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Abstract

Programmers using native languages such as C, C++, or Rust
can implement custom memory allocation strategies to im-
prove execution time. In their paper titled “Reconsidering
Custom Memory Allocation” almost 25 years ago, Berger et
al. [2] showed that while per-class allocators provide no sig-
nificant speedups over a state-of-the-art general-purpose al-
locator, region-based allocators can improve execution time
by allocating and freeing objects in bulk. This paper revis-
its that work on a modern hardware platform with modern
general-purpose allocators to evaluate whether their con-
clusions still hold. It also augments the benchmark suite
with two large real-world applications (Clang and Blender),
and introduces a methodology to explore the effect of mem-
ory fragmentation on locality in general-purpose allocators.
Our results support and extend the original conclusions,
demonstrating the locality advantages of region-based cus-
tom memory allocators.

CCS Concepts: » Software and its engineering — Allo-
cation / deallocation strategies; Software performance;
- General and reference — Performance.
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1 Introduction

Low-level control over memory management is a fundamen-
tal aspect of native programming languages such as C, C++,
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or Rust. While garbage-collected systems provide increased
safety guarantees and other software engineering benefits,
manual memory management can provide significant per-
formance improvements [14]. Notably, these performance
enhancements can be obtained using a custom memory alloca-
tor by leveraging knowledge about the application’s memory
access patterns and object lifetimes.

Berger et al. [2] tackled the question of custom alloca-
tor performance over two decades ago in a paper entitled
“Reconsidering Custom Memory Allocation™. Their study
classifies custom allocation techniques, and measures their
performance across a suite of eight benchmarks. Those prior
experiments identify region allocators as the only custom
allocation technique providing substantial improvements
to execution time (up to 44%) compared to a state-of-the-
art general-purpose allocator. Region allocators (also named
arena, pool, or bump-pointer allocators) operate by allocat-
ing objects contiguously without individually freeing them,
instead returning all memory at once when the region is de-
stroyed. This scheme allows for reduced allocator pressure
thanks to fewer individual allocation and free operations:
using knowledge of object lifetimes within the application,
objects with identical or similar lifetimes can be grouped
together, allowing efficient bulk interactions with the under-
lying allocator. Today, region allocators are still widespread.
Most notably, they have been incorporated as first-class mem-
bers of the C++ language since C++17 [9-13, 15]. Region
allocator implementations are also available in many third-
party libraries, including APR, Boost, and Folly for C/C++,
as well as Bumpalo and typed-arena for Rust.

Over the two decades since Berger et al’s study, hardware
and state-of-the-art general-purpose allocators have changed
substantially. Modern general-purpose allocators such as je-
malloc [5] and mimalloc [19] have significantly narrowed
the performance gap with custom strategies. At the same
time, the growing gap between CPU speed and memory la-
tency means cache misses are proportionally more expensive
today [21, 26], making locality of reference an increasingly
critical factor. Beyond the hardware and software landscape,
we identify a methodological limitation in prior evaluations:
benchmarks are run on a fresh, unfragmented heap, which

1 Awarded Most Influential OOPSLA Paper in 2012.


https://orcid.org/0000-0002-1708-0073
https://orcid.org/0000-0002-3222-3271
https://doi.org/10.1145/3814942.3816132
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://doi.org/10.1145/3814942.3816132
https://sigplan.org/Awards/OOPSLA/

ISMM °26, June 16, 2026, Boulder, CO, USA

places the general-purpose allocator in ideal starting condi-
tions. During execution, programs typically build up some
level of natural heap fragmentation from earlier operations
within the same process. Starting from a blank heap inadver-
tently advantages the general-purpose allocator, particularly
for short-lived benchmarks.

To address this methodological gap, we introduce adver-
sarial allocation, a technique that preconditions the heap
with artificial fragmentation before the benchmark runs.
Adversarial allocation first profiles the program to record
its allocation size distribution and peak live object count,
then uses this information to allocate and randomly free a
large number of objects, leaving the heap in a fragmented
state that mimics conditions in long-running or shared en-
vironments. On this preconditioned heap, general-purpose
allocators must fill gaps scattered across memory, whereas
region allocators still guarantee contiguous placement of
objects. This exposes a locality benefit of region allocators
that clean-heap evaluations systematically obscure: consec-
utive allocations within a region remain spatially co-located
regardless of prior heap state, reducing cache misses when
those objects are later traversed.

