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Abstract
Moving garbage collection (GC) provides opportunities to
rearrange object placement to reduce the working set and
thereby enhance cache locality. Hot-Cold Objects Segrega-
tion GC (HCSGC) identifies objects whose reference are
loaded through load reference barrier in ZGC as hot objects
and segregates them from the other objects. If such hot ob-
jects are repeatedly accessed after segregation, the effective
working set can shrink. However, we found that a substan-
tial fraction of hot objects were not accessed again after
experiencing a few, or even no, accesses immediately after
the segregation. This paper presents load-site based filtering
(LSBF) to further reduce the working set. Our key obser-
vation is that certain load sites tend to load references to
persistently hot objects, while others tend to load references
to transiently hot objects. We implemented LSBF in HCSGC,
where we classified load sites using offline profiling. Our
evaluation showed that LSBF reduced the working set for
our synthetic benchmark where HCSGC failed to reduce the
working set. For the DaCapo benchmarks, we did not ob-
serve improvements by LSBF mainly because these programs
were small enough that the working set fit within the cache
capacity regardless of object arrangements. Nevertheless, we
confirmed that the overhead of LSBF was limited.

CCSConcepts: • Software and its engineering→Garbage
collection.
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1 Introduction
Moving garbage collection (GC) provides opportunities to
rearrange object placement to reduce the working set and
thereby enhance cache locality. Much work has explored
relocating objects using moving GC to create cache-friendly
object layouts. Some approaches group objects that tend to
be accessed together and place objects in the same group
close to each other [12]. Others predict the access frequency
of objects and place frequently accessed objects close to each
other [3, 6].

Hot-Cold Objects Segregation GC (HCSGC) [16] identifies
objects whose references are loaded through the load refer-
ence barrier (LRB) in ZGC [17] as hot objects and relocates
them close to each other, segregating them from other ob-
jects. If such hot objects are repeatedly accessed after being
segregated, the effective working set can shrink.
However, we revealed that a substantial fraction of hot

objects were not accessed again after experiencing a few, or
even no, accesses immediately after segregation (section 2).
According to our analysis of the behavior of the DaCapo
benchmarks [2], on average, 23.4% of relocations caused
by the LRB are estimated to relocate transiently hot objects,
which are not accessed after a while. As a result, persistently
hot objects and cooled transiently hot objects tend to become
neighbors, leading to a suboptimal working set.

Further investigation revealed that we can use load sites to
distinguish between persistently and transiently hot objects.
We hypothesized that references loaded at the same load
site tend to follow the same data flow and that the future
behavior of the referenced objects is also similar. Indeed,
certain load sites tend to load references to persistently hot
objects, while others tend to load references to transiently
hot objects (section 3).
Based on this observation, we present load-site-based fil-

tering (LSBF) to further reduce the working set (section 3).
LSBF prevents transiently hot objects from being relocated
close to persistently hot objects. To this end, LSBF classifies
load sites into persistently-hot load sites, which tend to load
references to persistently hot objects, and transiently-hot
load sites, which tend to load references to transiently hot
objects.
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We implemented LSBF in HCSGC (section 4) as a profiling-
guided optimization [5]. We profile the behavior of the pro-
gram offline and classify its load sites based on profiling
results. At run time, we assign two to-space pages, a hot page
and a cold page, to each mutator thread. The classification is
supplied to the JIT compiler so that persistently-hot load sites
and transiently-hot load sites are compiled to relocate objects
to the hot page and cold page unconditionally, respectively.

Our evaluation showed that LSBF reduced the working set
for our synthetic benchmark where HCSGC failed to reduce
the working set. For the DaCapo benchmarks, we did not ob-
serve improvements by LSBF mainly because these programs
were small enough that the working set fit within the cache
capacity regardless of object arrangements. Nevertheless, we
confirmed that the overhead of LSBF was limited.

Our main contributions are summarized as follows:

• We show that HCSGC can mix transiently hot objects
with persistently hot objects, resulting in a suboptimal
working set (section 2).

• We show that transiently hot objects can be identified
based on the load site that relocates objects and can be
segregated from persistently hot objects (section 3).

• We implement LSBF of transiently hot objects in HC-
SGC (section 4).

