
jwmalloc: A Verified Memory Allocator for Mobile Devices

Abstract
Dynamic memory allocators provide memory allocation

and release functionality for unmanaged languages such as C,
C++, and Rust. Existing allocators have been primarily opti-
mized for performance and timely memory release. However,
emerging mobile workloads also emphasize CPU, energy, and
memory usage under soft real-time constraints.

We present jwmalloc, a novel memory allocator built from
the ground up to address these mobile-specific challenges. It
is based on three key innovations: a uniform slab size with
pooling that enables immediate cross-size-class reuse of any
emptied slab; the closed sibling tree, a new data structure
for efficiently managing fragments; and a two-buffer lifetime
tracker that categorizes short- and long-lived objects to guide
memory reclamation. For timely response in soft real-time and
oversubscription scenarios, all operations are non-blocking.
We verified jwmalloc with a bounded model checker under
weak memory models. Replacing jemalloc on a flagship smart-
phone running real-world workloads, jwmalloc reduces whole-
system instructions by 10% and cuts allocator-side instruction
counts by 3.84×, while lowering CPU power consumption
by 5–11%, all at a comparable memory footprint. jwmalloc
has been deployed in production on 12 million commercial
mobile devices, operating stably for over 30 billion user hours.

1 Introduction

Dynamic memory allocation is a cornerstone of modern oper-
ating systems, with a direct and profound impact on overall
performance, from warehouse-scale datacenters to personal
mobile devices [39–43, 62, 64, 65, 67–70, 75, 85]. For exam-
ple, recent Google studies report that allocator activity con-
sumes roughly 7% of all CPU cycles in datacenters, noting
that “even a single percent CPU or memory improvement
translates to significant savings in server costs” [52, 86]. On
mobile devices, the stakes are even higher: a few gigabytes
of DRAM are intensely shared among dozens of applications
and system services, making memory a constantly scarce
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Figure 1: Fraction of CPU instructions spent in dynamic mem-
ory allocation with jemalloc under real-world mobile work-
loads on Android [3] and HarmonyOS [22].

resource [10, 16, 18]. Each component must minimize re-
served memory, or the system resorts to aggressive paging
and background app termination, visibly degrading user ex-
perience [26, 48]. Under this pressure, allocation activity is
enormous: allocator instructions account for 8.2% and 12.4%
of all executed instructions in real-world mobile workloads
on Android and HarmonyOS, respectively (Fig. 1).

Additionally, mobile workloads have unique challenges, of
which we identify four: to avoid reserving new memory, allo-
cations must frequently reuse memory that had been formatted
for the wrong object size, causing reformatting 1 ; foreground
and background phases [2], together with bursty user interac-
tions and screen-off idle periods, induce large peak–trough
memory swings 2 ; short-lived objects [51] causing fragmen-
tation during aggressive memory reclamation 3 ; and heavy
oversubscription 4 on a few cores creating potentially high
latency with traditional lock-based synchronization [35, 45].

An effective mobile allocator must account for these chal-
lenges while achieving the following objectives: (i) low CPU
and energy overhead to avoid stealing cycles from application
logic or triggering thermal throttling [81]; (ii) bounded mem-
ory footprint to ensure the fluidity of foreground apps and the
residency of background processes [23]; (iii) low tail latency
to prevent visible stuttering on high-refresh-rate displays [38];
and (iv) correctness guarantees, ensuring the allocator neither
causes crashes nor corrupts memory.

However, despite widespread use of mobile devices [30],
existing allocator designs do not adequately address these
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mobile-specific challenges, compromising some of these ob-
jectives. Allocators typically employ a two-level architecture:
a small-object slab frontend [44] and a backend that manages
virtual-memory ranges obtained from the OS at page granular-
ity (hereafter, ranges). We analyze several allocators, includ-
ing jemalloc [46], a performance-oriented allocator (Sec. 2.2)
widely adopted on mobile devices, as well as other mature
industrial allocators such as tcmalloc [66] and mimalloc [63],
and identify several systematic mismatches.

First, existing frontends mishandle the trade-off between
CPU cost and memory footprint for slabs. For example, jemal-
loc uses heterogeneous slab sizes (i.e., different slab sizes for
different size classes) to reduce per-slab tail memory waste.
However, this incurs high CPU overhead, as the backend must
repeatedly subdivide and coalesce ranges to satisfy slabs of
varying sizes when demand shifts across size classes ( 1 ).

Second, existing backends contain intermediate ranges
whose sizes do not match any slab size or large-object size
class. These ranges cannot directly satisfy allocation requests
but must first be subdivided or coalesced into usably-sized
ranges, thereby increasing management and usage costs. In
addition, the metadata used to manage ranges is effectively
grow-only; under large peak–trough memory swings ( 2 ), it
is sized to the historical peak, forcing the allocator to carry
substantial dead metadata even at steady state.

Third, existing memory reclamation policies (i.e., returning
unused pages to the OS) are not lifetime-aware, leading to
suboptimal decisions during aggressive memory reclamation
( 3 ): neighbors of short-lived ranges may be reclaimed too
early, missing opportunities to merge with soon-to-be-freed
adjacent ranges, incurring extra overhead (e.g., system calls),
while neighbors of long-lived ranges may be held too long,
leaving memory unreclaimed with little benefit.

Finally, existing allocator data structures are commonly
protected by coarse-grained locks, which leads to noticeable
latency spikes under heavy oversubscription ( 4 ).

This paper introduces jwmalloc, a new allocator designed
from the ground up for mobile devices that addresses these
core challenges. Our contributions are as follows:

(i) Uniform and Pooled Slab Frontend (Sec. 3.1): All
slabs have the same size, allowing immediate reformatting for
any frontend size class. We pool empty slabs in the frontend,
skipping expensive coalescing of heterogeneous slabs and
greatly reducing CPU during frequent slab reformatting ( 1 ).

(ii) Size-Class-Exact Range Backend (Sec. 3.2): The set
of maintained range sizes in the backend exactly matches
the size-class set, eliminating inefficient intermediate ranges.
This is realized with a closed sibling tree, a generalization of
the buddy tree [53,74] in which each node can have more than
two children, while maintaining the property that any con-
tiguous subset of siblings can coalesce into a valid size class
(hence “closed”). Additionally, we employ a size-friendly
range subdivision and coalescing algorithm that tends to pre-
serve large ranges, along with a metadata scheme that grows

and shrinks with in-use ranges, keeping metadata overhead
low during peak–trough memory swings ( 2 ).