This paper makes the following contributions:

e Revisits custom allocators in the face of modern hard-
ware and better high-performance general-purpose
allocators.

e Proposes adversarial allocation, a refined methodology
for accurately quantifying the locality upside of region
allocators, without inadvertently giving an advantage
to naive general-purpose allocation.

e Evaluates the impact of region allocators in real pro-
grams, tackling benchmarks from Berger et al’s evalu-
ation and from two large-scale modern applications.

Our results largely support and extend Berger et al’s orig-
inal conclusions: per-class allocators provide no substantial
benefit over a modern general-purpose allocator, while re-
gion allocators retain a meaningful advantage, particularly
under heap fragmentation. However, our experiments also
show that high-performance general-purpose allocators such
as jemalloc and mimalloc have considerably closed the per-
formance gap with region-based custom allocation, reducing
region allocator speedups from up to 44% in the original
study to at most 15% in our evaluation. Adversarial allocation
further reveals a resilience advantage of region allocators
that clean-heap evaluations miss entirely: naive allocation
slows down by up to 2X under heap fragmentation, while
region allocators are unaffected.

2 Background
2.1 General-Purpose Memory Allocators

Dynamic memory allocation is necessary in low-level lan-
guages such as C and C++. General-purpose allocators must
satisfy a wide set of requirements, without any knowledge of
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the application’s specific allocation patterns: low overhead
per operation, high throughput even in multi-threaded work-
loads, low memory waste, and good memory locality. A key
technique used by general-purpose allocators is size-class
segregation: the heap is partitioned into pools of fixed-size
slots, and each allocation request is rounded up to the nearest
size class and served from the corresponding pool.

Berger et al’s experiments focus on two general-purpose
allocators: the default Windows XP allocator (“Win32”), and
the Doug Lea allocator (“dlmalloc”) [17]. At the time, dl-
malloc was a state-of-the-art high-performance allocator.
Today, both of those allocators are severely outdated. This
paper discusses three general-purpose allocators widely used
today: glibc malloc, jemalloc [5], and mimalloc [19]. glibc
malloc evolved from dlmalloc and is the default Linux allo-
cator. jemalloc and mimalloc are modern high-performance
allocators.

2.2 Custom Allocators

Using a custom allocator is a common technique to obtain
performance gains and/or software engineering benefits.
Most often, the motivation for implementing a custom allo-
cator is performance. In some applications, custom allocators
also allow for easier memory management; for example, a
server handling requests may use a custom allocator to facil-
itate memory reclamation of objects after request handling
is complete.

Custom allocators are an old idea, but they are still used
today. In fact, there has been significant work to integrate
custom allocator support as an integral part of the C++ stan-
dard library with C++17 [9-13, 15]. This integration is in
the form of the std: : pmr library, which provides a standard
interface for custom allocators named memory_resource. A
few subclasses of memory_resource are provided in the stan-
dard library, most notably a region allocator implementation
named monotonic_buffer_resource.

We follow the taxonomy established and used by Berger
et al. [2]. Namely, we split allocators into three categories:
per-class, region, and hybrid. Table 1 provides an overview
of the benchmarks used in this paper and in the original
study, and a few characteristics of their custom allocator.
The following sections provide more explanation of each
type, along with examples taken from those benchmarks.

2.2.1 Per-Class Allocators. Per-class allocators optimize
for a single object size/type, providing the usualmalloc/free
API. On deallocation, they keep a freelist of objects ready to
be reused on the next allocation instead of returning mem-
ory to the system allocator. To minimize memory overhead,
linked list pointers can be embedded in freed objects. Sec-
tion 2.1 describes how general-purpose allocators already
separate their allocations into size classes: therefore, intu-
itively, per-class allocators may only offer limited savings
from size computations. Section 4.3 quantifies these savings.
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Table 1. Classification of the custom allocators used in Berger et al’s original study and in this paper (§2.2). Allocators
are marked either per-class, region, or hybrid. This table also lists specific characteristics and interface details of those custom
allocators: whether or not they use chunks, and what free interface is available. Three benchmarks from the original study are
excluded: we could not find complete sources for C-Breeze, or a working and useful input for lcc. Apache’s benchmarking is
noisy and not compute-intensive enough to draw meaningful allocator performance conclusions.

