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Abstract
With soaring DRAM prices, optimizing software for effi-

cient memory use is becoming increasingly important. Es-

sential to this end is the memory management component of

the software’s language runtime. This component requests

page-sized memory from the kernel and subdivides it into

smaller blocks to satisfy allocations performed by the soft-

ware. Since DRAM was comparatively cheap for the pre-

ceding decade, contemporary prior work has focused on

optimizing this component for performance. A key optimiza-

tion is conducted on the free path where memory freed by

the software is not directly returned to the kernel to satisfy

future allocations and avoid costly context switches.

In this work-in-progress paper, we illustrate the lost po-

tential of user-level allocators for system-wide memory use.

We show that—since the kernel manages memory at page-

granularity—the user-level allocation scheme must be de-

signed with page alignment in mind. We provide a classifica-

tion for physical memory that is lost due to the mismatch of

user-space and kernel-space allocation granularities. To em-

pirically illustrate the potential of such an allocation scheme,

we conduct experiments with the mallocng allocator where

we identify potential savings of up to 75 percent.
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Figure 1. Userspace Heap Allocators manage “holes” of un-

allocated memory blocks that were already requested from

the OS but not yet handed to the application. These holes not

necessarily align with the page-grid of the virtual memory,

resulting in memory lost for the operating system.

1 Introduction
Since late 2025, prices for DRAM have grown significantly

due to an increased demand for AI data centers [10]. Conse-

quentially, there has been a renewed interest in optimizing

software to make efficient use of scarce memory resources.

The central component influencing memory consumption

is the software’s language runtime, which is responsible for

memory management (e.g., through garbage collection [2]).

For the preceding decade, conventional wisdom was that

memory is cheap. Therefore, recent works on memory allo-

cation techniques have predominantly focused on optimizing

memory management for performance [12, 20, 16, 27].

Conceptually, memory management operates at the

boundary between user- and kernel-space [8] (see Fig. 1).

The application requests memory from the language run-

time (e.g., via malloc()), which obtains it at page granular-

ity from the kernel, divides it into smaller or larger chunks,

and returns right-sized blocks. When the application returns

memory via free(), the runtime does not commonly return

it directly to the kernel. Either the memory is not returnable

(e.g., due to some in-use blocks on the same page) or the

allocator does not return memory deliberately as an opti-

mization to satisfy future allocations. In both cases, from

the OS point of view, this unallocated memory is “lost” as it
cannot be made available to another process.
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For system-wide memory efficiency, it is vital that such un-

used memory be returned—as soon as possible—to the kernel.

To strike a balance between memory efficiency and perfor-

mance, some runtimes support the explicit release of heap

memory on pressure [21]. For instance, the GNU C library

provides malloc_trim() to aggressively return memory to

the OS. We believe that the responsibility to decide when

memory is to be trimmed should not be forced upon applica-

tions since fundamentally, this task falls under the domain

of the operating system. And application developers seem

to agree: only 120 of the ≈ 42 000 Debian source packages

call malloc_trim().
But even when attempts are made to return memory, the

mismatch between heap blocks and OS pages makes this

challenging. For example, TCMalloc [27] reduces manage-

ment overheads by rounding allocations to static size classes.

Size class 22, for instance, covers all objects between 1153

and 1408 B. Using such “uneven” sizes reduces internal frag-

mentation and can be considered a standard technique [27,

4, 6]. But as a result, every third 1408-byte block crosses a

4 KiB page boundary, making it harder for the OS to reuse

unallocated areas.

In this work-in-progress paper, we argue that the memory-

management component of language runtimes should be op-

timized for memory efficiency from day one and that doing

so requires considering the available kernel interface. For

this purpose, we quantify the lost memory that we could

free today and identify potentials for a tighter allocator–

OS co-design. For this, we conduct experiments with the

mallocng [6] memory allocator that illustrate potential mem-

ory savings of up to 75 percent. In future work, we want to

build upon these insights to design a memory allocator that

is optimized for efficiently returning memory to the kernel.