(iii) Lifetime-Based Reclamation (Sec. 3.3): jwmalloc em-
ploys lifetime-based reclamation that allows making good
decisions while aggressively reclaiming memory ( 3 ). This is
realized with a two-buffer lifetime tracker emulating old and
young generations in garbage collectors [51]. Short- and long-
lived ranges are predicted efficiently without costly per-range
timestamps or range scans. Memory neighboring long-lived
ranges is reclaimed first, giving short-lived ranges time to be
freed and coalesced with their neighbors.

(iv) Non-Blocking Interface (Sec. 3.4): jwmalloc’s inter-
face is designed to be non-blocking, avoiding high tail latency
for operations under heavy thread oversubscription ( 4 ). This
is achieved by converting rare but potentially catastrophic
blocking into brief, far less harmful memory waste.

(v) Verification under WMMs (Sec. 5): We verified jw-
malloc’s functional correctness (e.g., no memory corruption)
and general properties (e.g., its memory safety, absence of
data races, loop termination) under weak memory models
(WMMs) [6, 59] using the VSync toolchain [71].

We implemented jwmalloc as a drop-in replacement for
state-of-the-art allocators and evaluated it extensively (Sec. 6).
On microbenchmarks, jwmalloc improves performance by
74% over jemalloc on average and reduces allocator-side in-
struction counts by 82%. On a flagship smartphone running
real-world workloads, jwmalloc keeps memory usage com-
parable to that of jemalloc, while reducing overall system
instructions by 10% and cutting allocator-side instruction
counts by 3.84×. In two representative workloads, it lowers
CPU power consumption by roughly 5–11% across different
core clusters. Finally, jwmalloc has been deployed in produc-
tion and is in large-scale commercial use on 12 million mobile
devices, including smartphones, tablets, and smartwatches,
and has operated stably for more than 30 billion user hours.

2 Background

2.1 Dynamic Memory Allocators
Many modern memory allocators are organized into a fron-
tend and a backend with distinct responsibilities [46, 63, 66].
The frontend is optimized for fast allocation and dealloca-
tion of small objects. It typically employs a slab-style al-
locator [44] and maintains per-thread structures to reduce
contention in multithreaded workloads. The backend han-
dles large allocations, manages the frontend’s memory supply,
interacts with the operating system via page-granularity inter-
faces, and implements caching and reclamation policies for
free pages (i.e., returning them to the OS). Allocators main-
tain a set of size classes: predefined standardized allocation
sizes (e.g., 16B, 32B, 64B, 128B, ...) to which requests are
rounded up to reduce fragmentation.

Consider a 100B allocation request. The slab frontend
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Figure 2: Allocation statistics for the system graphics service
of a smartphone over a 10s interval. The first ∼2s corre-
spond to service startup, and the last ∼3s to screen unlock
and scrolling. Top: time series of allocator-managed memory
in use. Middle: time–size heatmap of per-size-class alloca-
tion/free rates. Visually, size classes increase from 8B at the
bottom to 16MB at the top; the white horizontal line marks
4KB, and each time slice is 1ms. Bottom: time–size heatmap
of total allocation/free rates.
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Figure 3: Cumulative distributions by allocation size for ser-
vices and applications. Left: allocation operations. Right:
allocated bytes.

rounds this up to the corresponding size class (e.g., 128B)
and serves it from a slab of that class (e.g., an 8KB slab). If
no such slab is available, the frontend requests an 8KB range
from the backend. If no such free range exists in the backend’s
cached ranges, the backend instead obtains a larger one (e.g.,
24KB), carves out 8KB for the slab, and leaves the remaining
16KB available to serve other requests. When all objects in
a slab are freed, the slab is returned to the backend as a free
range; if the adjacent range (e.g., the 16KB remainder) is also
free, the backend coalesces them into a larger free range.

2.2 Performance-Oriented Allocators

There is a long-standing trade-off between performance and
memory safety in memory allocator design. Performance-
oriented allocators such as jemalloc, tcmalloc, and mimalloc
prioritize performance over memory safety, making them sus-
ceptible to memory-safety issues like use-after-free [7] when
the memory user contains bugs. In response, hardened al-
locators like Scudo [29] and PartitionAlloc [24] emerged, in-
troducing mitigations such as checksums and quarantines.
However, these hardening mechanisms come at a significant
performance cost; for instance, Bionic’s tests show jemalloc
performing up to 4× faster than Scudo [25]. Consequently,
the most expensive hardening features, such as Scudo’s quar-
antine, are often disabled by default [29].
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Figure 4: Statistics of processes and threads on a smartphone
during the app_market benchmark. Each full-height vertical
line (spanning the entire plot) marks a process boundary;
within each region, the threads of that process are shown as
vertical bars and ordered by executed CPU instruction count
in descending order.
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This landscape is now being reshaped by emerging tech-
nologies that address memory safety at the language and
hardware levels. Newly written Android platform code is in-
creasingly written in Rust as the next-generation solution for
memory safety [28], and Google reports a 1000× reduction in
memory-safety vulnerability density in Android’s Rust code
compared to C/C++ [37]. In the meantime, ARM’s Memory
Tagging Extension (MTE) [5] provides hardware-level mem-
ory safety check with only ∼2% performance overhead [36].

Given these observations, as well as our own production-
deployment experience (e.g., using large-scale hardware-
assisted address sanitizer (HWASAN) deployments [13, 14]
to detect memory-safety issues), this paper focuses on the
design of a performance-oriented allocator and compares it
against other performance-oriented allocators. How to inte-
grate our design with existing memory-safety mechanisms is
orthogonal to this work and left out of scope.

2.3 Mobile Allocation Workloads

We profile dynamic allocations across several high-frequency
smartphone workloads. Due to space constraints, we show a
subset of services and apps; the remaining workloads behave
similarly. In general, allocation rates are high in all scenarios,
especially during bursty interactions. For example, the bot-
tom panel of Fig. 2 reports that the system graphics service
(graphics) [11] reaches a peak allocation rate of roughly 3
million ops/s across all threads. Below, we summarize our
detailed observations.

