for modern CPUs:

1. Pointer chasing exhibits poor locality [Cao et al., 2012].>

2. Tracing performance is often limited by the number of outstanding loads, which
is, in turn, limited by the reorder buffer size [Beamer et al., 2015]. As a result,
tracing benefits little from having multiple hardware contexts per core (simulta-
neous multithreading) [Cao et al., 2012; Beamer et al., 2015].

3. Tracing leaves the area- and power-hungry functional units of modern CPU cores
underutilized since tracing is dominated by simple arithmetic and memory op-
erations [Maas et al., 2018].

In Chapter s, I discuss the strengths and weaknesses of different hardware acceler-
ation schemes for tracing. By doing so, I motivate the development of on-DIMM GC
accelerators, and devise a baseline on-DIMM GC design. I then improve upon this
baseline design using the insights gathered via the cross-stack techniques I present
throughout this thesis.

2Recent work by Huang [2025] suggests that GC locality is more nuanced.
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2.3 Summary

In this chapter, I gave an overview of GC, which comprises three key mechanisms:
allocation, identification, and reclamation. In particular, I focused on a key identifica-
tion mechanism—tracing. Despite significant engineering efforts in the past decades,
there are still significant gaps in how we build high-performance GCs in each of these
aspects. These gaps include:

1. Increasingly parallel and concurrent GCs induce costs that are hard to measure.

2. Scalable and responsive GCs are increasingly demanded, yet our methodology
and engineering practices fail to keep up.

3. Software GC performance, especially regarding transitive closures, is bounded
by the microarchitectural bottlenecks of CPUs.

In the remainder of this thesis, I examine each of these gaps in more detail, and
propose cross-stack improvements, spanning software, kernel, and hardware. In the
next chapter, I start with the surprising lack of clarity regarding the true cost of GCs,
and present a novel methodology for empirically estimating the cost of GC.



Chapter 3

Distilling the Real Costs of
Garbage Collectors

Before embarking on building a hardware garbage collection (GC) accelerator, one
must ask what the potential gain would be. This simple question turns out to be
difficult to answer. Despite the long history of GC and its prevalence in modern
programming languages, there is surprisingly little clarity about its true cost.

In this chapter, I present the lower bound overhead (LBO)* methodology, which trans-
forms how we quantify the hard-to-measure overheads of critical functionality, such
as GC. Attribution of overheads can be very complex due to factors such as optimiz-
ing compilers, and microarchitectural side effects. The LBO methodology estimates
overheads by approximating an ideal baseline. Applied to GC, LBO reveals, for the
first time, the substantial costs of software GC—Open]JDK’s heavily-tuned default
production G1 collector [Detlefs et al., 2004] incurs 16 % overhead even in the most
favorable settings. The results reaffirm that there is a huge potential for specialized
architectural support for GC, and they also highlight the danger of allowing our field’s
methodological foundations to lag innovation.

I start this chapter by discussing how even modern, well-established methodologies
fail to quantify the real cost of GCs (Section 3.2). I then use a series of examples
to illustrate the LBO methodology’s core principle, which is to estimate an ideal
baseline by subtracting explicitly identifiable costs (Section 3.3). When applying the
LBO methodology to state-of-the-art language runtimes, I find that existing software
GCs incur substantial overheads (Section 3.5), and I highlight common pitfalls that
lead to the misinterpretation of evaluation results. Drawing on these observations, I
make recommendations on GC evaluation (Section 3.6). The LBO methodology has
improved GC research since its introduction, and it has potential applicability to other
systems, such as malloc/free-based explicit memory management.

This chapter incorporates material from two papers I have coauthored [Cai et al.,
2022; Blackburn et al., 2025]. Their respective artifacts for reproducing the results can
be found on Zenodo [Cai, 2022; Blackburn et al., 2024].

Pronounced elbow.
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3.1 Two Key Problems in Understanding Garbage Collection
Costs

Garbage collection (GC) is ubiquitous in software systems, and the research com-
munity has extensively studied GC performance. Prior work i) characterizes specific
elements of GC behavior, ii) performs comparative evaluations of different GC algo-
rithms, and iii) deconstructs the performance of specific GCs [Blackburn et al., 2008,
20043; Zorn, 1990; Hosking et al., 1992; Blackburn and Hosking, 2004; Yang et al., 2012;
Huang et al., 2004; Zorn, 1993; Blackburn et al., 2006; Zhao and Blackburn, 2020].
These are non-goals of this chapter.

While this rich literature helps us understand how GCs compare, how they are
designed, and what the key sources of cost are, there is a surprising lack of clarity
regarding the real costs that GC brings to a programming language. In this chapter, I
focus on two key problems: i) lack of clarity about the cost of GC, and ii) misinterpre-
tations of GC evaluations due to limited cost metrics. I now further motivate each of
these two problems and outline how this chapter addresses them.

3.1.1 Quantifying Real GC Costs through Distillation

The first problem is that knowing the total GC cost is a prerequisite for making hard-
to-reverse design decisions and resource allocation, yet it has eluded the research
community to date. Hertz and Berger [2005] attempted to quantify the cost of garbage
collection compared to an explicit memory management regime, but their approach
has several limitations (more on this in Section 3.2.1).

For language users, knowing the cost of GC can help them decide whether to use
a managed language or alternatives such as C/C+ +, and Rust. This is a decision that
often cannot be easily reversed.

For programming language implementers and hardware architects, understanding
the cost of GC helps them put that cost in the context of the rest of the language
runtimes, or computer systems. This in turn helps them decide where to spend
research and engineering resources, such as whether to build a near-memory GC
accelerator (Chapter 5).

In this chapter, I present a language- and runtime-agnostic methodology to empir-
ically place a lower bound on the cost of low-level systems that are otherwise hard to
measure. Although I use GC throughout this chapter, the methodology is applicable
to other systems as well (Section 3.7).

The intuition behind LBO is simple, as I illustrate in Fig. 3.1. If we knew the ideal
cost of running an application without any of the costs of a garbage collector, then
we could use that as a baseline to quantify the cost imposed by any garbage collector.
However, in practice, it is difficult to obtain this baseline, because some of the GC
costs are hard to tease out.

The key insight is that we can estimate the ideal application cost by subtracting
explicitly identifiable GC costs from the total execution cost. Using the analogy of
distilling a liquid mixture, we call this estimated application cost the distilled cost. Since
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Figure 3.1: Application execution comprises the ideal application cost shown in blue, and GC
costs shown in yellow. Some of the GC costs, shown with yellow dashed lines, are tightly
coupled with the execution and are hard to measure. The distillation process subtracts the easy-
to-measure GC costs from the total cost, and what remains approximates the ideal application
cost. The minimum distilled cost (black dashed lines) can be used to estimate the real cost of
each GC.

the distilled cost is a conservative overestimation, it allows us to put a lower bound on
the cost of GC—hence the name Lower Bound Overhead (LBO).

The LBO methodology is simple yet effective: even a conservative underestimation
of the GC cost turns out to be substantial across a diverse set of workloads. When
applied to OpenJDK 17 and 21—industrial-strength, high-performance Java runtimes,
LBO estimates that GC imposes at least 30-243 % wall-clock time and 23-123 % CPU
cycle overheads relative to the ideal application cost across benchmarks using a modest
heap size (twice the minimum required heap size). In addition to these two metrics,
LBO is applicable across a wide range of cost metrics, including cache misses, and
energy consumption.

3.1.2 Misinterpretation of Evaluation Results

The second problem is that insufficient cost metrics used to measure GC lead to mis-
interpreting GC evaluations even when modern, well-established methodologies (e.g.,
varying the heap size) are used. Blackburn et al. [2016] warn that “such misinterpre-
tation risks misdirecting our field, abandoning promising ideas while pursuing ideas
that we should have abandoned.”

This risk is acutely clear when we examine the new low-pause collectors. These
algorithms are popularly understood to make applications more responsive with little
cost to throughput [Flood et al., 2016; Lidén and Karlsson, 2018]. However, the case
studies in this chapter show this belief to be unfounded; although these collectors
deliver low pause times, in some settings, their application overheads are so great that
responsiveness is often no better than that of simple stop-the-world GCs (Section 3.5.3).

In this chapter, I analyze three important types of misinterpretation of GC evalua-
tions caused by using limited metrics. I show how key performance trade-offs made by
different GCs can go unnoticed. I recommend mitigating this problem by using more
cost and performance metrics, including wall-clock time, CPU cycles, and application
latency.
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3.2 Garbage Collection Cost is Hard to Measure

This section discusses a few attempts to measure GC costs, and points out their
limitations. I then highlight two categories of GC costs that are hard to measure:
costs tightly coupled with application execution, and indirect costs. I describe the
established methodologies to measure such costs, but they are insufficient to ade-
quately characterize the total GC cost on their own. Finally, I give an overview of
the production garbage collectors studied in this chapter, and how they present such
hard-to-measure sources of GC cost.

3.2.1 Related Work

Hertz and Berger [2005] attempted to quantify the cost of garbage collection compared
to an explicit memory management regime. Their work shares the same basic intuition
as the LBO methodology (comparing against a hypothetical “zero-cost” baseline), but
is an entirely different approach.

By tracing the program execution, they construct a database of object liveness
information. This database allows them to create an “oracular GC” that insertsmalloc
and free calls into the program execution trace, which is processed by an architectural
simulator—Dynamic SimpleScalar [Burger and Austin, 1997; Huang et al., 2003].

Although it is an interesting study, it is limited by the fidelity of the simulation
infrastructure (a problem whenever using architectural simulation) and by the require-
ment of being able to make such changes to the runtime and the appropriate modeling
within the simulator. The particular analysis has other limitations, including the fact
that it is now dated by changes in architecture, workloads, and algorithms.

In contrast, the LBO methodology is very simple. It measures any production
collector running on native hardware, making minimal assumptions about the GC
implementation, and requiring no access to source code, entirely avoiding the issues
in prior work [Hertz and Berger, 2005].

Some work (e.g., [Zorn, 1993]) measures the cost of conservative GC in the context
of explicit memory management. In this chapter, I focus on precise GC in managed
languages.

Numerous studies (e.g., [Blackburn et al., 2004a]) measure GC pauses to quantify
GC costs. As I discuss further in Section 3.5.3, this naive approach is problematic for
multiple reasons.

1. Some GC activities (such as barriers) are carried out by mutators on behalf of
the GC, and are hard to separate.

2. The majority of the work in concurrent GCs is shifted to run concurrently with
the mutator threads outside GC pauses.

3. With respect to user-experienced latency, several short pauses may have a similar
or worse effect than a long pause [Cheng and Blelloch, 2001].
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3.2.2 Tightly-Coupled Costs

As discussed in Section 2.1, a GC can be considered in terms of three principal activities:
allocation, identification, and reclamation [Blackburn and McKinley, 2008]. Allocation is
performed by the mutator using space provided by the GC. Identification establishes
which part of the heap is live and which may be reclaimed. Reclamation makes space
occupied by unreachable objects available for reuse.

While some GC activities are performed directly by the collector, others are per-
formed by the mutator. Below are some examples.

1. Mutators can allocate on their respective local allocation buffers, and only require
periodic synchronization with the GC (Section 2.1.1).

2. Mutators can assist identification and reclamation via read and write barriers—code
snippets that mediate mutators’ heap operations on behalf of the GC (Sec-
tion 2.2.3).

3. Mutators can reclaim unreachable objects. For example, in the case of naive
reference counting (RC), the code that decrements the reference count of an
object to zero can immediately reclaim the memory (Section 2.1.3).

For performance reasons, the above mechanisms, such as allocation sequences
and barriers, are tightly coupled with mutator execution, often implemented using
a “fast-and-slow-path” paradigm (Section 2.1.1). Fast paths are short but frequently
executed code snippets, often inlined into the mutator code by the just-in-time (JIT)
compiler. Because they are so tightly integrated into the mutator, measuring their
costs requires carefully crafted methodologies that minimize the observer effect due
to instrumentation overheads.

1. Blackburn et al. [2004a] placed an upper bound on the cost of a bump-pointer
allocator by compiling the allocation fast path out-of-line. Then, that upper
bound was used to derive the cost of a free-list allocator using their relative
performance.

2. The cost of barriers has also been extensively studied [Zorn, 1990; Hosking et al.,
1992; Blackburn and Hosking, 2004; Yang et al., 2012]. These methodologies
remove the requirement of barriers for correctness, e.g., through a full-heap
trace for a generational GC, and then measure the execution with and without
barriers.

3. Blackburn et al. [2004a] measured the cost of a deferred reference counting
collector in terms of the mutator time.

These specialized methodologies require a deep understanding of the GC imple-
mentation and modifications to the collector and/or runtime, and consequently are
not trivially applied to arbitrary language runtimes. Furthermore, they are insufficient
to adequately characterize the total GC cost on their own. In this chapter, I focus
on devising a methodology that encompasses all of these costs instead of measuring
individual components.
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3.2.3 Indirect Costs and Benefits

Apart from GC’s direct costs, it can also bring indirect costs and even benefits. A
common source of indirect cost (or benefit) is reduced (increased) mutator locality.

GC impacts locality by sharing caches with the mutator. In the case of concurrent
GC, GC threads contend with mutator threads when they share caches. In the case
of stop-the-world pauses, memory touched by GC code pollutes the cache, leaving
mutator threads resuming with a cold cache.

However, GC can improve mutator locality by rearranging objects. A compacting
or evacuating GC can improve spatial locality by moving objects that are frequently
accessed together to be spatially closer to each other [Huang et al., 2004].

Some of the locality impact might be observable through hardware performance
counters, such as cache miss events (e.g., LLC and TLB misses). However, in general,
it is hard to tease out the locality impact of GC running on real hardware, because
that would require achieving the same GC effects (like compacting the heap) without
affecting cache state in the process. It may be possible to achieve such an effect under
simulation, but it would likely require significant compute resources to evaluate and
would suffer from the same limitations as prior work [Hertz and Berger, 2005].

In this chapter, I am not concerned with teasing out the indirect impact of GC. The
LBO methodology measures the total cost of GC, including its indirect cost.

3.2.4 Aspects of GC Costs in OpenJDK

Section 3.5 measures the cost of production GCs in Open]JDK as a case study, and
reveal common misinterpretations in their evaluations. It uses the most recent two
long-term stable (LTS) releases of OpenJDK, 17 and 21. I highlight the key properties
of each of the collectors studied in Table 3.1. OpenJDK 17 and 21 share the same set
of collectors, except Generational ZGC, which is exclusive to Open]JDK 21. However,
Generational ZGC is excluded in this study, since it cannot run to completion on one
or more benchmarks for any of the heap sizes less than 6 x.

Note that analyzing the performance of a particular collector and proposing im-
provements to its design are explicitly not objectives of this chapter. There exists a
substantial literature addressing those, including a recent paper by Zhao and Black-
burn [2020] that gives a detailed performance analysis of a number of collectors, which
include ones studied in this chapter.

The first of these collectors, Epsilon, does not actually collect garbage. Just like
any other collector, its real cost—which turns out to be non-zero—can be measured
by the LBO methodology. The other five collectors can be divided into three groups:

1. Stop-the-world collectors (Serial and Parallel): the collector requires all mutators
to be stopped while it is running; i.e., it does not exhibit any concurrency with
respect to the mutator.

*Targeted for release in OpenJDK 25, see https://openjdk.org/jeps/521.
3Brooks prior to OpenJDK 13, Baker after OpenJDK 14.
4The generational version is not studied.
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Table 3.1: Five garbage collectors plus Epsilon (no GC) in Open]JDK that this chapter studies:
Serial, Parallel, G1 [Detlefs et al., 2004], Shenandoah [Flood et al., 2016], and ZGC [Lidén
and Karlsson, 2018]. SATB = snapshot at the beginning [Yuasa, 1990]. LVB = loaded value
barrier [Tene et al., 2011].

Collector Year Generational Parallel GC Concurrent GC  Barriers

Epsilon 2018 No(hoGC) No (noGC) No (noGQC) No (no GC)

Serial 1998 Yes No No Write (card-marking)

Parallel 2005 Yes Yes No Write (card-marking)

G1 2009 Yes Yes Yes (tracing) Write (card-marking
and SATB)

Shenandoah 2019 No? Yes Yes (tracing and  Write (SATB) and
copying) read (LVB3)
ZGC 2018 Optional* Yes Yes (tracingand  Read (LVB)
copying)

2. Concurrent tracing collector (G1): the collector performs garbage identification
concurrently via a trace. This trace does not modify the heap, but marks reach-
able objects as live. The correctness of the concurrent trace is typically ensured
by write barriers.

3. Concurrent copying collectors (Shenandoah and ZGC): in addition to concurrent
tracing, the collector performs reclamation concurrently by copying objects. This
involves modifying the heap and ensuring that the concurrently executing mu-
tator maintains a coherent view of the heap even when objects it references are
moved. The correctness of concurrent copying is typically protected by read
barriers.

All of the OpenJDK collectors (except Epsilon) use barriers. Apart from allowing for
concurrency with respect to the mutators, barriers can also allow a part of the heap
(such as a generation) to be independently collected. The stated design goal of the two
concurrent copying collectors is to improve the responsiveness for latency-sensitive
applications by reducing the GC pause times (the extent to which they achieve this
goal is discussed in Section 3.5.3). Therefore, I also refer to them as the low-pause
collectors in the rest of the chapter.

Note that all of the collectors except ZGC use compressed pointers by default. In
general, one should take care when comparing ZGC with other collectors. In Sec-
tion 3.5, we evaluate all collectors using their default configurations so as not to over-
look collectors’ space overheads due to their algorithmic limitations.

These collectors all include hard-to-measure sources of GC cost discussed previ-
ously in this section, hindering the quantification of their real costs. For example,
the allocation sequence and the barriers are tightly integrated with the application by
inline compilation. Moreover, when collector threads run concurrently with mutators,
it is hard to attribute overheads from resource contention to the originating threads.
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These collectors (including Epsilon) therefore motivate the LBO methodology. We
will now see through some concrete examples how LBO measures and places a lower
bound on implicit and explicit GC costs.

3.3 The Lower Bound Overhead Methodology

Due to the prevalence of GC, its cost is a hot—and sometimes contentious—topic. The
extensive existing literature focuses on comparative evaluation (e.g., Table 3.2), which
helps the community understand how GCs compare. In this section, I address a dis-
tinctly different goal: measuring the total overhead that GCs impose on a runtime.
First, I describe the lower bound overhead (LBO) methodology using a concrete ex-
ample. Then, I discuss its applicability, advantages, and limitations.

3.3.1 Definition with Examples

Section 3.1 sketched the intuitions underpinning the LBO methodology using the
distillation analogy (Fig. 3.1). To deepen the understanding, I now use concrete evalu-
ation results from three production GCs in OpenJDK 17—Serial, Parallel, and Shenan-
doah—running a real-world application, the h2 database. This also serves as a running
example throughout this section.

Note that in the examples, I use one particular cost metric—total CPU cycles used
by all JVM threads—and one particular way of excluding explicitly identifiable GC
cost—costs incurred during stop-the-world (STW) pauses. I emphasize that these
choices are orthogonal to the mechanism of the LBO methodology. The LBO method-
ology is broadly applicable to complex systems where costs are hard to attribute, re-
gardless of the methods used to exclude explicitly identifiable costs, and the concrete
cost metrics.

It is easy to measure the total costs of program executions (inclusive of GC costs),
and see how they compare. Table 3.2 shows the total CPU cycle costs running the h2
benchmark at a fixed 3 X heap size, varying the collectors used. The Serial collector has
the smallest total cycle usage, and Parallel and Shenandoah are 0.2 % and 102.3 % more
expensive, respectively. This comparative analysis is a well-understood methodology in
the literature, and shows which GC is the best to use to minimize total CPU cycle
consumption for a given heap size. However, it does not measure the real CPU cycle
cost of each collector alone.

Definition 3.3.1 (Ideal application cost). The ideal application cost is the theoretical
cost of running an application. This ideal cost includes the best GC benefit (such as
improved locality) any GC configuration could bring but none of the GC costs (such
as barriers).

For example, if one knew the ideal cost of the application h2 (inclusive of the best
GC benefit but exclusive of the GC costs) in terms of CPU cycles, one could subtract
that from the total cycles used by each collector, yielding the real cost of the respective
collector.
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Table 3.2: The total CPU cycles consumed when running the DaCapo benchmark h2 with a
3 x heap (see Section 3.4) using three different collectors. Lower is better. The cycles are also
normalized to the best collector (Serial) shown in green.

Collector Total Normalized

billion cycles

Parallel 108.33 1.002
Serial 108.12 1.000
Shenandoah 218.72 2.023

Of course, the ideal application cost of a given workload is unknown. The key
insight is that the ideal application cost is approximately the total costs minus the
costs easily attributed to GC.

This insight can perhaps be better understood using the distillation analogy. The
total cost is a mixture of the ideal application cost (after considering the best GC
benefit) and the GC cost. Some of the GC costs are easy to attribute (such as the cost
incurred during STW pauses), while others are hard (such as barriers). It is difficult
to remove all hard-to-attribute GC costs from the mixture, but it is easy to distill out
explicitly attributable GC costs.

Definition 3.3.2 (Distilled application cost).
Distilled cost, = Total cost, — Attributable GC cost, > Ideal cost

That is, a distilled cost (measured using a particular GC configuration g) overesti-
mates the ideal application cost.

Definition 3.3.3 (Minimum distilled application cost).

(MDC = min Distilled costg) > Ideal cost
g€GCs

The minimum distilled cost (MDC) is the minimum of the distilled application costs
from running the application with different GC configurations (different g). These
configurations can be different collector algorithms, or the same algorithm with differ-
ent tuning parameters (e.g., heap size, the number of collector threads). The MDC is
the best overestimate of the ideal cost.

As shown in Table 3.3, the distilled application cost for each GC is the total cost
minus the easily attributable cost (such as costs incurred during STW pauses). The
set of three collectors used generates three distilled costs, and the minimum of which
(MDC) is 103.87 billion cycles (Parallel, shown in green).

The MDC in turn allows one to place an empirical lower bound on the cost of
the collectors, which I call the lower bound overhead (LBO). Recall that for each GC
configuration g, GC cost = Total cost — Ideal cost, and that MDC > Ideal cost.
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Table 3.3: Distilling out cycles used during stop-the-world (STW) pauses from the total cycles
in Table 3.2. The minimum distilled application cost (MDC) in cycles is shown in green. The
MDC value is used to calculate the empirical lower bound on the cost of each of the collectors
in Table 3.4.

Collector Total STW Distilled
billion cycles

Parallel 108.33 4.46 108.33-4.46=103.87

Serial 108.12 2.75 108.12-2.75=105.37

Shenandoah 218.72 0.03 218.72-0.03 =218.69

Definition 3.3.4 (Lower Bound Overhead of Garbage Collectors).
(LBO, = Total cost, — MDC) < GC cost,

It is easy to see that the quality of LBO estimation hinges on how close the MDC
is to the ideal application cost. I later discuss how one might obtain better MDCs
(Section 3.3.2).

To compare the (estimated) real cost of each collector configuration, one can nor-
malize the LBO to the MDC. I use the normalized LBO in the rest of this chapter.

Definition 3.3.5 (Normalized LBO).

Normalized LBO (NLBO) = (LBO + MDC)/MDC

Table 3.4: The empirical lower bound (LBO) on the cycle cost for each collector can be obtained
by subtracting the MDC from the respective total cycles in Table 3.3. The lowest LBO in green.