Outlook. In Sec. 2, we discuss the interaction between the

application, language runtime, and kernel. We then expand

on the runtime and kernel, classifying lost bytes occurring

at this boundary (Sec. 3). According to our classification, we

perform experiments to empirically assess the amount of

bytes lost in the mallocng (Sec. 4). Finally, we discuss the

future (Sec. 5) and related work (Sec. 6) before concluding

this work-in-progress paper (Sec. 7).

2 Background
User-space allocators are part of the language runtime and

sit between the application and the operating system (OS).
On a memory request (e.g., via malloc()), the allocator pro-
vides a block whose size matches or exceeds the request in

size. Although it could forward every request to the OS, the

allocator maintains a cache of free memory blocks, which

we will call holes. It hands out memory from this cache ac-

cording to its allocation strategy and requests more memory

from the OS when the cache runs dry. Whether and when

memory is returned to the OS is highly allocator-specific but

can only be done at the granularity of whole pages.

On POSIX systems, the allocator can use system calls

at two different granularities to manage the virtual ad-
dress space (VAS). At the coarser level, it creates and

shrinks anonymous virtual-memory areas (VMAs) using the

mmap()/munmap() system calls. VMAs [23] are OS-internal

objects used to structure and manage a process’s VAS. VMAs

are aligned and sized according to the page size of the CPU’s

memory management unit and are usually populated lazily

with physical-memory frames. As mmap()/munmap() change
the VAS structure, they require extensive locking and syn-

chronization and are therefore considered a bottleneck of

current virtual-memory subsystems [15, 13].

On the fine-grained level, POSIX processes can invoke

madvise() with the WILLNEED/DONTNEED flags to request

or remove page-aligned subranges from an existing VMA.

The madvise() system call then leaves the VMA untouched

but only changes the physical-memory mapping. When

applied to anonymous mappings, madvise(DONTNEED) has
to remove the pages immediately, triggering a costly TLB

shootdown [15]. Hence, Linux introduced the non-standard

MADV_FREE flag with 4.16 that has a relaxed semantic and

allows for lazy and batched page removal.

Despite these possibilities, performance-oriented alloca-

tors often hoard memory even when parts of a VMA could

be madvise’d. For example, jemalloc [4] waits for a decay

timeout (default 10 seconds) before a background thread

calls madvise(). Similarly, without calling malloc_trim(),
the GNU C library’s allocator does not return holes that are

surrounded by allocated blocks. Currently, eagerly returning

individual pages to the OS is considered too expensive for

the hot allocation path.

3 Classification of Lost Bytes
To better understand the mismatch between OS and allocator

granularity, we want to examine the unallocated heap blocks

(holes) and how they intersect with the page-size grid of

virtual memory (see Fig. 1). This intersection between both

granularities allows us to classify the bytes in each hole:

each hole is either a sub-page hole that does not cross a page

boundary or a large hole, which can be subdivided into a

head, body, and tail.
When 𝑃 is the constant page size, 𝑣 is a virtual address, 𝐻

is the set of unallocated holes, and ℎ𝑖 = [𝑣𝑖𝑠 , 𝑣𝑖𝑒 ) is a single
hole, we use the following page-aligned floor/ceiling helpers

to define our classification:

⌈𝑣⌉𝑃 = ⌈𝑣/𝑃⌉ · 𝑃 ⌊𝑣⌋𝑃 = ⌊𝑣/𝑃⌋ · 𝑃
If the hole is within a single physical page, ⌊𝑣𝑖𝑠⌋𝑃 = ⌊𝑣𝑖𝑒⌋𝑃

and 𝑣𝑖𝑠 ≠ ⌊𝑣𝑖𝑠⌋𝑃 , the entire hole is classified as a sub-page hole:

sub(ℎ𝑖 ) = [𝑣𝑖𝑠 , 𝑣𝑖𝑒 )
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If the hole crosses at least one page boundary, it is a large
hole that we decompose into three segments:

head(ℎ𝑖 ) = [𝑣𝑖𝑠 , ⌈𝑣𝑖𝑠⌉𝑃 )
body(ℎ𝑖 ) = [⌈𝑣𝑖𝑠⌉𝑃 , ⌊𝑣𝑖𝑒⌋𝑃 )
tail(ℎ𝑖 ) = [⌊𝑣𝑖𝑒⌋𝑃 , 𝑣𝑖𝑒 )

Please note that head(ℎ𝑖 ) and tail(ℎ𝑖 ) are empty if the

start address, respectively the end address, is page aligned.