1 Frequent memory reformatting. The per-size-class panel
(Fig. 2, middle) shows that activity is dominated by differ-
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ent size classes at different times, while total in-use memory
(Fig. 2, top) remains roughly stable. Combined with the size
distribution, where allocation counts are strongly skewed to-
ward small sizes (Fig. 3, left) but the fraction of allocated
bytes is much flatter (Fig. 3, right), this indicates frequent
memory reformatting over time.

2 Large peak–trough memory swings. Mobile applica-
tions switch between foreground and background phases [2],
with bursty user interactions and screen-off idle periods [34].
Consequently, memory usage often exhibits large peak–
trough swings. For example, in our measurements of graphics,
peak memory usage exceeds 5× the steady-state usage.

3 Aggressive Reclamation. Memory reclamation delays
reach 5 to 15 seconds in server loads [8], but are often config-
ured to 1 second or less in mobile [4]. Such short reclamation
delays prevent page swapping, but may increase load if ranges
are hastily reclaimed before they can be coalesced with neigh-
boring ranges. Only memory near ranges that will anyways
not be freed for a long time should be reclaimed immediately.
The classical generational hypothesis [79] states that objects
that survive for some time are likely to be long-lived. We
observe the same in mobile workloads, indicating that a page
with old objects is unlikely to be freed in the near future. Fig. 5
reports page-granularity allocation lifetimes. Most pages are
freed shortly after allocation: in streaming, 90% of pages be-
come unused within 33.55ms. Beyond this knee point, a small
fraction remains allocated for much longer; for example, over
1% of streaming pages live longer than 3.22s.

4 High Oversubscription. Fig. 4 illustrates an app-market
installation scenario in which up to 742 threads are time-sliced
on an 8-core device. In practice, big.LITTLE asymmetry [58]
and power management can further reduce the number of
effective cores [45], leading to high thread oversubscription
and long delays between timeslices of the same thread. If the
thread holds a lock, the delay is propagated to all threads con-
tending on the lock. In existing allocators, this mostly affects
cross-thread frees, where an object is allocated by one thread
and freed by another. The free and further allocations on the
same range contend on a lock protecting the range’s metadata.
Unfortunately, cross-thread frees are frequent in mobile work-
loads. Fig. 6 reports, for each 1ms time slice, the fraction of
cross-thread frees. In the streaming app, most slices remain
below 20% cross-thread frees, though short bursts can reach
up to 80%. In mobile-typical producer-consumer architectures
like graphics [12, 82] and event-driven architectures [47, 78],
some slices approach nearly 100% cross-thread deallocation.

3 Our Approaches

3.1 Uniform and Pooled Slab Frontend

Slab-based allocators pack many equal-sized objects into each
slab, creating a trade-off: too few objects make in-slab allo-
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Figure 7: Slab sizes selected for each object size class up to
32KB (default allocator configuration; 4KB OS pages).

cations infrequent and reduce performance, while tail frag-
mentation grows due to unused space at the page-aligned slab
end. Conversely, any in-use object pins its slab, preventing
it from being freed; having many objects per slab amplifies
partial-slab persistence, defying reclamation ( 3 ) and thereby
inflating both peak and steady-state memory footprints in
workloads with frequent memory reformatting and large peak–
trough swings ( 1 and 2 ).

However, this trade-off is often ignored or mishandled by
existing allocators. Fig. 7 shows each allocator’s slab size
per size class. mimalloc uses only two large slabs (64KB and
512KB) for simplicity and performance, allowing many ob-
jects per slab (e.g., 8192 for an 8B object) and negligible
tail fragmentation, but at the cost of a high footprint on mo-
bile workloads (Sec. 6). tcmalloc balances slab sizes to avoid
excessive pinning or low performance. jemalloc aggressively
reduces footprint by setting a tail-fragmentation threshold and
selecting, for each size class, the smallest OS-page-aligned
slab size that meets it, yielding heterogeneous slab sizes. This
reduces tail waste but increases backend churn when demand
shifts across sizes ( 1 ), as more frequent subdivision and coa-
lescing are required, raising CPU overhead (Sec. 6).

To maintain a memory footprint comparable to jemalloc
while avoiding its drawbacks, we introduce two changes: (i)
Uniform slab size: instead of fixing size classes and adjusting
slab sizes for each to reduce tail fragmentation as in jemalloc,
we fix the slab size, using a uniform slab size (one OS page in
our setting) for all classes, and adjust the size classes to keep
tail fragmentation below a target cap. For example, for a 4KB
slab containing 128B of metadata, a 512B size class leaves
384B wasted at the slab tail ((4096-128) mod 512 = 384),
whereas tuning the size class to 560B reduces tail waste to
48B ((4096-128) mod 560 = 48). (ii) Slab pooling: freed slabs
of this uniform size are cached as per-thread plain memory
and can later be reinitialized as slabs for any frontend size
class. Such pooling is impractical with heterogeneous slab
sizes due to memory-footprint constraints.

3.2 Size-Class-Exact Range Backend

3.2.1 Eager Subdivision and On-demand Coalescing

Allocator backends subdivide and coalesce memory ranges
to supply slabs and large objects. mimalloc’s backend is slab-
style: each range is divided into equal-size subranges serving

4



4K 32K 64K 128K 256K

jemalloc
mimalloc
tcmalloc
jwmalloc

Not exist Directly usable Not directly usable

Figure 8: Ranges managed by each allocator. Subdivided
ranges are shown in non-gray; directly usable ranges appear
in black, intermediate ranges in red.

Table 1: Examples of resolution-R size-class sets for R ∈
{1,2,3} with 8B object alignment. For each R, we list the first
eight size classes along with their binary representations.

R First eight size classes (bytes)

1 8B 16B 32B 64B 128B 256B 512B 1024B
10002 100002 1000002 10000002 100 . . .02 100 . . .02 100 . . .02 100 . . .02

2 8B 16B 24B 32B 48B 64B 96B 128B
10002 100002 110002 1000002 1100002 10000002 11000002 100000002

3 8B 16B 24B 32B 40B 48B 56B 64B
10002 100002 110002 1000002 1010002 1100002 1110002 10000002

only a single size class. Memory of a range can be refor-
matted for another size class only once all its subranges are
freed. By contrast, tcmalloc and jemalloc manage memory at
finer granularity (8KB in tcmalloc; 4KB in jemalloc), allowing
subranges to be reformatted independently. For example, a
40KB range can first serve a 16KB object and a 24KB object,
and, after the latter is freed, its memory can be immediately
reassigned to an 8KB object.