Collector LBO Normalized LBO

Total - MDC (LBO + MDC) / MDC
Parallel 108.33-103.87 = 4.46 1.043
Serial 108.12-103.87 = 4.25 1.041
Shenandoah 218.72-103.87 =114.85 2.106

As shown in Table 3.4, a lower bound on the cycle cost of each GC is the total
cycles of each of the GCs minus the MDC. Compared with the ideal cost of running
the h2 database on OpenJDK, Serial, Parallel, and Shenandoah incur at least 4.1 %, 4.3 %,
and 110.6 % more CPU cycles, respectively. Note that even though Shenandoah is not
useful when calculating the MDC, the cost of Shenandoah is still accurately captured.

First, I emphasize the LBO methodology does not rely on a no-GC scheme. In the
above example, all three collectors perform GC activities, and one can calculate their
respective LBOs without using a no-GC scheme.
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Second, I emphasize that the distilled cost is not the same as the cost of a no-GC
scheme (such as Epsilon in OpenJDK). In fact, as I will show later in Section 3.5, the
LBO methodology can measure the non-zero cost of Epsilon.

3.3.2 Discussion

The LBO methodology allows us to place a lower bound on the cost of low-level sys-
tems, such as GC. Implementing LBO is easy; the only requirement of the methodology
is to exclude the easily attributable costs of the system being measured. In the case of
GC, language runtimes often provide callbacks that allow us to delineate GC pauses,
allowing the attribution of GC costs during STW pauses [Oracle, 2021b; Stephens,
2021].

The LBO methodology is metric- and language-agnostic. In addition to wall-clock
time, and CPU cycles, one can use a wide set of cost metrics, such as hardware perfor-
mance counters, These metrics can include cache misses, and energy metrics (such as
Intel’s Running Average Power Limit (RAPL) energy readings). The methodology can
be used on different programming language runtimes, and GC algorithms.

The quality of the LBO result depends on how close the minimum distilled cost is
to the ideal cost. To illustrate this, I will use GC as an example.

Semispace is a canonical copying GC algorithm that is not practical to use in
high-performance production systems, because it uses half the heap space as the
copy reserve, and evacuates all live objects during each GC invocation [Fenichel and
Yochelson, 1969; Cheney, 1970]. Despite being impractical, semispace is useful for
establishing a good baseline for LBO analysis.

Since it defragments the heap during each GC through evacuation, the mutators
can have better spatial locality (more GC benefits). Since it does not require barriers
(being a non-generational, stop-the-world collector), and has a very simple allocation
sequence, it also incurs little hard-to-attribute costs. Therefore, adding semispace
(especially when running at a larger heap size, accounting for the copy reserve) to the
mix of configurations to measure can improve the MDC.

Conversely, if only concurrent copying collectors are measured, the LBO method-
ology can still be used, but there is little cost easily attributable to GC, since these
collectors have little stop-the-world components. In this scenario, the minimum dis-
tilled cost would be much higher than the ideal cost, and would lead to a very poor
empirical lower bound on GC cost. One would need to use more complex attribu-
tion techniques, such as measuring the costs on a per-thread basis, to improve the
estimation. But even that would still not consider the substantial cost of read barriers.

The above example illustrates that to obtain good LBO results, one often needs to
measure a diverse set of configurations exhibiting different tradeoffs, and use as many
approaches as possible to attribute costs.
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3.4 Evaluation Methodology

In the previous section, I presented the lower bound overhead (LBO) methodology
that empirically measures the real costs of garbage collection (GC). In this section, I
detail the evaluation and execution methodology used in the case studies that apply
the LBO methodology to measure the real costs of OpenJDK GCs (Section 3.5).

The case studies include results for OpenJDK 17 conducted by Cai et al. [2022],
and results for OpenJDK 21 conducted by Blackburn et al. [2025]. In this chapter, I
focus on case studies using Open]JDK 17, and use OpenJDK 21 to validate the general
performance trends in the latest long-term stable (LTS) Open]JDK release. For each set
of experiments, we followed the contemporary best practices, and I detail the setup
differences between experiments in the following sections where applicable.

3.4.1 Benchmarks and Latency Measures

When evaluating OpenJDK 17, we use a pre-release version of the Chopin release of the
DaCapo benchmark suite [DaCapo Developers, 2021]. We exclude the benchmarks
cassandra, h2o, and kafka, because they use deprecated Java features that are not com-
patible with JDK 17. When evaluating OpenJDK 21, we use the stable 23.11-chopin-MR2
release of the DaCapo benchmark suite [Blackburn et al., 2024, 2025], and exercise all
22 benchmarks.

DaCapo’s Chopin release includes a number of latency-sensitive benchmarks. For
these latency-sensitive benchmarks, DaCapo reports two measures of latency, simple
and metered, which I now discuss in more detail.

Most real-world request-based services implement a queuing system. Requests
enter the queuing system at some externally determined rate, dictated by factors such
as when customers make purchases or when people launch queries. A key DaCapo
design principle is that each benchmark runs in a single JVM on a single machine.
Consequently, attempting to implement a realistic distributed load-balancing system
was out of scope for DaCapo Chopin. Sacrificing some realism for determinism, the
DaCapo request-based workloads are driven by a pre-determined set of requests, with
each worker consuming consecutive requests until all have been completed. Within
each thread, the start time of each request is thus dictated by the completion of the
request before.

In areal system, request/event start times are externally defined, so a delay will affect
not only all running events, but also all subsequent events that are forced to wait in
the queue due to the backlog of work. Without a queue, DaCapo’s workloads cannot
directly model the cascading effect of delays.

Instead, DaCapo models a similar effect with what it calls metered latency. At the
completion of the workload, each event is assigned an assumed start time based on
all events having been hypothetically received at uniform intervals throughout the
execution of the benchmark. The metered latency for each event is then defined as
the time between its end time and the earlier of its actual and assumed start times.
Thus, when the application is paused, the effect of the pause is not felt just by those
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events that were running when the pause occurred, but also by those whose end time
was delayed.

The uniform synthetic start times are implemented by applying a smoothing func-
tion to the actual start times using a sliding average. A window size of one affords
no smoothing, so it is identical to simple latency, reflecting no queuing effect. On the
other hand, an arbitrarily large window gives all events uniformly distributed synthetic
start times. DaCapo reports metered latency using window sizes from 1 ms up to the
length of the benchmark execution, in powers of ten.

In this chapter, when discussing metered latency without a specific window size, I
refer to the window size that is the length of the benchmark execution (full smoothing).
We also evaluate with a smoothing window of 100 ms, which is a reasonable middle
ground, allowing for variation in request completion rate over the whole execution
(e.g., due to compiler or file cache warm-up), while exposing effects of disruptions
due to garbage collection, etc.

We also investigate the SPECjbb2015 benchmark, which is often used in the litera-
ture when evaluating low-pause GCs. However, unlike the DaCapo suite, SPECjbb2015
fixes the workload to a constant amount of time rather than to constant work, prevent-
ing one from easily measuring the costs of different GCs executing the same amount
of work. Therefore, SPECjbb2015 is not included in our analysis.

3.4.2 Cost Metrics

We implement the LBO methodology as a Java Virtual Machine Tool Interface JVMTTI)
agent [Oracle, 2021b]. The agent implements the distilled cost in the methodology
by excluding costs incurred in stop-the-world (STW) pauses. The STW points are
provided by the JVM through callbacks for the starts and ends of GC pauses.

In addition to wall-clock time, the JVMTI agent can capture a wide range of
hardware performance counters, including CPU cycles, instruction counts, cache
misses, and Intel RAPL energy measurements. To read these counters, we use the
perf_events subsystem in the Linux kernel. In this chapter, I focus on two important
metrics: wall-clock time and CPU cycles. On machines with frequency scaling disabled,
the CPU cycles can also be measured using the software TASK_CLOCK event; cycles
can be derived by multiplying the nominal CPU frequency by the lapsed TASK_CLOCK.

3.4.3 JVM Parameters

In this chapter, I focus on the out-of-the-box performance characteristics of GCs, and
deliberately do not set any GC-related parameters except for the heap size. GC tuning is
often specific to particular (classes of) workloads, whereas my concern is the real cost
of each GC when handling a diverse set of workloads. Also, in general, GC tuning is
an open-ended problem, which is outside the scope of this chapter.

We report the performance of each GC for different heap sizes, because the per-
formance of GC is sensitive to the heap size [Blackburn et al., 2006]. Except for
Epsilon, which does not perform GC, we set the heap size relative to the minimum
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Table 3.5: Minimum heap size required to run each benchmark.

Benchmark Heap size (MB)

avrora 7
batik 189
biojava 95
eclipse 411
fop 15
graphchi 255
h2 773
jme 29
jython 25
luindex 42
lusearch 21
pmd 156
sunflow 29
tomcat 21
tradebeans 131
tradesoap 103
xalan 8

zxing 97
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heap size (Table 3.5) required to run each benchmark (e.g., 2.0 X means that the heap
size is set to be twice as big as the minimum heap required for a particular benchmark).
The minimum heap size for each benchmark is measured using G1 because it is the
most space-efficient GC among the ones we study.

For the older experiments conducted on OpenJDK 17, we followed contempo-
rary best practices, and additional set -XX:-TieredCompilation —-Xcomp to eagerly
compile methods on first use. These parameters speed up the warmup of the JVM
and reduce experimental noise due to JIT compilation. We omit these parameters for
tradebeans and tradesoap, because these parameters cause these two benchmarks to
crash when running on the version of OpenJDK we use.

For the newer experiments on OpenJDK 21, we do not use the above compilation
flags, because we find that across benchmarks, eager compilation leads to worse code
generation quality due to a lack of profiling feedback.

3.4.4 Execution Methodology

For each configuration, we invoke each benchmark 10 and 20 times on OpenJDK 21
and 17, respectively. We interleave invocations of different configurations to minimize
bias due to systemic interference. In each invocation, the benchmark performs five
iterations, and we report results from the last iteration, with the first four iterations
serving to warm up the runtime. For each configuration, we report the mean and the
95 % confidence interval (CI).

3.4.5 Hardware

While the microarchitectural sensitivity of a GC algorithm is important, it is orthogonal
to this work. We choose contemporary high-performance desktop CPUs for each set
of experiments.

For OpenJDK 17 experiments, we use two identical machines with Intel Core ig-
9900K (Coffee Lake) CPUs (8 cores, 16 threads), with 4 x 32 GB DDR4-3200 memory.

For OpenJDK 21 experiments, we use two identical machines with AMD Ryzen 9
7950X (Zen 4) CPUs (16 cores, 32 threads), with 2 x 32 GB DDR5-4800 memory.

We disable dynamic frequency scaling to reduce experimental noise.

3.4.6 Software

Each pair of experimental machines runs identical software. All benchmarks are exe-
cuted on an otherwise idle machine, with as many background daemons and periodic
tasks disabled as possible.

For OpenJDK 17 experiments, all machines use Ubuntu 18.04.6 LTS images with
5.4.0-89-generic kernels. The JVM is the Temurin-17.0.1+12 release of Open-
JDK.

For OpenJDK 21 experiments, all machines use Ubuntu 22.04.4 LTS images with
6.8.0-40-generic kernels. The JVM is the Temurin 21.0.3+9 release of Open-
JDK.
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Figure 3.2: Lower bounds on the overheads of five OpenJDK 21 production garbage collectors
with their default settings, as a function of heap size, showing the geometric mean of overhead
over all 22 DaCapo Chopin benchmarks. I only plot data points where the respective collector
can run all 22 benchmarks to completion. In the best case, wall clock overheads are 9 % (G1
and Parallel) and total CPU overheads are 15 % (Serial). At smaller heaps, overheads exceed
2X.

We also measured OpenJDK 11 using the AdoptOpenJDK-11.0.11+9 release, and
the overall results were quite similar to those of OpenJDK 17 or 21.

3.5 Case Study: Collectors in OpenJDK

In Section 3.3, I proposed the lower bound overhead (LBO) methodology to estimate
the cost of garbage collection (GC) for any given set of metrics. In this section, I apply
the LBO methodology and reveal, for the first time, the substantial costs imposed by
production GCs (Section 3.2.4).

Figure 3.2 shows the overhead of five OpenJDK 21 GCs as a function of heap size,
taking the geometric mean over all 22 DaCapo Chopin benchmarks. The graph shows
the time-space tradeoff inherent to GC: resource consumption of GC rises as the
available memory shrinks. Figure 3.2(a) shows the wall clock time overhead, while
Fig. 3.2(b) shows the total computational overhead by summing the total running
time/cycles across all threads in the process.

First, note that the CPU overhead of GC is 15 % in the best case in Open]DK 21, the lat-
est long-term stable (LTS) release of OpenJDK. Using a modest heap size (100 % heap
headroom), applications spend at least 30—243 % more wall-clock time and 23-123 %
more CPU cycles relative to their ideal costs. OpenJDK’s heavily tuned default pro-
duction G1 collector [Detlefs et al., 2004] incurs at least 54 % CPU cycle overhead
when given 100 % headroom and 16 % with 500 % headroom. As I will show later
in this section using Open]JDK 17, these results are robust across JDK versions and
benchmark versions.

Second, note that there is a regression when considering when each collector was
introduced into the JVM (Section 3.2.4). As I will show later in this section, the
newer low-pause collectors fail to deliver better application latency for the evaluated
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workloads despite being significantly slower and cycle-intensive—as high as 17x in
small heaps, and 63 % even in the most favorable situations.

If one accepts for a moment that our analysis is sound and that these figures
accurately reflect the state of the art, this should give researchers pause. How did this
happen? In the remainder of this section, I attempt to answer this question through
a series of case studies, and reveal two likely causes: i) lack of clarity about the costs
imposed by GC, and ii) misinterpretation of GC evaluations due to limited cost metrics.
I highlight three important types of misinterpretation: i) not considering opportunity
cost, ii) not considering overheads due to concurrency, and iii) measuring pause time
instead of application latency.

In Section 3.6, I will make concrete recommendations on how to mitigate the
misinterpretation by using a richer set of cost and performance metrics.

The remaining parts of this section use OpenJDK 17.

3.5.1 Results: Costs of Garbage Collection

First, we estimate the costs of each configuration (a collector at a heap size) using the
LBO methodology. The distilled cost for each configuration is the total cost excluding
the STW cost.

Table 3.6 shows the time LBOs of the collectors we study, while Table 3.7 shows the
cycle LBOs. Each table covers eight different heap sizes, ranging from a small 1.4 X
heap to a generous 6.0 X heap (see Section 3.4 for the multiplier notation). The LBO
value for each configuration is the geometric mean over 16 DaCapo benchmarks.’

The production GCs incur substantial costs. For a modest 2.4 X heap, production
GCs on average spend at least 7-82 % more wall-clock time and 6-92 % more cycles
relative to the ideal costs. Even for a generous 6.0 X heap, the costs are as much as
23 % in terms of time and 34 % in terms of cycles. For all heap sizes shown, Serial
achieves the lowest costs in terms of cycles, while Parallel achieves the lowest costs in
terms of time for all but the smallest heap size.

Note that even though Serial is single-threaded, the rest of the VM is still mul-
tithreaded, hence the difference between the time and cycle LBOs for Serial. Un-
surprisingly, this difference is more pronounced in benchmarks with more mutator
parallelism.

3.5.2 Analysis of Results

Tables 3.8 and 3.9 take a closer look at the 3.0 X heap size. This allows me to observe
how different collectors behave when challenged with a diverse, modern workload.
I compare the performance trends among and within three groups of GCs (see Sec-
tion 3.2.4): i) stop-the-world (STW) vs. concurrent GCs, ii) single-threaded vs. multi-
threaded STW GC, and iii) concurrent tracing vs. concurrent copying GC. But first, I

SWe use 18 DaCapo benchmarks in total (Section 3.4.1). However, eclipse and xalan are excluded in
the geometric mean calculation because too many collectors were not able to run these two benchmarks
for small heap sizes.
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Table 3.6: Time LBOs averaged over 16 benchmarks. The best value for each heap size is
shown in green. Where a collector cannot run all benchmarks at a particular heap size, the
entry is left blank. Parallel outperforms other collectors, except at 1.4 X, where G1 has the
lowest cost.

GC 14x 19x 24x 30x 3.7x 44x 52x 6.0x

Ser. 1.42 117 1.14 113 111 1.10 1.09 1.09
Par. 1.41 1.09 107 1.06 1.05 1.04 1.04 1.03
Gl 1.24 116 1.11 1.09 1.08 1.07 1.07 1.06
Shen. * 194 164 143 137 130 125 1.23
ZGC * * 182 154 139 132 127 1.23

Table 3.7: Cycle LBOs averaged over 16 benchmarks. The best value for each heap size is
shown in green. Where a collector cannot run all benchmarks at a particular heap size, the
entry is left blank. Serial consistently outperforms other collectors for all heap sizes.

GC 14x 19x 24x 30x 3.7x 44x 52x 6.0x

Ser. 1.22 1.08 1.06 1.06 1.04 1.04 1.04 1.04
Par. 1.70 1.15 1.12 1.10 1.07 1.06 1.06 1.05
Gl 1.54 134 117 1.14 1.10 1.09 1.09 1.09
Shen. * 175 154 147 142 139 136 1.33
ZGC * * 192 1.68 155 146 1.40 1.34
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discuss Epsilon, which is a no-GC scheme that does no collection.

Table 3.8: Time LBOs at 3 X heap (except Epsilon) using distillation. Lower is better. xalan
is excluded from the summary statistics due to ZGC failing to run, and the corresponding
row is grayed out. The best results for each benchmark are shown in green (light green for
xalan). Each LBO is the mean of 20 invocations, with its 95 % CI shown below in gray. Parallel
outperforms other collectors for most benchmarks.

Bench. Serial Para. G1 Shen. ZGC Eps.
avrora 1.01+07% 1.03+05% 1.03+06% 1.10+08% 1.07+07% 1.01+07%
batik 1.15+02% 1.09+04% 1.07 +1.0% 1.09:04% 1.08+03% 1.09+02%
biojava 1.01:01% 1.0Tz01% 1.03202% 1.22:02% 1.88:1.0% 1.16=0.1%
eclipse 1.05:04% 1.01+01% 1.06+02% 1.13+02% 1.14+01% 1.18+03%
fop 1.16+02% 1.13+16% 1.20+12% 1.4108% 2.11+06% 1.17+03%
graphchi 1.02+03% 1.01+03% 1.02=04% 1.19+15%  1.13204% 1.05207%
h2 1.12+03% 1.04+03% 1.09=06% 1.57 :03% 1.96+06% 1.48+02%
jme 1.00:00% 1.00:00% 1.00=0.0% 1.01200% 1.0Tz01% 1.071200%
jython 1.0417% 1.02+02% 1.06+02% 1.61+09% 2.20+05% 1.23+03%
luindex 1.01:02% 1.01=:03% 1.04:04% 1.15+07% 1.10+03% 1.06+08%

lusearch 1.23:02% 1.11=203% 1.13:04% 3.77+16% 2.70=04%
pmd 1.61:02% 1.12+02% 1.19+03% 1.56:06% 1.78:87% 1.17 20.4%
sunflow 1.41 220% 1.16+20% 1.16+12% 2.18+22% 2.11=+06% 1.00+04%
tomcat 1.16+02% 1.14+02% 1.14+01% 1.31+02% 1.91+06% 1.15+01%
tradebeans 1.12:06% 1.02:06% 1.16=0.7% 1.42+08% 1.33+05% 1.41+05%
tradesoap  1.09:04% 1.07:02% 1.11=03% 1.34:02% 1.28=+02% 1.38=0.2%
xalan +0.3% +0.4% +0.3% £1.7% +0.6%
zxing 1.03:11%  1.06:18% 1.03:13% 1.27«11%  1.24+0%  1.06+13%

min 1.00 1.00 1.00 1.01 1.01

max 1.61 1.16 1.20 3.77 2.70

mean 1.13 1.06 1.09 1.49 1.59

geomean 1.12 1.06 1.09 1.41 1.51

No GC

Epsilon does not actually collect garbage, and is not a practical GC. Its distilled cost—
same as its total cost—could potentially be smaller than the distilled costs of other
collectors. This, in turn, could lead to a smaller minimum distilled cost (MDC),
allowing me to better estimate the ideal cost of a workload.

Unfortunately, Epsilon’s distilled cost does not contribute to the MDC in practice.
This is evident in Tables 3.8 and 3.9, showing the LBOs of Epsilon alongside those of
standard collectors in cases where Epsilon is able to run a benchmark without exhaust-
ing the machine’s available memory. The only benchmark where Epsilon contributes
to MDC is sunflow, indicated by the 1.000 time LBO and the 1.000 cycle LBO.
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Table 3.9: Cycle LBOs at 3 X heap (except Epsilon) using distillation. Lower is better. xalan
is excluded from the summary statistics due to ZGC failing to run, and the corresponding
row is grayed out. The best results for each benchmark are shown in green (light green for
xalan). Each LBO is the mean of 20 invocations, with its 95 % CI shown below in gray. Serial
outperforms other collectors for most benchmarks.

Bench. Serial Para. G1 Shen. ZGC Eps.
avrora 1.01:206% 1.0Tz07% 1.05:07% 1.20:06% 1.21 z07% 1.02204%
batik 1.15+02% 1.99+21% 1.57+08% 1.45+05% 1.91 +33% 1.09:02%
biojava 1.01+01% 1.01+01% 1.05+03% 1.52+07% 3.96 +10% 1.16+01%
eclipse 1.05+04% 1.11=201% 1.32+12% 1.39:03% 1.47 z05% 1.20:01%
fop 1.16+03% 1.20+15% 1.46+19% 1.89+11% 2.23 «11% 1.18+03%
graphchi 1.0T+03% 1.03:03% 1.05+03% 1.23:22% 1.23 z07% 1.1006%
h2 1.05+01% 1.06+02% 1.12+04% 2.13+03% 2.65 +07% 1.37+02%
jme 1.07:03% 1.13z04% 1.09:03% 1.52:05% 1.47 +10% 1.13203%
jython 1.04 7% 1.03z02% 1.07:02% 2.04:07% 2.44 04% 1.22:03%

1

luindex 1.01+02% 1.02+02% 1.07+13% 1.21+08% 1.20 5% 1.06+09%

lusearch 1.05:03% 1.03:02% 1.08+02% 1.21+03% 1.27 03%

pmd 1.10:05% 1.18z04% 1.29:06% 1.56:05% 1.65:101% 1.27 02%
1.09:21% 1.09+12% 1.24+08% 1.08 08% 1.00+0.4%
1.01+01% 1.02+01% 1.12+01% 1.12 201% 1.03+0.1%
1.05:03% 1.21:07% 1.64+03% 2.17 +05% 1.29+06%
1

03+04% 1.12:08% 1.71+04% 2.15 +04% 1.25+02%

sunflow 1.12+24%
tomcat 1.07 +0.1%
tradebeans  1.06 :0.4%
tradesoap 1.05+0.4%

xalan +0.4% £03% £0.3% £0.4% +03%
zxing 1.02+11% 1.03z18% 1.03+14% 1.28+12% 1.24 ©1.1%  1.06+1.4%
min 1.01 1.01 1.02 1.12 1.08
max 1.16 1.99 1.57 2.13 3.96
mean 1.06 1.12 1.16 1.49 1.79

geomean 1.06 1.10 1.15 1.46 1.67
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This observation might be counterintuitive since Epsilon does not incur any explicit
costs. However, as I explained in Section 3.2.2, every GC, including a no-GC scheme,
incurs implicit costs tightly coupled with the application execution. In the case of
Epsilon, it does not move objects to reduce fragmentation, and therefore the spatial
locality of objects is poor. In addition, Epsilon does not reclaim unreachable objects,
and new allocations will always need to request more physical memory from the
operating system.