If the hole spans only across two pages, body(ℎ𝑖 ) is empty.

In order to calculate the physical memory that is lost, we

query the operating system for the physical frames that are

mapped in the heap regions. This can be done efficiently with

the mincore() system call or via the pagemap pseudo-file in
the proc file system. As a result, we get the set of mapped

addresses𝑀 , which we can intersect with our classification

to get a statistic about the lost memory:

𝑀 ∩
( ⋃
ℎ𝑖 ∈𝐻

sub(ℎ𝑖 ) ∪ head(ℎ𝑖 ) ∪ body(ℎ𝑖 ) ∪ tail(ℎ𝑖 )
)

In Fig. 1, the hole ℎ2 is a sub-page hole that is surrounded

by live allocations. As page 𝑝6 is backed by physical memory,

the bytes of ℎ2 are entirely lost for the OS. In comparison, ℎ1
is a large hole that stretches across four boundaries and five

pages. The head and tail parts of ℎ1 are located on allocated

pages and thus cannot be returned. The body covers three

entire pages, which in principle could all be returned to

the OS. In the example, however, a single page 𝑝3 is still

backed by physical memory. Please note that the allocator

can usually not return bytes in the head, tail, or the sub class
to the kernel, but only the body class is directly reusable.

The base of our classification is the set of holes 𝐻 that we

extract from the allocator. However, many allocators do not

eagerly merge consecutive holes that are adjacent to each

other. For example, mallocng [6] considers two holes in an

area as two separate slots that are not considered for slot-

spanning operations. Hence, we perform our classification on

the original hole list𝐻 alloc
and on the minimal hole list𝐻min

,

where 𝐻min
is defined such that �𝑣𝑖𝑒 = 𝑣

𝑗
𝑠 with ℎ

𝑖 , ℎ 𝑗 ∈ 𝐻min
.

3.1 Allocator Integration
We integrated our classification into mallocng, which is the

standard allocator of musl libc, a Linux-based C library that

is especially popular for embedded systems.
1 mallocng is a

slab allocator that separates allocations into fixed-size classes.

Due to its focus on embedded Linux, it has a configuration

option to make use of madvise(FREE) to release page-sized

holes to the kernel (see Sec. 2). Since the allocator is tailored

to memory efficiency, we use it as the object of our empirical

evaluation in Sec. 4 and enable the madvise option.

1
https://musl.libc.org/

To employ our classification with mallocng, we com-

pile the allocator as a separate dynamic library that we

LD_PRELOAD with our benchmark programs. At load time,

we spawn a separate sampling thread that periodically in-

spects the process state. It extracts the original hole list𝐻 alloc

from mallocng’s internal data structures. Further, the sam-

pling thread invokes mincore() to determine the actually

allocated physical memory frames.

From𝐻 alloc
, we derive the minimal hole list𝐻min

by merg-

ing adjacent holes. Adjacent holes result from mallocng’s
design as a slab-like allocator, which treats larger regions

as up to 32 adjacent but independent slots of homogeneous

size. For efficiently calculating 𝐻min
, we insert the elements

of 𝐻 alloc
in a sorted red-black tree, where all core operations

are 𝑂 (log𝑁 ). When inserting a hole, we find the closest

adjacent holes before and after and merge it in case.