However, their range subdivision method introduces ad-
ditional CPU overhead. On an allocation demand, they first
search for a range of the requested size; if none exists, they
select a larger range, split off the required portion, and man-
age the remainder for further requests. This process produces
many intermediate ranges at multiples of the granularity that
often do not match any size class (Fig. 8), which increases
management and lookup costs. For example, tcmalloc main-
tains hundreds of size-indexed entries for such ranges. To
serve a 224KB request, it probes sizes in ascending order:
224KB, 232KB, 240KB, and so on, leading to higher overhead.

Moreover, they use an eager range coalescing strategy that
immediately merges adjacent free ranges, which can be in-
efficient if the merge produces an intermediate range. For
instance, freeing a 224KB range that merges with an adjacent
24KB range yields 248KB. If no size class exists between
224KB and 256KB, the resulting 248KB range cannot be used
directly; a subsequent 224KB request will subdivide it again,
creating churn and wasting CPU cycles.

To address this, we adopt size-class-exact ranges and the
following approach: (i) Eager subdivision: each range can
be subdivided into multiple subranges, one matching the re-
quested size class and the remaining subranges each match-
ing some size class; (ii) On-demand coalescing: ranges are
coalesced only when the merged size matches a size class.
Consequently, the maintained range sizes exactly match the
size-class set, greatly reducing these costs.

3.2.2 Closed Sibling Tree

The above policy requires a range-management scheme that
maintains these size-class-exact ranges. Modern allocators
carefully choose size classes to balance internal fragmentation
and range reuse: if the size-class set is too sparse, rounding up
causes large internal fragmentation (e.g., 9KB to 16KB); if it
is too dense, allocations cannot effectively reuse freed ranges
from nearby sizes (e.g., a 9KB request rounded up to 12KB
cannot satisfy a subsequent 14KB request, but rounding it up
to 16KB would work), which is particularly important under
frequent memory reformatting ( 1 ). To balance this trade-
off, allocators usually use a fixed resolution-R size-class set,
which bounds the worst-case roundup-induced internal frag-
mentation rate to at most 1/2R−1. An allocation request of
size n rounds up to the smallest size class s≥ n in which only
the R most significant bits of s’s binary representation may
be non-zero. For example, for n = 21 and R = 3, 101012 is
rounded to 110002, i.e., s = 24. Table 1 shows the first eight
size classes for R ∈ {1,2,3} with 8-byte object alignment,
along with their binary representations. Most modern alloca-
tors [46,63,66] use R = 3, which corresponds to a worst-case
roundup-induced internal fragmentation of 25%.

However, existing range-management schemes cannot
maintain a set of range sizes that exactly matches a resolution-
R size-class set for arbitrary R. mimalloc’s backend manages
only two range sizes (64KB and 512KB), while jemalloc’s
and tcmalloc’s backends operate at fixed granularities of 4KB
and 8KB, respectively. Classical buddy allocators [53, 74]
manage ranges whose sizes are powers of two (2k), which cor-
responds to a resolution-1 size-class set. Weighted buddy [77],
dual buddy [73], and tertiary buddy [84] extend this by also
supporting sizes of the form 3× 2k, and thus can realize a
resolution-2 size-class set. Other buddy variants, such as Fi-
bonacci buddy [50,54], produce range sizes that only partially
overlap a given resolution-R size-class set.

We propose the closed sibling tree, whose range set can
realize any resolution-R size-class set. Each node of the tree
represents a range whose size is a size-class size. Subdivi-
sion creates two or more child nodes that partition the parent
range; each child again has a size-class size. Any contiguous
sequence of siblings coalesces into a range whose size is also
a size-class size. A formal definition appears in Sec. 4.2.2. In
practice, we use the tree to manage a resolution-3 size-class
set, consistent with modern allocators. We also provide effi-
cient subdivision and coalescing algorithms on this tree. For
eager subdivision, we use a size-friendly scheme that tends to
preserve large ranges. On-demand coalescing is straightfor-
ward: we coalesce adjacent siblings under the same parent.

As an example in Fig. 9, consider a closed sibling tree
whose root represents a 256KB range. An 8KB allocation
would split it into 8KB and 248KB, but 248KB is not a size-
class size. Instead, our algorithm (Sec. 4.2) first carves out
a 32KB child, leaving a 224KB child that is a size-class size,
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Figure 9: Example of a closed sibling tree on a 256KB range.

then subdivides the 32KB child to obtain the requested 8KB,
with the remaining 24KB also being a size-class size. Subse-
quent 128KB and 32KB allocations are served by repeatedly
subdividing the 224KB child, eventually leaving a 64KB child;
all of these ranges are siblings under the 256KB parent. Later,
a 28KB allocation cannot simply split the 64KB child into
28KB and 36KB, because 36KB is not a size-class size. In-
stead, the algorithm first splits 64KB into two 32KB children
and then subdivides one 32KB child into 28KB and 4KB, both
of which are size-class sizes. When the 128KB and 32KB
children are subsequently freed, these two adjacent siblings
coalesce into a single 160KB node, which is a size-class size.

3.2.3 Per-Granule Metadata with Metadata Shifting

Allocator backends face a challenge in balancing metadata
lookup efficiency with memory overhead. mimalloc lever-
ages a large range granularity (i.e., 64KB) to employ per-
granularity metadata, which enables fast address-to-metadata
lookups via direct array indexing with minimal memory cost.
In contrast, finer-granularity allocators such as jemalloc and
tcmalloc cannot afford the overhead of per-granularity meta-
data and instead rely on per-range metadata managed by
more complex structures like radix trees. This approach, how-
ever, suffers from a major limitation beyond its performance
drawbacks: to support multi-threaded performance, metadata
records are reused across ranges but are never freed. Conse-
quently, during large peak–trough memory swings ( 2 ), meta-
data capacity grows with peak usage but fails to shrink at
steady state, leading to substantial memory bloat.