2 Motivation
2.1 Cache and Working Set
The gap between processor speed and main-memory per-
formance is known as the memory wall [15]. For memory-
intensive workload, the CPU spends a significant fraction of
time stalled, waiting for data to arrive from DRAM. Cache
hierarchies mitigate this gap by exploiting access locality.

Modern CPUs are equipped with a three-level cache hier-
archy: L1 and L2 caches, and a last-level cache (LLC). Each
cache is organized into fixed-size cache lines, which are typi-
cally 64 bytes. From the perspective of software, if frequently
accessed data are placed close to each other, programs can
benefit from caches. This is because memory accesses are
amplified to cache-line granularity: accessing a single word
fetches the entire cache line.

Suppose that there are many 32-byte data structures, some
of which are accessed frequently (hot) and the others are
not (cold). If each cache line stores two hot data structures,
the cache can store twice as many hot data structures as
in the case where each cache line stores one hot and one
cold data structure. According to Dieckmann et al. [4], the
average sizes of instance objects varies between 16 and 23
bytes for Java programs in the SPECjvm98 benchmark suite,
under a configuration where fields are aligned to 32 bits.
Furthermore, even when the sizes of data structures exceed
the cache line size, placing frequently accessed data close to
each other is still beneficial because the unused space in the

first and last cache lines of hot data structures can host parts
of other hot data structures.

In addition to cache memory, modern CPUs are equipped
with translation lookaside buffers (TLBs). When a CPU ac-
cesses memory, it translates a virtual address to a physical
address. Virtual and physical addresses are mapped page
by page, and the mappings are stored in multiple levels of
page tables that resides in DRAM. This means that multiple
extra memory accesses are carried out for each load/store
instruction. TLBs cache these translations, eliminating these
extra memory accesses. When the CPU accesses an address
in a page whose translation is not cached in the TLB, the
page tables are accessed, and the translation result replaces
an existing TLB entry.

Again, from the perspective of software, if hot data struc-
tures are placed close to each other, programs can benefit
from the TLB because memory accesses are regarded to be
amplified to page granularity. If hot data structures are placed
close to each other, they reside in fewer pages compared to
the case where they are scattered across memory. Therefore,
TLB entries are less likely to be evicted, and TLB miss rates
decreases.

We define the effective working set during a time interval
as the set of memory regions that are accessed after amplifi-
cation by the memory hierarchy. Placing hot data structure
close to each other reduces the size of the effective work-
ing set. This is the case for any kind of cache that amplifies
memory accesses. In the rest of this paper, we use the term
cache to also refer to TLB.

2.2 ZGC and Load Reference Barrier
ZGC [17] is a mostly-concurrent mark-and-copy GC. No-
tably, mutators continue running during the evacuation
phase in ZGC.
In the evacuation phase, the collector evacuates the live

objects from the pages selected in the previous phase. During
the evacuation phase, mutators use the load reference barrier
(LRB) to maintain the to-space invariant similar to Baker’s
relocation [1]. Under this invariant, mutators always access
to-space objects. Furthermore, the mutators are black; no
references in the stack refer to from-space objects (objects
in the selected pages). When a mutator attempts to load a
reference to a from-space object, it converts the reference
to the reference to the copy in to-space of the object. If the
object has already been copied to to-space, the reference is
converted using forwarding information stored in a table.
However, if it has not, the mutator copies the object on its
own.

2.3 HCSGC: Hot-Cold Segregation GC
Hot-Cold Objects Segregation GC (HCSGC) [16] is a garbage
collector that aims to improve locality by exploiting the
property of the LRB of ZGC that mutators relocate objects.
Because a mutator must obtain a reference to an object to
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access it, loading a reference to the object typically precedes
accesses to it. Thus, reference loads can approximate accesses
to the referenced objects. Therefore, objects relocated by the
LRB can be regarded as objects that have been accessed.
Assuming that objects that are accessed once are likely to
be accessed again, such objects are regarded as frequently
accessed objects, or hot objects.
In ZGC, each mutator relocates objects to a thread-local

to-space page. Thus, objects relocated by mutators are placed
in pages that are separate from those used by the collector for
evacuation. Furthermore, objects in the to-space are allocated
using bump-pointer allocation. As a result, relocated hot
objects are placed close to each other and spatially segregated
from others.
HCSGC encourages this segregation (1) by selecting all

pages for small objects for evacuation and (2) by enabling
the LRB even when the collector is inactive. As a result,
whenever a mutator loads a reference to an object for the
first time since the last GC cycle, the object is relocated
to the mutator’s to-space page. Hence, it is relocated close
to other relocated objects. If such objects continue to be
accessed while other objects are not, the effective working
set remains minimal. Note that this excessive evacuation
itself is an overhead applied to the mutators.