For the rest of the section, I focus on the costs of collectors other than Epsilon.

Stop-the-World (STW) GCs vs. Concurrent GCs

Overall, STW collectors (Serial and Parallel) are cheaper than concurrent collectors (G1,
Shenandoah, and ZGC), both in terms of time and cycles. The exception is that Serial
is uncompetitive in terms of time due to its lack of parallelism. At a 3.0 X heap, in
terms of cycles, STW collectors are never more expensive than concurrent collectors.®
In terms of time, STW collectors are only more expensive than concurrent collectors
for 2 out of 17 benchmarks: batik and zxing.”

Single-Threaded vs. Multi-Threaded STW GC

Between two stop-the-world collectors, Parallel is more expensive than Serial in terms
of cycles (as much as 48 % for a small 1.4 X heap), and the reverse is true in terms
of time. This effect occurs presumably because a multi-threaded collector exploits
the available parallelism to shorten pauses but introduces synchronization overhead
among collector threads. At 3.0 X heap, in terms of cycles, Parallel is only cheaper
than Serial for 3 out of 17 benchmarks: lusearch, tradebeans, and tradesoap.? In terms
of time, Serial is only cheaper than Parallel for avrora.?

Concurrent Tracing vs. Concurrent Copying GC

Among concurrent collectors, the newer, concurrent copying collectors (Shenandoah
and ZGC) are significantly more costly than the concurrent tracing collector (G1). The
difference is up to 75 % in terms of cycles (G1 vs. ZGC at 2.4 X heap) and 78 % in terms
of time (G1 vs. Shenandoah at 1.9 X heap). This is presumably due to the use of costly
read barriers and the (un)timeliness of reclamation, which I discuss below. At 3.0 X
heap, G1 consistently outperforms Shenandoah and ZGC for all benchmarks in terms
of time. In terms of cycles, Shenandoah and ZGC are only cheaper than G1 for batik
and xalan (not statistically significant for sunflow).

SFor sunflow, Parallel is 1% more expensive than ZGC, but the confidence intervals overlap.

"The differences for jme and sunflow are negligible (and also not statistically significant for sunflow).
8The differences for jython and sunflow are not statistically significant.

9The differences for biojava, luindex, and sunflow are not statistically significant.



34 Distilling the Real Costs of Garbage Collectors

Pathological Modes of Concurrent Copying Collectors

We observe two pathological modes of concurrent copying collectors when challenged
with workloads that have high allocation rates but low survival rates. In such scenarios,
the concurrent copying collectors often fall back to STW collections and/or stall the
mutators to keep up with the allocation, resulting in poor performance.

We observe a stark result for xalan, where Shenandoah has an enormous time LBO
of 30.2, about ten times that of Serial/Parallel/G1. ZGC simply failed to run xalan with
OOM errors. Despite the high time LBO, Shenandoah has a modest cycle LBO of 1.74,
which is close to the 1.63 LBO of Parallel and even slightly better than the 1.78 LBO of
G1. To understand this behavior, recall that Shenandoah and ZGC rely on tracing to
establish liveness, and strictly rely on evacuation for reclamation (see Section 3.2.4).
The consequence is a substantial delay between when an object becomes unreachable
and when the unreachable object is reclaimed. The delay’s impact is amplified by the
high allocation rates and low survival rates of benchmarks such as xalan and lusearch;*°
because allocation would fail if reclamation did not keep up with the allocation rate,
the collector resorts to STW collections. In this case, it would be more beneficial to
use a STW collector in the first place and thus avoid the concurrency overhead (as I
discuss in Section 3.5.3).

By examining the logs from Shenandoah, we observe two pathological modes. First,
the untimeliness of reclamation causes allocation failures, and Shenandoah requires
STW collection to finish an in-flight concurrent collection (known as degenerated
GCs in Shenandoah). Second, in order to avoid STW collections, Shenandoah throttles
allocations by stalling the mutator at allocation sites (known as pacing in Shenandoah,
or “allocation stall” in ZGC). Since sleeping threads do not contribute to the cycles
consumed, but increase the wall-clock time needed to run a workload, this explains
the much higher time cost but modest cycle cost.

3.5.3 Common Misinterpretation of Evaluation Results

In the previous section, I compared the costs of different types of GCs. In this section,
I use these results to highlight three important types of misinterpretation of GC
performance measurements: i) ignoring opportunity cost, ii) ignoring concurrency
overhead, and iii) measuring GC pause time instead of user-experienced latency. Such
misinterpretation could explain why the substantial costs incurred by these collectors
have gone unnoticed. I want to emphasize that the misinterpretation I present in this
section is also applicable in classic comparative analysis (e.g., Table 3.2).

Prior work points out common pitfalls and respective mitigations when evaluating
GCs [Blackburn et al., 2004a, 2008]. We apply these suggestions where possible (see
Section 3.4). For example, we control the heap size relative to the minimum heap
size required to run a given workload. We reaffirm that the fundamental time-space
tradeoft is still applicable in a modern, diverse benchmark suite (Tables 3.6 and 3.7).

°Both benchmarks allocate multiple GBs per second, and their minimum heap sizes are merely 8 MB
and 21 MB, respectively.
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However, the results in this chapter show that these suggestions are not sufficient
to avoid misinterpretation of evaluation results, especially in light of modern hardware,
concurrent GCs, and emerging latency-sensitive workloads. In the next section, I
recommend techniques to mitigate such misinterpretation.

Opportunity Cost

Examining Table 3.6, it appears that GC has low wall-clock cost. This apparent low wall-
clock cost of GC does not come for free. In fact, the speedup provided by multithreaded
GC comes with a significant opportunity cost, which is the CPU cycles that could have
been used to run other workloads.

Comparing Table 3.6 and Table 3.7, a key trend is that all collectors studied have
higher cycle LBOs than time LBOs. The only exceptions are Serial, which is a single-
threaded GC, and Shenandoah when using small heap sizes due to pacing (Section 3.5.2).

Hardware parallelism exploited by multithreaded GC causes this difference be-
tween time LBOs and cycle LBOs. Examples of hardware parallelism include multicore
CPUs or simultaneous multithreading (SMT).

This opportunity cost matters when multiple applications with GC coexist, for
example on personal computers and mobile devices. Such multi-tenant deployment is
now increasingly common to increase utilization in datacenters. On these hosts, GC
of one application can slow down other applications on the same host by consuming
too many CPU cores. Conversely, the GC itself now runs slower because fewer cores
are available to run GC. Even when the host has only one application, using fewer
CPU cycles to run GC can reduce energy consumption.

This opportunity cost has gone unnoticed, because historically GC performance
has been mostly measured using wall-clock time only. But the discrepancy I show
in this section crisply highlights the danger of only measuring the wall-clock time
costs of GC. This prevalent methodology incentivizes reducing the time overheads,
while ignoring other costs. In other words, this methodology implicitly assumes that
on machines with free cores available, the free cores may be used by GC with no
repercussions. This assumption, however, ignores the incurred opportunity cost.

On modern, massively parallel hardware, this assumption can mean that a signif-
icant portion of the hardware is dedicated to the GC. For example, the case studies
in this section show that the cycle LBOs of Parallel and G1 are about 0.3x larger than
the respective time LBO at a small 1.4 X heap. In the extreme case, such as for batik
at 3.0 X heap, Parallel has a mere 1.09 wall-clock time LBO but a significant 1.99 cycle
LBO, the highest among all collectors studied. This difference reveals that substantial
opportunity costs can go unnoticed when only the wall-clock time is reported.

Concurrency Overhead

Examining Tables 3.10 and 3.11, it appears that the newer low-pause collectors have
both low time and cycle overheads—close to 0 % in fact. These collectors shift most
of the collection work from stop-the-world (STW) pauses to run concurrently with
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Table 3.10: Percent of wall-clock time spent in STW pauses averaged over 16 benchmarks.
Lower is better. The best value for each heap size is shown in green. Where a collector
cannot run all benchmarks at a particular heap size, the corresponding entry is left blank. ZGC
consistently outperforms other collectors where it runs.

GC 14x 19%x 24x 3.0x 3.7x 44x 52x 6.0x

Ser. 90 47 37 31 27 25 24 23
Par. 9.0 29 2.1 1.7 1.3 1.1 1.0 0.9
G1 52 28 16 13 09 09 07 07
Shen. 03 02 02 01 01 01 0.1
ZGC 01 00 00 00 00 0.0

Table 3.11: Percent of total cycles spent in STW pauses averaged over 16 benchmarks. Lower
is better. The best value for each heap size is shown in green. Where a collector cannot run all
benchmarks at a particular heap size, the corresponding entry is left blank. ZGC consistently
outperforms other collectors where it runs.

GC 14x 19x 24x 30x 3.7x 44x 52x 6.0x

Ser. 43 2.1 16 14 12 1. 1.0 1.0
Par. 13.1 53 40 34 28 26 24 22
Gl 8.1 50 33 28 21 21 1.9 1.8
Shen. 1 01 01 01 01 01 0.0

ZGC 00 00 00 00 00 0.0
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the application. But focusing on GC pauses ignores the significant concurrency overhead
imposed by the concurrent collectors.

With fixed hardware resources, concurrent GC threads compete with mutator
threads, e.g., for cache capacity and memory bandwidth. In other words, concurrent
GC costs are high not only from the expensive mechanisms they use, such as read, and
write barriers, but also from resource contention. For workloads with higher mutator
parallelism, this interference is more pronounced.

Unfortunately, optimizing for low GC pause times is a common practice among
GC practitioners and researchers. For example, the GC optimization guide from a JVM
vendor suggests tuning GC for throughput by adjusting the fraction of time spent in
GC pauses (-XX:GCTimeRatio) [Oracle, 2021a]. Hoping to achieve better application
responsiveness, the newer collectors also have low pause times as their stated design
goal [Flood et al., 2016; Lidén and Karlsson, 2018]. But as I will show in the next
section, this design does not always deliver better application responsiveness.

Here, I focus on the high GC costs that are easily overlooked when focusing only
on GC pauses. Recall that Tables 3.6 and 3.7 show the lower bounds (underestimates)
of the overheads of each GC as the geometric means over 16 benchmarks, grouped
by heap sizes. The tables show the overheads in terms of wall-clock time, and CPU
cycles, respectively. In contrast, Tables 3.10 and 3.11 show the fraction of time and
cycles spent in STW pauses for different GCs. It is clear that the classic methodology
of estimating the GC costs from the time/cycles spent in GC pauses undercounts
the significant overheads of concurrent collectors. In particular, the two concurrent
copying collectors spend a negligible fraction of time/cycles in GC pauses, but have
enormous LBOs.

Low Pause # Low Latency

In the previous section, I discussed how the substantial overheads of concurrent GCs
are hidden when focusing only on the GC overheads incurred in pauses. In this section,
I discuss a related problem—using pause times as a surrogate when optimizing GCs for
latency-sensitive workloads. As a result, language implementers can unintentionally
work against the motivating goal (the responsiveness of the application), despite
achieving the stated design goals.

Figure 3.3 crisply illustrates the problem. The figures show the distribution of pause
times and query latencies (using metered latency; see Section 3.4) of different GCs
running the lusearch benchmark at a 3.0 X heap. The low-pause collectors (Shenandoah
and ZGC) indeed achieve better pause times (Fig. 3.3(a)) in general, with ZGC con-
sistently having the lowest pause time for all percentiles, while Shenandoah has lower
pause times than the other three GCs under the goth percentile. However, low pause
times do not automatically confer low application latencies. Indeed, both Shenandoah
and ZGC have worse (by factors of 10-100x) query latencies (Fig. 3.3(b)) than the
other three collectors.

Unlike other misinterpretations I discussed in this chapter, this misinterpretation
is not new. Two decades ago, Cheng and Blelloch [2001] clearly explained why pause
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Figure 3.3: GC pause time vs. metered latency for lusearch in a 3.0 X heap. Each line and its
shade show the mean and 95% CI over 20 invocations.

[Pogfoc | || || [Pog| ec | |

Several short pauses One long pause

Figure 3.4: Cheng and Blelloch [2001] used a figure like this to illustrate the problem with
using GC pauses as a measure of responsiveness and proposed the minimum mutator utiliza-
tion (MMU) metric as a response. GC pause time continues to be widely (mis)used as a proxy
for responsiveness more than twenty years later.
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times should never be used as a proxy for user-experienced latency, but GC pauses
continue to be (mis)used this way. Application latencies are affected by GC pauses—
both by their durations and frequency. As Cheng and Blelloch pointed out, several
short pauses may have a similar or worse effect than a long pause (Fig. 3.4). They
proposed the minimum mutator utilization (MMU) metric to reflect how much CPU
was available to the mutator over a sliding window of time, for various window sizes.

Even so, MMU is not ideal since it is a single-threaded measure, and cannot capture
the concurrency overhead I discussed previously. In addition to GC interruptions,
user-experienced latencies are also a function of mutator performance. As discussed
in previous sections, concurrent copying GC can affect mutator performance through
expensive mechanisms, such as read barriers, and through resource contention.

In Section 3.5.2, I discussed the pathological modes of the concurrent copying GCs,
where they throttle mutator threads when the GC cannot keep up with allocation.
Such throttling indeed avoids triggering a STW collection, keeping each GC pause
short. However, it comes at a great cost: if the mutators are sufficiently throttled,
both the application latency and throughput will be worse than those of than a simple
STW GC, as evident in Fig. 3.3 and Table 3.8.

One might counter that some of these collectors were designed (only) to be used
with generous heaps. Recall that the LBO analysis in Tables 3.6 and 3.7 extends to 6x
the minimum required memory. Given the cost of memory across mobile, desktop,
and datacenter, a 500 % overhead is generous.

I want to emphasize that these collectors have their use cases; for example, when
there is generous memory and compute headroom, concurrent copying can indeed
improve user-experienced latency by avoiding GC pauses. However, any evaluation
methodology must transparently reveal the tradeoffs made by these collectors, includ-
ing their substantial memory and compute overheads.

3.6 Recommendations

The results presented in Section 3.5 highlight the danger of allowing methodologies
to lag behind innovation. First, the significant overhead of GC is overlooked due
to common misinterpretation. Given the scale at which Java is deployed, the likely
impact is substantial. Second, GC costs increase over time when we consider the years
in which each collector design is introduced into the JVM. Although each of these
collectors can have valid use cases, we risk misdirecting design and implementation
innovations if we cannot crisply identify the tradeoffs made by different designs.

Drawing on these observations, I make two recommendations for improving GC
evaluation in future research.

Recommendation 3.6.1. Use the lower bound overhead (LBO) methodology to esti-
mate the real costs of GCs.

This helps us better understand the scale of GC’s impact on program execution.
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Recommendation 3.6.2. Use a richer set of performance and cost metrics to evaluate
GCs holistically. At a minimum, both wall-clock time and CPU cycles used should be
reported.

Any additional metric can help us better understand the performance character-
istics of different GCs. This includes measuring application latency for applications
with latency requirements, instead of using pause times as a surrogate. Note that
outside LBO, using more metrics can still improve evaluations, including comparative
analysis.

3.7 Discussion and Summary

In this chapter, I presented the LBO methodology for quantifying the real cost of
garbage collectors. The methodology quantifies the substantial costs incurred by
highly tuned production software GCs: (as an underestimate) at least 30-243 % more
time and 23-123 % more cycle overhead relative to the ideal application cost for a
modest 2 X heap. The results additionally highlight a worrying regression in modern
collector designs caused by methodological deficiencies.

The results also show how a lack of diverse cost/performance metrics can lead
to the misinterpretation of GC evaluations, hindering GC development. I identified
three important types of misinterpretation: neglecting opportunity cost, neglecting
concurrency overhead, and using GC pause times as a proxy metric for application
latency. To mitigate these types of misinterpretation, I recommend that more metrics
be used when evaluating GCs, as this helps reveal tradeoffs and limitations that often
go unnoticed.

It is heartening to see that the methodology and the results presented in this
section have already motivated the development of the LXR collector [Zhao et al.,
2022b], and have been used in the evaluation of GCs, including collectors on mobile
devices [Zhao et al., 2022b; Sareen et al., 2024].

The LBO methodology is language- and runtime-agnostic. It can benefit GC re-
search on a wide range of managed languages and platforms, such as Go, .NET (for
C# and other CLI languages) and V8 (for JavaScript). Additionally, we can use this
general framework to evaluate other hard-to-measure overheads in low-level software
components, such as the free-list allocators used by malloc/free.

The novel LBO methodology advances our collective methodological foundation of
programming language and systems research. It reveals the substantial overheads of
software GC, and therefore, provides a resounding motivation for the rest of this thesis.
In the next chapter, I move from software to kernel, and investigate how kernel-based
tracing tools can provide GC with observability.



Chapter 4

Improving GC Observability with
Performance Tracing

In the previous chapter, I presented the lower bound overhead (LBO) methodology.
It allows measuring hard-to-attribute costs in complex systems, such as garbage col-
lectors (GCs), for the first time. The LBO results showed that production software
GCs incur substantial overheads despite significant engineering efforts over the past
decades. This finding reaffirms that further GC research has great potential.

In this chapter, I address how to better debug and optimize GC through kernel-
based performance tracing." The key benefit of tracing is observability, allowing one to
“ask arbitrary questions about [the system] without—and this is the key part—having
to know ahead of time what [one] wanted to ask” [Hound Technology, Inc., 2018].
Conventional techniques, such as sampling and logging, critically lack observability,
causing cognitive friction, and slowing down innovation. In this chapter, I show how
tracing can be integrated into GC with minimal code changes and overheads, while still
yielding rich insights into the intricacies of the collector behavior, and even revealing
bugs in application programs. The results show that tracing can be an invaluable part
of our toolkit when working with complex, low-level systems such as GC.

This chapter is based on a published paper I coauthored [Huang et al., 2023].
This publication resulted from an undergraduate research project conducted by Claire
Huang, which I cosupervised (Page ix). The implementation is now available as part
of MMTk.

4.1 A Lack of Observability in GC

Luu [2016] and Sites [2015, 2021, 2023] eloquently explain why low-overhead tracing
has become one of the most important performance debugging tools for systems engi-
neering. Tracing complements and improves upon widely used sampling and logging.
Unlike sampling, which does not preserve order and thus is inherently correlative, trac-
ing creates an execution trace by recording information every time certain program

"Note that performance tracing—the observability technique described in this chapter—is distinct from
tracing in GC (Section 2.2), which refers to establishing the object reachability via heap traversal.

41
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points are executed, preserving order and exposing causation. Unlike logging, which
requires inserting specific log statements in advance, tracing offers observability, allow-
ing us to ask arbitrary questions without knowing ahead of time what to ask [Hound
Technology, Inc., 2018].

High-performance GC is critical to managed languages, and is heavily tuned in
production virtual machines. At the same time, debugging and optimizing GC perfor-
mance is notoriously difficult. Yet, modern production GCs do not support tracing,
despite these advantages of tracing, and its wide use in other fields.

Sampling and logging lack causality and observability, and hinder our ability to
examine and inquire about the intricate inner workings of GCs. This in turn hinders
our ability to generate new insights that might advance new designs and engineering
practices. In this chapter, I show how modern tracing frameworks make GC more
observable, especially when combined with modular collector design, doing so cheaply,
flexibly, and with high fidelity.

An extensive body of literature i) compares the performance of different GCs [Black-
burn et al., 2008, 2004a, 2006; Zorn, 1993], ii) analyzes the cost of various GC com-
ponents [Zorn, 1990; Hosking et al., 1992; Blackburn and Hosking, 2004; Yang et al.,
2012; Zhao and Blackburn, 2020], and iii) more recently, estimates the overall cost of
GCs (Chapter 3). However, these methodologies and techniques do not address GC
observability.

Current GC implementations suffer from three related problems: i) metrics that
operate at the temporal granularity of GC phases lack fidelity, ii) implementors must
anticipate the needs of unseen problems in order to predict a set of useful but low-
overhead metrics to bake in, and iii) altering the set of built-in metrics requires non-
trivial effort. Widely used sampling profilers such as VTune [Intel Corporation, 2023a]
sidestep these problems, but run into others: i) their temporal resolution is intrin-
sically coarse due to their reliance on interrupts [Yang et al., 2015; Luu, 2016], and
ii) they report correlation not causation. I now delve deeper into these problems, and
outline how this chapter addresses each one of them.

Low-fidelity metrics. Production GCs, such as OpenJDK GCs, organize timing data
around the phases of GC (such as root scanning), and then emit it as logs. How-
ever, GC-phase metrics are insufficient for performance debugging. For example,
a slow heap traversal could be an artifact of the shape of the application’s object
graph [Barabash and Petrank, 2010], or due to frequent synchronization among threads
for work stealing, poor load balancing, etc. Moreover, coarse-grained metrics mask sub-
tle performance regressions, inviting an accumulation of performance debt. Likewise,
mutator behaviors like allocation and barriers (Section 2.1) are critical to understand-
ing overall performance, yet are often not reported by GCs.

Crystal ball required. One cause of poor fidelity in these metrics is the cost of
logging. Logging everything is impractical, so GC developers have to predict the
set of metrics to include for each logging scope and verbosity level. Some logging
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statements have to be removed by the compiler for production builds, because even
run-time checks of whether to log something are too costly in performance hot-paths.>
Lack of fidelity is especially problematic when troubleshooting transient performance
bugs on a live system, where existing metrics are insufficient but adding more metrics
requires modifying and rebuilding the virtual machine.

Non-trivial engineering and recompilation. To add new instrumentation, program-
mers need intimate knowledge of the codebase: choosing where to add instrumenta-
tion, and choosing the appropriate data structure that is thread-safe and low-overhead.
Worse, when metrics are emitted as unstructured text in logging statements, each
additional metric requires changes to log parsers. As a result, several parsers are built
for the same VM [Microsoft Corportaion, 2021; Apple Inc., 2022; Tier1App, 2022].

Sampling is not enough. Luu [2016] notes: “Sampling profilers are great. They tend to
be easy-to-use and low-overhead compared to most alternatives. However, there are large classes
of performance problems sampling profilers can’t debug effectively, and those problems are becom-
ing more important.” A sampler only reports how many times it witnessed particular
functions being executed. It cannot observe how long a particular function invocation
took, what occurred immediately before it, or the distribution of invocation times
for that function over the course of an execution. Sample rates are uniform, so such
tools must sample the entire application with sufficient frequency to expose the rarest
events they wish to reveal. Worse, sampling’s temporal resolution is limited by its
dependence on interrupt handling [Yang et al., 2015].

To address these problems, we combine two simple ideas: low-overhead tracepoints,
and modular collector design. Tracepoints can be shipped with production binaries,
and incur negligible overheads when not used. One can attach arbitrary tracing logic
to these tracepoints on demand, including on a running binary.

The power of tracepoints is amplified when combined with a modular GC design.
One such example is MMTK, a language-agnostic memory management framework
that uses a modular algorithm-neutral work packet system [Zhao et al., 2025a]. I
illustrate this in Section 4.4, where modifications to MMTk total just 14 lines of code,
yet provide a very rich perspective on collector behavior (Section 4.7).

Tracing improves upon sampling and logging in the following ways.

* Inserting tracepoints in the codebase is inexpensive both in software engineer-
ing terms (14 lines of code, no parser required), and performance terms (no
statistically significant performance overhead).

