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JikesRVM on RISC-V
• Runs full JDK6 applications, including 

the Dacapo benchmark suite (no JDK7)
• Passes JikesRVM core test suite
• 15,000 lines of code in 86 files to port 

the non-optimizing baseline compiler
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ABSTRACT
Managed languages such as Java, JavaScript or Python account for
a large portion of workloads, both in cloud data centers and on
mobile devices. It is therefore unsurprising that there is an inter-
est in hardware-software co-design for these languages. However,
existing research infrastructure is often unsuitable for this kind of
research: managed languages are sensitive to �ne-grained inter-
actions that are not captured by high-level architectural models,
yet are also too long-running and irregular to be simulated using
cycle-accurate software simulators.

Open-source hardware based on the RISC-V ISA provides an
opportunity to solve this problem, by running managed workloads
on RISC-V systems in FPGA-based full-system simulation. This
approach achieves both the accuracy and simulation speeds re-
quired for managed workloads, while enabling modi�cation and
design-space exploration for the underlying hardware.

A crucial requirement for this hardware-software research is a
managed runtime that can be easily modi�ed. The Jikes Research
Virtual Machine (JikesRVM) is a Java Virtual Machine that was
developed speci�cally for this purpose, and has become the gold
standard in managed-language research. In this paper, we describe
our experience of porting JikesRVM to the RISC-V infrastructure.
We discuss why this combined setup is necessary, and how it en-
ables hardware-software research for managed languages that was
infeasible with previous infrastructure.

1 INTRODUCTION
Managed languages such as Java, JavaScript and Python account
for a large portion of workloads [16]. A substantial body of work
suggests that managed-language runtimes can signi�cantly bene�t
from hardware support and hardware-software co-design [10, 13, 21,
22]. However, despite their pervasiveness, these types of workloads
are often underrepresented in computer architecture research, and
most papers in premier conferences use native workloads such as
SPEC CPU to evaluate architectural ideas.

While native workloads represent an important subset of appli-
cations, they are not representative of a large fraction of workloads
in some of the most important spaces, including cloud and mobile.
This disconnect between real-world workloads and evaluation was
pointed out in a prominent Communications-of-the-ACM article
almost 10 years ago [7], but not much has changed since then. A
part of the problem is arguably that there is currently no good
way to evaluate managed languages in the context of computer
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architecture research. Speci�cally, all of the major approaches fall
short when applied to managed-language applications:
• High-level full-system simulators do not provide the �delity
to fully capture managed-language workloads. These work-
loads often interact at very small time-scales. For example,
garbage collectors may introduce small delays of ⇡ 10 cycles
each, scattered through the application [10]. Cumulatively,
these delays add up to substantial overheads but individually,
they can only be captured with a high-�delity model.
• Software-based cycle-accurate simulators are too slow for
managed workloads. These simulators typically achieve on
the order of 400 KIPS [17], or 1s of simulated time per 1.5h
of simulation (per core). Managed-language workloads are
typically long-running (i.e., a minute and more) and run
across a large number of cores, which means that simulating
an 8-core workload for 1 minute takes around a month.
• Native workloads often take advantage of sampling-based
approaches, or use solutions such as Simpoints [20] to deter-
mine regions of interest in workloads and then only simulate
those regions. This does not work for managed workloads,
as they consist of several components running in parallel
and a�ecting each other, including the garbage collector, JIT
compiler and features with dynamically changing state (such
as biased locks, inline caching for dynamic dispatch, etc.).
In addition, managed application performance is often not
dominated by speci�c kernels or regions of interests, which
makes approaches that change between high-level and de-
tailed simulation modes (e.g., MARSSx86 [17], Sniper [9])
unsuitable for many of these workloads.

For these reasons, a large fraction of managed-language research
relies on stock hardware for experimentation. While this has en-
abled a large amount of research on improving garbage collectors,
JIT compilers and runtime system abstractions, there has been rela-
tively little research on hardware-software co-design for managed
languages. Further, the research that does exist in this area typically
explores a single design point, often in the context of a released
chip or product, such as Azul’s Vega appliance [10]. Architectural
design-space exploration is rare, especially in academia.