2.4 Transiently Hot Objects
HCSGC depends on the assumption that relocated objects are
continuously accessed. To examine whether this assumption
holds, we analyze the behaviour of objects in the DaCapo
benchmark suite [2].
We say that a relocation of an object is consumed if the

object is accessed after a certain transient time, 𝑇 , or later.
Hereafter, time is measured in terms of the number of object
accesses. The transient time models the period until data is
evicted from the cache if it is not accessed. When an object
is relocated, it is brought into the cache if it has not resided.
We assume it stays in the cache during the transient time
after the relocation. If the object or its neighboring objects
are accessed during the transient time, the object stays in
the cache even after the transient time.

The experimental setup is as follows (Details are the same
as in section 5). We record reference-load events, object-
access events, and GC events during executions of DaCapo
benchmarks using the JVMTI interface of OpenJDK 14. We
use HCSGC for the executions. Events are sampled. We sam-
ple one objects per 1024 bytes of allocation at allocation time
and track only those objects. We record only reference-load
events to tracked objects stored in fields of tracked objects, as
well as object-access events on tracked objects. For tracked
objects, we record all object-access events so that we do not
miss accesses to objects whose reference-load events are
recorded. In this experiment, we track only scalar objects;
arrays are not tracked. Accesses to arrays are also ignored
when counting the transient time.
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Figure 1. Ratio of unconsumed relocations (𝑇 = 10, 000).
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Figure 2. Ratio of unconsumed relocations (𝑇 = 0).

We simulate relocations of objects performed by muta-
tors according to the recorded events. We regard a recorded
reference-load event to object 𝑂 as a simulated relocation
event if it is the first such event since the last GC cycle. Note
that 𝑂 may be relocated earlier in the real execution when a
reference to 𝑂 is loaded from a field of an untracked object.
For each simulated relocation event of 𝑂 , we examine

whether the relocation is consumed. References to a single
object 𝑂 may be loaded multiple times. In our experiments,
all simulated relocation events are considered consumed
even if 𝑂 is accessed only once after the last simulated relo-
cation event of 𝑂 .
Figure 1 shows the ratio of simulated relocation events

that are not consumed when the transient time 𝑇 = 10, 000.
This result revealed that a certain fraction of objects quickly
became cold after relocation. We call such objects transiently
hot objects. We also found that some objects are never ac-
cessed after relocation, as shown in fig. 2, which shows the
ratio of unconsumed simulated relocation events when𝑇 = 0.
In other words, some reference loads were not followed by
accesses to their referents.

Because HCSGC relocates both transiently hot objects and
persistently hot objects, which continue to be accessed after
the transient time, the density of hot objects in the pages
that have been mutator’s to-space pages degrades. Although
persistently hot objects in those pages will be relocated again
after the next GC cycle, they are temporarily mixed with
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transiently hot objects that have cooled down. This increases
the effective working set size.

3 Load-Site-Based Filtering
To reduce the effective working set, we aim to create an area
containing only persistently hot objects, namely hot pages,
by filtering transiently hot objects during object relocation
within the load reference barrier. This is because accesses
to transiently hot objects, which occur only immediately
after relocation, hit the cache lines fetched upon writes for
relocation and thus do not require special treatment. Fur-
thermore, considering the memory layout after the transient
time has elapsed since relocation, we have a motivation to
filter these out from the hot pages. The reason is that by that
point, transiently hot objects have become cold, therefore
mixing them with persistently hot objects during relocation
means intermingling cold objects among hot objects, which
increases the effective working set.