* Tracepoints offer the flexibility of writing different tracing logic against the same
set of events in a running binary. In our case study of the heap traversal phase

2As an example, Open]DK provides Log_develop_* variants of logging that are not compiled
for production builds, and OpenJDK GCs use these logging variants in performance hot paths like work-
stealing.
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of the GC, we are able to interrogate a live system and i) measure the scalability
of multithreaded GCs, ii) monitor the properties of work packets [Zhao et al.,
2025a] in-flight in a scheduling system, and iii) examine how different workloads
affect these run-time behaviors. The entire investigation is performed on the
same binary.

* These events are of high fidelity, revealing subtle performance regressions.

Since MMTk is modular, and language-agnostic, these advantages readily translate to
each language implementation and collector that MMTk supports. Still, I argue that
any collector implementation will benefit from tracing.

The case studies yield insights that will guide future research and GC performance
tuning in production settings. The techniques I demonstrate are VM- and collector-
agnostic, creating a solid foundation on which a set of interoperable tools can be
built. Our experiences should motivate the community to build new GCs and improve
existing GCs with observability in mind, benefiting GC designers and practitioners.

4.2 A Taxonomy of Performance Analysis Tools

Systems engineers rely on an arsenal of performance analysis tools. They comprise
three categories: i) counting, ii) sampling, iii) and tracing [Sites, 2021]. These are
complementary—all are important to the performance analysis toolkit. I describe
each category of tools in more detail and show how these tools apply to garbage
collectors (GCs).

4.2.1 Counting

Counting tools count the occurrence of discrete events (such as the number of GCs),
and the sum of quantities (such as the total pages collected). Counters generally have
low overheads, and run continuously. They can be read on demand, or printed out
by the logging system. Counters are useful for understanding the gross behavior of
GC, such as whether an excessive number of GCs are triggered, or what fraction of
the heap is alive after collection. However, counters are aggregate measures and lack
the detail needed for deeper performance analysis.

4.2.2 Sampling

Sampling tools quasi-periodically? collect measurements to create a statistical profile of
the program. Timer interrupts are used to power widely used sampling profilers, such
as Intel VTune [Intel Corporation, 2023a], and OProfile [OProfile Developers, 2023].
When an interrupt fires, these profilers observe program state such as call stacks.
When the program ends, the stack samples are used to identify “hot” methods and

3Sampling frequencies often vary slightly over time so that they are not in lockstep with the signals
to be observed.
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their calling context, which can provide clues to programmers as to where to focus
optimization effort. Though a very useful performance debugging tool, sampling
is often inadequate when performance debugging GCs due to: i) lack of context,
ii) sampling bias, iii) and the inability to establish causal relationships.

Lack of Context

Stack sampling is the most often used sampling method. While such samples provide
calling context, they do not reveal the execution context, or program semantics. For
example, the Linux perf tool applied to OpenJDK’s Parallel collector in OpenJDK
reveals object marking, copying, and work queue management as the top functions.
This will not surprise any GC engineers, and does not offer actionable information for
performance engineers.

Calls to the same function can exhibit very different behaviors depending on the
input. For example, when analyzing a function that scans an array of references, the
length of the array is a key piece of the puzzle. If one knows the inputs to this function
and their distribution, one can then determine the throughput of this function, and
subsequently identify outliers for investigation. Sampling loses the context of function
invocations, and therefore cannot do any such analysis.

Finally, function symbols may not be the level of abstraction one wants to analyze:
a logical event might start in one function call and finish in another function call, or
multiple logical events might finish in the same function call.

Sampling Bias

It is well understood that sampling profilers are prone to sampling bias [Arnold and
Grove, 2005; Mytkowicz et al., 2010; Yang et al., 2015]. In particular, they are not
well suited to analyze rare events—these events can be unpredictable but greatly affect
the tail performance of workloads. Examples of rare events in GC are large object
allocations and long GC pauses due to class unloading.

If sampling tools were to observe relatively rare events, they would need to sample
the whole program at the level of fidelity they need for the rare event, which incurs
very high overheads. The sampling frequency is also upper-bounded by the frequency
of kernel non-maskable interrupts; any faster sampling frequency can prevent the
entire OS from making progress. As a result, most sampling-driven profilers (e.g.,
Intel VTune) operate between 1Hz to 1000 Hz for user-space sampling, and up to
100000 Hz for hardware event-based sampling, which is inadequate for analyzing rare
events [Intel Corporation, 2023b].

Sampling tools are oblivious to non-CPU waiting time (i.e., a thread is sleeping
instead of spinning), and certain kernel time (such as the timer interrupt routine itself,
or non-interruptible kernel code), distorting user-space time [Sites, 2021].
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Correlation but not causation

Sampling generates a statistical profile of the program execution. Though the profile
can provide hints when investigating performance problems, it is impossible to estab-
lish causal relationships between events. This is particularly a problem in GC, where
GC work is often dynamically generated while recursively traversing the object graph
from the root set, and the work is freely distributed among worker threads to achieve
better load balancing. GC work can also be triggered by application activities (allo-
cators, barriers). Tracing a pathological event back to its root cause is something
sampling cannot do.

4.2.3 Tracing

Tracing creates a dynamic trace of a program’s execution by recording a small trace
entry each time an active tracepoint is encountered. A tracepoint may be: i) any non-
inlined function call/return specified at run time by the user, or ii) a user statically-
defined tracepoint (USDT) added to the source code. When disabled, tracepoints have
very little overhead, a result of very careful engineering (Section 4.3.1). When enabled,
each tracepoint may be used to capture information such as the name of a function
being entered / exited and a timestamp. Trace entries are written to a ring buffer
and are comprehensively processed in temporal order. Tracepoints can be enabled at
run time, allowing a developer to attach to a running process exhibiting anomalous
behavior and immediately start performing high-fidelity performance analysis.

Tracing addresses shortcomings of counting and sampling, making it a vital part of
the performance analysis toolkit. First, tracing instrumentation allows programmers
to debug events at the desired level of abstraction, and attach context to the events.
Second, tracing allows capturing rare events with very low cost, since the tracing
overhead is proportional to the frequency of the events traced. Finally, tracing allows
capturing of all events in a time series, and associating them with unique IDs, allowing
programmers to establish causal relationships between events.

Sampling-based profilers sometimes adopt elements of tracing. For example, the
Concurrency Visualizer in Visual Studio normally samples the program stack, but traces
every context switch [Microsoft Corporation, 2022]. This is so that the control flow
leading to blocking IO or synchronization can be comprehensively captured, rather
than be subject to the vagaries of sampling.

4.3 Tracing Technologies and Existing Use Cases

I survey popular tracing frameworks, and overview their limited uses in existing lan-
guage runtimes. I show that flexible, low-overhead tracing is absent in most garbage
collectors, a gap which I will address in this chapter.
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4.3.1 Tracing Technologies

The goal of this chapter is to develop low-overhead, high-fidelity performance tracing
for GC. Thus, I first survey potential tracing technologies.

eBPF eBPF (extended Berkeley Packet Filter) provides a safe and flexible way for
developers to extend the capability of the Linux kernel to facilitate low-overhead
tracing. The key component is a sandboxed in-kernel BPF virtual machine (VM) with
a verifier. Users can write BPF programs targeting the BPF VM to respond to kernel
and user-space events [Gregg, 2019; eBPF Foundation, 2021]. For example, a kernel
event can be a context switch, while a user-space event can be the execution of a user-
defined tracepoint (more below). eBPF has a wide range of applications, including
troubleshooting slow disk IO requests, as well as its namesake application, filtering
network packets.

Since eBPF is implemented in the Linux kernel, we primarily interact with it
through user-space frontends, such as BCC [IO Visor Project, 2015] and bpftrace [IO
Visor Project, 2018]. BCC provides a more customizable, C-like programming inter-
face, while bpftrace provides a convenient scripting language inspired by DTrace [Sun
Microsystems, 2006] and SystemTap [Prasad et al., 2005]. Both compile tracing pro-
grams (probes) into BPF VM bytecode.

There are many types of probes. Since I focus on using bpftrace to trace user-
space events in MMTk—a memory management framework, usdt probes and uprobe
/uretprobe pairs are relevant.

usdt probes attach to User Statically-Defined Tracepoints (USDTs), which can
be inserted anywhere in a program. uprobes and uretprobes attach to user-space
function entries and exits respectively. However, uprobe definitions depend on the
locations of these functions, and therefore, their utility is limited to non-inlined func-
tions with exported symbols.

As I mentioned above, developers can use USDTs to mark interesting points in
the code base (Fig. 4.1). Each USDT has several parts: the provider (namespace),
name, and zero or more arguments* to provide the context of execution. USDTs are
implemented by inserting nop instructions into the application binary at compile time.
The locations (instruction pointers) of each USDT are added to the notes section
of the output binary file (an ELF file). A probe attaches to a USDT by patching
the corresponding nop into a breakpoint, and the kernel executes the corresponding
tracing programs when handling the breakpoint.

Since our target, MMTX, is written in Rust, we use a third-party Rust library probe

[Stone, 2014] to add USDT tracepoints to our source code. For example, Fig. 4.1 shows
a tracepoint for the number of object graph edges (references) that a function iterates
over, and whether the edges are root edges. Then, we can attach a probe (Fig. 4.2) to
this tracepoint to understand the distribution of the number of edges in all invocations
of process_edges, and specially when the edges are root edges.

4Each USDT can optionally have a semaphore. The semaphore controls whether a USDT can fire, and
if not, skip the potentially expensive computation of USDT arguments.
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fn process_edges(&mut self) {
+  probe! (mmtk, process_edges, self.edges.len(),
+ self.is_roots());
for i in 0..self.edges.len() {
self.process_edge(self.edges[i])
¥

Figure 4.1: Inserting a USDT tracepoint into Rust code, which expands into a nop. The
original code is in black, and the additional code for the tracepoint is in green. The first
argument to probe! is the provider/namespace, and the second is the name of the tracepoint,
followed by zero or more arguments. In this case, the tracepoint has two arguments, one for
the number of edges, and another for whether the edges are root edges.

usdt:libmmtk_openjdk.so:mmtk:process_edges {
@dist_edges = hist(arg0);
if (argl) {
@dist_root_edges = hist(arg0);
b

Figure 4.2: A probe written in the bpftrace language. It attaches to the process_edges
tracepoint in Fig. 4.1. It records the number of edges (arg0) into histogram data structures
to estimate the distribution of the number of edges in each function invocation, separately
counting root edges (when arg1 is true).
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The scripting language of bpftrace provides standard data structures, such as as-
sociative arrays. The language also provides several ergonomic data structures like
histograms and statistical aggregates (count, minimum, maximum, average) so that
tracing observations can be aggregated on the fly. Operations on these data structures
are done in the kernel space by BPF programs compiled from bpftrace scripts. Some
bpftrace functions (printing, symbolizing addresses, etc.) are asynchronous: they are
queued into a kernel-user space buffer, and processed in user space. Invoking these
functions too frequently can overrun the buffer and drop events.

The main overheads of tracing a user-space program come from a privilege mode
switch (user space into kernel space), collecting the user-space thread context (reg-
isters), and executing the specific tracing logic defined by the user in the in-kernel
VM.

LTTng and Perfetto Unlike eBPE, which is implemented completely inside the Linux
kernel, LTTng [Desnoyers and Dagenais, 2008] and Perfetto [Android Open Source
Project, 2017b] can trace user-space programs from user space. Since no kernel/user-
space transition is required when tracing user-space programs, LTTng and Perfetto can
have lower tracing overhead. Both LTTng and Perfetto can additionally trace kernel
events, through a kernel module, and the Linux ftrace interface respectively.

The programs under trace emit tracing events to the tracing daemon process
through a shared memory ring buffer.’ The ring buffer is periodically flushed to disk
through serialization.

Perfetto comes with a web UI that can visualize several trace formats. We do not
use Perfetto to perform tracing, but we use Perfetto Ul to visualize garbage collection
traces collected through bpftrace.

4.3.2 Tracing in Managed Language Virtual Machines

Understanding the performance of the GC is crucial for GC developers. It is also critical
for engineers responsible for deploying virtual machines (VMs) in performance-critical
settings. While tracing technologies have been used in VMs, as I show in this section,
they do not provide insights into the inner workings of garbage collectors, and thus
are complementary to this chapter.

Python, Ruby, and Julia Python [Malcolm and Langa, 2016], Ruby [Ruby Develop-
ers, 2013], and Julia [Julia Developers, 2011] all provide GC tracepoints. Any tracing
tool that understands the USDT format, including bpftrace and DTrace, can attach
to these tracepoints. For these runtimes, the tracepoints implemented within their
native collectors only tell us when a GC phase begins or ends, and when allocations
occur. These tracepoints do not provide sufficient detail to properly understand collec-
tor behavior. In Section 4.4, I show that with a sufficiently modular collector design,
just a few USDT tracepoints can provide rich insights into collector behavior.

SPerfetto has an in-process tracing mode which does not require a daemon process but it can only
trace the program it co-locates with.
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V8 and Android Runtime V8 [V8 Developers, 2018] uses the Chromium tracing
framework. It reports the time spent in most GC phases and the sizes of spaces.
It also collects the memory footprint of different types of objects. Android Run-
time (ART) [Android Open Source Project, 2017a] uses the Perfetto tracing frame-
work. ART records different phases of GC, and how heap sizes change with each GC
epoch. Both V8 and ART use Perfetto as the Ul frontend for visualizing traces. Neither
provides the level of detail and generality that I show in Section 4.7.

.NET and OpenJDK Compared with the other language runtimes listed above,
.NET [Microsoft Corporation, 2016] and OpenJDK allow more events to be observed.
They report more statistics after each GC, such as the size of each generation, and
allow profiling of allocation sites and heap composition. Their tracing interfaces can
be enabled during run time, supporting tools like GCRealTimeMon [Stephens, 2021]
and JDK Mission Control [Oracle Corporation and OpenJDK Developers, 2013] respec-
tively.

Although these runtimes have a richer surface for observation, the detailed be-
haviors of each collector are primarily analyzed through specific and baked-in logging
statements. A key reason is that these collectors are built as monoliths, and the devel-
opers of each collector necessarily have to guess at which elements of the collector are
going to be most useful to the end user. Additionally, they lack facilities to measure
the performance of key GC hot-paths, such as allocation sequences (Section 2.1.1).

In contrast, MMTk uses a modular design, and uses self-contained work packets
for scheduling, which I discuss more in Section 4.4. These features allow us to reveal
rich insights into the collectors’ behavior, including the allocation sequences, in ways
that are general, collector-neutral, and have very low overhead.

4.3.3 Choosing a Tracing Technology

Though powerful, tracing tools are still subject to the tradeoff between precision® and
the impact on the system under test. Although I focus on eBPF (in particular, its
bpftrace frontend) in this chapter, there are more aspects to consider when choosing
a specific tracing technology.

One important practical consideration is the ecosystem into which the tracing
will be applied. For example, Android and Chromium are extensively instrumented
using their respective tracing frameworks (Section 4.3.2). Therefore, using the same
framework when adding tracing to their GCs would lead to easier integration with the
existing workflow and easier correlation of events from different system components.

Another important consideration is the tracing overheads, and the need to trace
kernel events. When using eBPF to trace user-space programs, the main overheads
come from a privilege mode switch (user space into kernel space), collecting the user-
space thread context (registers), and executing the specific tracing logic defined by
the user in the in-kernel VM.

A precise measurement distorted by observer effects is not accurate.
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Despite its overheads, we use eBPF in this work, because it is widely available
as part of modern Linux kernels, and has a rich ecosystem, including the frontends
I enumerated above. Since eBPF executes tracing logic in kernel, it does not incur
extra overheads when querying the kernel states when handling a user-space event.
In Section 7.1, I will discuss emerging user-space eBPF tracing tools.

However, if one wants to purely trace user-space events, and preserve the raw
events for offline analysis, Perfetto or LTTng might be a better choice. This is due
to the shared memory buffer between user-space processes not requiring a privilege
mode switch, and their more efficient on-disk representation of the data than, say, the
plain text used by bpftrace.

These choices of tracing technology are of practical importance but are largely
orthogonal to the key message of this chapter, which is that tracing combined with
modular software design provides low-cost, highly general observability.

4.4 Adding Tracing to GC

I now give an overview of how one can integrate tracing into GC. Using MMTk—
a memory management framework—as an example, I show how one can integrate
tracing into GC with minimal changes to an existing code base. In later sections, I
show that these modifications incur minimal performance overheads (Section 4.6),
and allow us to observe intricate system behaviors (Section 4.7).

4.4.1 MMTK and Its Work Packets

MMTXk is a memory management framework that provides a robust, efficient, portable,
and flexible platform for developers to build garbage collectors [MMTk Developers,
2020; Blackburn et al., 2004b]. Almost all collection work is done by stateless GC
workers executing work packets [Zhao et al., 2025a]. Note that MMTk’s work packet
system evolves over time. Here, I describe the behavior in the o.19 release.

Work packets (such as object scanning work packets) contain work items of the
same type (such as objects to be scanned). The size of a packet is the number of items
within it. Each work packet contains a function pointer instructing the GC worker
on how to process these work items, and preconditions dictating when it may be
executed.

Work packets that share the same preconditions are put into the same work buckets.
A work bucket only opens when all of its preconditions are met; worker threads can then
fetch packets from that bucket. For example, the packets for the heap traversal might
be put in a bucket that only opens once all root scanning packets have completed.

The distribution of work packets among worker threads is key to scalability. Worker
threads acquire work packets from an initial global pool and then consume and produce
work packets into thread-local pools. Once the global pool is empty and a thread’s
local pool is exhausted, it steals work from the local work packet pools of other threads.
Both work stealing and the acquisition of global work packets require synchronization
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of threads to avoid race conditions. Thus, the choice of packet size involves a trade-off
between increased parallelization and increased synchronization.

Smaller packets allow for greater parallelization as the work can be spread more
evenly among the threads. However, if packets are too small, then fixed per-packet
overheads can dominate. Analyzing the distribution of work packet sizes is important;
it can provide insight into why particular benchmarks scale better and help us identify
possible areas where scalability can be improved.

4.4.2 Tracepoints Added

We added just 14 lines of substantive Rust code to MMTK, comprising USDT trace-
points that provide observability into five major behaviors: i) the start and end of
each collection (2 LOC), ii) the start and end of processing each work packet (5LOC),
iii) the start and end of each execution of the allocator slow path (2 LOC), iv) the
opening of each work bucket (2 LOC), and v) the process_edges method (3 LOC).
There are an additional ten lines of code to make the above compile conditionally, and
nine more lines of import statements and trailing braces. In Section 4.6, I will show
that these tracepoints impose an overhead so low that there is no need to conditionally
compile them in practice.

While logging dumps textual summaries of what a collector has done (requiring
foreknowledge of what the consumer may find useful), the tracepoints we add pro-
vide fine-grained, semantically rich building blocks from which the user can perform
powerful analysis (Section 4.7). The power of this approach is greatly assisted by
the highly modular design of MMTk. Our goal is not to be exhaustive regarding the
tracepoints one can add. Rather, I demonstrate that just a few tracepoints add tremen-
dous observability to the garbage collector while incurring negligible overhead.” I now
describe each of the five behaviors observed by the tracepoints we added.

Collection Start and End

When attached, these tracepoints fire once at the start and at the end of each collection,
enabling observation of the time spent in the stop-the-world portion of each collec-
tion. Like most collectors, MMTk already has explicit instrumentation to measure
the time spent in stop-the-world collection, but for completeness, we added them as
tracepoints.

Work Packet Start and End

This pair of tracepoints allows the time spent processing each work packet to be
observed. The tracepoints also capture the type of the packet (passed as a string
reflecting the Rust type). Together, this information provides users with insight into
the details of how work is being performed within a garbage collection, how well it is
being parallelized, and which packets and packet types are responsible for performance

7i.e. with no statistically significant overhead.
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anomalies. These work packet events can be readily organized into the format of
various tracing visualization tools, such as the JSON format of Perfetto [Google, 2016].
Combined with the bucket opening tracepoint (below), we can further visualize these
events by the GC stages in which they appear. These events give us an intuitive yet rich
understanding of the dynamics of collection work, which I later illustrate (Fig. 4.5).
When attached, they fire roughly once every microsecond during GC.

Allocator Slow Path

Most allocators are designed around an efficient common-case fast path, which is
usually thread-local and unsynchronized, and an infrequently taken slow path, which
is used only when the fast path exhausts its cache of available memory. This pair of
tracepoints enables observation of the time spent in the allocation slow path. When
attached, they fire approximately once for every 64 KiB of allocation, which can be up
to once every 10 us.

Bucket Opening

This tracepoint allows us to observe the opening of each work bucket. Since buckets
are opened at different points during the GC only when certain preconditions are
satisfied (Section 4.4.1), the timing of bucket openings provides insight into how long
various stages of the garbage collection take. When attached, this tracepoint fires on
the order of once a millisecond during GC.

The process_edges Function

Each of the above tracepoints is very generic. In contrast, the tracepoint I am about
to describe is specific, and provides observability into ProcessEdges work packets.
These packets collectively perform the heap traversal over the object graph, a task
which dominates most tracing-based collection work, so we add this tracepoint as an
important special case.

We add the tracepoint to the substantive inner function of ProcessEdges work
packets (process_edges) to report the number of edges the function visits and record
whether these edges are roots of the heap traversal.

Measuring the size of ProcessEdges work packets allows us to gain more insight
into problems regarding the scalability and efficiency of tracing. As discussed in
Section 4.4.1, this is because larger packets better amortize the fixed cost of fetching
a packet, while smaller packets are more evenly distributed among worker threads.
When attached, they fire approximately as frequently as the work packet start and end
tracepoints; up to once every microsecond during GC.

I will outline our methodology and evaluate the overheads associated with these trace-
points before stepping through case studies that illustrate the utility of the tracepoints.
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4.5 Methodology

I now present the baseline methodology used throughout the remainder of this chapter.
In the overhead analysis and case studies that follow this section, I describe any
deviations from this baseline methodology where applicable.

Hardware and Software Platform

Our work is available as part of the new Rust-based implementation of MMTk [Black-
burn et al., 2004b,a; MMTk Developers, 2020]. We use the 0.19.0 release of MMTk
and its OpenJDK binding (based on OpenJDK 11.0.19+1) in our evaluation. MMTk
is built using version 1.71.1 of the Rust compiler, utilizing profile-guided optimization.
We use version o.5 of the Rust probe crate to add USDT tracepoints to MMTk. Both
machines we use run Ubuntu 22.04.3 installed with the 5.15.0-79-generic kernel.
We use the official binary release of version 0.18 of bpftrace.

We use two hardware platforms described in Table 4.1, which we refer to as Zen 3
and Coffee Lake respectively.

Table 4.1: Specifications for the hardware used in the study.

Coffee Lake Zen 3

Model Core i9-9900K Ryzen 9 5950X

Year 2018 2020
Technology 14 nm 7nm
Clock 3.6 GHz 3.4 GHz

SMT x Cores 2x8 2x16
L1 Data Cache 32KB x 8 32KB x 16
L2 Cache 256 KB x 8 512KB x 16

LLC 16 MB 64 MB

Memory Size 128 GB 64 GB

Memory Type DDR4-3200 DDR4-3200

JVM Parameters

We set the heap size to a modest three times the minimum heap size required by
each benchmark using the Immix collector. We also use -XX:-TieredCompilation

—-Xcomp flags to speed up the warmup of the JVM, except for tradebeans and tradesoap
because they cannot run when forcing compilation.? We disable compressed pointers,
weak references, and class unloading because the MMTk/Open]DK binding does not
support these features in the version we use. The tracepoints we add are entirely

8https://github.com/dacapobench/dacapobench/issues/198
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collector-agnostic. The methodology, including the specific scripts we use, is appli-
cable to other collectors in MMTk. We focus on the Immix collector [Blackburn and
McKinley, 2008]; this full-heap, stop-the-world collector is performant and easier to
understand than concurrent or generational collectors, which aids exposition.