Benchmark Type Original This Study Chunks Individual Free Bulk Free Reason for Exclusion
boxed-sim per-class v v v

mudlle region v v v v

175.vpr region v v v v

176.gcc region v v v v

197.parser hybrid v v v v

Clang region v v v

geometry_nodes region v v v

sculpt hybrid v v v v

C-Breeze per-class v v missing sources
Apache region v v v not compute-bound
lcc region v v v missing benchmark input

Algorithm 1: Region Allocation (§2.2.2). If the current
chunk doesn’t have sufficient space, allocate a new one and
set it as the current chunk. Then, bump the current chunk’s
allocation pointer. Allocators often have additional charac-
teristics, such as alignment, special handling of larger allo-
cations, or monotonically increasing chunk sizes.

function ArLocAaTEOBJECT(region, size)
if AvarLaBrE(region.current_chunk) < size then
region.current_chunk « CREATENEWCHUNK()
ArpPEND(region.chunks, region.current_chunk)
end if
object «— CURRENTBUMPPTR(region.current_chunk)
INCREMENTBUMPPTR(region.current_chunk, size)
return object
end function

Algorithm 2: Region Reset (§2.2.2). In region allocators,
memory is retained until the entire region is ready to be
disposed of. This is one source of savings region allocators
provide: significantly reduced total memory operations.

function RESET(region)
for each chunk in region.chunks do
free(chunk)
end for each
end function

2.2.2 Region Allocators. Region allocators [6] aim to
group together objects that share a similar lifetime and/or
will be frequently accessed together. They follow the idea
of a “bump-pointer”; incrementing a pointer for each object
allocation, freeing everything in one single operation, but

only when finished using all allocated objects. While some
implementations use a fixed-size maximum, most others ex-
tend this functionality to a monotonically growing set of
chunks, allowing support for an arbitrary number of objects.
Algorithms 1 and 2 provide the outline for a simple region
allocator implementation. On allocation, the pointer is sim-
ply bumped if the current chunk has enough available bytes,
otherwise a new chunk must first be allocated. On reset
and destruction, all allocated chunks are simply passed di-
rectly to the free function. This interface and implementation
match C++17’s std: :pmr: :monotonic_buffer_resource,
both in libc++ and libstdc++.

Custom allocators in mudlle, 175.vpr, 176.gcc, and Clang,
as well as Blender’s LinearAllocator (geometry_nodes), all
follow this mechanism. 176.gcc adds one special feature: the
ability to partially free the region. By providing a pointer,
all memory from that pointer to the region’s tail will be
deallocated.

Region allocators may suffer from increased memory foot-
print due to deallocations being deferred until the entire
region is disposed of. This increased memory requirement is
largely dependent on program and allocator implementation
rather than measurement platform or machine architecture,
and has been studied by Berger et al. [2]; this paper does not
further discuss it.

2.2.3 Hybrid Allocators. Allocators not strictly falling
into either one of the categories above typically employ a
combination of techniques. In our benchmarks, this is the
case for 197.parser and Blender’s mempool (sculpt).
197.parser’s allocator employs a fixed-size chunk of mem-
ory provisioned at startup. It then operates with a standard
malloc/free APL Freeing an object marks it as free, and if it
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is the last allocated object, the allocator resets its internal
bump-pointer to the new last live object. In other words,
an object will be re-used only if all subsequently allocated
objects are first marked free. This method is effective for a
stack-like use of memory.

Blender’s mempool mixes region-based and freelist-based
custom allocation. Each pool has a fixed object size, and a
fixed number of objects per chunk, with new chunks allo-
cated as needed from the system allocator. In addition to
standard region allocation, BLI_mempool also has a freelist
mechanism: on deallocation, objects are kept in a linked list
for immediate reuse on the next allocation (last in, first out).
Another particularity of this allocator is support for iteration
over all allocated objects. During iteration, objects continue
to be allocated in and freed from the pool.

3 Adversarial Allocation

Applications often gradually build up heap fragmentation
throughout their execution, as allocations and deallocations
of different sizes interleave. Therefore, running short-lived
benchmarks from a clean-state heap does not give the full pic-
ture of the benefits of custom allocators, as general-purpose
allocators generally behave optimally from a blank start-
ing point, allocating contiguous objects. Figure 1 illustrates
the effect of allocating from a blank heap versus an already
fragmented heap: in the blank heap case, memory allocators
typically return objects in contiguous memory. In contrast,
when the heap is fragmented, memory allocators must fill
distant gaps to keep memory footprint under control.