To identify objects to filter within the load reference bar-
rier, we use information called load sites, the locations in
the program where references to an object were loaded. This
stems from our intuition that references loaded at the same
load site tend to follow the same data flow, implying similar
future behavior for the referenced objects.
Specifically, we model load sites as either persistently-

hot load sites, which mostly load references to persistently
hot objects, or transiently-hot load sites, which mostly load
references to transiently hot objects. Depending on which
one the load reference barrier occurs during, we relocate the
object to different pages within the mutator’s to-space pages.
The area chosen for relocation during persistently-hot load
sites becomes the aforementioned hot pages.
The design of using load sites for decisions within load

reference barriers also has the advantage of not needing
to record past behavior of objects. Compared to other deci-
sion criteria (such as allocation sites or access counts), it is
expected to reduce space overhead.

3.1 Effectiveness of Load Sites
We experimentally confirmed that the load sites serve as a
useful indicator for assessing whether an object is persis-
tently hot or transiently hot. Specifically, we compared them
with allocation sites—the locations in the program where an
object was created—which are known to correlate closely
with object behavior [7]. The benchmarks and heap sizes
used in the experiment are the same as those in section 2.4.
Figure 3 shows the relationship between the load/alloca-

tion site referenced during object relocation within the load
reference barrier and whether the object is persistently hot
or transiently hot. To highlight impactful sites, the figure
excludes sites with fewer than 0.5% of total references. The
charts for load sites and allocation sites are similar. It was

demonstrated that they have equivalent effectiveness for the
purpose of filtering transiently hot objects.

4 Implementation
We implemented load-site-based filtering (hereinafter re-
ferred to as LSBF) of transiently hot objects, as proposed in
section 3, within HCSGC. We identified transiently hot load
sites by profiling program behavior offline. Specifically, we
tracked objects relocated at each load site using JVMTI in
the same way as in section 2.4 and classified sites where over
99% of the objects were transiently hot as transiently-hot
load sites. Our system accepts a list of the transiently-hot
load sites as an option at runtime, and treats any sites not
included in that list as persistently-hot load sites.
While the mutator threads hold a single to-space page

in HCSGC, they now hold two: one is a hot page, and the
other is a cold page. When relocating an object within load
reference barriers, if the current load site is persistently-hot,
the destination is in the hot page; if it is transiently-hot, it
is in the cold page. When a page becomes full, the mutator
thread switches to a newly allocated page.
By informing the JIT compiler of the load sites’ classi-

fication, we make it possible to unconditionally select the
destination for object relocation within the compiled code.
Since the classification is determined offline, the destination
does not change at runtime for each load site. We therefore
embed code that unconditionally relocates objects into the
hot page for the compilation results of persistently-hot load
sites, and code for unconditional relocation into the cold
page for transiently-hot load sites. This is expected to reduce
overhead of LSBF.

5 Evaluation
We evaluate our approach to answer the following research
questions:

RQ1: Does LSBF reduce the effective working set?
RQ2: Does LSBF improve program throughput?
RQ3: Does LSBF introduce performance overhead compared

to HCSGC?

5.1 Methodology
We expect that LSBF reduces the effective working set for
some of the programs for which HCSGC fails to sufficiently
reduce it compared to ZGC. Thus, we compare three GC algo-
rithms:ZGC,HCSGC, andHCSGCwith LSBF (HCSGC+LSBF).
To judge whether the effective working set of one algo-

rithm is smaller than that of another, we compare the num-
ber of cache misses. If we plot the number of cache misses
against the effective working set size, the curve consists of
two segments. As long as the effective working set fits within
the cache capacity, the program exhibits few cache misses.
However, the curve has a knee: once the effective working
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Figure 3. Ability of load/allocation sites to distinguish between persistently and transiently hot objects in each benchmark
program. The line charts show the persistent ratio, or the ratio of relocations of persistently hot objects to total relocations
referencing each site (top horizontal axis). The bar charts shows the share of object relocations for each site in the benchmark
(red/blue indicating relocation of persistently/transiently hot objects; bottom horizontal axis). Sites with a share below 0.005
are excluded, and the remaining sites are sorted in ascending order by persistent ratio.
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set exceeds the cache capacity, the number of cache misses
increases with the effective working set size.
We develop a synthetic benchmark program that is de-

signed so that HCSGC fails to minimize the effective working
set. The program is parameterized by a size factor, which
represents the number of accessed objects and objects whose
references are loaded. As the size factor increases, the effec-
tive working set size increases. We plot the number of cache
misses against the size factor and compare the size factors
at which the knee appears in the curves for different GC
algorithms.