We believe that easy-to-modify open-source hardware based
on the RISC-V ISA, combined with an easy-to-modify managed-
language runtime system, can provide an opportunity to address
this problem and perform hardware-software research that was
infeasible before. Both pieces of infrastructure already exists:

On one hand, the RocketChip SoC generator [5] provides the
infrastructure to generate full SoCs that are realistic (i.e., used in
products), and can target both ASIC and FPGA �ows. Using an
FPGA-based simulation framework such as Strober [14] enables
simulating the performance of real RocketChip SoCs at high-�delity,
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Benchmarks Instructions (B) Simulated Time (s) 

avrora 118.0 311.8
luindex 47.4 103.5
lusearch 263.5 597.2
pmd 158.5 346.8
sunflow 504.8 1,352.9
xalan 190.8 466.4

Default input sizes, >1 trillion instructions
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Abstract
Evaluation methodology underpins all innovation in experi-
mental computer science. It requires relevant workloads, 
appropriate experimental design, and rigorous analysis. 
Unfortunately, methodology is not keeping pace with the 
changes in our field. The rise of managed languages such 
as Java, C#, and Ruby in the past decade and the imminent 
rise of commodity multicore architectures for the next de-
cade pose new methodological challenges that are not yet 
widely understood. This paper explores the consequences 
of our collective inattention to methodology on innovation, 
makes recommendations for addressing this problem in 
one domain, and provides guidelines for other domains. 
We describe benchmark suite design, experimental design, 
and analysis for evaluating Java applications. For example, 
we introduce new criteria for measuring and selecting di-
verse applications for a benchmark suite. We show that the 
complexity and nondeterminism of the Java runtime system 
make experimental design a first-order consideration, and 
we recommend mechanisms for addressing complexity and 
nondeterminism. Drawing on these results, we suggest how 
to adapt methodology more broadly. To continue to deliver 
innovations, our field needs to significantly increase partici-
pation in and funding for developing sound methodological 
foundations.

1. INTRODUCTION
Methodology is the foundation for judging innovation in 
experimental computer science. It therefore directs and 
misdirects our research. Flawed methodology can make 
good ideas look bad or bad ideas look good. Like any infra-
structure, such as bridges and power lines, methodology is 
often mundane and thus vulnerable to neglect. While sys-
temic misdirection of research is not as dramatic as a bridge 
collapse11 or  complete power failure,10 the scientific and 
economic cost may be considerable. Sound methodology 
includes using appropriate workloads, principled experi-
mental design, and rigorous analysis. Unfortunately, many 
of us struggle to adapt to the rapidly changing computer sci-
ence landscape. We use archaic benchmarks, outdated ex-
perimental designs, and/or inadequate data analysis. This 
paper explores the methodological gap, its consequences, 
and some solutions. We use the commercial uptake of man-
aged languages over the past decade as the driving example.

Many developers today choose managed languages, which 
provide: (1) memory and type safety, (2) automatic memory 
management, (3) dynamic code execution, and (4) well-de-
fined boundaries between type-safe and unsafe code (e.g., JNI 
and Pinvoke). Many such languages are also object-oriented. 
Managed languages include Java, C#,  Python, and Ruby. C 
and C++ are not managed languages; they are compiled-
ahead-of-time, not garbage collected, and unsafe. Unfortu-
nately, managed languages add at least three new degrees of 
freedom to experimental evaluation: (1) a space–time trade-off 
due to garbage collection, in which heap size is a control vari-
able, (2) nondeterminism due to adaptive optimization and 
sampling technologies, and (3) system warm-up due to dy-
namic class loading and just-in-time (JIT) compilation.

Although programming language researchers have em-
braced managed languages, many have not evolved their 
evaluation methodologies to address these additional de-
grees of freedom. As we shall show, weak methodology leads 
to incorrect findings. Equally problematic, most architecture 
and operating systems researchers do not use appropriate 
workloads. Most ignore managed languages entirely, despite 
their commercial prominence. They continue to use C and 
C++ benchmarks, perhaps because of the significant cost and 
challenges of developing expertise in new infrastructure. Re-
gardless of the reasons, the current state of methodology for 
managed languages often provides bad results or no results.

To combat this neglect, computer scientists must be 
 vigilant in their methodology. This paper describes how 
we addressed some of these problems for Java and makes 
recommendations for other domains. We discuss how 
benchmark designers can create forward-looking and diverse 
workloads and how researchers should use them. We then 
present a set of experimental design guidelines that accom-
modate complex and nondeterministic workloads. We show 
that managed languages make it much harder to produce 
meaningful results and suggest how to identify and explore 
control variables. Finally, we discuss the importance of rig-
orous analysis8 for complex nondeterministic systems that 
are not amenable to trivial empirical methods.

We address neglect in one domain, at one point in time, 
but the broader problem is widespread and growing. For 
example, researchers and industry are pouring resources 
into and exploring new approaches for embedded sys-
tems, multicore architectures, and concurrent program-
ming models. However, without consequent investments 
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Run managed workloads on real RISC-V 
hardware in FPGA-based simulation to 

enable modifying the entire stack
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Grail Quest: A New Proposal for Hardware-assisted Garbage Collection

Martin Maas Krste Asanović John Kubiatowicz
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ABSTRACT
Many big data systems are written in garbage-collected languages
and GC has a substantial impact on throughput, responsiveness
and predicability of these systems. However, despite decades of
research, there is still no “Holy Grail” of GC: a collector with no
measurable impact, even on real-time applications. Such a collec-
tor needs to achieve freedom from pauses, high GC throughput
and good memory utilization, without slowing down application
threads or using substantial amounts of compute resources.