To overcome this limitation, we compress the tree’s meta-
data significantly, enabling it to afford fast, per-granularity
metadata (12B per 4KB granularity) that is fully reclaimable
once its managed ranges are all freed. We adopt a novel
metadata shifting approach, making the tree entirely pointer-
free even with irregular node sizes: the conceptual two-
dimensional tree is mapped to a one-dimensional array; in-
ternal nodes are encoded into leaf nodes to eliminate parent
pointers; and movement between siblings at the leaf level is
based on address offsets between siblings, computed from
range sizes and tree information (e.g., depth, sibling index)
rather than explicit pointers.

3.3 Lifetime-Based Reclamation

When memory ranges are freed, the allocator caches them
temporarily to avoid repeated kernel allocation and dealloca-
tion, then eventually releases them to the OS if they are not
reused. tcmalloc uses an asynchronous, rate-based reclama-
tion policy: a background reclamation thread returns cached
ranges to the OS at a rate that is tuned either by the user or
based on recent allocation activity. However, it lacks timing
guarantees for when these ranges will be reclaimed, which
is undesirable for mobile workloads: during periods of high
allocation and free rates, often coinciding with system-wide
high load, tcmalloc may defer reclamation even while other
components are competing for memory (Sec. 6.1.2).

mimalloc uses a synchronous, time-based reclamation pol-
icy: each freed range is cached for a fixed interval, after which
it is returned to the OS. This policy interacts poorly with
the foreground/background behavior [2] of mobile applica-
tions. Once an app moves to the background and its alloca-
tion and free rates drop sharply, reclamation is rarely trig-
gered, allowing cached ranges to remain resident for a long
time (Sec. 6.1.2). Moreover, it requires periodically scanning
ranges to check for expiry, wasting CPU cycles.

jemalloc uses an asynchronous, time-based reclamation
policy: it divides time into epochs and, at the start of each
epoch, computes how much cached memory to reclaim and
spreads this work across the epoch. If cached memory exceeds
a threshold, it may run extra reclamation before the next epoch.
This policy has been battle-tested on mobile devices, but it still
has drawbacks. Although it imposes an approximate upper
bound on reclamation time, it offers no lower bound. A range
may be reclaimed shortly after being freed, even when its
adjacent range is about to be freed as well. Waiting slightly
longer could allow them to coalesce into a larger range that
can satisfy future large requests, potentially avoiding an extra
system call if these ranges are eventually returned to the OS.

However, blindly delaying reclamation only increases the
memory footprint. Instead, we ask: given a fixed reclama-
tion budget, which ranges should we reclaim first and which
should we defer to maximize coalescing? Mobile workloads
follow the generational hypothesis: once a range survives past
the knee point, it is likely to remain live much longer, so we
prefer to reclaim its adjacent range first. For example, con-
sider five contiguous subranges (1–5). Suppose subranges 1,
3, and 5 are cached, subrange 2 is long-lived, and subrange 4
is short-lived; thus, we prefer to reclaim subrange 1 first.

To this end, we propose a lifetime-based reclamation policy.
A range starts a countdown once it has no mergeable siblings.
If, before the timer expires, one of its siblings is freed and
coalesces with it, the countdown is reset; otherwise, the range
becomes eligible for reclamation.

A naive implementation of this policy would mirror mimal-
loc’s approach and require scanning all cached ranges, which
is expensive. Instead, we implement it using a two-buffer
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lifetime tracker, consisting of an active buffer and a standby
buffer. Freed and coalesced ranges are always placed in the
active buffer. Allocations first consult the active buffer; if
empty, they consult the standby buffer. A reclamation thread
repeatedly performs the following steps: (i) swap the roles of
the two buffers, (ii) wait for an interval ∆, and (iii) reclaim
all ranges in the standby buffer. This avoids per-range times-
tamps and full-range scans, significantly reducing CPU load.

Under normal conditions, reclamation is handled asyn-
chronously by the reclamation thread. However, under heavy
oversubscription ( 4 ), this thread may not be scheduled
promptly, as we observed. To address this, we combine asyn-
chronous and synchronous reclamation: when the number of
cached ranges exceeds a watermark, newly freed ranges are
immediately reclaimed by the freeing thread, and we trigger
an early buffer swaping by waking the reclamation thread,
thereby reducing ∆. This mixed reclamation scheme continues
until the number of cached ranges drops below the watermark.

3.4 Non-blocking Interface
Allocators need to synchronize between threads accessing
the same metadata, for example, during cross-thread frees. In
mimalloc, this is synchronized via a concurrent bitmap that
controls uniform-sized slabs in the backend; however, it pins
ranges to their owning thread, preventing them from migrat-
ing to other threads until all subranges have been freed. In
contrast, jemalloc and tcmalloc use backend structures shared
across threads. These structures are more complex and there-
fore rely on locks for concurrency control. On heavily over-
subscribed workloads ( 4 ), such locks can cause priority in-
version [35]: a low-priority thread may hold an allocator lock
and be preempted, while a high-priority thread (e.g., the UI
rendering thread) waits for the lock, stalls on memory alloca-
tion, and causes visible stuttering. Although such events are
much rarer than the common case, they are highly disruptive
when they do occur.

We therefore design allocator interfaces (e.g., malloc and
free) to be non-blocking [49]. Our key observation is that
we can turn rare but catastrophic blocking into brief and far
less harmful memory waste instead. For each allocation or
free operation, the corresponding size class first consults a
bounded concurrent bitmap as the primary path. When this
bitmap is empty or full, it falls back to a locked, unbounded
doubly linked list. If acquiring the lock fails, the operation
still does not block: instead, an allocation tries to obtain a
larger range from another size class and subdivides it, while a
free pushes its range onto a concurrent singly linked list and
returns; later operations complete the deferred free.

4 Design and Implementation

jwmalloc is organized into three tiers (Fig. 10): frontend, mi-
dend, and backend. The frontend is slab-style with a uniform
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Figure 10: The overall system architecture.

slab size equal to the OS page size (4KB). It maintains thread-
local storage (TLS) for each thread and a manager that creates
and destroys TLS. The backend manages virtual memory at
OS-page granularity with one instance per process. Alloca-
tions smaller than 2KB are served by the frontend. Objects
between 2KB and 16KB would incur excessive tail fragmenta-
tion if handled by either the frontend or backend (both operate
at 4KB granularity), so we introduce a per-process, slab-style
midend for these allocations. The backend handles allocations
from 16KB up to 4MB and supplies memory for slabs used by
both frontend and midend. Allocations larger than 4MB are
obtained directly via system calls. These size boundaries are
tunable for a given system configuration.