We compare the effective working set with respect to the
L1 cache, the LLC and TLBs. We have defined the effective
working set during a time interval as the set of memory
regions that are accessed after amplification by the memory
hierarchy in section 2. For CPU caches, accesses are amplified
to the cache-line size, which is 64 bytes in our environment.
For TLBs, accesses are amplified to the page size, which
is 4 KB in our environment; we disable large pages in our
experiments.

We alsomeasure the execution time for various size factors
to examine whether LSBF improves program throughput.
Additionally, we compare cache misses and execution

time using the DaCapo benchmark suite [2] (dacapo-9.12-
MR1-bach). We exclude batik, eclipse, tomcat, tradebeans,
and tradesoap because they were not able to run with HC-
SGC. Norlinder [9], which proposes another improvement of
HCSGC, also excluded these benchmarks. Although Norlin-
der [9] describes that “DaCapo programs are probably small
enough to fit in the L3 cache of our benchmark machine,”
we examine DaCapo benchmarks mainly to evaluate perfor-
mance overhead. Also, our machine has only 8.3 MB shared
LLC while theirs has a 64 MB LLC.
We use the default input size for all programs. We also

use a huge input size for h2, which is the only program
that supports this size. We denote h2 with the huge input as
h2huge.
We execute 10 iterations in a single process instance for

each program except h2huge. For h2huge, we execute a sin-
gle iteration because its execution time is sufficiently long.
We measure execution time and cache misses over the entire
execution of the program using the Linux perf profiler.

5.2 Experimental Setup
All experiments were conducted on OpenJDK 14, on top of
whichHCSGC is implemented1, with the following command-
line options:

-XX:+UnlockExperimentalVMOptions
-XX:-UseNUMA
-XX:+TieredCompilation
-XX:TieredStopAtLevel=1
-XX:+UseZGC

1https://github.com/TobiasWrigstad/pldi2020-artefact

Table 1. Hardware and software configuration

Operating system Linux Ubuntu 22.04.4 LTS
CPU Intel(R) Xeon(R) W-2235 CPU @ 3.80 GHz
Memory 32 GB
CPU cores 6
NUMA nodes 1

Table 2. Cache and TLB specifications

Name Capacity / entries Notes
L1 cache 32 KB per core
L2 cache 1 MB per core
L3 cache 8.3 MB shared across cores
L1 TLB 64 entries
L2 TLB 1536 entries

-XX:+UseColdPage†

-XX:HotCycles=1†

-XX:ColdConfidence=0†

-XX:+UseRelocateAllSmallPages†

-XX:+UseLazyRelocate†

The options marked with † were not supplied to ZGC. The
JVM was restricted to using the C1 JIT compiler because
we implemented LSBF only in the C1 compiler. For HC-
SGC+LSBF, we supplied the list of transiently-hot load sites
as an additional command line option. The list of transiently-
hot load sites was generated by an offline profiling of the
entire execution of the same benchmark program. Therefore,
the programs behaved exactly the same during profiling and
evaluation.
The hardware and OS used in our experiments are sum-

marized in table 1, and the specifications of the caches are
listed in table 2. The page size was always 4 KB because we
used the default setting of OpenJDK, which does not enable
large-page support. Thus, the L2 TLB can cover 6 MB of
memory.
We set the heap size to 3800 MB for the synthetic bench-

mark so that GC takes place occasionally. For DaCapo bench-
marks, table 3 summarizes the heap sizes used for profiling to
classify load sites and theminimumheap sizes. Theminimum
heap size is the smallest heap size for which the program
completes within 10× the execution time when running with
a sufficiently large heap using HCSGC. For profiling, we set
the heap sizes so that GC takes place occasionally. We used
this heap size for the analysis in section 2 and section 3.
For evaluation, we used 2×, 5×, and 10× the minimum heap
sizes.

5.3 Synthetic Benchmark Program
We developed a synthetic benchmark program, hcskiller.
The program is carefully designed so that reference loads

6
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Table 3. Heap sizes. The sizes in the “profiling” column are
also used for the analysis in section 2 and section 3.

heap size (MB)
benchmark profiling minimum
avrora 500 54
fop 600 107
h2 2600 434
jython 1200 157
luindex 120 110
lusearch 1600 104
lusearch-fix 2400 104
pmd 400 116
sunflow 1800 154
xalan 1200 180
h2huge N/A 1669

to persistently hot objects and transiently hot objects are
interleaved. As a result, HCSGC fails to minimize the effec-
tive working set. We vary the number of involved objects
and examine the largest number of objects for which the
effective working set fits within the cache capacity.