4 Evaluation
With our mallocng allocator integration (Sec. 3.1), we now

empirically apply our classification of lost bytes (Sec. 3) to

real-world benchmarks. Our evaluation focuses on the cate-

gorization of virtual and physical bytes across varying work-

loads where objects of diverse lifetimes are continuously

created and destroyed. We compare the existing mallocng
strategy (𝐻 alloc

) and what happens when we virtually merge

adjacent holes (𝐻min
, see Sec. 3.1) to form larger returnable

regions.

Benchmark Scenario. For an in-depth investigation, we

evaluate mallocng using Redis (an in-memory key-value

store) and LuaJIT (a JIT compiler for the Lua programming

language) to cover different use cases. Redis and LuaJIT have

been configured to make use of our instrumented mallocng
allocator. This enables us to assess lost bytes for conceptu-

ally different applications: a popular key-value store and a

garbage-collected programming language. In Sec. 4.4, we will

present more results for the mimalloc-benchmark suite [14].

For Redis, we generate the database workload using the

memtier_benchmark tool, provided by Redis developers.

Specifically, memtier_benchmark is configured to use 800

concurrent connections distributed over 16 threads. The to-

tal benchmark runtime is set to 300 s. Within this timeframe,

the benchmark spawns multiple Redis clients that perform

SET and GET queries, with a SET:GET ratio of 1:5. The ob-

jects generated by the clients have a time-to-live (TTL) of
30 s to 60 s; thus, the objects are guaranteed to be freed dur-

ing the benchmark’s runtime. The size of generated objects

ranges from 2048 B to 8192 B.

LuaJIT runs a simplified adaptation of Hans Boehm’s

GCBench (Garbage Collection Benchmark) [19], which allo-

cates small and short-lived memory objects during its run-

time. Specifically, this workload creates multiple short-lived

and one long-lived binary trees. We configured the bench-

mark to generate complete binary trees with a depth of 21.

https://musl.libc.org/
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(a) Redis benchmark.

0 10 20 30 40
0

500

1000

1500

0 10 20 30 40
Time [s]

M
em

or
y 

Si
ze

 [M
iB

]

Baseline (Halloc) Merged (Hmin)

Wasted Memory
body_wasted
head_wasted
subhole_wasted
tail_wasted

System Metrics
RSS
holes_acc

(b) LuaJIT benchmark.

Figure 2. Classification results over individual benchmark

runs. The graph shows RSS, the extend of the allocator’s hole

list in virtual memory (holes_acc), and the wasted physical

memory in the different classes.

Metric Redis LuaJIT

𝐻 alloc 𝐻min 𝐻 alloc 𝐻min

Head Size (MiB) 0.97 ± 0.025 0.55 ± 0.003 13.32 ± 1.330 22.8 ± 1.999

Body Size (MiB) 0.83 ± 0.024 2.38 ± 0.090 0 ± 0.000 181.04 ± 19.250

Tail Size (MiB) 1.41 ± 0.038 0.79 ± 0.011 99.38 ± 9.936 33.9 ± 2.707

Subhole (MiB) 0.59 ± 0.024 0.09 ± 0.003 127.81 ± 12.761 2.82 ± 0.267

RSS (MiB) 20.77 ± 0.136 925.82 ± 13.764

Table 1. Average Hole Size (mean ± std)

Benchmark Setup. To quantify lost bytes in mallocng,
we invoke the benchmarks and categorize the lost bytes, the

total size of all holes in virtual memory, and the allocator’s

resident set size (RSS) (physical memory). For each sample, we

accumulate the lost bytes in each category. The sample rate

is set to 1Hz for the Redis and LuaJIT benchmark. By looking

at 𝐻 alloc
, we cover the behavior of mallocng in its current

state. With the categorization over 𝐻min
, we determine the

upper bound opportunity of what mallocng could achieve

with a paging-aware memory-return policy.

All experiments have been performed on a Linux system

with an Intel Ultra 9 processor and 94 GiB of DRAM.
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Figure 3. The CDF of the hole sizes. The vertical line marks

a page size 4 KiB.