4.1 Frontend
The TLS manages multiple size classes, each with two doubly
linked lists: a partial list for slabs with some free objects and
an empty list for fully free slabs. To accelerate allocation, it
uses a direct map [63], an array of slab pointers indexed by
allocation size (8-byte aligned), each pointing to the current
slab, i.e., the head of the partial list for that size class. The
TLS also maintains a shared slab pool connecting empty slabs
across all size classes. When a size class requires an empty
slab, it first checks its empty list and falls back to the shared
pool if needed. To bound the pool, a watermark proportional
to the total slab count ensures that least-recently-used empty
slabs are returned to the backend when exceeded. Finally, the
TLS tracks all managed slabs in an in-use list, and when a
thread is destroyed, its slabs are handed to the reclamation
thread (Sec. 4.2) for draining and reuse.

Within each slab, slab metadata resides at the slab head,
preceding the objects it manages. Per-object metadata is over-
laid on the objects themselves, with freed objects having their
memory reinitialized to store the metadata. Cross-thread frees
follow mimalloc’s design, returning freed objects to the allo-
cating thread. Each slab has an owner thread and two free lists:
a local list for objects freed and reused by the owner, and a
cross list for objects freed by other threads. The owner drains
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the cross list into the local list either periodically, to check
slab reclaimability, or on demand, when allocating from a slab
with an empty local list. However, unlike mimalloc’s draining,
which traverses the entire cross list, we optimize with batched
draining: each cross list maintains a slab-relative head offset
and free-object count (Fig. 10), atomically updatable together.
During periodic draining, only the count is consulted, leaving
the list intact to avoid expensive singly-linked-list merges; dur-
ing on-demand draining, both the head and count are moved
to the empty local list with a single atomic write.

4.2 Backend

The backend comprises three logical components (Fig. 10):
(i) Nest, which maintains the search structure used during
allocation and deallocation, organizing ranges by size and
using fetch() and place() to select suitable ranges for each
request (Sec. 4.2.1); (ii) Knit, which manages contiguous
virtual-memory ranges, providing split() and join() to subdi-
vide and coalesce them (Sec. 4.2.2); and (iii) Thrift, which
manages cache watermarks and invokes reclaim() to release
cached memory when thresholds are exceeded (Sec. 4.2.4).

Figure 11, lines 1–14, illustrates the range fetch() and
place() operations, as well as split() and join() during allo-
cation or deallocation. For a fetch(), the backend first attempts
to acquire a range (acq_self). If the acquired range exactly
matches the requested size, it is returned directly; otherwise,
it is subdivided (split) and the remainder is released back
(rel). Under eager subdivision (Sec. 3.2), this process may
repeat. On a place(), the freed range is released directly if
adjacent siblings cannot be acquired (acq_sibling); otherwise,
it coalesces with the acquired sibling (join) and repeats until
no further adjacent siblings can be acquired. Range acquisi-
tion and release may be concurrently accessed by multiple
threads, requiring concurrency control, which is implemented
via ownership transfer [72, 80] (Sec. 4.2.3).

4.2.1 Mapped and Unmapped Ranges

We maintain two Nests: a mapped Nest for ranges that may
have physical pages attached, and an unmapped Nest for
ranges without physical pages. A range allocation request
first searches the mapped Nest; if no sufficiently large range
is found, it falls back to the unmapped Nest; if that also fails,
a 4MB root range is requested from the OS. On range free,
if synchronous reclamation is not triggered, ranges are first
returned to the mapped Nest and later moved to the unmapped
Nest by the asynchronous reclamation thread (Sec. 4.2.4). If
synchronous reclamation is triggered, ranges are inserted di-
rectly into the unmapped Nest. Before insertion, madvise [20]
is called to discard the physical pages of the range.

Each Nest maintains multiple size classes. For each size
class, the mapped Nest keeps two buffers of identical struc-
ture, an active buffer and a standby buffer, which together

1 fetch(sz) {
2 r := acq_self(sz);
3 while (r.size != sz) {
4 r, r’ = split(r);
5 rel(r’);
6 }
7 return r;
8 }
9 place(r) {
10 while(r’=acq_sibling(r)){
11 r = join(r, r’);
12 }
13 rel(r);
14 }
15 acq_self(sz) {
16 r := nest_acq(sz);
17 if (knit_acq(r))
18 return r;
19 nest_acq_undo(r);

20 retry;
21 }
22 acq_sibling(r) {
23 r’ := r.sibling;
24 if (!knit_acq(r’))
25 return null;
26 if (nest_acq(r’))
27 return r’;
28 knit_rel(r’);
29 return null;
30 }
31 rel(r) {
32 if (!nest_rel(r)){
33 nest_defer(r);
34 } elif (!knit_rel(r)){
35 nest_rel_undo(r);
36 nest_defer(r);
37 }
38 }

Figure 11: Pseudocode of backend operations.

support the lifetime-based reclamation policy (Sec. 3.3). The
unmapped Nest maintains only an active buffer. Each buffer
contains a bounded bitmap and an unbounded linked list for
additional ranges. fetch() and place() consult the bitmap first,
falling back to the list if necessary. All size classes share a
single deferred list to support non-blocking (Sec. 3.4).

4.2.2 Subdivision and Coalescing of Ranges

Knit manages multiple 4MB root ranges, each underlying a
closed sibling tree. Range subdivision and coalescing operate
on these trees. We formally define the size-class set and the
closed sibling tree below. In our setting, a node’s weight
represents the number of OS pages in the range.

Definition 1 (Resolution-R size-class set). The resolution-R
size-class set S(R) is defined as

S(R) = {n×2m | m,n ∈ N, 1≤ n≤ 2R}.