Benchmarks

We use 21 diverse, up-to-date benchmarks from the Chopin development branch of
the DaCapo benchmark suite [Blackburn et al., 2025; DaCapo Developers, 2022].9 We
exclude batik because it does not perform GC with the heap size we use. We fix a
bug in lusearch during our case studies (Section 4.7.2), and include its original buggy
version (lusearch_bug)® in our evaluation.

Execution Methodology

For each case study, we invoke each benchmark 30 times. We interleave invocations
of different case studies to minimize bias due to systematic interference. In each
invocation, the benchmark warms up using four iterations, and we report the results
from the fifth iteration. For each case study, we report the aggregated result from
the 30 invocations for each configuration using the mean and 95 % confidence interval
where appropriate.

4.6 Tracing Overheads

This section quantifies the overheads associated with tracing considering three sce-
narios: i) the overhead of adding tracepoints (nops) to MMTk (but without attaching
probes to any of them at run time), ii) the overhead of attaching a probe to the bucket
open tracepoint to observe GC phases, iii) the overhead of attaching a probe to observe
the size of ProcessEdges work packets, and iv) the overhead of attaching probes to
the allocator slow path start and end tracepoints to observe the slow path durations.
For each of the three observation applications, we attach probes to the GC start/end
tracepoints to count the number of GC epochs. We use both the Zen 3 and Coffee Lake
platforms to assess the architectural sensitivity of the results, presented in Table 4.2
and Table 4.3 respectively.

We do not measure the overhead of observing the start/end timestamps of each
packet (used by Perfetto visualization) because we cannot directly compare across
benchmarks since the sample rate for each is hand-tuned. This is necessary because the
work packet execution frequency can be as high as once a microsecond. Observations
can sometimes be lost because printing in eBPF is done asynchronously through a
fixed-size kernel-user space buffer (Section 4.3.1).

9Commit 6eai64as, 2023/09/10
°Commit odo47f55, 2023/02/02.
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Table 4.2: Tracing overheads on Zen 3 for total time, stop-the-world collector time, and
mutator time, for each benchmark normalized to the base case of an unmodified MMTk. In each
group of four columns, the first measures tracepoints compiled in but not attached at run time
(tp). The second uses the open bucket tracepoint (ob), the third uses the process_edges
tracepoint (pe), and the last one uses the allocation slow path tracepoints (as). In each case,
we show the mean and the 95 % confidence interval (gray) of the time normalized to the base
case, aggregating across 30 invocations.

Total STW Collector Mu.

Benchmark tp ob pe as tp ob pe as

avrora 0.995 1.000 0.999 1 .003 1.004 1.022 1.048 1 .002

+1.3% +1.3% +1.5% + % +25% +2.2% +2.2% + %

biojava 1.003 1.003 1.000 1 021 1.015 1.014 1.018 1 022

+0.5% +0.5% +0.5% +0.4% +1.1% +1.1% +1.0% +0.4%

cassandra 1.000 0.999 0.998 1.000 0.995 1.001 1.016 1.000

+0.5% +0.5% +0.5% +0.5% +2.2% +2.6% +2.3% +0.5%

eclipse 1.009 0.956 1.007 0.984 1.002 1.008 1.020 0.983

+11.6% £58%  *11.4% +6.0% +0.9% +0.9% +0.9% +6.0%

fop 0.995 0.996 0.996 1.033 0.989 0.972 0.997 1.034

+0.5% +0.6% +0.5% +0.5% +4.5% 4.1% 42% +0.5%

graphchi 1.000 0.999 1.002 1 009 1.015 1.021 1.025 1 009

+0.1% +0.5% +0.1% +0.3% +1.0% +0.9% +0.9% +0.3%

h2 1.008 1.005 1.011 1.018 1.022 1.010 1.018 1.016

+1.0% +1.0% +1.0% +1.0% +1.3% +1.2% +1.1% +1.1%

h2o 1.002 1.005 1.002 1.058 1.003 1.014 1.025 1.062

+0.9% +0.9% +0.9% +0.9% +1.6% +1.6% +1.8% +0.9%

jme 1 OOO 1 000 1.000 1 001 1.023 0.999 1.312 1 001

+0.0 % +0.0 % +0.0% +0.0% +3.4% +4.1% +3.6% +0.0%

jython 1 005 1 002 1.004 1.036 1.015 1.005 1.017 1.038

+0.3% +0.3% +0.3% +0.2% +1.6% +1.2% +1.2% +0.3%

kafka 0.992 0.997 0.980 0.979 1.047 1.045 1.053 0.978

+4.8% +5.1% +3.8% +3.8% +6.5% +6.5% +6.5% +3.9%

luindex 1.006 1.006 1.011 1.021 0.998 1.013 1.041 1.022

+0.5% +0.5% +0.5% +0.6% +2.4% +2.1% +2.2% +0.6 %

lusearch 1.008 1.036 1.015 1.021 1.027 1.030 1.046 1.019

+0.8% +4.8% +0.7% +0.7% +2.4% +2.5% +2.2% +0.3%

lusearch_bug 1.070 1.026 1.333 1.004 1.005 1.006 1.829 1.001

+8.8% +4.7% +0.6 % +0.6 % +1.9% +2.0% +1.5% +0.6%

pmd 0.997 0.998 0.998 1 007 0.982 0.98 1.003 1.012

+0.7% +0.7% +0.7% +0.7% +3.2% +3.4% +3.3% +0.3%

spring 0.998 0.995 1.034 1.008 1.016 1.009 1.237 1.006

+0.7% +0.7% +0.8% +0.7% +1.5% +1.5% +1.3% +0.8%

sunflow 1.017 1.002 1.028 1.007 1.017 1.003 1.020 1 006
+1.9% +1.9% +2.5% +1.9% +1.5% +1.3% +1.3% +2.2%

tomcat 0.998 0.999 1.003 1.007 1.003 1.009 1.013 1 .007

+0.3% +0.3% +0.3% +0.3% +1.8% +1.9% +1.7% +0.3%

tradebeans 0.999 0.999 1.003 1.017 1.002 1.005 1.025 1.019

+0.9% +1.0% +0.9% +0.9% +1.6% +1.7% +1.7% +0.9%

tradesoap 0.997 1.001 1.002 1.012 1.005 1.003 1.024 1.013

+0.6% +0.6% +0.6% +0.6% +1.6% +1.5% +1.5% +0.6%

xalan 0.986 0.997 1.001 0.990 0.971 0.990 1.005 0.993

+0.8% +0.9% +0.9% +0.8 % +1.8% +2.0% +2.0% +1.0%

zxing 0.993 0.992 0.993 0.997 1.026 1.056 1.052 0.996

+1.3% +1.2% +1.2% +1.2% +4.6% +4.8% +4.6% +1.2%

min 0.986 0.956 0.980 0.979 0.971 0972 0997 0.978
max 1.070 1.036 1.333 1.058 1.047 1.056 1.829 1.062
geomean 1.004 1.000 1.017 1.010 1.008 1.010 1.073 1.011
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Table 4.3: Summary of overheads for Coffee Lake. This table omits per-benchmark results
for concision. The data here corresponds to the last three rows of Table 4.2, which reports
overheads for Zen 3.

Total Collector Mu.
tp ob pe as tp ob pe as

min 0.972 0976 0.991 0.985 0.973 0971 0.984 0.985
max 1.005 1.004 1.239 1.115 1.034 1.067 2.164 1.121
geomean 0.997 0.998 1.013 1.022 1.003 1.007 1.126 1.024

Using Table 4.2, we first evaluate the overhead of adding tracepoints (first column,
tp). The average impact on total execution time is within the noise of our measure-
ment: a nominal 0.4 % slowdown on the Zen 3, and a 0.3 % speedup on Coffee Lake.
Looking at the per-benchmark results on Zen 3, we see that the overhead is within
measurement noise for every benchmark. With respect to collector time, we see slow-
downs of 0.8 % and 0.3 % on the Zen 3 and Coffee Lake respectively. These results
show that the impact of adding the tracepoints to the codebase is negligible. This
low overhead paves the way for compiling in and deploying tracepoints in production
settings. This will allow high-fidelity measurements of the system at any time without
recompiling or redeploying.

Next, we evaluate the cost of attaching a probe to the bucket open tracepoint
(second column, ob). We see no overhead in total time (0.0 %) on the Zen 3, while on
the Coffee Lake we see a nominal speedup of 0.2 %. With respect to collector time, we
see slowdowns of 1.0 % on the Zen 3 and 0.7 % on the Coffee Lake. These overheads
are low enough that the bucket open tracepoints could be left attached in most cases.

Next, I discuss the case where process_edges is observed, allowing us to mea-
sure the size of each ProcessEdges work packet (third column, pe). This is executed
many orders of magnitude more frequently than the bucket open tracepoint. Total
time overheads are now measurable, 1.7 % and 1.3 % respectively on the Zen 3 and
Coffee Lake. The collector sees slowdowns of 7.3 % and 12.6 % on the Zen 3 and Cof-
fee Lake respectively. While measurable, these slowdowns remain small enough that
the tracepoints could also be continuously attached in some contexts.

The above quantifications concern the collector. Now we evaluate the overhead of
measuring the allocation slow path (fourth column, as). Although a copying collector
also allocates during GC, allocation is predominantly performed by mutators. The
total time overheads are similar to the above study, 1.0 % and 2.2 % respectively on the
Zen 3 and Coffee Lake. The mutator sees slowdowns of 1.1 % and 2.4 % on the Zen 3
and Coffee Lake respectively. Again, the overhead is low enough that the allocation
tracepoint could be routinely left attached, allowing us to correlate memory manager
behaviors with benchmark events.

Together, these results illustrate that the overheads of tracing via eBPF are very mod-
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est. Compiling the tracepoints into the binary incurs negligible overhead, enabling
their use even in production settings. Furthermore, I show that interesting tracing
applications have such low overhead that in many cases they could be performed in
production too.

4.7 Case Studies

In this section, I use two case studies to show how the observability offered by tracing
leads to insights into collector and mutator performance. Each of the studies incurs
negligible storage overhead, since the data is aggregated on the fly, except for the
detailed per-work packet trace (Fig. 4.5), which uses about 20 kB per garbage collec-
tion (GC) invocation using a naive JSON format after gzip compression.

4.7.1 Heap Traversal Scalability: The ProcessEdges Work Packet

The performance of tracing collectors (Section 2.2) is typically dominated by how effi-
ciently they perform a heap traversal over all live objects within specific parts of the
heap. The traversal may be within one or more regions, the nursery, or the whole
heap. Most modern collectors are multithreaded, distributing the work among worker
threads to exploit hardware parallelism (Section 2.2.2). The performance of such
a traversal is influenced by three factors: i) the efficiency with which each object
in the graph is processed, ii) the efficiency with which work is distributed among
available workers, and iii) the amenability of the shape of the object graph to paral-
lelization [Barabash and Petrank, 2010].

In this case study, I discuss the scalability of heap traversal performed by MMTk’s
Immix collector. MMTk uses the ProcessEdges work packet to perform the traversal.
The traversal is bootstrapped by ProcessEdges work packets consisting of roots of
the object graph (Section 2.2). Examples of roots are stack references and global
references. Each item in a ProcessEdges work packet is a single edge, the address of
a reference to be traced. The work packet processes each edge by dereferencing the
edge, and if the referent object has not already been marked, it is marked. In the case of
a copying collector, an unmarked referent is also moved. These referents (objects) are
then scanned in batches to discover the outgoing edges of each node. The discovered
edges are put in a new ProcessEdges work packet. This lifecycle of ProcessEdges
packets repeats until the object graph is fully traversed. For a copying collector, if the
referent object was already moved earlier in the collection or is moved by this packet,
then during the processing of the edge, the edge is updated to point to the forwarded
object.

Methodology

We first attach a probe to the bucket open tracepoint to measure the length of the heap
traversal phase of the collection. We then attach a probe to the process_edges trace-
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Figure 4.3: Distribution of packet sizes for each benchmark. Key results are shown in color,
with the remainder in grey. Packet sizes are rounded down to powers of two and are presented
on a logarithmic scale (x-axis). Graphs (a) and (b) measure all ProcessEdges work packets,
while (c) and (d) measure only root packets. Graphs (a) and (c) show the cumulative density
function (CDF) of packet sizes as a proportion of all packets, while (b) and (d) show packet
sizes as a proportion of work items, so larger packets have proportionately heavier weight. All
benchmarks are shown (gray) and I highlight three or four notable results in color in each case.
The labels indicate the proportion (y-axis) at the packet size (x-axis) indicated in parentheses
in the caption. For example, in (a), for biojava and h2, packets of size less than 16 account for
just 3% of all packets.
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point to measure ProcessEdges packet sizes. Finally, we attach probes to the work
packet start/end tracepoints to save raw timestamped data for Perfetto visualization.
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(a) Zen 3 (16 cores). (b) Coffee Lake (8 cores).

Figure 4.4: The scalability of MMTKk’s heap traversal phase (closure) for each of the DaCapo
benchmarks, showing speedup relative to using one worker thread (y-axis, log) as a function
of the number of worker threads (x-axis, log). The dashed red line indicates perfect scaling.
Selected benchmarks are labelled, the remainder shown in grey to indicate the distribution of
results. Labels indicate speedup at 8 cores.

Results and Discussion

I now discuss four aspects of the ProcessEdges work: i) the overall scalability of the
heap traversal phase, in which it dominates, ii) the distribution of packet sizes, iii) the
distribution of root packet sizes, and iv) the distribution of packets among threads
over time.

Figure 4.4 shows the scalability of the heap traversal phase of collections on each
of our hardware platforms. On the Zen 3, it ranges from pmd, which scales with 81.5 %
efficiency at 8 threads (6.52 / 8), to fop, which is just 50.7 % efficient (3.96 / 8). xalan
exhibits super-linear speedup on the Zen 3. We ascribe this to an as-yet unconfirmed
architecture-specific performance problem when running with a single thread. On the
Coffee Lake, scalability ranges from spring, which scales with 79.5 % efficiency (6.36 / 8)
at 8 threads, down to fop, which is 52.6 % efficient (4.21/8). I now explore possible
reasons for the lack of scalability seen by some of these workloads.

The most likely sources of a scalability problem in the heap traversal phase are
poor load balancing and contention. We start by observing that the scalability is very
workload-sensitive, and that for some workloads, the scalability is quite good. On
this basis, we investigate the distribution of work packet sizes. Small work packets
indicate a performance problem since there is a fixed cost associated with acquiring a
new packet. On the other hand, very large packets may inhibit load balancing, since



S4.7 Case Studies 61

‘Thread 3830199
‘Thread 3830200
Thread 3830201
Thread 3830202
‘Thread 3830203
Thread 3830204
Thread 3830205
Thread 3830206
‘Thread 3830207

(a) A GC invocation from tomcat, showing good load balancing.
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(c) A poorly load-balanced GC invocation from lusearch_bug. The period within the thin red box on the
right is shown in detail in Fig. 4.5(d).

Thread 3822084 |
Thread 3832035

Thread 3832036 |IEEEEEEEEEE EEEEREEEEEN WMEBMOMMW T D D 02 @ 3C
Thread 3832087 L vtk ]
Thread 3832038 T
Thread 3832089 e SweesChuk |
Thread 3632040
Thread 3832041 e Sveschunk |
Thread 3832042 DI EIED@EC

(d) Zooming in on a very thin slice near the end of Fig. 4.5(c). Thread 3832036 is executing a series of
short ProcessEdges packets.
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(e) A collection from lusearch after fixing the bug in lusearch that led to poor load-balancing. Compare to
Fig. 4.5(c).

Figure 4.5: Per-work packet tracepoints allow scalability problems to be quickly diagnosed
using a visualization tool such as Perfetto, depicted in the screenshots above. The problems
with fop (4.5(b)) and lusearch_bug (4.5(c)) are immediately clear: poor load balancing. Perfetto
renders different work packet types in different colors and labels them with their type. Each
GC invocation is dominated by the ProcessEdges work packet, which is rendered in orange.
Bucket opening events are marked with green arrows. The first three and the last screenshots
were taken at a fixed resolution to show the entire collections. Perfetto also allows the user
to easily zoom in and out (4.5(d)), inspecting the trace at different levels of detail.
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MMTk workers can steal packets, but cannot steal work from within another packet.
We also evaluate root packet sizes, since root packets bootstrap the heap traversal and
if they were large and unevenly distributed among workers, they could lead to load
imbalance and starvation.

Figure 4.3(a) shows the distribution of packet sizes for all benchmarks on Zen 3
as a cumulative distribution function. The distribution is similar on Coffee Lake.
The outliers at the small end are jme and the buggy version of lusearch, for which
about 86 % and 80 % of all packets are less than size 32. The bug fix for lusearch
(Fig. 4.5(c) and Fig. 4.5(e)) significantly reduces the number of small work packets
(down to 43 %). At the large end, the outliers are biojava, where about 9o % of packets
are of size 1024 or more, and h2 where about 85 % of packets are at least 512 in size.
Interestingly, these observations do not correlate well with scalability. In fact, the four
outliers from Fig. 4.3(a) are clustered together in the middle of the Zen 3 scalability
curve (Fig. 4.4(a)); despite their extremes in packet size distribution, they all have
unremarkable scalability. In Fig. 4.3(b), we weight the curves by the size of the packets
so that rather than reflecting the fraction of all packets, they reflect the fraction of
all items. This different weighting is interesting. However, it comes no closer to
explaining the lack of scalability.

Another factor that may affect load balancing is the size of root packets—the work
packets that bootstrap the heap traversal. If the bootstrapping work is not well dis-
tributed among the threads, it might lead to poor load balancing and poor scalability.
Fortunately, this is easy to investigate with the existing tracepoints. Figure 4.3(c) illus-
trates the distribution of root packet sizes and Fig. 4.3(d) shows the same, weighted by
packet size. Unfortunately, neither of these show any correlation with the scalability
results in Fig. 4.4. However, they reveal that some of the root work packets are very
large, and Fig. 4.3(d) indicates that most root edges come from packets of size 4096 or
larger. This suggests an opportunity to improve root processing in MMTk’s OpenJDK
binding.

Finally, I use the tracepoints at the start and end of each work packet to visualize
the execution of work packets as a function of time and thread affinity. Figures 4.5(a)
to 4.5(c) show three GC invocations, two from poorly scaling workloads (fop and
lusearch_bug), and one from a well-scaling workload (tomcat). In each case, time runs
from left to right, and threads are presented as rows. There are eight worker threads
and one coordinator thread (which is almost always idle). It is immediately obvious
that the ProcessEdges work packets (orange) are poorly load-balanced in the fop
and lusearch_bug collections. Closer inspection reveals that the causes are different.

In the case of fop, the collector starts performing finalization work about halfway
through. The change in collection phase is denoted by a small green arrow on the
bottom-most thread, which indicates the opening of the work bucket responsible for
finalization. Although it is not immediately obvious why the finalization work is not
shared across the other threads, the source of fop’s poor scalability is very clear: it is
due to the serial execution of finalization.

UThis limitation is fixed in later versions of MMTKk [Zhao et al., 2025a].
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In the case of lusearch_bug, the problem is very different. Zooming in with Perfetto
to reveal more detail (Fig. 4.5(d)), we find that the three threads that continue working
for a long time (thread IDs 3832035, 3832036, and 3832040) are each busy process-
ing a long series of very short packets. Furthermore, by using the process_edges
tracepoint, we can annotate each of these short packets with the number of edges,
which is 25 in this case. Finally, we see that this same pattern occurs at nearly ev-
ery garbage collection. We hypothesize that this is due to the collector traversing
long linked list data structures, which are inherently non-parallelizable [Barabash and
Petrank, 2010].

Having used the GC tracing framework to narrow the problem down to this
point, we modified the MMTk source code to dump the types of the objects in each
packet of size 25. This immediately revealed the problem. The JDK internal class
PhantomCleanable uses a doubly linked list to record objects that require cleaning,
such as files to be closed when they are no longer used. Each entry in the linked list
carries the same data structure, which happens to contain exactly 25 edges, explaining
why each packet was 25 items in size. An entry is removed from the linked list only
after the referent is cleaned.

This linked list is traversed at every GC invocation, and the traversal is inherently
unparallelizable [Barabash and Petrank, 2010]. The remaining question was why
this problem showed up in lusearch_bug only. Printing out of the objects in each
packet answered this question too. Each PhantomCleanable corresponded to one
of lusearch_bug’s 2048 input query files. We discovered that the benchmark was not
closing the query files after use, resulting in a very long list. We verified this by
fixing the benchmark. After this fix, we discovered another less dramatic instance of
the same problem. Benchmark checksum files used by the suite before starting any
benchmark were not being closed. We fixed this too and confirmed that the collector
scalability problem was solved. The impact of the fix is clear in the Perfetto screenshot
in Fig. 4.5(e) and in Fig. 4.4.

Programming errors like the above are simple yet subtle. They would have gone
unnoticed without exhaustive per-packet traces (c.f. sampling) and their visualization,
which crisply revealed the problem. The timelines also reveal a significant amount
of other information, such as the time waiting for mutators to yield (the leftmost
packet, labeled StopMutators). It also reveals that root processing (blue and magenta)
generally scales well, with the exception of the ScanCodeCache work packet (olive).

Together, these various perspectives on collector behavior provided by the trace-
points give the developer a wealth of information, allowing them to conduct perfor-
mance debugging at a very low cost. Traditional performance debugging tools and
expert knowledge remain important (such as for identifying the PhantomCleanable
above), but the process is dramatically faster than one without tracing. Next, I present
a case study that uses tracepoints to understand mutator behavior.
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4.7.2 Allocator Scalability

The context for this case study is a scalability regression in MMTk that was not im-
mediately detected. It was only evident with the lusearch workload when running on
eight or more cores [Lin, 2022]. The problem was debugged and fixed before this
work, so this case study is a retrospective analysis.

lusearch is interesting because it allocates at a very high rate (about 16 GiB/s)
and the workload is embarrassingly parallel—each thread performs a large number
of independent search queries against a shared index. It is therefore a good test of
allocator scalability. The progression of the bug diagnosis was that the performance of
lusearch regressed after a change to MMTk. When the MMTk team looked more closely,
they identified that the regression was not due to an increase in collector time but
a slowdown in the mutator. Moreover, the slowdown was only evident on machines
with high core counts. The problem was evident even in a stop-the-world, whole-
heap collector, where the only element of the garbage collector directly impacting
the mutator is the allocator (no write barriers, no concurrent collection). Since the
allocator fast path (Section 2.1.1) is strictly thread-local, the fast path was unlikely to
be the source of a scalability regression. Thus, the focus of this study became the
allocator slow path, which is responsible for periodically acquiring new memory from
a global pool to replenish the thread-local allocator.

Methodology

We use the usdt tracepoint that we added to MMTK’s allocator slow path (Section 4.4),
allowing us to observe the time spent in every execution of the allocator slow path. We
also use eBPF’s uprobe capability, which allows us to monitor the entries and exits
of any function without any source code modification (Section 4.3.1). By attaching
uprobes to the Mutex: :lock_contended function symbol exported by the Rust
standard library, we are able to precisely measure the time spent waiting for locks,
amplifying any allocator slow path regression caused by lock contention.