4.1 Baseline Classification of mallocng (𝐻alloc)
First, we will look at the existing mallocng implementation

and its 𝐻 alloc
hole list. To which degree are the different

categories unnecessarily backed by physical memory? For

this, Fig. 2a and Fig. 2b (left facets) depict the results over

the runtime of one benchmark run of Redis and LuaJIT.

For both benchmarks, mallocng manages on average

around 20 percent (Redis: 20 %, LuaJit: 25 %) of its RSS as

holes. Most of those holes are backed by physical memory

(Redis: 82 %, LuaJit: 100 %). Only for Redis, mallocng returns
physical memory to the OS without unmapping the VMAs.

If we integrate over the gap between virtual and physical

memory, mallocng returns 195.58 MiB · seconds in its holes,

while 1 070.45 MiB · seconds are wasted.
We can explain this by looking at the classification: Redis

can return memory to the OS via madvise() as 20 percent
of its holes are body pages. But still, mallocng falls short

of its potential as 60 percent of body pages remain backed

by memory as the used madvise(FREE) does not eagerly

return memory. In contrast, for LuaJIT, mallocng has no

body pages, but 53 percent of the holes are subpage holes.
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Our results illustrate the limitations of mallocng’s ap-
proach of returning memory to the OS. As mallocng makes

no effort to form page-sized holes, it oftentimes cannot return

unused memory to the kernel. Consequentially, it neglects

small holes, which constitute the entirety of the LuaJIT work-

load, and is thus not memory efficient for such workloads.

4.2 Hole Merging of Baseline mallocng
In order to return as much memory as possible to the kernel,

the body size would have to be maximized. Currently, even

for the Redis benchmark, the largest class with 38 percent

is the tail class (see Fig. 2a, left side). Hence, we want to

examine to which extent mallocng keeps adjacent holes

separate and falls short of its potential.

As it is, mallocng already performs some adjacent hole

merging for small holes. This becomes apparent when con-

sidering the hole-size distribution for LuaJIT in Fig. 3b. There,

the majority of holes in𝐻 alloc
have a size of 2032 B (size class

23). However, in the benchmark code itself [19] and the JIT

implementation, no allocations of this size are performed.

Instead, mallocng merges multiple smaller holes into larger

holes of the aforementioned size. Unfortunately, holes of

2032 B do not align with page boundaries (4096 B in our

setup), which leads to unreturnable memory in head and tail.
Therefore, the underlying memory cannot be returned to the

kernel and is thus lost at the crossroads.

In summary, mallocng performs some merging of adja-

cent holes, but it is not optimized for creating page-sized

holes. Consequentially, mallocng loses memory through the

unreturnable head, tail, and sub classes.

4.3 Potential Memory Savings (𝐻min)
In the following, we demonstrate the potential memory sav-

ings that an allocator could achieve if it would eagerly merge

all adjacent holes. For this, we repeat our classification after

virtually merging the original hole set 𝐻 alloc
to get 𝐻min

.

In Fig. 3a and Fig. 3b, we see how collapsing adjacent holes

substantially shifts the hole-size distribution towards larger

holes. Without merging, LuaJIT’s distribution consists only

of holes smaller than a page, while for Redis, 30.8 percent of

holes are page size or larger (see Fig. 3a and Fig. 3b). With

𝐻min
, the distribution shifts to 84 percent for LuaJIT and 52

percent for Redis.

This increase influences not only the frequency of large

holes but also their average size. Averaged over 5 runs, the

body size increases for Redis by a factor of 2.85x (see Tab. 1).

For LuaJIT, the body size goes from zero to 181MiB. As bodies

are always page-aligned, these areas could be returned.

Treating adjacent holes as a unit implicitly increases the

number of pages that can be returned to the kernel. There-

fore, the body class grows significantly, and for Redis it is 63

percent and 75 percent for LuaJIT.