In order to fairly measure the full performance benefits
of custom allocators, we introduce adversarial allocation, a
method preconditioning the heap to simulate heap fragmen-
tation that may occur in long-running applications or in tail-
latency cases. Adversarial allocation consists of exercising
the memory allocator before the program runs, simulating
prior executions. This technique requires two phases: first,
the program runs with lightweight instrumentation to record
the size class distribution of all allocations made. This dis-
tribution is then used for all subsequent runs to repeatedly
call malloc and free before the program’s execution actually
starts.

3.1 Phase 1: Detecting Allocation Sizes

General-purpose allocators typically segregate allocations
by size classes. Therefore, for representative artificial heap
fragmentation, we need to gather data on the program’s allo-
cation sizes. We achieve this with a small library interposing
on the standard memory allocation functions. The output of
this tool consists of the count of allocations for each size un-
der 4096 bytes by default; allocations of 4096 or more bytes
are ignored as they meet or exceed the standard page size.
While this paper’s benchmarks are not particularly impacted
by physical memory footprint and address translation, this
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Algorithm 3: Preconditioning the heap before program
execution by allocating and randomly freeing objects
(§3.2). The size distribution and the peak number of live
allocations are retrieved from the previous detection phase.
The multiplier and occupancy settings control the precondi-
tioning footprint and density, respectively.

Require: distribution, peak_allocations
function PRECoNDITION(multiplier, occupancy)
objects «— CREATEEMPTYARRAY()
n « multiplier X peak_allocations
for i € [1;n] do
size «— SAMPLERANDOMSIZE(distribution)
APPEND(0bjects, MALLOC(size))
end for
SHUFFLE(objects)
m < n X (1 — occupancy)
forie€ [1;m] do
FreE(objects[i])
end for
end function

cutoff setting can easily be adjusted to account for large al-
locations in applications sensitive to TLB misses. Extending
this study to huge pages is an interesting future direction.
Figure 2 depicts an example allocation size distribution gen-
erated by this tool for 197.parser. The tool also increments
and decrements a counter on malloc and free respectively,
recording the maximum number of live allocations at any
point in the program. Together with the distribution of al-
location sizes, the adversarial allocation phase will use this
maximum live allocation number to obtain an estimated peak
allocation footprint.

3.2 Phase 2: Preconditioning the Heap

Algorithm 3 formalizes the preconditioning procedure hap-
pening during static initialization, before the program exe-
cutes. The allocation size distribution and the peak number
of live allocations are retrieved from the previous detec-
tion phase. With a given multiplier M, the tool allocates
M x peak_allocations objects, sampling each object’s size
proportionally from the recorded distribution. The multiplier
simulates the possible heap state of a long-running applica-
tion that has, over its lifetime, allocated and mostly freed a
quantity of memory far exceeding its current working set.
After allocation, the objects are randomly and uniformly
shuffled, and freed, leaving only a given occupancy fraction
of them permanently live on the heap. By randomizing the
order of allocated objects before freeing, the algorithm en-
sures that live and free blocks are interleaved throughout
the heap, producing a fragmented free list that resembles
what accumulates in practice [25].

Performance counters show that adversarial allocation
increases cache misses at every level, indicating that heap
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Clean-state heap

Contiguous allocations
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Divided allocations, worse locality

Fragmented heap

Figure 1. Comparing the performance of short-lived benchmarks from a clean-state heap masks potential locality
improvements brought by the region allocator (§3). When starting from a blank, clean-state heap, the program’s allocator
can typically deliver contiguous allocations. A region allocator on the other hand guarantees this contiguity, even in the

presence of heap fragmentation.
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Figure 2. Distribution of allocations for 197.parser,
grouped in size class bins, with a log-scale (§3.1). The
detection phase also tracks the maximum count of live allo-
cations: 491k for this benchmark.

fragmentation is the primary cause of the observed slow-
down. Figure 3 shows examples of this effect, by gradually
increasing adversarial allocation occupancy with a fixed mul-
tiplier. As occupancy increases, fewer contiguous object slots
remain available to the allocator during execution. In turn,
cache misses increase at every level, degrading performance.
Adversarial allocation is a useful tool to quantify a program’s
resilience to memory fragmentation, even when it is not
always representative of realistic long-term fragmentation
occurring in a given program. General-purpose allocators
may implement heuristics to defeat this particular implemen-
tation, but an adversarial pattern can always be constructed
for any allocator [25].