Results and Discussion

Figure 4.6(a) shows a cumulative distribution function plotting the distribution of
allocator slow path execution times as a function of their duration for the correct code
(orange) and the regressed code (blue). The regressed code is much less likely to have a
short duration (=< 2us) slow path. This result quickly confirmed the initial hypothesis
that the allocator slow path was the source of poor scalability. It was then a matter of
identifying changes that affected the allocator slow path within the window of when
the regression was observed. In this case, the problem was an unintended coarsening
of the scope of a lock used to acquire pages from a global resource. We attached a
uprobe/uretprobe pair to the Mutex: : Llock_contended function. Figure 4.6(b)
shows that the bug fix made a dramatic difference to the time spent on the lock slow
path, with almost all cases taking less than 4 us. Furthermore, the graph shows that
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Figure 4.6: A regression in allocator slow path performance on lusearch visualized as a cumu-
lative density function. The top graph compares the allocator slow path time (x-axis, log) of
the correct code (orange) and that of the regressed code (blue). We would expect two cases
for the allocator slow path time, the common case (2 us) and the uncommon case (upper right)
due to garbage collection pauses, etc. In the regressed case (blue), about 30 % of slow paths
are taking 3 us to 100us, which are suspicious. The bottom graph amplifies the problem by
tracing the time spent in the contended state.

the slow path was taken one-fifth as frequently, indicating the lock was far less likely
to be contended.

The ability of tracepoints to allow rapid confirmation of such a hypothesis is valu-
able. Without precompiled tracepoints, each such a hypothesis might have required
ad hoc modifications to the source code and a fresh build before any measurement and
analysis could be done. The workflow available via eBPF allows this kind of analysis
to be conducted systematically and cheaply, even on a running binary.

4.8 Discussion and Summary

In this chapter, I demonstrated that kernel-based performance tracing tools, such as
eBPE provide very rich observability into garbage collectors. This observability is
implemented with negligible overhead—lower than our measurement noise, and with
just 14 lines of code when building on top of MMTk—a modular collector framework.
I used two case studies to show the power of this combination, applying it first to a
collector performance bug, and then to an allocator performance bug. I made the case
that this approach to performance debugging of collectors is more powerful and more
flexible than the dominant state of the art: logging and tracing. Although I use eBPF
and MMTk as concrete examples, the same approach can be applied to other tracing
frameworks (Section 4.3.1), and garbage collectors.

The tracing tools I presented in this chapter have been made available in the
upstream MMTk codebase. They have benefited the development of the MMTk Ruby
binding [Wang, 2023], and assisted the development of the next generation of packet-
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based work scheduling system [Zhao et al., 2025a].

These results evidence the benefits of rapid feedback, which helps us generate and
iterate on new designs and optimizations when working on performance-critical, low-
level systems. In fact, as I will show in the next chapter, tracing not only helps with
software development, but also when developing a new hardware accelerator (Sec-
tion 5.5.3). Thus, the principle I presented in this chapter forms an important piece of
the cross-stack approach I take in this thesis. In the next chapter, I move from kernel
to hardware, presenting a new approach to near-memory GC acceleration.



Chapter 5

MAGC-DIMM: A Near-Memory

Processing Garbage Collection
Accelerator on DIMMs

In Chapter 3, I show that software garbage collectors (GCs) consume substantial CPU
resources even in the most favorable circumstances. This substantial overhead raises
a fundamental question: should the CPU be performing GC at all? Just as direct mem-
ory access (DMA) freed CPUs from data transfers, GC should be delegated to more
appropriate hardware, freeing expensive general-purpose cores for application logic.
When considering the wide adoption of garbage-collected languages, the benefits to
reap here can be substantial.

However, many existing proposals for hardware GC, including near-memory GC,
are not practical for commodity machines. They require invasive changes to the host,
or rely on obsolete memory technology (Section 5.3).

In this chapter, I introduce MAGC-DIMM—a new approach to near-memory GC
that extends buffered DIMMs, integrating GC acceleration with each DIMM. How-
ever, placing GC on a buffer device impedes pointer chasing, because dereferencing
pointers can discover objects on other DIMMs, and a single object can be split across
DIMMs (Section 5.4.2). I show how to address this by utilizing inter-DIMM communi-
cation architectures, breaking down the heap traversal into low-level operations that
can be executed locally on a DIMM, or delegated to remote DIMMs through message
passing (Section 5.4.3). I discuss further optimizations (Section 5.5) to our scheme
that exploit properties of GC. These optimizations allow more compact messages,
reduce the number of messages sent, and reduce the idle waiting times of GC units.
Some of these insights are derived using a tracing framework similar to what I present
in Chapter 4. The evaluation results (Section 5.7) show that our approach is highly
area-efficient—requiring 72 X less cache area and significantly less logic area than the
CPU, while achieving 68 % of the CPU’s throughput in heap traversal. Finally, I show
the behavioral correctness of our approach via an FPGA prototype (Section §5.7.2).

Our experience shows that near-memory GC can be practical. By offloading GC
onto DIMMs, our design could be more easily integrated into the DIMMs of commod-
ity machines, from low-power laptops to general-purpose servers. Our design also
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provides a foundation for future research on implementing GC on a wider range of
near-memory processing architectures.
This chapter is based on a manuscript that I coauthored [Cai et al., 2025].

5.1 On-DIMM GC: Three Questions

5.1.1 Why On-DIMM GC

Garbage collection (GC) provides memory safety to modern programming languages.
However, when implemented in software, GC is expensive. The main activity of GC
is identifying live objects through pointer chasing, an iterative process that starts
with an initial set of objects (roots) and follows outgoing pointers in each object to
discover all reachable objects (Section 2.2). As I discuss in Section 2.2.5, this memory-
intensive heap traversal is poorly suited to CPUs [Beamer et al., 2015; Maas et al., 2018].
For example, Open]JDK’s heavily tuned default production G1 collector incurs a 16 %
overhead even in the most favorable settings (Chapter 3). This substantial overhead,
combined with the wide adoption of garbage-collected languages, makes hardware
support for GC in commodity machines increasingly attractive, freeing up precious
CPU resources for other tasks.

However, many existing proposals for hardware GC, including near-memory GC,
are not practical for commodity machines. They require invasive changes to the host,
or rely on unconventional memory technology (Section 5.3). On the other hand, near-
memory processing (NMP) DIMMs seem to be a promising technology, because they
can be adopted on a wide range of commodity machines that use DIMMs.

NMP DIMMs have been used to address the memory bottleneck in a wide class of
workloads, such as linear algebra kernels [Gémez-Luna et al., 2022], machine learn-
ing [Kwon et al., 2021], and recommendation systems [Ke et al., 2022]. However,
on-DIMM GC has not been attempted. In this chapter, I explore this possibility and
present MAGC-DIMM'—a new approach to near-memory GC that offloads heap traver-
sal onto DIMMs.

5.1.2 Challenges and Responses

This new approach to near-memory GC introduces unique challenges. Memory con-
trollers interleave cache lines across DIMMs to promote parallelism for CPU memory
operations (Section 5.2). Consequently, an on-DIMM GC unit sees memory only as
discontiguous fragments as small as a cache line (64 B). Since cache lines interleave
across DIMMs, even a single object may be split across DIMMs.

On the surface, such interleaving seems incompatible with GC—good pointer
chasing performance relies on fast access to neighboring objects, which might live on
different DIMMs. Consequently, this chapter addresses three questions.

Qu1: Is on-DIMM GC possible? (Section 5.4)

'MAGC is an acronym for Memory Augmented with Garbage Collection.
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Q2: Can on-DIMM GC be efficient? (Section 5.5)

Q3: Can on-DIMM GC compete with software GC? (Section 5.7)

Q1 Existing workloads that leverage NMP DIMMs work around the cache-line inter-
leaving problem. They adopt bespoke in-memory data layouts, rearranging the input
data when copying from the host to the accelerator.

Because application accesses constitute the vast majority of total heap accesses,
adopting a data layout optimized solely for the accelerator would penalize the ap-
plication’s critical path (e.g., the host is required to transposing memory on every
read of a heap cache line). Such a strategy would degrade overall performance and is
unworkable.

Therefore, the GC must work with the program heap asis in memory. Because cache
lines are interleaved across DIMMs, pointer chasing during GC frequently dereferences
pointers to data stored on remote DIMMs. Worse, a single object may span multiple
DIMMs.

This creates a fundamental architectural challenge: can a distributed system per-
form global, coherent heap traversal without a centralized view of memory? Addition-
ally, can it do so efficiently, as the overhead of frequent remote accesses could threaten
the feasibility of on-DIMM GC?

Contribution: We make on-DIMM GC possible by treating the memory system
as a distributed system and leveraging three techniques, applying them to the dis-
tinctive properties of garbage collection: i) inter-DIMM communication via exter-
nal data links [Sun et al., 2021], ii) offloading work to remote memory via message-
passing [Ahn et al., 2015], and iii) time-sharing memory between the host and the GC
by replicating timing states [Cho et al., 2020].

We design a distributed GC protocol, and decompose GC into several low-level
mechanisms, each requiring only local memory access. During heap traversal, as we
follow pointers and discover neighboring objects, we push work to other DIMMs when
accessing remote memory contents. Note that piggybacking inter-DIMM communica-
tion on memory buses is incompatible with the increased bus speed of DDR4/DDRj5
due to signal integrity issues (Section 5.3). Thus, we send work to remote memory
using external data links, which also avoids congesting the memory bus. Together,
these address the challenge of distributed on-DIMM GC efficiently with minimal logic
area.

Q2 Our baseline protocol is functionally correct; however, a naive implementation of
it leads to frequent communication and, thus, high overhead. In addition, since heap
traversal is recursive and dynamically generates work, determining when the traver-
sal should terminate in a distributed environment is subtle and difficult. Detecting
termination via frequent global synchronization is detrimental to performance.
Contribution: We analyze the typical demographics of heap objects across di-
verse garbage-collected applications, and design a protocol where individual messages
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are smaller, and fewer messages are sent overall. This significantly reduces the com-
munication overhead inherent to a distributed memory setting. We also improve
termination detection via optimistic spinning, increasing overall utilization.

Q3 The advantage of our approach over performing GC on the CPU is twofold. First,
our design uses 72 X smaller cache and significantly less logic area than the CPU,
easily fitting inside a DIMM buffer device. Second, on large server workloads where
the heap is typically not cache-resident, on-DIMM GC avoids cache thrashing, and
the substantial energy cost of fetching the traced heap through the CPU memory
hierarchy.

Nonetheless, can a highly area-efficient, near-memory design match the through-
put of a power-intensive, general-purpose core? Our evaluation simulates a dual-
channel (8-rank) DDR4 system, and compares our on-DIMM GC with a multithreaded
software GC parallelized using state-of-the-art techniques [Zhao et al., 2025a].

Despite its small footprint, our design achieves 68 % of the throughput for heap
traversal compared with a contemporary 16-hardware-thread, high-end CPU. We demon-
strate the behavioral correctness of our approach by prototyping our design in RTL
inside a RISC-V SoC running on an FPGA. Our results show that the area-efficiency
gains of near-memory GC can justify the modest performance difference, liberating
CPU cores to focus on primary application logic.

5.2 DRAM Organization and Contiguity

e DIMM 1
—>
Rank 1 | | Buffer chip | | Rank2 e

Channel O | | DIMM 2
Controller Rank 3 Buffer
o Ll || = %16 x16 x16 Rank
4

2 Bank 1

uwnjod

row

Figure 5.1: Hierarchy of DRAM components.

To understand why on-DIMM garbage collection (GC) is difficult (Q1), we examine
the hierarchy of components that make up a DIMM-based main memory (Fig. 5.1).
These components are channels (@), DIMMs (@), ranks (@), chips (@), and banks
©).
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Memory controllers typically reside on the CPU uncore; they use address mapping
schemes to map cache lines from linear address spaces to DRAM components. These
schemes use address bits to index specific physical locations, aiming to provide good
performance for software running on the CPU. In addition to the CPU’s memory
performance, these schemes also affect near-memory acceleration, such as on-DIMM
GC, since memory performance is best when the accelerator logic accesses local (co-
located) memory.

row:column:rank:bank:channel :blkoffset is a commonly used map-
ping scheme (blkoffset denotes locations within a cache line). In this scheme,
two consecutive cache lines differ by their channel number, and therefore are placed
on different channels. Since channels connect to distinct DIMMs, each comprising
one or more ranks, these two cache lines necessarily reside on different DIMMs and
ranks.

This scheme promotes channel-level parallelism by utilizing all memory buses and
maximizing bandwidth for streaming data. However, because cache lines interleave,
GC logic on a rank can access at most 64 contiguous bytes under this scheme. I use
the term contiguity to refer to the size of the largest contiguous address range locally
visible to a particular DRAM component.

Address mapping scheme design is a distinct research field orthogonal to the work
presented in this chapter. However, a scheme that optimizes for software workloads
(e.g., better at overlapping CPU’s DRAM accesses) can reduce contiguity, affecting
on-DIMM GC. I further explore contiguity as a design parameter in Section 5.5.

For on-DIMM GC, ranks (@) are the lowest-level components with which GC
can effectively operate. This is because GC predominantly operates on word-sized
pointers, but machine words are split across chips (@)—all chips within a rank (e.g.,
% 16, denoting the chip’s width) collectively contribute to the transfer of a single
machine word. This striping optimizes for overlapping DRAM operations. Note that
memory hierarchies designed for object-oriented languages exist [Tsai et al., 2018; Tsai
and Sanchez, 2019], but they are not general-purpose.

Therefore, in this chapter, I focus on ranks, as they provide the most parallelism
while maintaining cache-line contiguity. However, as we will see, cache-line contiguity
is hardly a panacea: an object may cross cache-line boundaries, and an object may point
to an object on a different rank.

5.3 Taxonomy of Hardware Garbage Collection and Related
Work

Specialized hardware for garbage collection (GC) is not a new concept. I present a
taxonomy of existing hardware GC proposals, and compare our proposal with them (Ta-
ble 5.1).

These designs vary across three main dimensions: i) target applications, ii) GC
algorithm generality, and iii) physical placement of the GC logic. These choices signif-
icantly influence performance and suitability for general-purpose systems (Implication
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columns).

5.3.1 Target Application

Some architectures directly implement specific languages in hardware, such as Scheme-
78 [Steele Jr. and Sussman, 1980], SOAR [Ungar et al., 1984], MUSHROOM [Williams
and Wolczko, 1990], Jazelle [ARM Limited, 2008], JOP [Puffitsch, 2011], and Cloaca [Ram-
say and Stewart, 2024]. Similar designs exist for microcontrollers [Garcia et al., 2021].
These specialized architectures are difficult to adopt in commodity machines.

This chapter focuses on supporting applications written in garbage-collected pro-
gramming languages running on general-purpose CPUs, such as Java and Go, which
are prevalent in environments ranging from mobile devices to datacenters. Some prior
work targets these applications, such as Java runtimes [Tang et al., 2015; Maas et al.,
2018; Jang et al., 2019; Thomas et al., 2022]. Although we use Java benchmarks [Black-
burn et al., 2025] to derive optimization insights, our approach tackles the general
challenge of heap traversal (Section 5.4.1), and generalizes across a wide range of
garbage-collected languages and applications.

We implement a new form of near-memory processing (NMP) GC that perfor-
mance heap traversal on DIMMs (Section 5.4). We use FPGAs for prototyping (Sec-
tion 5.7.2). Other proposals, while seemingly similar to ours, target different contexts.
Synthesized hardware GCs designed for FPGA workloads (application logic in RTL)
exist [Bacon et al., 2012, 2014; Barker et al., 2022b,a], but they do not target general-
purpose software running on CPUs. Similarly, GCs designed for specific near-memory
processing workloads also exist [Morimoto et al., 2025].

5.3.2 Generality

Hardware GC schemes typically fall into three levels of generality: i) fixed-function
hardware (fixed algorithm or primitives), ii) flexible hardware with limited programma-
bility (e.g., a GC-specific ISA), or iii) fully programmable hardware (e.g., general-
purpose embedded CPU cores).

Most prior work implements fixed-function hardware, limiting flexibility. These
implementations target fixed algorithms, such as mark-sweep [Maas et al., 2018], or
fixed GC primitives, such as object scanning [Jang et al., 2019]. A preliminary attempt
to implement GC near memory used a general-purpose CPU for GC, but it does not
describe how this approach can scale to multiple cores [Thomas et al., 2022].

Because the in-memory representation of objects differs across language runtimes,
and no single GC design fits all workloads, some programmability is desirable. Our
design can be implemented in DIMM buffer devices, either in RTL as fixed-function
hardware for area and energy efficiency (Section 5.4) or using general-purpose cores
for flexibility (Section 5.7.2).
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5.3.3 Placement

Some proposals are tightly coupled with specialized hardware or require invasive CPU
modification; these proposals are unsuitable for general-purpose systems. GC accel-
erators that reside on the host side of the memory bus [Maas et al., 2018] have a
simpler design, but they reduce aggregate memory bandwidth, and do not automat-
ically scale with the memory capacity. Their advantage often lies in reduced area or
energy consumption compared to software GC.

On-memory hardware GCs can achieve better scalability than host-side accelera-
tors by utilizing higher internal memory bandwidth. The only attempt to date targeted
Hybrid Memory Cube (HMC) [Jang et al., 2019] (Section 5.3.4). In addition to HMC
being an obsolete architecture, the prioritization of bandwidth over capacity means
that 3D-stacked memory designs inherently suffer from thermal management and
packaging limitations [Hadidi et al., 2017]. Consequently, HBM cannot offer the large
memory capacities typically required by datacenter servers. For example, contempo-
rary server CPUs may cap out at 128 GB of integrated HBM per socket while being able
to support 6 TB of DDRs memory per socket. Therefore, we target DIMMs, which are
suitable for general-purpose machines.

5.3.4 Fine-Grained GC Offloading to HMC

Charon [Jang et al., 2019] is an on-HMC GC accelerator. It uses the existing software
tracing loop (cf. Fig. 2.1) to drive the GC process. For some GC primitives, such as
object copying and scanning, the software invokes the accelerator by sending a special
memory transaction to offload the work. These fine-grained primitives cause frequent
offloading. Despite this, Charon achieves speedup over a software baseline on two
big-data workloads, Spark and Graphchi.

However, it is unclear whether this speedup would translate beyond those work-
loads, which have simple, data-heavy heap shapes, where large numerical data struc-
tures dominate. For example, Graphchi’s wide, shallow heap—global object arrays
and leaf objects—is easily traversed in parallel, and copying large integer arrays (input
graph edges) efficiently leverages HMC’s internal memory bandwidth.

Furthermore, because Charon targeted HMC, which has memory contiguity on the
order of several GBs, its design does not address the core challenge faced by on-DIMM
GC: cache-line-grained memory sharding. Additionally, HMC’s packetized SerDes
interface permits shared DRAM access between the GC and the host. In contrast,
DIMMs operate subordinately to the host’s memory controllers, necessitating careful
control over GC memory access to meet timing requirements.

5.3.5 Graph Processing Hardware

Although not a hardware GC, and thus not shown in our taxonomy, Tesseract [Ahn
et al., 2015] is an HMC-based graph-processing accelerator relevant to our work, be-
cause GC heap traversal is a specialized form of graph traversal. It implements a
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message-passing protocol for visiting neighboring graph nodes. We also use message-
passing to handle dynamically generated work during GC that requires remote memory
access.

However, Tesseract’s approach and speedup do not directly translate to GC. It tar-
gets graph algorithms like PageRank, where all nodes are statically known and easily
parallelized. Its evaluation uses real-world graphs exhibiting power-law degree dis-
tributions and small diameters, enabling high memory parallelism and exploitation
of NMP bandwidth. In contrast, GC heap traversal is analogous to BFS or DFS, com-
puting reachability from roots, which is not trivially parallelized. In addition, heap
graphs usually have larger diameters, and low in-/out-degrees [Barabash and Petrank,
2010; Shahriyar et al., 2012].

5.4 MAGC-DIMM Architecture

Existing near-memory garbage collection (GC) proposals are promising but imprac-
tical (Section 5.3). We design MAGC-DIMM—an on-DIMM GC architecture—as a
potential alternative to conventional DIMMs in general-purpose machines.

5.4.1 A Focus on Heap Traversal

In Section 2.2, I explain that tracing is the dominant mechanism for identifying reach-
able objects, and that it can account for over 9o % of GC time in tracing-based GCs.
Thus, in this chapter, I examine the three on-DIMM GC research questions posed
earlier (Section 5.1, Q1-3) through the lens of tracing.

As discussed in Section 2.2.2, production GCs optimize tracing heavily, using par-
allel workers and work-stealing. I compare our design with a software baseline that
uses such techniques (Section 5.6.3).

Implementing tracing on DIMMs is particularly challenging because accessing data
on other DIMMs requires frequent, explicit inter-DIMM communication (Section 5.2).
In contrast, a software GC has a coherent, global view of memory through the cache
hierarchy and the memory bus.

In the remainder of this section, I first explain how we make DIMMs suitable for GC,
focusing on heap traversal. I then present a distributed GC protocol that decomposes
heap traversal into low-level, local operations, enabling collaborative execution across
DIMMs. Finally, I detail the hardware components that implement this protocol.

5.4.2 Making DIMMs Suitable for GC

Emerging near-memory processing DIMMs (NMP-DIMMs) show promise for memory-
bound workloads but do not directly support GC. Applying NMP-DIMMs to GC
presents three primary issues: i) the inability to serve as main memory, ii) the in-
ability to read whole machine words when compute is placed near memory banks, and
iii) a lack of inter-DIMM communication. While existing proposals address individual
issues, they do not demonstrate how to build GC on top of them.
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We address these issues by integrating MAGC-DIMM on the buffer device of in-
terconnected DIMMs (Fig. 5.2). I explain the components inside the buffer device in
Section 5.4.4.

A
—> | Ch1DIMMT
Me ‘——>|c|h1D|MMo /{/{
CPU
‘E:: | ChoDIMM T (
MC 0
€hODIMMO DIMM-Link
x16 x16 GC Logic x16 x16
Chip | | Chip DDRPHY | | Chip || Chip
Buffer chip

Figure 5.2: MAGC-DIMM is implemented inside buffer devices of interconnected DIMMs.
MC = memory controller.

First, most NMP-DIMMs are designed as separate accelerators distinct from main
memory. They require copying data from host memory in bulk and do not allow
ordinary CPU memory operations. This separation avoids interleaving memory re-
quests from the host and the accelerator, alleviating timing and arbitration complexity.
However, a GC must operate directly on the program heap shared with the CPU.

Second, many NMP-DIMMs place compute logic close to memory chips, aiming to
provide high internal memory bandwidth. However, since machine words are striped
across chips (Section 5.2), any logic on chips has severe contiguity limitations—Iless
than a machine word—unless data is reshuffled when copied to NMP-DIMMs. How-
ever, as explained above, copying from the host to NMP-DIMMs is infeasible for GC.
Prior work shows that integrating logic inside a DIMM buffer device is feasible [Alian
et al., 2018; Ke et al., 2022]. Our design is an instance of this approach; placing GC on
a DIMM buffer device enables cache-line-sized contiguity, allowing the GC to access
entire word-sized pointers.