RSS

∑
𝐻min

Lost Phys. Mem [% of

∑
𝐻min

]

Benchmark [MiB] [MiB] Sub Head Body Tail

mimallloc-bench: Real-World Applications
barnes 40.21 0.002 100 0 0 0

cfrac 0.43 0.027 21.5 9.4 0.4 1.7

espresso 0.40 0.191 9.2 7.8 31.5 4.5

gs 7.45 0.240 12.3 5.4 4.9 4.1

larsonN-sized 33.36 1.255 81.3 3.2 0 8.8

z3 122.24 0.600 37.8 5.8 15.7 4.7

mimallloc-bench: Allocator Benchmarks
cache-scratchN 0.02 0.004 100 0 0 0

glibc-simple 0.05 0.006 72.8 3.1 0 1.5

glibc-thread 0.81 0.216 56.2 10.3 5.1 13.4

mstressN 77.87 5.091 15.9 6.6 45.6 8.1

rptestN 13.81 1.759 10.5 12.9 33.9 24.4

rbstress1 15.93 0.638 27.4 10.5 13.3 10.7

rbstressN 14.14 0.963 17.7 6.7 29.1 7.3

sh6benchN 109.67 0.241 47.1 10.5 10.3 17.3

sh8benchN 119.12 9.978 65.2 5.8 5.9 11.5

xmalloc-testN 29.56 8.070 9.5 9.3 61.8 15.5

Custom Real-World Application Benchmarks
LuaJIT 932.90 235.941 1.2 9.5 75 14.3

Redis 20.50 4.002 2.1 14.2 46.2 19.6

CLang SQLite3 102.43 22.959 74.3 4 11.2 6.6

Table 2. Lost Byte Statistic for MiMalloc Benchmark Suite

(𝐻min
). Average over the benchmark, sampled at 10 Hz.

4.4 MiMalloc Benchmark Suite
After this in-depth discussion of LuaJit and Redis, we want

to apply our classification to a larger set of benchmarks. For

this, we selected the MiMalloc benchmark suite [14], which

consists of real-world applications and hand-crafted allocator

benchmarks. We excluded three benchmarks (Redis, Lua,

and Lean) for redundancy and for using multiple processes.

Instead, we added a compilation of the amalgamated SQLite3

database (clang-21, -O2) as a larger compilation job. The

results of our measurement are shown in Table 2.

Since the MiMalloc suite is performance-oriented, it con-

tains many short running test cases, and we cannot expect

a large hole/RSS ratio (see Tab. 2). Still, the distribution of

the different categories within the existing holes is charac-

teristic of the lost-memory problem. While the table shows

the results for 𝐻min
, merging continues to reduce sub-page

holes significantly. With the transition to 𝐻min
, the geomet-

ric mean over the subpage column decreases by −38 percent,
and the body column increases by +229 percent.

The last four columns of Table 2 show the lost bytes in

percentage of

∑
𝐻min

. Please note that these percentages do

not have to add up to 100 percent as physical memory could

have been returned. We see that the subpage and body class

are the most important reason for lost bytes.

While the amount of subpage holes can only be reduced

by better allocation strategies, memory in body regions could
be directly returned. As mallocng does not prioritize this,
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we lose 31 percent for espresso, 62 percent for xmalloc-testN,

and 75 percent for LuaJIT of the accumulated hole size. Es-

pecially for longer running processes (Redis) and processes

with varying memory demand (LuaJIT/xmalloc-testN), the

easily returnable body pages are a significant factor.

We conclude that losing physical-memory bytes from body
and subpage holes is a common problem that should be

addressed by future allocators.

5 Future Work
As DRAM prices keep rising, designing heap allocators that

return more memory to the OS is a promising research direc-

tion. Based on our insights, we see at least four important

learnings from our work for future work.

Block Alignment Allocators intentionally use unaligned

size classes to reduce fragmentation, at the cost of return-

ability. In Sec. 4, we have seen that mallocng loses memory

through the resulting unreturnable head and tail areas. We

argue that allocators should size and place their blocks to

better match page-alignment requirements.