4 FEvaluation

Berger et al’s experimental setup used a “600 MHz Pentium
IIT system with 320MB of RAM, a unified 256K L2 cache, and
16K L1 data and instruction caches”. For reference, Pentium
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Figure 3. Adversarial allocation occupancy controls
synthetic heap fragmentation (§3.2). These two examples,
covering L1 misses in Clang and L3 misses in 197.parser
under a fixed adversarial allocation multiplier of 10, highlight
the correlation between cache misses (poor locality) and
increased execution time.

III processors were discontinued in 2004. In contrast, this
paper’s evaluation was conducted on a server equipped with
two Intel Xeon Gold 6430 processors (initial release: 2023),
running Linux version 6.8.0-84-generic, with 128GB of mem-
ory and a total of 120MB L3 cache. The tested underlying
general-purpose allocators are glibc malloc 2.39, jemalloc
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Table 2. Applications used to evaluate custom allocators, along with their version and input (§4).

Benchmark Version Input Description

boxed-sim sha256:fc65ed0 -n 128 -s 13 simulates n balls bouncing inside a box
mudlle 2020-04-30 time.mud MUME’s extension language interpreter
175.vpr spec2000v1.3 train input FPGA circuit placement and routing
176.gcc spec2000v1.3 200.i C compiler

197 .parser spec2000v1.3 ref input natural language processing

Clang 21.1.8 sqlite3.c C/C++ compiler

geometry_nodes 5.0.1 foreach_zone_bfield geometry node modification

sculpt 5.0.1 1000 X 1000 mesh diagonal brush stroke on mesh

Table 3. Configurations of adversarial allocations used
in our evaluation (§4). Each configuration is further tested
with the region allocator enabled or falling back to the un-
derlying allocator, and with three backing general-purpose
allocators: glibc malloc, jemalloc, and mimalloc.

Name Multiplier Occupancy
Adl)o 0 -
Advq 1 0.33
Adus 3 0.66
Adl)]o 10 0.8

5.3.0, and mimalloc 2.2.5. We compile both benchmarks and
allocators with Clang 21 and all optimizations enabled, ex-
cept for glibc malloc which comes from the system’s library.
Reported results are averaged over repeated runs; variance
was low across all measurements. Table 3 details all adver-
sarial allocation settings discussed in our evaluation. This
section aims to address the following research questions:

e RQ1: Do per-class custom allocators provide meaning-
ful performance benefits?

e RQ2: Have high-performance general-purpose alloca-
tors closed the gap with region allocators?

e RQ3: Do region allocators offer more resilience to heap
fragmentation?

The first two research questions mirror and aim to refresh
Berger et al’s evaluation. The third question extends our
experiments to adversarial allocation and resilience to heap
fragmentation.

4.1 Benchmarks

Table 2 describes the benchmarks used, as well as their ver-
sion and input. We include all benchmarks from Berger et al’s
study we could successfully obtain and run, namely boxed-
sim, mudlle, 175.vpr, 176.gcc, and 197.parser [23]. To obtain
modern real-world examples of C and C++ programs us-
ing custom allocation, we searched Google and GitHub, and
queried the ChatGPT and Claude large language models for
projects using custom allocator implementations. Candidate

applications were then filtered, selecting those amenable to
meaningful benchmarking of their custom allocator. This pro-
cess allows us to extend our evaluation with three additional
benchmarks representative of modern application workloads:
one from LLVM/Clang [4] and two from Blender [3].

Clang [4] is a very widely used C and C++ compiler, based
on the LLVM toolchain [16]. Among a few other less fre-
quently used custom allocator strategies, it implements a
region allocator in 11vm: :BumpPtrAllocator. This imple-
mentation follows the general description in Section 2.2.2:
it provides ArLLocATE and RESET methods that respectively
allocate an object of the given size, and free all allocated
objects. We benchmark Clang on the SQLite3 v3.49.1 amal-
gamation, a very large (165k lines of code) C file, with all
optimizations enabled (-03).

Blender [3] is a state-of-the-art 3D computer graphics tool,
widely used for 3D modeling and animations, including full-
length animated films [18]. Its source contains three different
implementations of region allocators, each used in different
subsystems. This evaluation focuses on two:

1. LinearAllocator: This allocator follows the general
mechanism outlined in Section 2.2.2.

2. BLI_mempool: This hybrid allocator mixes freelist-
based and region-based custom allocation, and sup-
ports iteration. Notably, it requires stability during
iteration in the event of object allocations or frees.

We benchmark those two allocators with built-in Blender
performance benchmarks, with some changes to input size
and/or output format: geometry_nodes for LinearAllocator
and sculpt for BLI_mempool.