Third, many NMP-DIMMs lack direct inter-DIMM communication. Workloads like
linear algebra allow static partitioning [Gémez-Luna et al., 2022; Kwon et al., 2021].
In these cases, communication between partitions is typically infrequent, and the host
CPU can mediate it. Heap traversal frequently and dynamically demands inter-DIMM
communication because pointers may refer to remote memory or objects may be split
across DIMMs. As prior work shows, relying on the narrow memory bus and the host
CPU to forward inter-DIMM communication severely hinders performance [Zhou
et al., 2023]. Thus, we use interconnected DIMMs [Cong et al., 2017; Alian et al.,
2018], and add external data links (Fig. 5.2) to facilitate direct, high-speed inter-DIMM
communication, thereby bypassing the narrow memory bus and addressing signal
integrity issues in modern DDR4/DDRs memory [Sun et al., 2021; Zhou et al., 2023].

5.4.3 Distributing GC Across DIMMs

Substantial literature exists on distributed GC [Jones et al., 2011], such as for rack-scale
disaggregated memory architectures. However, interleaving memory at the cache-line
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level presents unique challenges (Fig. 5.3): i) an object can be split across multiple
ranks; ii) an object can refer to other objects stored on other ranks; and iii) an object
can only be decoded by referring to its type information, which can be stored on other
ranks.

Mark Load Load Load Scan
0 Object e e Edge o Edge e Object

Type Ptr
[ Y
Scalar Primitive Header ) ) Is Scalar
Object | fields... inc. mark Type Info Ptr| Reffield O | Ref field 1 #refs =2
Objref Objref+8  Objref +16 Objref + 24
(a) A scalar object layout and its traversal process.
[ Y
Reference Header
Array inc. mark Type Info Ptr| Array len [ Arrayele O Is Refarray
Objref

(b) A reference array layout.

Figure 5.3: Examples of a normal object and an object array splitting across DIMMs (with
exaggerated word-size contiguity). Differently colored words represent different DIMM place-
ment. Heap traversal needs to be decomposed into multiple steps through message passing,
since an object can be split across DIMMs, and pointers can refer to a remote DIMM.

We overcome these challenges using a distributed GC protocol based on message
passing. We decompose GC into low-level operations, each requiring only word-sized
local memory access. When an operation requires remote memory access, the GC
unit sends a new operation to the relevant remote DIMM,? efficiently encoded as an
8-byte message (Section 5.4.5).

Figure 5.3(a) illustrates the operations required to process a scalar object. This
is exaggerated for exposition—each machine word resides on a different DIMM, and
thus, each operation is sent as a message to a different DIMM. The semantics of each
operation is provided as pseudocode in Fig. 5.4 (cf. Fig. 2.1).

On-DIMM GC units run in parallel, each maintaining its own work queue. When
the queue is nonempty, the unit dequeues an object and checks whether it has been
marked. If not, we mark it by writing to a side bitmap (@ MarkObject). To decode this
object, we dereference a pointer (@ LoadTypePtr) to the type information object, which
lies on a different DIMM. Next, the DIMM storing the type information object loads
it (€@ ScanObject), discovering that the object is a scalar object with two reference
fields, and delegating other DIMMs to process those reference fields (generating two
@ LoadEdge messages). Finally, respective DIMMs load those two fields, generating
more MarkObject operations for the child objects.

The language runtime bootstraps a GC by sending program roots (Section 2.2) as
LoadEdge messages to the appropriate GC units. The GC terminates when all units

2A DIMM can contain one or more ranks, so the destination is a specific rank in the case of a multi-
rank DIMM. Since the buffer device can access all ranks on the same DIMM, we refer to DIMMs for
simplicity.
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. message MarkObject(obj) {

2 if !obj.marked {

3 obj.mark() ;

4 send LoadTypePtr(obj) to get_dimm(obj + 8);
s r ¥

¢ message LoadTypePtr(obj) <

7 let type_ptr = *(obj+8);

8 send ScanObject(obj, type_ptr) to get_dimm(type_ptr);
o

o message ScanObject(obj, type_ptr) {

n let type_info = *type_info_ptr;

2 for i in 0..type_info.num_refs() {

13 off =16 + 1 * 8

" send LoadEdge(obj + off) to get_dimm(obj + off);
s f )

¢ message LoadEdge (edge) {

1 let child = *edge;

18 send MarkObject(child) to get_dimm(child)

19 }

Figure 5.4: A message-passing distributed GC algorithm for scanning scalar (non-array) ob-
jects. The send keyword sends messages to the indicated DIMM. The message recipients
are chosen such that the actions in red access the recipient’s local memory. This algorithm is
optimized in Fig. 5.9.

are idle and no messages are in flight.

Intuitively, a naive implementation of this protocol incurs high communication
overhead because the total number of messages is proportional to the number of live
objects and live pointers. However, as I show in Section §.5, typical program heap
demographics allow for significant optimization.

5.4.4 MAGC-DIMM Components

I now detail how our design implements the distributed GC protocol and fits into the
taxonomy in Section §.3.

Target Application MAGC-DIMM offloads GC work from CPUs, supporting general-
purpose, garbage-collected languages like Java and Go. Due to its message-passing
architecture, our protocol distributes heap traversal across DIMMs without host co-
ordination (cf. Section 5.3.4). The runtime can invoke a GC, and poll to determine
whether a GC has finished by writing to and reading from MMIO registers (Sections 2.2
and 5.4.3). The runtime transmits program roots (potentially in multiple batches) by
writing them to memory, and then writes the starting address and the number of roots
to MMIO registers.
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Figure 5.5: Components inside the buffer device.

Generality For optimal area and energy efficiency, each GC unit can implement
operations, such as marking objects or looking up type information, directly in RTL as
fixed-function execution units (@). Prior work has shown the feasibility of integrating
general-purpose cores inside buffer devices [Alian et al., 2018]. Thus, for flexibility,
these GC units can also be general-purpose cores with GC mechanisms written in
software, as demonstrated in our prototype (Section 5.7.2).

Placement We instantiate GC units for each DRAM rank within each DIMM’s buffer
device, co-located with the inter-DIMM communication interface. This approach
scales compute with memory capacity. Each GC unit accesses only its local memory
rank (@), which necessitates collaborative heap traversal through message passing
(©), as described in Fig. 5.4.

Area Our design targets area efficiency, and fits easily inside DIMM bufter devices.
For an 8-rank system, the total area consumed by all GC units is estimated to be less
than a single CPU core. Each MAGC-DIMM unit includes a 32 kB data cache (@) and
a configurable message queue (@). For reference, an in-order RISC-V Rocket core
with a 32 kB cache takes 0.64 mm? (TSMC 40GPLUS). Although no published figures
exist, a DIMM’s buffer chip is roughly the same size as the memory array (60-75 mm?),
easily accommodating the GC and communication logic.

Our design offers significant area savings over multithreaded software GC—the
total GC area utilized in a dual-channel (8-rank) system is smaller than a single CPU
core. For reference, a Skylake core uses roughly 9mm?, and a 2-core group (inclusive
of LLC) uses roughly 25 mm? [WikiChip, 2025]. Commercial cores contain complex
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execution units, out-of-order mechanisms, and substantial caches (e.g., a Skylake core
has 32 kB L1 data cache, 256 kB unified L2 cache, and shared LLC slices per core). Note
that Skylake is manufactured using a much more advanced processing node than the
TSMC 40GPLUS used in MAGC-DIMM’s area estimation; therefore, the area savings
of our design in practice will be much more significant.

Efficient Caching of Type Information Object sizes and shapes (i.e., the location
of pointer fields relative to the object header) vary by type, requiring the GC to look
up type information for each object to locate pointers (Fig. 5.4 LoadTypePtr). Because
type information may reside on remote DIMMs, this lookup can become a bottleneck,
causing the local memory to idle. This lookup can also overload DIMMs that store
type information for popular types. To avoid expensive remote lookups, we introduce
a shape cache that stores frequently accessed type information (@).

In fact, such a cache can be very compact and have high hit rates. While objects
are numerous, object types are few, and object shapes are even fewer. Since objects
of a few popular types often dominate the heap, 4 bits are enough for a shape cache
entry to cover 98 % of objects [Garner et al., 2011].

Virtual Memory We require the host to ensure all heap pages are in memory before
GC (e.g., by using mlock). For address translation, we integrate a TLB within each
GC unit, similar to prior work (Fig. 5 [Maas et al., 2018], Fig. 5(b) [Jang et al., 2019]).
Similar to the program heap, page tables can also be distributed across DIMMs; there-
fore, page table walkers (@) also use a distributed protocol similar to GC to access
page table entries on other DIMMs, with the results cached in the TLB.

Coherency and Concurrency Similar to prior work [Maas et al., 2018; Jang et al.,
2019], we focus on stop-the-world (STW) GC in this chapter, and do not consider
concurrent host modifications to the heap. Prior work argues that flushing the cache
at the beginning of a GC incurs relatively small overhead [Jang et al., 2019], and
that mutators resuming with a cold cache only require a very short period of time
to warm up the cache again [Sareen and Blackburn, 2022]. Nevertheless, our design
further relaxes the constraint, and only requires the host to write back dirty cache
lines without invalidating them. This cost is small®> compared to the cost of software
GC bringing the heap memory through the cache hierarchy via the narrow memory
bus. This ensures that the on-DIMM GC units have a consistent view of the heap,
while not degrading program performance when resuming after a GC.

Instead of marking objects using header bits (Section 5.4.3), we use a side bitmap
on the same rank as the object header for marking. The bitmap is indexed by the
object’s physical address after translation. Since object headers are word-aligned, this
only incurs a space overhead of 1.6 %.

GC units reserve area for bitmaps by asking the host to block out some physical
memory available for the operating system. Since the bitmap is managed by the GC,

3Writing back the entire 16 MiB LLC on a dual-channel DDR4-3200 system takes ~ 300 us.
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and is invisible to the program, it avoids invalidating the host’s cache as on-DIMM GC
units traverse the heap and mark visited objects. The coherency between GC units is
not an issue as GC units operate on spatially non-overlapping sets of objects, and the
bitmap is strictly written to by the GC unit on the same rank.

Although we focus on STW GC, we do not lock out the host (which also runs
background processes) during GC. We do so by leveraging Cho et al. [2020]’s tech-
nique to arbitrate different memory requests, and replicate memory timing states on
DIMMs (@). This allows the host’s memory controllers to still directly manage mem-
ory refreshes, etc., when an on-DIMM GC is underway. This enables MAGC-DIMM
to function as the system’s main memory without a packetized interface.

Termination Detection Detecting termination in a distributed, task-generating al-
gorithm is hard. The heap traversal ends only when all GC units are idle and no
messages are in flight. To ensure correctness, each time a GC unit drains its inbox, it
enters a global barrier and waits for all other units to be locally done as well. Once all
units rendezvous, each unit checks its inbox again. If any inbox is non-empty, the heap
traversal resumes. Otherwise, the algorithm has globally terminated. In Section 5.5.3,
I discuss further optimization to this algorithm.

Scope and Non-Goals The primary objective of this chapter is to establish the ar-
chitectural feasibility of near-memory heap traversal within the constraints of modern,
interleaved DIMM architectures. To isolate the fundamental challenges of distributed
pointer chasing and inter-DIMM coordination, we scope the research as follows:

1. Focus on Feasibility, Not Productization: This chapter explores whether a
distributed protocol can successfully traverse a heap sharded across DIMMs
without CPU intervention. Rather than engineering a “drop-in” replacement
for production runtimes, this chapter serves as a proof-of-concept for a new
paradigm of hardware GC designs.

2. Stop-the-World (STW) GC: Our proof-of-concept focuses on STW GC to es-
tablish a clean baseline for traversal performance and area efficiency. Concurrent
collection is critical for many production systems, but it is an orthogonal chal-
lenge; I discuss potential hardware write-barrier extensions to support it in
Section 5.8.

Still, our approach can benefit throughput-oriented applications that choose to
use STW GC. For those applications, if running in a single-tenant environment,
the power-hungry CPU cores can be put into deep sleep states for overall power
saving, which can be significant in the aggregate in datacenters with an overall
power cap. When running in a multi-tenant environment, other workloads on
the same machine can elastically increase the number of worker threads, and/or
schedule back in other workloads to utilize the available CPU compute.

3. Managed Heap Residency: We require the host to ensure heap residency prior
to GC. While a future production implementation of MAGC-DIMM could dele-



82 MAGC-DIMM: A Near-Memory Processing Garbage Collection Accelerator on DIMMs

gate page faults to the host CPU and postpone the faulting work item, modern
performance-critical GC services are already designed to be heap-resident in all
but the most specialized cases [Wu et al., 2024]. Thus, enforcing heap residency
provides a practical and realistic baseline for evaluating this research prototype.

4. Traversal as a Foundation: We prioritize the tracing/marking phase because it
is the most memory-intensive and dominant portion of GC time (over 9o % [Zhao
et al., 2025a]). Subsequent phases, such as reclamation, are embarrassingly par-
allel and well-suited to leverage NMP’s parallelism and internal memory band-
width; we defer these implementations to future work.

By narrowing our scope to the challenging problem of distributed pointer chas-
ing, we provide a foundation for future research into on-DIMM distributed garbage
collection.

5.4.5 Passing GC Messages Efficiently

While Tesseract demonstrates message passing for graph algorithms on 3D-stacked
memory [Ahn et al., 2015], its message encoding is not compact, requiring 1.5kB of
SRAM for only 32 entries. These large messages support a wide range of algorithms,
carrying function pointers and payloads up to 32 B.

GC exhibits properties allowing more compact messages, requiring only 8 bytes.
This offers significant savings over Tesseract’s approach. We decompose GC into
simple operations (Section 5.4.3), each encodable using 3 bits, rather than requiring
a word-sized function pointer. A 32-bit address field suffices to encode an operand
within a rank, addressing up to 32 GB of word-aligned memory, and future DRAM
densities can be accommodated with few additional bits.

Furthermore, GC mostly uses non-blocking message passing (a sender does not
wait until the receiver acknowledges). Unlike graph algorithms such as PageRank,
which require lock-step synchronization, heap traversal can proceed largely without
explicit synchronization; it only needs a final check of whether all GC units are done
and there is no work inflight. Each incoming message buffers into a small SRAM inbox
(256 B instead of 1.5KiB for Tesseract), and any overflow spills to DRAM (@, which
can be swapped to disk). This allows GC units to work independently, maximizing
utilization and reducing synchronization.

Finally, we incorporate message-based prefetching (@), similar to Tesseract. Un-
like speculative hardware prefetchers, each received GC message definitively indicates
data required in the near future, making it an ideal candidate for prefetching to hide
memory latency.

5.5 Workload Analysis and Design Optimizations

The baseline protocol described in Section 5.4 sends messages to remote GC units
when objects or pointers cross rank boundaries. These remote messages congest
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the inter-DIMM links, delay generating subsequent memory requests, and reduce
memory-level parallelism. I now demonstrate how to optimize this baseline design.

5.5.1 Quantifying Communication

Figure 5.6 quantifies the communication overhead of our baseline protocol, and shows
how this overhead varies with the contiguity induced by specific address mapping
schemes (Section 5.2). It shows how the fraction of remote messages changes with
memory contiguity and the number of GC units, using the avrora benchmark as an
example (Section 5.6.1).
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(a) Remote messages decrease as memory (b) Remote messages increase as more
contiguity increases for each GC unit. The GC units participate in the heap traversal.
number of GC units is fixed at 4. The contiguity window is fixed at 64 KiB.

Figure 5.6: Using the avrora benchmark as an example, I show how design parameters affect
the fraction of remote messages, and thus, the communication overhead.

In Fig. 5.6(a), I fix the number of GC units at four and vary contiguity. As contiguity
increases, fewer messages are remote, because it is less likely: i) for an object to
cross contiguity boundaries, and ii) for a pointer to point to remote memory—parent
objects and child objects are often spatially close [Huang et al., 2004]. However, large
contiguity is unattractive because it reduces memory parallelism.

Interestingly, in practice, even with very large contiguity (1 GiB), 20 % of messages
remain remote for a benchmark with a small memory footprint like avrora. Even when
the total size of live objects in the heap appears to fit within a contiguous range of
physical memory on one DIMM, the operating system’s page allocation can still split
the heap across multiple DIMMs. Similar trends appear across other benchmarks we
study.

In Fig. 5.6(b), I fix contiguity at 64 KiB and vary the number of GC units. More
units increase communication, posing a scalability challenge. With just four units,
nearly 70 % of messages are remote.

We first apply standard optimizations, such as encoding object shapes in the object
header [Gagnon and Hendren, 2001; Garner et al., 2011], avoiding nearly all LoadType-
Ptr and ScanObject messages for scalar objects (Fig. 5.7). The remaining messages
are still substantial, and most are of type LoadEdge, which dereference object fields,
accounting for approximately 70 % of all messages. This makes them a key candidate
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Figure 5.7: The fractions of remote and local messages for each type across all benchmarks.

for optimization.

5.5.2 Improving Object Scanning

I show above that LoadEdge messages are a key candidate for optimization. Remote
LoadEdge messages occur because some of an object’s fields do not reside on the same
DIMM that scans the object (Fig. 5.4 line 14). They are common because, when placed
randomly, even a small 32 B object has a 50 % probability of straddling a cache line.
Any object larger than 64 B is guaranteed to straddle at least one cache line.

Our key insight is that although objects often straddle cache lines, the reference
fields within an object (the remaining are primitive fields) tend to stay together and
form runs—groups of consecutive references. This clustering occurs because: i) pro-
grammers tend to put reference fields together when defining types, and ii) object
arrays store all references together.
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Figure 5.8: The distribution of lengths of contiguous runs of outgoing reference fields encoun-
tered during tracing.

These runs can be efficiently broadcast in a single message instead of requiring
individual messages. Figure 5.8 shows an analysis of contiguous runs of references
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within objects during tracing. For most benchmarks (Section 5.6.1), 60-80 % of out-
going references occur in runs of four or more, as the dashed line indicates. I now
discuss the outliers.

biojava and xalan exhibit the highest fraction of references in long runs. biojava,
a bioinformatics workload, encodes genetic sequences as arrays of nucleotide base
objects. xalan stores XML elements in numerous ObjectStack objects, which are
4096-element reference arrays..

sunflow and graphchi show the opposite behavior. sunflow, a raytracing workload,
primarily works with numerical values, and has few references. graphchi, a graph
processing workload, assigns IDs to vertices and identifies neighbors using numerical
IDs, thus also lacking long reference runs.

. message ScanObject(obj, type_info_ptr) {

2 let type_info = *type_info_ptr;

— for i in O..type_info.num_refs() {

- off =16 + 1 * 8

send LoadEdge(obj + off) to get_rank(obj + off);

+ let num_refs = type_info.num_refs();
+ for rank in get_ranks(obj + 16, num_refs) {
+ if rank == here // Eager loading
+ LoadEdges(obj + 16, num_refs);
0+ else
0+ send LoadEdges(obj + 16, num_refs) to rank;
o b}
s message LoadEdges(start, count) {
u for edge in start..start + count {
15 // The ownership check can be fused for
16 // adjacent edges on the same rank
17 if get_rank(edge) == here {
18 let child = *edge;
1 send MarkObject(child) to get_rank(child);
S

Figure 5.9: Enhancing Fig. 5.4 with run-length encoding and eager loading.

This locality of reference fields suggests optimizing LoadEdge messages using run-
length encoding (RLE). Figure 5.9 enhances our baseline protocol with a new message
type, LoadEdges. Instead of sending one message per reference, a single LoadEdges
message encodes an entire contiguous run. The message contains the starting address
and the run length. Each recipient uses the system’s address mapping scheme (fixed
for a particular machine) to compute which references are local. While some software
GCs use RLE to store object arrays in the work queue (Section 5.4.1), we are the first
to analyze and apply it to scalar (i.e., non-array) objects.

Based on this insight, I now introduce a second optimization: eager loading. Recall
that the shape cache (Section 5.4.4) allows a GC unit to scan an object without sending
a remote message on a cache hit. During a shape cache hit, if a reference field resides
on the same rank as the object being scanned, we can process it immediately instead
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of generating a local message to process it later. Because the field likely shares a cache
line with the object header, prompt processing also improves the data cache hit rate.
Although eager loading can change the order in which objects are visited, this does not
change the correctness (only reachability matters), nor does it lead to any redundant
work since any visited object can be skipped by checking its mark bit.
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’ Total Remote Local
Message type

Figure 5.10: How our optimizations reduce messages compared to the baseline. RLE means
run-length encoding, and eager loading means a GC unit tries to avoid sending a message to
itself when scanning an object.

Figure 5.10 shows that these two optimizations substantially reduce the number
of messages.

5.5.3 Improving Utilization via Better Distributed Termination Detection

We instrument our simulation using a tracing framework similar to the workflow I
present in Chapter 4. Our baseline termination detection mechanism leads to poor
utilization, as Fig. 5.11 illustrates using the fop benchmark. The figure shows an
execution timeline for each GC unit, with two traces. Each upper trace depicts activity
in a tree-like view, showing the overarching heap traversal (Closure in brown), which
consists of productive work (Work in dark green), waiting for other GC units to finish
their local work (Barrier in dark blue), and brief global termination checks (light blue).
Each lower trace plots the number of items in its inbox (light green).

A unit that runs out of work immediately waits at a global barrier for all other
units, limited by the slowest unit (Fig. 5.11(a)). Consequently, units idle while new
work accumulates, wasting cycles; for example, unit 4 idles while over 1,000 items
accumulate in its inbox (Fig. 5.11(b)).

We improve this behavior with optimistic spinning (Spin in magenta). When a
unit finds no work, it spins for a short period before rechecking. We use exponential
backoff to increase the spin time after each unsuccessful check. If it still finds no work
after reaching a threshold, it then joins the global barrier.

This change significantly improves utilization, as units spend more time in the
Work state (Fig. 5.11(a) versus Fig. 5.11(c)). For example, the same unit 4 only enters the
barrier when the entire system has little work left (Fig. 5.11(d)). Across all benchmarks,
optimistic spinning improves utilization by 28 %. Although the figures show timelines
of equal width for clarity, spinning improves utilization, thereby reducing the heap
traversal’s wall-clock time.
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(d) Zooming in on a very thin slice near the end of Fig. 5.11(c). Compared to Fig. 5.11(b), significantly
fewer items remain in the queues when GC unit 4 resumes working.

Figure 5.11: GC execution traces from the fop benchmark showing that when the termination
condition for distributed GCs is implemented naively, utilization can be poor. Each timeline
shows two traces per unit: the upper indicating the GC’s state, the lower a graph indicating
total pending work at that unit.
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5.6 Evaluation Methodology

5.6.1 Benchmarks and Runtime

We evaluate our design using heap snapshots from the DaCapo Chopin Java bench-
marks [Blackburn et al., 2025]. We defer a full, end-to-end language runtime integra-
tion to future work (Section 5.8).

We capture the entire heap by running OpenJDK with the full-heap Immix collector
from MMTk [MMTk Developers, 2020] instead of OpenJDK’s production collectors.
This is because the production collectors are all generational or regional. We instrument
Immix to serialize the heap to a file at each GC invocation. We run each program with
a heap 3 X its minimum required size. We exclude programs that did not trigger a GC
with this heap size: batik, h2, tomcat, and tradebeans.

For hardware simulation feasibility (the simulation runs much slower than the
target design), we sample 20 evenly spaced heap snapshots for each program. We
measure our software baseline (Section 5.6.2) on the same set of snapshots.

5.6.2 Baseline

We compare our design with a multithreaded software tracing loop running on a
contemporary CPU (configuration in Section 5.6.3). The baseline uses the work-
packet technique, which is the state of the art in parallelizing heap traversal in high-
performance software GCs [Zhao et al., 2025a]. Though our software baseline runs
on a CPU with 16 hardware threads when contemporary CPUs have more cores, prior
work suggests that additional threads yield diminishing returns [Barabash and Petrank,
2010; Zhao et al., 2025a], which we also reconfirm in Fig. 5.12.