Page-level Tracking Slab-based allocators use bit fields to

track unallocated slots in an area. From the discrepancy

between 𝐻 alloc
and 𝐻min

, we could quantify that mallocng
loses significant amounts of body bytes by only considering

large slots for madvise() operations. We argue that they

should also track enough information to decide which pages

in the area are not occupied by allocated slots.

Cheap OS Hints As madvise() is a system call, it will

never become cheap enough to be part of the hot path of a

performance-oriented allocator. This is also the reason why

using madvise() in mallocng is optional [5]. We argue that

a cheaper OS interface is needed to inform the OS about

pages that are currently not allocated by the user-space allo-

cator.

Sources of Memory Bloat Keeping memory and results

that are not strictly necessary around is a common pattern

to avoid OS, allocator, or recalculation overheads; caching

speeds up programs. However, LRU result caches, lists of

half-initialized objects, and custom allocators are all potential

sources of memory bloat. We argue that we need a holistic

view on the impact of those patterns in memory-intensive

applications; looking at the allocator is not enough.

Paging-Aware Memory-Return Policy In this work we

introduced 𝐻min
to find the upper-bound of returnability.

However, we disregard the performance of the 𝐻min
calcu-

lation, as we only use it for evaluation purposes. To create

a paging-aware memory-return policy based on 𝐻min
, the

runtime overhead of the bookkeeping method must also be

considered and optimized in future work.

6 Related Work
Memory allocation has been an active research area for many

decades [26]. As such, a large variety of different allocation

schemes with varying optimization goals have been pro-

posed in the existing literature. To this end, an established

body of prior work focuses on boosting allocation perfor-

mance [12, 20, 16, 27]. We, however, concern ourselves with

bytes lost due to the design choices of the user-level alloca-

tor. This is closely related to prior work on memory frag-

mentation [24, 11, 1, 22, 9], on which we thus focus on the

following.

Early work on fragmentation investigated the overall frag-

mentation rate of existing allocation schemes [11], under

varying workloads [1], showing that even best-fit heuris-

tics can lead to severe memory fragmentation [24]. Building

upon this insight, compaction techniques have been pro-

posed in prior work to periodically defragment the heap [3,

22, 25]. These techniques are especially popular in conjunc-

tion with garbage-collected languages [2] but have recently

also been applied to unmanaged languages [22]. Conceptu-

ally, compaction techniques are complementary to the more

foundational free-space merging that we evaluated in Sec-

tion 4.

With the advent of huge pages, there has been a renewed

interest in optimizing memory allocation schemes to reduce

huge-page fragmentation in physical memory [8]. For exam-

ple, to mitigate huge-page fragmentation, Maas et al. propose

placing memory objects in the heap based on their lifetime,

which they infer through machine learning [17]. Follow-up

work by the same authors also suggested an adaptive policy

to “break up huge pages” and return them to the OS to enable

system-wide optimizations [18]. Especially the latter work

is reciprocal to our own as it illustrates the tight integra-

tion between the user- and kernel-level allocator required

for efficient memory utilization. Conceptually, our insights

regarding the importance of page alignment for memory-

efficient user-level allocators also apply to huge pages and

have not been sufficiently described in the existing literature.

7 Conclusion
Efficient memory management requires a close integration

between the user- and kernel-level memory allocator. In

this work-in-progress paper, we illustrate that bytes are lost

at this boundary if the user-level allocator is not designed

with the kernel-level memory view in mind. Specifically, the

source of this inefficiency is a mismatch between the page-

based and block-based view on unallocated memory that

results in many page-crossing blocks that cannot be returned

to the kernel. With our classification scheme, we contribute

a theoretical framework to talk about the amount of memory

that is lost at the boundary. And with our mallocng experi-

ments, we demonstrate potential memory savings of up to 75

percent. Building upon these insights, we want to design a

memory allocator that is optimized for efficiently returning

memory to the kernel.
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Data Availability
We published an artifact of our evaluation to reproduce the

results in this paper [7].
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