4.2 Disabling Custom Allocation

To effectively compare custom allocation strategies to rely-
ing solely on the general-purpose allocator, we maintain two
separate versions of each benchmark: a first version as-is,
with the custom allocator enabled, and a second where all
individual object requests are forwarded directly into the
system’s malloc and free functions (naive allocation). We use
the same methodology as Berger et al., and manually replace
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Table 4. Methods to disable custom allocation (§4.2).

Benchmark Disable Method

boxed-sim remove freelist

mudlle reduce chunk size to fit single objects
175.vpr reduce chunk size to fit single objects
176.gcc reduce chunk size to fit single objects
197.parser use malloc/free directly

Clang reduce large allocation threshold to 0

geometry_nodes reduce large allocation threshold to 0
sculpt track live objects with a hash set

each custom allocator so that it falls back to the default un-
derlying system allocator in the most efficient way possible.
Disabling custom allocation can be as simple as redirecting
back to the underlying malloc/free functions (197.parser).
For most region allocators, ensuring each chunk contains
exactly one allocation is a simple but effective way to guaran-
tee objects are allocated via malloc, while maintaining object
ownership tracking and bulk free capabilities. Per-class al-
locators (boxed-sim) are also straightforward to replace by
removing each type-specific freelist. Blender’s mempool is
the most complex allocator to disable, due to its wide inter-
face features: it must support individual and bulk frees, as
well as iteration over all allocated objects. In this case, the
most efficient way to emulate naive allocation is keeping a
hash set of all live objects. Table 4 summarizes the methods
employed to disable custom allocation in each benchmark.

4.3 RQ1: Do per-class custom allocators provide
meaningful performance benefits?

This section focuses on the boxed-sim benchmark. It uses
a per-class allocator: on deallocation, objects are placed on
class-local freelists and are recycled for the next allocation
(last in, first out). Figure 4 shows normalized execution time
results for this benchmark. For boxed-sim, naive allocation
with mimalloc outperforms glibc malloc with the custom
allocator even on the highest adversarial allocation settings.
Custom per-class allocation on top of mimalloc only shaves
an additional 2.3%.

Berger et al. discuss one additional benchmark using per-
class allocators: C-Breeze. However, it has not received any
updates in two decades, and we were unable to successfully
compile and run the program on our experimental platform.
Further, our search for modern C and C++ applications mean-
ingfully using per-class allocation yielded no compelling
candidates.

Nevertheless, we extend our experiments with an upper-
bound microbenchmark: it exclusively measures allocation
throughput using intrusive pointers for zero memory over-
head in building the linked freelist. With 16-byte allocations,
this upper bound shows the per-class allocator outperforms
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naive allocation with glibc malloc by only 24%, jemalloc by
11%, and mimalloc by 8%. In a realistic application where
memory operations account for only a fraction of total cycles,
these gains drop by an order of magnitude.

Per-class allocators offer no additional protection against
heap fragmentation. The freelist ordering depends on deal-
location history: even if objects are initially allocated con-
tiguously, they become arbitrarily interleaved as allocations
and frees occur.

=

rRQI Summary: The boxed-sim per-class allocator pro-
vides only a 2.3% improvement to execution time with mi-
malloc, while requiring significant implementation effort.
The per-class allocation microbenchmark confirms that
potential savings are minimal. These results suggest that,
in most cases, the engineering complexity of per-class
custom allocators outweighs their performance benefits,
which modern general-purpose allocators already largely
eliminate. This aligns with Berger et als conclusions.

\.

4.4 RQ2: Have high-performance general-purpose
allocators closed the gap with region allocators?

Figure 5 summarizes and compares the execution time us-
ing custom allocation (with the best possible underlying
general-purpose allocator) versus naive allocation. Since no
adversarial allocation is involved, execution time reductions
can for the most part be attributed to the reduction in mem-
ory operations that chunked allocators provide. Berger et
al. [2] reported that “region-based allocators often outper-
form general-purpose allocation”; our results suggest high-
performance general-purpose allocators today have signif-
icantly closed that gap. Among the three tested general-
purpose allocators, mimalloc provides the best overall per-
formance on our selection of benchmarks. Naive allocation
with mimalloc provides equal or nearly equal performance
to custom allocation for 175.vpr and Clang. For 197.parser,
geometry_nodes, and mudlle, the slowdown is 7.1%, 14%, and
15%, respectively.