Definition 2 (Resolution-R closed sibling tree). A tree T is
called a resolution-R closed sibling tree if:
• For every node v, its weight w(v) is in S(R).
• For any node v with children c1, . . . ,cN , we have w(v) =

∑
N
i=1 w(ci), and for all 1≤ p≤ q≤ N, ∑

q
i=p w(ci) ∈ S(R).

Coalescing merges contiguous siblings under the same
parent. Once all children of a node have been coalesced, the
parent becomes eligible to merge with its own siblings. For
subdivision, we introduce the MULTI-STEP-SPLIT algorithm
(Alg. 1), which executes the split steps shown in Fig. 11,
lines 3–4; its correctness is proved in the Appendix.

We illustrate MULTI-STEP-SPLIT with an example. Sup-
pose we want to subdivide a 6-page range from a 64-page
range under a resolution-3 setting (i.e., R = 3, X = 64, and
Y = 6). The max-n decomposition of 64 is 8× 23, and the
min-n decomposition of 6 is 3× 21. Since m1 > m2, the re-
cursive case applies: we compute Z = d6/8e× 8 = 8, split
64 into two children of weights 8 and 56, and recurse on
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Algorithm 1: MULTI-STEP-SPLIT(X ,Y )
Input: a node v of weight X ; target weight Y
Precondition: X ∈ S(R), Y ∈ S(R), 0 < Y ≤ X
Output: a subtree rooted at v
Postcondition: the subtree is a resolution-R closed sibling

tree; some node has weight Y
Begin:
write X = n1×2m1 with m1 ≥ 0 and n1 the largest integer

such that 1≤ n1 ≤ 2R

write Y = n2×2m2 with m2 ≥ 0 and n2 the smallest integer
such that 1≤ n2 ≤ 2R

if m1 ≤ m2 then
if X 6= Y then

split v into children with weights Y and X−Y

else
Z←

⌈
Y/2m1

⌉
×2m1

split v into children with weights Z and X−Z
MULTI-STEP-SPLIT(Z,Y )

the child of weight 8. For MULTI-STEP-SPLIT(8,6), we have
8 = 8× 20 and 6 = 3× 21, so m1 ≤ m2 and X 6= Y , which
triggers the direct case, splitting 8 into 6 and 2. In this exam-
ple, the construction obtains the 8-page subrange from the
64-page range in a single step, leaving a contiguous 56-page
range available for other large requests. In contrast, a naive
binary splitting scheme (e.g., 64→ 32→ 16→ 8) requires
three steps to reach 8, and the intermediate nodes cannot serve
the 56-page request.

4.2.3 Ownership Transfer of Ranges

Conceptually, a range allocation transfers ownership of a suit-
able range from the backend to the requester, while a free
operation transfers ownership back to the backend. Within
the backend, a range is co-owned by Nest and Knit: acq must
obtain ownership from both components, and rel must release
it to both. Since these two ownerships cannot be acquired or
released atomically, inconsistent states can arise, in which one
component succeeds while the other fails. For example, when
a free operation attempts to acquire a range’s adjacent sibling
in Knit to coalesce with it, a concurrent allocation may have
already acquired that sibling range from Nest.

To handle this, ownership transfer follows a staged protocol
with rollback (Fig. 11). acq_self first locates a suitable range
and acquires its Nest ownership (nest_acq), then attempts to
acquire its Knit ownership (knit_acq). If the Knit acquisition
fails, it rolls back the Nest acquire (nest_acq_undo) and retries
a bounded number of times at the same size; if these retries
fail, it falls back to a larger range, ensuring a non-blocking
path. acq_sibling first acquires the adjacent sibling in Knit,
then in Nest; if the Nest acquisition fails, it releases the Knit
ownership (knit_rel) and returns null. rel first attempts to re-
lease Nest ownership. If this fails, the range is placed on the

deferred list (nest_defer) and the operation returns. Otherwise,
it releases Knit ownership. If the Knit release fails, it rolls
back the Nest release (nest_rel_undo), places the range on the
deferred list, and returns. Deferred ranges are later drained
either by the asynchronous reclamation thread (Sec. 4.2.4)
or synchronously on demand when a nest_acq fails to find
a suitable range (e.g., at line 16 when r.size > sz); draining
simply re-invokes place() on all deferred ranges.

Each range has three states: inuse (currently in use or on
the deferred list), mapped (present in the mapped Nest), and
unmapped (present in the unmapped Nest). In Knit, knit_acq
for a range r requires that r is not inuse, preventing it from
being acquired twice. When releasing a range r to the mapped
Nest, Knit must ensure that none of r’s adjacent siblings is
already mapped; similarly, when releasing to the unmapped
Nest, none of them is unmapped. This guarantees that free
adjacent siblings can always be coalesced if they are in the
same state. The states of all siblings under the same parent
are packed into a single atomic variable. If any of these con-
ditions fail, knit_acq or knit_rel returns false; otherwise, it
atomically updates r’s state via compare-and-swap [49]. In
Nest, nest_acq and nest_rel acquire and release ownership in
the underlying generic structures, i.e., bitmaps and lists.

4.2.4 Asynchronous Reclamation

The reclamation thread repeatedly performs the following
steps: (i) drain slabs handed off from TLS instances whose
threads have been destroyed (Sec. 4.1); (ii) traverse the de-
ferred list of each size class in both the mapped and unmapped
Nests and call place() on each range to complete deferred re-
leases (Sec. 4.2.3); (iii) swap the ready and standby buffers
(Sec. 3.3); (iv) perform a futex wait [9] with a timeout (500ms
in our setting), possibly being woken early by synchronous
reclamation (Sec. 3.3); and (v) for each size class in the
mapped Nest, apply madvise to all ranges in the standby buffer
to discard their physical pages, then move those ranges to the
corresponding size class in the unmapped Nest.

4.3 Midend

The midend uses a Nest similar to the backend’s mapped Nest,
but with only the active buffer. It manages slabs, each con-
taining multiple objects (2KB–16KB). An allocation selects a
corresponding slab from the Nest; if this turns the slab from
partial to full, it is removed from the Nest. On object free, if
the object’s slab changes from full to partial, it is reinserted
into the Nest; if it changes from partial to empty, it is returned
to the backend as a free range. Each slab uses a bitmap with
atomic bit operations to track its objects and implement these
state transitions (Fig. 10). The midend shares metadata with
the backend: when a range is initialized as a midend slab, the
backend Nest’s fields for that range become unused, and the
memory is repurposed to hold the midend Nest’s metadata,
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such as list links and the slab’s bitmap.