In this paper, we propose a step towards this elusive goal by
reviving the old idea of moving GC into hardware. We discuss
the trends that make it the perfect time to revisit this approach
and present the design of a hardware-assisted GC that aims to
reconcile the conflicting goals. Our system is work in progress
and we discuss design choices, trade-o↵s and open questions.

1. INTRODUCTION
A substantial portion of big data frameworks – and

large-scale distributed workloads in general – are writ-
ten in languages with Garbage Collection (GC), such as
Java, Scala, Python or R. Due to its importance for a
wide range of workloads, Garbage Collection has seen
tremendous research e↵orts for over 50 years. Yet, we
arguably still don’t have what has been called the “Holy
Grail” of GC [1]: a pause-free collector that achieves
high memory utilization and high GC throughput (i.e.,
sustaining high allocation rates), preferably without a
large resource cost for the application.

Many recent GC innovations have focused on the
first three goals, and modern GCs can be made e↵ec-
tively pause-free at the cost of slowing down application
threads and using a substantial amount of resources.
Moreover, these approaches oftentimes ignore another
factor that is very important in warehouse-scale com-
puters: energy consumption. Previous work [2] has
shown that GC can account for up to 25% of energy
and 40% of execution time in common workloads (10%
on average). Worse, as big data systems are processing
ever larger heaps, these numbers will likely increase.

We believe that we can reconcile low pause times and
energy e�ciency by revisiting the old idea of moving
GC into hardware. Our goal is to build a GC that si-
multaneously achieves high GC throughput, good mem-
ory utilization, pause times indistinguishable from LLC
misses and energy e�ciency. We build on an algo-
rithm that performs well on the first three criteria but
is resource-intensive [3]. Our key insight is that this al-
gorithm can be made energy e�cient by moving it into
hardware, combined with some algorithmic changes.

We are not the first to propose hardware support for
GC [3–7]. However, none of these schemes has been
widely adopted. We believe that there are three reasons:

Garbage-collected languages are widely used, but

they are rarely the only workload on a system.

Systems designed for specific languages mostly lost out
to general-purpose cores, partly due to Moore’s law and
economies of scale allowing these cores to quickly out-
perform the specialized ones. This is changing today, as
the slow-down of Moore’s law makes it more attractive
to use chip area for accelerators to improve common
workloads, such as garbage-collected applications.

Most garbage-collected workloads run on servers

(note that there are exceptions, such as Android appli-
cations). Servers traditionally use commodity CPUs
and the bar for adding hardware-support into such a
chip is very high (take Hardware Transactional Memory
as an example). However, this is changing: cloud hard-
ware and rack-scale machines in general are expected to
switch to custom SoCs, which could easily incorporate
IP to improve GC performance and e�ciency.

Many proposals were very invasive and would re-
quire re-architecting of the memory system or other
components [5, 7, 8]. We believe an approach has to
be relatively non-invasive to be adopted. The current
trend to accelerators and processing near memory may
make it easier to adopt similar techniques for GC with-
out substantial modifications to the architecture.

We therefore think it is time to revisit hardware-assisted
GC. In contrast to many previous schemes, we focus on
making our design su�ciently non-invasive to incorpo-
rate into a server or mobile SoC. This requires isolating
the GC logic into a small number of IP blocks and lim-
iting changes outside these blocks to a minimum.

In this paper, we describe our proposed design. It ex-
ploits two insights: First, overheads of concurrent GCs
stem from a large number of small but frequent slow-
downs spread throughout the execution of the program.
We move the culprits (primarily barriers) into hardware
to alleviate their impact and allow out-of-order cores
to speculate over them. Second, the most resource-
intensive phases of a GC (marking and relocation) are a
poor fit for general-purpose cores. We move them into
accelerators close to DRAM, to save power and area.

2. BACKGROUND
An extensive body of work has been published on GC.

Jones and Lins [9] provide a general introduction.
There are two fundamental GC strategies: tracing

and reference counting. Tracing collectors start from a
set of roots (such as static or stack variables), perform a

1
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ABSTRACT
Garbage collection yields numerous software engineering benefits,
but its quantitative impact on performance remains elusive. One
can compare the cost of conservative garbage collection to explicit
memory management in C/C++ programs by linking in an appro-
priate collector. This kind of direct comparison is not possible for
languages designed for garbage collection (e.g., Java), because pro-
grams in these languages naturally do not contain calls to free.
Thus, the actual gap between the time and space performance of
explicit memory management and precise, copying garbage collec-
tion remains unknown.