RQ2 Summary: High-performance general-purpose al-
locators have significantly closed the performance gap
with region allocators, down from the 44% upper bound
reported by Berger et al. Regions can still offer execution
time improvements, up to 15% in mudlle.

4.5 RQ3: Do region allocators offer more resilience
to heap fragmentation?

This section leverages adversarial allocation, described in
Section 3, to better surface any potential locality-related ben-
efits region allocators can bring. Region allocators are able to
fully bypass any natural fragmentation that gradually builds
up during program execution, making them ideal candidates
in tail-latency and locality-sensitive workloads.
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Figure 4. Per-class custom allocation in boxed-sim only provides marginal execution time improvements (§4.3).
Execution time is normalized to using the custom allocator under glibc malloc with no adversarial allocation. Table 3 describes

the adversarial allocation settings used.
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Figure 5. Region allocators significantly outperform naive general-purpose allocation in four benchmarks (§4.4).
For each benchmark, execution time is normalized to using custom allocation with the best underlying general-purpose
allocator. While Section 2.2 classifies 197.parser as using a hybrid allocator, its use of chunked allocation exhibits roughly the
same reduction in memory operations as other region allocator benchmarks.

Figure 6 shows the runtime for all region-allocator-based
benchmarks in this paper. Nearly every region allocator — in-
cluding the hybrid allocators in 197.parser and sculpt, whose
chunked allocation provides the same locality properties —
shows perfect resilience to adversarial allocation, even with
higher settings. The only exception is Clang: this is because
not all allocations in Clang go through the region allocator.
Instead, regions are integrated only in high-impact func-
tions and procedures throughout the program. Therefore,
the remaining allocations are still susceptible to performance
degradation from heap fragmentation. Nevertheless, under
Adus settings, Clang with its region allocator still outper-
forms naive allocation by 3.4% for jemalloc, 3.2% for mimal-
loc, and 9.4% for glibc malloc.

In contrast, naive allocation is heavily impacted by ad-
versarial allocation, even with modern high-performance
allocators. Based on the Advs and mimalloc settings, adver-
sarial allocation slows down mudlle, 197.parser, and 176.gcc
by 18%, 25%, and 27%, respectively. This slowdown is mit-
igated using custom, region-based allocation. The default
Linux allocator is considerably more affected by fragmen-
tation than jemalloc and mimalloc, with both mudlle and
197.parser taking over 2X longer under Advs settings.

Interestingly, 175.vpr and geometry_nodes appear rela-
tively unaffected by adversarial allocation. 175.vpr is very
processor-intensive with a low memory footprint, and hence
has low sensitivity to fragmentation issues. 70% of allocations
in the geometry_nodes benchmark are bigger than 64 bytes,
the cache line size on our experimental platform. It also has
a small working set of objects: only 18k. Because of their
allocation properties, locality in these programs is not a ma-
jor concern; region allocation can still provide performance
benefits from reduced memory operations (Section 4.4).

RQ3 Summary: Region allocators provide strong re-
silience to heap fragmentation, while naive allocation
degrades execution time by up to 2X under adversarial
allocation (mudlle and 197.parser, glibc malloc). Even with
modern high-performance allocators, slowdowns up to
27% are observed. Clang is the only exception, as not
all of its allocations are region-managed, yielding only
partial resistance (3.2-9.4% depending on the underlying
allocator). Programs with low memory sensitivity, such
as 175.vpr and geometry_nodes, see little impact from
fragmentation regardless of allocator.
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Figure 6. Region allocators offer significant resilience to adversarial allocation, and more generally heap fragmen-
tation (§4.5). For each benchmark, execution time is normalized to using the custom allocator under glibc malloc with no
adversarial allocation. Table 3 describes the adversarial allocation settings used.
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5 Threats to Validity

This paper’s evaluation relies on a specific set of benchmarks
that use custom allocators: we extend a set of five programs
taken from Berger et al’s study [2] with three more bench-
marks from two modern widely used applications. These pro-
grams are single-threaded; multi-threaded workloads may
exhibit different performance characteristics and memory
behavior. Custom allocators are virtually always used in
single-thread or per-thread mode; therefore comparison in
this environment provides a useful baseline. As discussed
in Section 3.1, these benchmarks also each have a specific
allocation size class distribution. Applications that often use
larger allocation sizes such as geometry_nodes will suffer
less from fragmentation-induced, cache-related performance
degradation.