We run the software baseline on real hardware instead of software simulators for
fidelity. We run it for five iterations for each heap snapshot and only report the last
iteration to make sure the microarchitectural states are warmed up.

We are unable to compare with the most closely related prior work [Maas et al.,
2018; Jang et al., 2019] due to a lack of publicly available implementation, and reimple-
mentation/replication studies are outside the scope of this thesis.

5.6.3 Hardware Configuration

We evaluate MAGC-DIMM primarily using a custom-built, cycle-level, event-driven
simulator, which models a fixed memory configuration matching our baseline (Ta-
ble 5.2). We built this simulator because no public tools model our target architecture:
interconnected DIMMs with custom logic inside buffer devices. Prior work relied on
proprietary hardware and simulators [Alian et al., 2018; Ke et al., 2022].

Table 5.2 shows configurations of our simulation and the physical hardware, where
we run the software baseline.

Our simulator uses DRAMsim3 [Li et al., 2020] as the DRAM backend, and uses
the 8 Gibit x 8 chip timing parameters supplied by DRAMsim3, which we then cross-
check with the vendor datasheet [Micron Technology, Inc, 2023]. We model a 32-entry
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Table 5.2: System configuration.

Host Processor

Intel i9-9900K
Core

8 cores, 2-way SMT
Coffee Lake @ 3.6 GHz, 224 ROB

L1D$ 32KiB, 8 ways, 64 sets
L2 256 KiB, unified, 4-way set associative
L1 DTLB 64 entries (4 KiB pages), 4-way set associative
L2 TLB Unified, 1536 entries, 12-way set associative
LLC Unified, 16 MiB, 16-way set associative

DDR Memory System
DRAM 128 GiB total

Organization

2 channels, 2 DIMMs per channel, 2 ranks per DIMM
8 x 8 chips per rank, 16 Gibit in 16 banks per chip

Timing DDR4-3200 22-22-22-22 (CL-tgcp-trp-tras)
Addressing row:rank:bank:channel:column (64 B contiguity)
MAGC-DIMM 1.6 GHz

Per rank D$ 32KiB, blocking, 8 ways, 64 sets, LRU

Per rank TLB (2 MiB)
Per rank TLB (4 KiB)
Page table walker average 24ty cost

DIMM-Link topology  Line (max. 3 hops between any two DIMMs)
Inter-DIMM latency 4tk per hop + 2t router ingress/egress
Inter-DIMM bandwidth 25 GiB/s per link over 8 pins

32 entries, 4-way set-associative, LRU
64 entries, 4-way set-associative, LRU




90 MAGC-DIMM: A Near-Memory Processing Garbage Collection Accelerator on DIMMs

TLB, following prior work [Maas et al., 2018; Jang et al., 2019], and use a 2 MiB page
size to reduce TLB misses. To explore the impact of different page sizes (Section 5.7),
we also model a 64-entry 4 KiB-page TLB similar to our CPU baseline.

For the inter-DIMM interconnect, we model dedicated per-DIMM routing hardware
(similar to DIMM-Link [Zhou et al., 2023]), allowing a GC unit to hand off messages
to the router and resume local work without blocking. Messages are sent as pipelined
chunks, with a per-hop latency of 4 cycles and an additional 2-cycle latency for a GC
unit to communicate with the router. In Section 5.7, I further discuss the utilization
of these inter-DIMM links.

Our simulator does not implement all optimizations from Section 5.5, such as
run-length encoding and message-based prefetching. The performance we report is
therefore conservative.

5.7 Evaluation

Previous sections explored a new paradigm for offloading garbage collection (GC) to
DIMMs to improve its efficiency (Q1 and Q2). This section demonstrates that MAGC-
DIMM achieves significant area efficiency while still achieving 68 % of the throughput
of a highly tuned software baseline (Q3).

5.7.1 Performance and Area Efficiency
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Figure 5.12: Heap traversal speedup compared with a software baseline running on CPU,
normalized to single-threaded software. We report geometric means across benchmarks.

Our design requires 72 X less cache, and each GC unit consumes negligible logic
area because GC requires only simple arithmetic and memory operations. In fact, our
design uses even less area than on-DIMM accelerators for other workloads (e.g., MCN
uses 1 MB cache per DIMM [Alian et al., 2018]).

This key advantage in area efficiency is clear in Table 5.3, which compares MAGC-
DIMM'’s performance and area against a multithreaded software baseline. We con-
servatively estimate that the entire 8-rank MAGC-DIMM system uses approximately
0.22 X the area of a single-core baseline (one core plus the shared LLC), while the
8-core software GC occupies approximately 2.52 X—over 11 X the area of our approach
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(Section 5.4.4). MAGC-DIMM delivers roughly 8 X more speedup per unit area than
the software baseline across benchmarks.

In addition to this area advantage, MAGC-DIMM still achieves competitive over-
all throughput. Across benchmarks, the 16-thread software baseline achieves 5.59 X
speedup over a single thread, while MAGC-DIMM achieves 3.81 Xx—68 % of the through-
put of a high-end CPU running GC exclusively with all 8 cores. The software baseline
achieves sublinear speedup with 16 threads as its performance gains diminish as par-
allelism approaches the physical core count (Fig. 5.12).

Most benchmarks show MAGC-DIMM within 50 % of the 16-thread baseline; the
outlier is biojava (see also Section 5.5.2), whose heap contains a large reference array
pointing to very few objects, causing severe load imbalance across ranks and yielding
a speedup of only 1.02 X.

Next, we examine the cache and TLB behavior. The per-rank read cache hit rate
ranges from 69 % to 93 %, with a geometric mean of 75 %, indicating that most GC
accesses are served locally. The TLB achieves near-perfect hit rates (99.1 % geometric
mean), confirming that 2 MiB pages effectively eliminate address translation overhead.
With 4 KiB pages, the TLB hit rate drops to 95.1% (geometric mean) as the smaller
page size increases TLB demand; nonetheless, the hit rate remains above 9o % for all
benchmarks. We also simulate the performance where the average PTW latency is 88
instead of 24 (Table 5.2). The impact of this additional latency on throughput is 2.6 %,
not a significant step-change in the overall performance.

We also consider the inter-DIMM link bandwidth. Apart from biojava, peak band-
width stays under 25 GB/s across benchmarks, which is the bandwidth proposed in
the DIMM-Link design [Zhou et al., 2023]. The average utilization is low (mean
0.4 GB/s)—roughly 2 % of the link’s peak capacity—reflecting the bursty, short-lived
nature of inter-rank communication. This low average utilization indicates that con-
gestion is unlikely, and when it occurs, it is short-lived.

Finally, the rightmost columns show MAGC-DIMM with 4 KiB pages instead of
2 MiB pages. The geometric mean speedup decreases from 3.81 X to 3.58 Xx—a modest
6 % reduction—confirming that the design remains effective even without requiring
the runtime to use 2 MiB pages.

5.7.2 Behavioral Correctness

To show that our design is implementable, we build a parameterizable RTL prototype
on an FPGA. We modify a RISC-V Rocket Chip SoC [Asanovi¢ et al., 2016], adapting
its core interconnect to model communication among DIMMs. Due to limitations of
the SoC framework, the prototype uses single-channel DDR3-2133 memory instead of
DDR4. We follow standard SoC parameters and best practices from prior work that
used the same SoC [Maas et al., 2018].

The prototype establishes behavioral correctness and implementation feasibility.
It uses in-order cores to implement the GC units. Its GC operations (Fig. 5.4) are
implemented in software, allowing easy modification of the GC logic without altering
the RTL design.
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This RTL implementation is not timing-accurate (since these SoC components
were not designed for our purpose), and as a result, we do not use the traditional syn-
thesis workflow to obtain area/energy estimates. Importantly, however, the prototype
gives us the agility to explore design parameters, not just because it is programmable,
but also because of its execution speed. The prototype simulates a 1 GHz target design
at 60 MHz using FPGA-accelerated simulation [Karandikar et al., 2019; Biancolin et al.,
2019]. Compared with our event-driven simulator, this simulation speed enables de-
tailed instrumentation, which informed the optimizations in Section 5.5. I now discuss
two performance trends gleaned from this prototype: scalability and load imbalance.

5.7.3 MAGC-DIMM Scalability
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Figure 5.13: RTL prototype scalability across benchmarks.

We use our parameterizable RTL prototype to study scalability. Figure 5.13 shows
that our design achieves near-linear scalability as we increase the number of memory
ranks from one to eight. This result demonstrates the effectiveness of our optimiza-
tions in reducing communication and improving utilization (Section 5.5).

5.7.4 Impact of Load Imbalance

On-DIMM GC is subject to intrinsic load imbalance caused by the physical distribution
of live objects across memory ranks. This effect is most prominent in applications with
small heaps. As the heap size grows, a larger number of objects tend to be distributed
more evenly across ranks, reducing the imbalance.

Figure 5.14 quantifies this work imbalance as the ratio between the busiest and
most idle ranks. Benchmarks with the smallest heaps, such as avrora at just 5 MB,
exhibit the highest imbalance. This result is consistent with the intuition that larger
heaps tend to be better balanced. This cause of imbalance—object placement—differs
from that of multithreaded software GCs, where imbalance stems from heap shape,
such as the inherently serial traversal of a long linked list [Barabash and Petrank,
2010].



94 MAGC-DIMM: A Near-Memory Processing Garbage Collection Accelerator on DIMMs

1.4
Ranks
(0]
2 1.3 5
% mm 4
¥a) i
£ mE 3
3 1.1
1.0-
6\” DL LD PP D PSPPSR D &S
b*’b Qr-,Ql KO\Q s@f \(‘(\ O %\\l— (\be g 'b‘ch\l‘\ R0 Q'O'b+,§b__\§\<;, @eo@
&

Benchmark and its heap footprint (MB)

Figure 5.14: Load imbalance for the MAGC-DIMM prototype. Each benchmark’s minimum
heap size is indicated.

5.8 Future Extensions

I now sketch how one can extend our design for integration into production systems.

Other GC Phases In this chapter, I focus on identifying live objects through pointer
chasing; MAGC-DIMM performs this entirely on DIMMs via a distributed GC protocol.
Other GC activities, such as reclaiming dead objects, can also benefit from the internal
memory bandwidth of near-memory processing. Once live objects are identified, a
linear scan of the heap can then identify dead objects (unmarked ones), which is
embarrassingly parallel. However, language runtimes track free memory in software
on the host side for performance. Therefore, one can extend the host-GC interface to
allow the GC units to return memory to the host as tuples of starting addresses and
sizes. Another extension is to allow GC units to reserve free memory from the host.
This allows the GC to move objects to reduce fragmentation. The amount of memory
to reserve can be determined ahead of time based on the current maximum heap size.
Alternatively, the GC can reserve memory in small batches, and request more from
the host when it exhausts its current supply.

Concurrent Tracing GC Race conditions arise if the program modifies the heap
while the GC traverses it. As I discuss in Sections 2.2.3 and 2.2.4, this problem is well
understood in software GC literature, and is commonly solved using write barriers.
Recall that write barriers are short code snippets inserted by the compiler to monitor a
program’s pointer writes. Canonical concurrent tracing algorithms, such as Snapshot
at the Beginning [Yuasa, 1990], use them.

To support concurrent traversal in MAGC-DIMM, we can monitor the program’s
pointer writes in two ways: i) extending the host-GC interface to allow software
barriers to send pointer writes to GC units, or ii) implementing the barrier in hardware,
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since the buffer device’s position allows monitoring of the host’s cache line write-
backs.

Operating System Integration To differentiate among processes, the host needs to
pass the current process’s page table base address along with its roots when triggering
a GC. When multiple processes share memory pages (e.g., after forking), the operating
system must clone copy-on-write (CoW) pages before invoking a GC if writable CoW
pages exist. Handling virtualization and nested page tables requires enhancing the
on-DIMM page table walker.

Generality Language runtimes can and do evolve over time. A recent example is
Open]DK Lilliput [Open]DK, 2024], which tightens the in-memory layout of object
headers that encode object metadata. To prevent a hardwired design from becoming
obsolete, a production version of our design needs to support some programmability.
We demonstrate this possibility by using small general-purpose cores in our RTL
prototype (Section 5.7.2).

When implemented using general-purpose cores, MAGC-DIMM can also be used
to offload other workloads that are arithmetically simple but memory bottlenecked.
For managed languages, one example is object or page zeroing [?]. Outside of language
runtimes, possible uses include other popular targets of near-memory acceleration,
such as database operations, and embedding lookups.

5.9 Summary

In this chapter, I presented MAGC-DIMM, a distributed on-DIMM garbage collection
(GC) accelerator that performs GC inside DIMM buffer devices. Our design handles
extreme cases of memory interleaving, where each DIMM can access as little as one
cache line of contiguous memory addresses. I show that despite this challenge, on-
DIMM GC can be efficient through optimizations exploiting GC’s special properties to
reduce communication and synchronization, and to improve utilization. Our design
uses significantly less cache and logic area than software GC. Through simulation, I
show that our design still achieves 68 % of the throughput of a 16-hardware-thread,
high-end CPU running GC exclusively. I demonstrate the scalability and flexibility of
our approach through an RTL prototype. MAGC-DIMM is a first step toward future
systems where GC, and the memory safety it provides, are delivered by the memory
system—without burdening the CPU.
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Chapter 6

Discussion

This thesis makes three major contributions to building and evaluating garbage collec-
tors (GCs) across the computational stack—software, kernel, and hardware. In this
chapter, I reflect on this journey, and discuss ongoing challenges and research efforts
in our community that are relevant to this thesis.

6.1 Rethinking Specialized Systems

Early computers often relied on specialized hardware—only mainframes could provide
the stability and performance required for enterprise workloads. An example is the
IBM Z, which remains in use today.

The industry then shifted toward commodity hardware. Commodity hardware
offered flexibility, allowing companies to choose from many vendors. For a long time,
Dennard scaling provided performance improvement with each feature size shrink,
disincentivizing the construction of specialized hardware. Google famously pioneered
the use of commodity components to build large-scale datacenters [Google, 1999],
which used clever software algorithms to compensate for the reduced reliability of
individual machines [Barroso et al., 2018].

Specialized systems were still developed afterwards, such as the Azul Systems Vega
appliance optimized for Java, but they were the exception [Azul, 2008]. Most of the
world’s computing power came from systems built with commodity parts, although
server-grade components offered better features and performance.

However, the end of Dennard scaling led to a reinvigoration of specialized hardware.
More recently, two major trends have driven this change: the ubiquity of mobile de-
vices, and the continued rise of hyperscale datacenters. Energy efficiency is a primary
concern for both, and the slowdown of Moore’s law and Dennard scaling compounds
this problem. Simultaneously, a few key workload classes now dominate comput-
ing. These include machine learning, Android runtime/Swift for mobile, client-side
JavaScript, and server-side runtimes, such as JVM, .NET Core, and Go.

Workload consolidation and the demand for efficiency create a significant opportu-
nity for specialized systems. In fact, with workload consolidation, specialized hardware
can now have broader utility. For example, machine learning accelerators (such as
Apple’s Neural Engine or Google’s TPU) are now deployed on devices ranging from
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low-power mobile phones to beefy datacenter servers. Similarly, hardware support for
managed runtimes might also have wide benefits [Maas, 2020].

However, unlike machine learning workloads, managed runtimes have largely re-
mained bound to general-purpose CPUs for now. As I show in Chapter 3, GC incurs
substantial overheads for applications running on such runtimes. This thesis presents
a cross-stack approach to GC optimization, which includes a specialized hardware ac-
celerator for GC—MAGC-DIMM. The results presented in this thesis demonstrate the
opportunity to reap substantial benefits by designing and optimizing systems across
the entire stack, despite the development costs and integration efforts.

Crucially, the shifting economics of GC also allow for the reconsideration of op-
portunities and ideas that have been discarded as “impractical.” The consequences
of such innovations might extend far beyond improving the speed of existing applica-
tions; they could lead to a much wider uptake of managed languages, and potentially
enable new classes of algorithms. Recent work reaffirms this position [Maas et al.,
2024; Yang et al., 2025].

6.2 Collective Investment in Research Infrastructure

Shared research infrastructure provides many benefits. It allows researchers to build
confidence in each other’s results. It enables us to reuse prior work instead of rein-
venting it. It also helps us prototype new ideas quickly.

A good example of such infrastructure is the RISC-V ecosystem for CPU and
system-on-a-chip (SoC) designs. Open-source frameworks, such as Chipyard [Amid
et al., 2020], Rocket Chip [Asanovi¢ et al., 2016], and FireSim [Karandikar et al.,
2019], enable rapid prototyping that accelerates innovation. In fact, the MAGC-DIMM
prototype presented in Chapter s is built on top of these frameworks.

On the other hand, a failure to invest in such infrastructure creates significant risk.
A promising idea can become bogged down by the sheer engineering effort required
just to build a working prototype. This discourages ambitious, trailblazing work, and
biases the research community toward incremental improvements to the status quo,
as those approaches often yield the best short-term progress [Zhao et al., 2025b].

A key part of this thesis is building an on-DIMM GC accelerator—MAGC-DIMM.
Section 5.7.2 leverages the Rocket Chip RISC-V SoC framework to prototype MAGC-
DIMM for functional correctness, and implementability. However, this prototype is no
substitute for cycle-accurate end-to-end simulators, and reference RTL designs that
faithfully model the underlying interconnected near-memory-processing DIMMs. As a
result, modeling and analyzing MAGC-DIMM performance required significantly more
effort than it would have taken if the requisite infrastructure were in place. Therefore,
this is a call for our community to collectively invest in shared research infrastructure
to accelerate progress in emerging architectures, such as near-memory processing.
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Conclusion

This thesis takes a cross-stack approach to optimize garbage collection (GC). As the
dominant approach to memory safety, GC needs to continue to evolve to lower the
barrier for adoption, and to make existing garbage-collected software more efficient.
At the start of the thesis, I identify three problems: i) an absence of necessary method-
ology to measure the real cost of GC, and worse still, ignorance of this absence, ii) diffi-
culties in performance debugging and optimization, and iii) impractical near-memory
acceleration for GC. I then address each of these problems.

First, I present the Lower Bound Overhead (LBO) methodology. LBO helps us
measure hard-to-attribute overheads of low-level components. When applied to GC,
LBO reveals significant overheads of software GCs. What is interesting and concerning
is not just these overheads, but that they have largely gone unnoticed until now. This
lack of awareness is likely due to our field’s collective methodological inattention. LBO
is a response to that inattention, and adds another tool to our field’s methodological
toolkit. Though alarming, the GC overheads revealed by LBO also highlight new
opportunities for improvement, such as architectural support for GC.

Second, I show how kernel-based performance tracing can add another invaluable
tool to our field’s methodological toolkit. Using GC as an example, I demonstrate
that tracing can enhance the observability of low-level systems software, especially
when combined with a modular design. Tracing aids in debugging and optimizing
existing systems. It also provides the rapid feedback necessary to generate insights
for designing future systems.

Finally, I present a new approach to near-memory acceleration for managed lan-
guages. MAGC-DIMM—an on-DIMM accelerator—represents a first step toward near-
memory GC that is suitable for integration into general-purpose systems. Despite
the architectural challenges, such as the interleaving of cache lines across DIMMs,
on-DIMM GC can be efficient—using 72 X less cache, and significantly less logic area
than the software baseline, while achieving 68 % throughput.

These outcomes are evidence that a cross-stack approach can bring significant
benefits even to a field as extensively studied as GC. This thesis encourages the com-
munity to rethink system design, evaluation, and optimization as we face emerging
systems challenges that may benefit from a similar cross-stack approach.
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7.1 Future Work

7.1.1  Microarchitectural GC Analysis with Better Delineation

In Chapter 3, I use the wall-clock time overhead, and the CPU cycle overhead as
examples of applying the lower bound overhead (LBO) methodology. Since LBO
is metric-agnostic, it can be applied to other metrics, including microarchitectural
metrics like cache misses.

Indeed, Huang [2025]’s recent work on analyzing GC’s cache behavior demon-
strates that there are more insights to glean from such analysis. For example, her
work challenges the conventional wisdom that GC exhibits poor locality, showing
instead that the reality is more nuanced.

In fact, the tracing infrastructure presented in Chapter 4 can complement LBO
analysis by providing better delineation of GC activities, and thus better estimation of
the intrinsic application costs. The case studies in Chapter 3 only attribute stop-the-
world collection activities to GC. While this attribution is sound, tracepoints might
enable more fine-grained attribution and analysis. This might in turn allow us to
better analyze concurrent GCs (especially when all available GCs provided by a VM
are concurrent), and also allow us to examine the cost incurred by different phases
within GC.

7.1.2 User-Space Tracing

Chapter 4 uses eBPF—a kernel-based tracing framework, and its command line tooling,
such as BCC and bpftrace. These tools are mature and ergonomic, and allow us to
quickly evaluate the feasibility of integrating tracing with GC. Furthermore, these
tools run tracing logic in kernel mode, which is convenient if one wants to correlate
GC activities with kernel activities (such as virtual memory management).

However, running tracing logic in kernel mode incurs the cost of privilege level
switches from user space to kernel, which can be significant for frequently invoked
tracepoints. Therefore, it is worth investigating executing tracing logic in user space
when kernel information is not needed.

One possible extension is to tightly integrate user-space tracing into the system
being studied. For example, a memory management framework, such as MMTK,
can provide infrastructure for GC implementers and users to write tracing logic in a
domain-specific language, which can then be just-in-time (JIT) compiled. The run-
time patching of the tracepoints in this case is done by MMTk itself in user space
instead of by the kernel. However, JIT and run-time code patching are notoriously
difficult to get right, and one needs to weigh the benefit of providing a more tailored
integration against the engineering effort.

Another possibility is to leverage existing user-space tracing frameworks. In Sec-
tion 4.3.1, I discussed tools such as LTTng and Perfetto, which have their respective
limitations. More recently, bpftime provides a user-space tracing API similar to kernel-
based eBPF tracing [Zheng et al., 2025]. This might be a more promising target to
investigate.
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7.1.3 End-to-End Integration and Evaluation of MAGC-DIMM

Chapter s presents the design and evaluation of MAGC-DIMM, representing a first step
toward on-DIMM hardware acceleration for managed languages. Evolving the design
for use in real-world systems requires more end-to-end integration and evaluation.

In Section 5.8, I enumerate possible extensions to MAGC-DIMM to make it suitable
for integration with production-grade language runtimes. Note that this integration
challenge is not unique to a hardware accelerator; a research software GC design
also needs to undergo the same process to be feature-complete to handle real-world
workloads [Zhao et al., 2025b].

To better explore the design space of MAGC-DIMM, one needs to extend the event-
driven simulator to model additional design parameters, including DIMM topology,
address mapping schemes, and virtual address translation. In particular, since MAGC-
DIMM distributes GC tasks across interconnected DIMMs, a fixed topology (such as
the line topology) will not scale to datacenter servers with many DIMMs.

To better gauge the performance of MAGC-DIMM, one needs to evaluate it together
with the software stack it supports. This likely involves extending existing full-system
simulators or system-on-a-chip frameworks to allow implementing hardware designs
both in the CPU and on DIMMs, and simulating them simultaneously with high
fidelity. Note that the common way of simulating a near-memory design using instruc-
tion/memory traces often overlooks offloading overheads and micro-architectural side
effects.

If the end-to-end simulation results prove fruitful, the ultimate goal is to tape out
silicon, and build hardware harnesses to test the design, which can then encourage
productization and adoption in real-world hardware.
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