We introduce a novel experimental methodology that lets us quan-
tify the performance of precise garbage collection versus explicit
memory management. Our system allows us to treat unaltered Java
programs as if they used explicit memory management by relying
on oracles to insert calls to free. These oracles are generated
from profile information gathered in earlier application runs. By
executing inside an architecturally-detailed simulator, this “oracu-
lar” memory manager eliminates the effects of consulting an oracle
while measuring the costs of calling malloc and free. We eval-
uate two different oracles: a liveness-based oracle that aggressively
frees objects immediately after their last use, and a reachability-
based oracle that conservatively frees objects just after they are last
reachable. These oracles span the range of possible placement of
explicit deallocation calls.

We compare explicit memory management to both copying and
non-copying garbage collectors across a range of benchmarks us-
ing the oracular memory manager, and present real (non-simulated)
runs that lend further validity to our results. These results quantify
the time-space tradeoff of garbage collection: with five times as
much memory, an Appel-style generational collector with a non-
copying mature space matches the performance of reachability-
based explicit memory management. With only three times as much
memory, the collector runs on average 17% slower than explicit
memory management. However, with only twice as much memory,
garbage collection degrades performance by nearly 70%. When

⇤Work performed at the University of Massachusetts Amherst.
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physical memory is scarce, paging causes garbage collection to run
an order of magnitude slower than explicit memory management.

Categories and Subject Descriptors
D.3.3 [Programming Languages]: Dynamic storage management;
D.3.4 [Processors]: Memory management (garbage collection)

General Terms
Experimentation, Measurement, Performance

Keywords
oracular memory management, garbage collection, explicit mem-
ory management, performance analysis, time-space tradeoff, through-
put, paging

1. Introduction
Garbage collection, or automatic memory management, provides
significant software engineering benefits over explicit memory man-
agement. For example, garbage collection frees programmers from
the burden of memory management, eliminates most memory leaks,
and improves modularity, while preventing accidental memory over-
writes (“dangling pointers”) [50, 59]. Because of these advantages,
garbage collection has been incorporated as a feature of a number
of mainstream programming languages.

Garbage collection can improve programmer productivity [48],
but its impact on performance is difficult to quantify. Previous re-
searchers have measured the runtime performance and space im-
pact of conservative, non-copying garbage collection in C and C++
programs [19, 62]. For these programs, comparing the performance
of explicit memory management to conservative garbage collection
is a matter of linking in a library like the Boehm-Demers-Weiser
collector [14]. Unfortunately, measuring the performance trade-off
in languages designed for garbage collection is not so straightfor-
ward. Because programs written in these languages do not explic-
itly deallocate objects, one cannot simply replace garbage collec-
tion with an explicit memory manager. Extrapolating the results of
studies with conservative collectors is impossible because precise,
relocating garbage collectors (suitable only for garbage-collected
languages) consistently outperform conservative, non-relocating gar-
bage collectors [10, 12].

It is possible to measure the costs of garbage collection activity
(e.g., tracing and copying) [10, 20, 30, 36, 56] but it is impossi-
ble to subtract garbage collection’s effect on mutator performance.
Garbage collection alters application behavior both by visiting and
reorganizing memory. It also degrades locality, especially when
physical memory is scarce [61]. Subtracting the costs of garbage
collection also ignores the improved locality that explicit memory
managers can provide by immediately recycling just-freed mem-
ory [53, 55, 57, 58]. For all these reasons, the costs of precise,

Modifiable hardware enables fine-
grained measurement and injection of 

language-level data without disturbing 
the application performance

We found that the distortion introduced [by the method] 
unacceptably large and erratic. For example, with the 
GenMS collector, the [benchmark] reports a 12% to 33% 
increase in runtime versus running [without]. 
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Logging Memory Allocations

All memory allocations in a program
(color indicates allocation class size)
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DRAM Row Misses

Dacapo Java Benchmarks on FPGA RISC-V core, FCFS open-
page memory access scheduler. 800 Billion cycles @ 30MHz
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JVM on RISC-V Progress
• Jikes Research JVM:
• Baseline JIT, no optimizing JIT port yet

• OpenJDK HotSpot JVM:
• Runs with zero backend, but no high-

performance JIT compiler port yet
45
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We need your help!
Are you interested
in working on the
OpenJDK port?
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If you would like to get involved, talk to me or
David Chisnall (david.chisnall@cl.cam.ac.uk)

The RISC-V Foundation is launching a
new J Extension Work Group to add
managed-language support to RISC-V!