The hcskiller maintains a large balanced binary tree with
230 nodes. Each node has four fields, an integer key, a value
field, and references to the left and right children. The
value field contains a value object with 62 integer fields. In
our experimental setting, each object has a 16-byte header,
and fields are aligned to 8-byte boundaries2. Therefore, each
node occupies 48 bytes and each value object occupies 512
bytes. The node objects are designed to be persistently hot
objects, and the value objects are designed to be transiently
hot objects.

The main loop of this benchmark program, shown in fig. 4,
repeatedly performs a lookup in the tree. The keys of this
tree are contiguous integers starting from 0. At each itera-
tion, a search key is selected randomly from the range 0 to 𝑁 .
Thus, 𝑁 acts as a size factor that determines the number of
objects involved in the execution; 2𝑁 nodes are repeatedly
accessed, and references to those nodes and 𝑁 value ob-
jects are repeatedly loaded. This is because the search range
corresponds to a prefix of the key space, and the program
therefore repeatedly searches within a balanced subtree.
In each iteration, the program tests whether the found

node has a value or not and increments a counter if it does.
Because we construct the tree such that all nodes have values,
this test always succeeds. Although the program loads a
reference to the value object during this test, the loaded
references are never dereferenced. Thus, the value objects
are cold objects. In LSBF, these cold objects are recognized
as transiently hot objects.
This main loop allocates memory occasionally to trigger

GC. More precisely, it creates 𝐴 instances of the 512-byte
2pointer compression is not available with ZGC

for (long i = 0; i < ITERATIONS; i++) {
int key = rand.nextInt(N);
var value = tree.lookup(key);
if (value != null) count++;
/* allocate occasionally */
if (i % P == 0)

for (long j = 0; j < A; j++)
new Value();

}

Figure 4. Pseudo code of main loop of hcskiller.

value objects once every 𝑃 iterations. In our experiments,
𝑃 = 28 and 𝐴 = 24.

5.4 Results for hcskiller
Wefirst examinewhether LSBF reduces the effective working
set size for hcskiller. Figure 5 plots the number of TLB misses
against the size factor, 𝑁 . Let 𝑁cap be the maximum 𝑁 such
that the number of misses is small. These results clearly
show that HCSGC failed to reduce the effective working set
while HCSGC+LSBF successfully reduced it: 𝑁cap = 213 for
HCSGC and ZGC, and 𝑁cap = 217 for HCSGC+LSBF.

These results match the theoretical expectation. In this ex-
periment, the sizes of persistently hot and transiently objects
were 48 and 512 bytes, respectively. Because we designed
hcskiller so that 2𝑁 objects were persistently hot and 𝑁 ob-
jects were transiently hot, the fraction of persistently hot
objects among all hot objects was:

48 × 2 + 512
48 × 2

≈ 6.33 ≈ 22.66.

This is close to the ratio between the effective working set
sizes of HCSGC and HCSGC+LSBF in the experiment.

In this experiment, a transiently hot object was 512 bytes,
which was smaller than the page size. Thus, the entire tran-
siently hot object was placed in the same page as persistently
hot objects. We designed hcskiller so that 2𝑁 objects were
persistently hot and 𝑁 objects were transiently hot. Because
the sizes of persistently hot and transiently hot objects were
48 and 512 bytes, respectively, transiently hot objects occu-
pied a substantial portion of the pages containing persis-
tently hot objects.

Figure 6 plots the number of LLC misses against 𝑁 . These
results indicated a similar tendency, but the effect was less
clear than in fig. 5. This is because transiently hot objects
were larger than the cache-line sizes. Consequently, only
part of each transiently hot object contributed to amplify
accesses to persistently hot objects.