Experiments in this paper are conducted on a server archi-
tecture, detailed in Section 4. In particular, our platform has
a large cache size (450X the last-level cache size of Berger
et al’s processor). We expect advantages from custom allo-
cators to remain in machines with equal or smaller cache
size, since this reduced capacity will tend to increase the rate
of cache misses. Measurements on a different machine (i7-
8559U processor with an 8MB L3 cache) support this claim
and yield results equivalent to those presented in Section 4.

Section 3 describes adversarial allocation, a stress test for
custom and general-purpose allocation that allows applying
increasing degrees of fragmentation. This allows allocator
comparison across a range of behavior, whereas Berger et
al’s previous evaluation inadvertently focused exclusively
on the best-case scenario for the general-purpose allocator.
As noted in Section 3.2, while this fragmentation may not
necessarily occur, at least to that level, during normal ex-
ecution, adversarial allocation remains useful to quantify
allocator resilience to synthetic fragmentation and simulate
tail latency scenarios.

Section 4.2 and Table 4 describe the methods used to simu-
late naive allocation in each of the benchmarks discussed in
this paper. Switching to naive allocation requires additional
object bookkeeping previously handled by the custom allo-
cator; we follow Berger et al’s methodology and carefully
replace each allocator for maximal performance. A manual
program rewrite moving entirely to explicit memory manage-
ment may reduce the gap to region allocation, but will still
suffer from diminished contiguity guarantees as discussed
in Section 4.5.

6 Related Work

This paper revisits prior work from Berger et al. [2], which
classified custom allocator techniques across eight bench-
marks. Section 4’s evaluation with modern hardware, alloca-
tors, and benchmarks supports the original paper’s conclu-
sions. Namely, only region allocators can provide any signif-
icant benefit over naive allocation with a high-performance
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general-purpose allocator. We extend our evaluation using
adversarial allocation as described in Section 3, surfacing the
additional locality guarantees region allocators offer.

Region-based memory management has been studied both
as a language construct [24] and as an explicit programmer-
controlled interface [6-8], and has more recently been in-
cluded in the C++ standard library as of C++17. The inclu-
sion process produced extensive analysis of region allocator
performance and locality benefits [9-13, 15]. Notably, the
N4468 document [15] discusses locality implications of re-
gion allocation, using a microbenchmark iterating over an
increasingly shuffled vector of subsystems. We refine this
methodology with synthetic fragmentation for any applica-
tion, allowing evaluation of real programs.

Recent work has sought to bring locality and fragmen-
tation improvements to general-purpose allocators. In ad-
dition to jemalloc [5] and mimalloc [19] discussed in Sec-
tion 4, Hoard [1] and tcmalloc [27] are other examples of
modern high-performance and low-fragmentation general-
purpose memory allocators. MESH [22] compacts physical
memory pages automatically, potentially consolidating ob-
jects onto the same cache lines. However, MESH requires
periodic “meshing” and its compaction is probabilistic, hence
remaining susceptible to adversarial allocation. LLaMA [20]
(Learned Lifetime-Aware Memory Allocator) uses machine
learning to predict object lifetimes, grouping objects with
similar lifetimes together to reduce fragmentation. While
this reduces peak and steady-state memory usage, it adds
prediction overhead to each allocation and cannot guarantee
spatial contiguity, unlike region allocators which provide it
by construction.

7 Conclusion

This paper revisits the question of custom memory allocator
performance with modern hardware, general-purpose allo-
cators, and applications. Berger et al’s original conclusions
hold: per-class allocators provide no substantial benefit over
a state-of-the-art general-purpose allocator, while region
allocators remain the only custom allocation strategy with
meaningful performance advantages. Nonetheless, modern
high-performance general-purpose allocators have narrowed
the gap to custom region-based allocators, with region allo-
cator speedups falling from up to 44% in the original study
to at most 15% on a clean heap in our evaluation.

We identify a methodological limitation in prior eval-
uations: starting from a blank heap inadvertently places
general-purpose allocators in ideal conditions, masking a
key advantage of region allocators. Adversarial allocation
addresses this limitation by preconditioning the heap with
synthetic fragmentation derived from the program’s own
allocation behavior. Under these conditions, the contiguous
placement guarantees of region allocators translate directly
into resilience to fragmentation: naive allocation degrades
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by up to 2%, while region-allocated programs are unaffected.
Region allocators are therefore most valuable not just for
their raw throughput advantage, but for their predictability
in long-running and tail-latency-sensitive environments.
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