For L1 cache misses, plotted in fig. 7, the differences were
less clear. Nevertheless, we observed that 𝑁cap = 26 for HC-
SGC and 𝑁cap = 27 for HCSGC+LSBF. We also observed
another knee in the curves at 𝑁 = 214 for HCSGC and
𝑁 = 217 for HCSGC+LSBF. Around these points, TLB misses

7
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Figure 5. TLB misses for hcskiller
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Figure 6. LLC misses for hcskiller
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Figure 7. L1 cache misses for hcskiller

started to increase (see fig. 5). As a result, additional memory
accesses were caused by page walks during address transla-
tions, which caused L1 misses.
Figure 6 plots the execution time of hcskiller against 𝑁 .

HCSGC+LSBF was consistently faster than ZGC and HC-
SGC, mirroring the reduction in cache misses.

In summary, LSBF successfully reduced the effective work-
ing set size and improved performance for a program where
HCSGC failed to minimize the working set.
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Figure 8. Execution time for hcskiller

5.5 Results for DaCapo Benchmarks
Figures 9 and 11 show the number of TLB, LLC, and L1 cache
misses per second, and fig. 12 shows the execution time
normalized to ZGC. Each program was executed with 2×,
5×, and 10× the minimum heap size listed in table 3. These
results indicate that LSBF did not improve HCSGC for the
DaCapo benchmarks, but the performance overhead was
limited.

The number of TLB and cache misses were similar across
GC algorithms for most programs, and the misses were infre-
quent. This suggests that the effective working set fit within
the cache capacity regardless of object arrangements. For
h2huge, we observed that TLB and LLC misses increased
for HCSGC+LSBF compared to HCSGC. Nevertheless, the
increase was modest, and the impact on the execution time
was limited; HCSGC+LSBF was 1.8% slower than HCSGC
in the worst case (10× minimum heap size).

6 Related Work
Cache-friendly object placement has long been studied. It is
well known that arranging objects in allocation order and
preserving this order during GC results in reasonably good
locality of reference. White [13] pointed out that garbage
collection may disturb the locality of reference of the pro-
gram by relocating objects that were previously near each
other. Petrank and Rawitz theoretically showed that find-
ing an object arrangement that minimizes cache misses is
NP-hard [10].

Therefore, most practical approaches rely on heuristics to
improve locality. Several studies have proposed techniques
to improve locality with acceptable overhead in garbage-
collected systems. Some approaches group objects that tend
to be accessed together at GC time and place objects in the
same group close to each other[8, 11, 14]. Moon [8] inte-
grated a partial depth-first search with breadth-first search
in copying GC so that clusters of objects connected by ref-
erences are likely to be relocated to the same page. Later,
Wilson [14] improved Moon’s algorithm so that similar heap
layouts can be obtained with smaller overhead.

8
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Figure 9. TLB misses per second for DaCapo
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Figure 10. LLC misses per second for DaCapo
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Figure 11. L1 cache misses per second for DaCapo
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Figure 12. Execution time for DaCapo
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Another approach uses profiling to predict the access fre-
quency of objects and groups of objects that are accessed
together. Our LSBF falls into this category. Chen et al. [3]
use runtime profiling to identify object instances that are
accessed together. Huang et al. [6] identify hot fields by pig-
gybacking profiling for JIT compilation and relocate objects
connected by references in hot fields together. Our LSBF
predict object behavior based on their load sites.

Norlinder et al. [9] propose an improvement toHCSGC [16].
Their approach avoids unnecessary evacuations by prevent-
ing the collector from evacuating objects from pages that
were not accessed by the mutator by the end of the GC cycle.
Our LSBF is orthogonal to this improvement.

7 Conclusion
We have revealed that a substantial fraction of objects whose
references are loaded—whichHCSGC identifies as hot objects—
are not accessed after a few, or even no, accesses immediately
after relocated by GC. To segregate such transiently hot ob-
jects from persistently hot objects and reduce the working
set a while after GC, we have proposed load-site-based filter-
ing (LSBF). This is grounded in experimental observations
showing that the ability of load sites to distinguish between
persistently and transiently hot objects is as effective as that
of allocation sites.
We have implemented LSBF in HCSGC as a profiling-

guided optimization. Using LSBF based on the classification
of persistently-hot and transiently-hot load sites obtained
through offline profiling, we found a benchmark where the
working set was smaller and cache/TLB misses were re-
duced compared to HCSGC. Furthermore, we confirmed that
our implementation, which eliminates runtime conditional
branches for segregation by consulting load site classifica-
tions during JIT compilation, exhibits low overhead on the
DaCapo benchmark.
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