5 Verification under Weak Memory Models

jwmalloc is a complex allocator that lies on the critical path
of virtually all system services and applications on the device.
Any bug can cause severe failures, such as memory corruption
that may only manifest far from the point where it actually
occurs. In concurrent settings, especially under weak-memory
models, such bugs are particularly difficult to reproduce and
diagnose. To mitigate this risk, we use verification to increase
confidence in jwmalloc’s correctness.

Traditional approaches based on manual, machine-checked
proofs (e.g., large Coq developments [83]) are prohibitively
labor-intensive for a production allocator of this complexity.
More recent frameworks such as RefinedC [76] and Verus [60,
61] reduce the proof burden but reason only under sequential
consistency, leaving executions arising from weak-memory
behaviors, which are often more error-prone, unchecked. For
mobile allocators, this limitation is particularly relevant, as
mobile hardware is dominated by architectures like ARM that
implement weak memory models.

To balance verification coverage against engineering ef-
fort, we adopt a model-checking approach that automati-
cally verifies a program under weak-memory models. We
use the VSync toolchain backed by the GenMC model
checker [55–57]. VSync takes two inputs: (i) a C library
with interfaces (e.g., jwmalloc with malloc, free, and related
operations), and (ii) a client program that invokes these in-
terfaces. GenMC then explores all possible executions of the
program, including those that occur only under weak-memory
models, and checks that the following properties hold: (i)
generic properties such as memory safety, absence of data
races, and loop termination, and (ii) library-specific proper-
ties encoded as assertions in both the library and the client
code. For example, the client writes a distinctive tag pattern
into allocated objects and later asserts that these tags remain
unchanged, thereby detecting data corruption. Since model
checking explores all possible states, one must control the
state-space size to complete verification within a reasonable
time. We achieve this in the following ways:

First, we fully decouple jwmalloc’s components. The
frontend, midend, and backend each provide a standard
malloc/free-style interface and interact with other components
only through these interfaces. During verification, each com-
ponent is treated as a conventional C library rather than an allo-
cator. For example, the frontend exports frontend_malloc and,
in production, obtains its slabs via backend_malloc; during
verification, it is redirected to the system allocator’s standard
malloc. This modularity allows verification of components
both in isolation and in combination.

Second, we partition the client program into multiple spe-
cialized clients, each targeting specific edge cases. For ex-
ample, the frontend exposes concurrency scenarios such as

Table 2: Instruction and branch counts on x86 for in-slab
operations. Each cell reports “instructions & branches”.

Operation jwmalloc jemalloc mimalloc tcmalloc
alloc 16 & 1 27 & 3 17 & 2 36 & 6
local free 22 & 3 38 & 4 26 & 4 36 & 5
cross-thread free 29 & 5 >100 & >10 72 & 9 >100 & >10

cross-thread frees, on-demand draining, periodic draining, and
thread creation and destruction. We construct multi-threaded
clients where each thread invokes the relevant API operations
a bounded number of times, triggering these scenarios while
keeping verification time manageable.

Finally, we shrink jwmalloc’s configuration by scaling down
certain constants, for example, reducing the backend bitmap
from 64 to 2 entries, without changing the code logic.

With the mechanisms described above, we ensure that ver-
ification of each client completes within 10 minutes. This
verification uncovered a previously unknown bug during the
development of jwmalloc. The bug originates from the back-
end’s closed sibling tree, which employs a metadata-shifting
design. For the root node, which has no siblings, this design
mistakenly assumes a sibling exists and attempts to access
its state along one code path, causing out-of-bounds reads in
the data area and resulting in a crash only when the data area
contains specific values. Using a client targeting the backend,
the model checker can expose this bug in roughly ten seconds
and reports an error due to accessing uninitialized memory.

6 Evaluation

We compare jwmalloc against widely-used industrial alloca-
tors, including mimalloc [21] v2.1.8, jemalloc [19] v5.3.0, and
tcmalloc [33] from gperftools-2.16, across various workloads.

Hardware instruction counts. We first analyze hardware in-
struction and conditional-branch counts for in-slab operations
in each allocator. As shown in Table 2, jwmalloc executes
fewer instructions than the other allocators, particularly for
cross-thread frees, where it reduces the instruction count by
over 70% compared to jemalloc. This low instruction cost
contributes to jwmalloc’s performance and load advantages.

6.1 Micro-benchmarks
Admittedly, microbenchmarks cannot fully capture the com-
plexity of real-world workloads, but they do reveal how alloca-
tors behave under simple synthetic workloads. We select four
open-source benchmarks, namely rptest, xmalloc, mstress,
and mleak, to exercise four scenarios: predominantly thread-
local allocate/free, cross-thread frees, diverse object lifetimes,
and frequent thread creation and destruction [27, 31, 32]. To
avoid noise from background services on smartphones, we
run these benchmarks on a server [17] using 4 cores and dif-
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Figure 12: Comparison of performance (top) and CPU in-
struction counts (bottom).

ferent thread counts to emulate mobile behavior. We vary each
benchmark’s allocation-size range while keeping its default
size distribution. For example, rptest-8B-128B-10N denotes
rptest with allocation sizes in [8B, 128B] and 10N threads,
where N is the number of cores. To better isolate the effect of
jwmalloc’s frontend, we also pair it with jemalloc’s backend;
we denote this variant as jw+jemalloc.

6.1.1 Overall Performance and CPU Overhead

As shown in Fig. 12, even with only the frontend, jwmalloc
substantially outperforms jemalloc. For instance, jw+jemalloc
is 24% and 4.1× faster than jemalloc on rptest-8B-128B-1 and
xmalloc-8B-128B-N, respectively, highlighting the benefits of
our frontend. With both frontend and backend enabled, jwmal-
loc leads the other allocators in nearly all workloads, espe-
cially in reducing instruction counts. On average, it improves
performance by 74% over jemalloc and reduces allocator-side
instructions by about 82%. On rptest-8B-128B-1, jwmalloc
outperforms jemalloc, mimalloc, and tcmalloc by 25%, 24%,
and 10%, respectively. On rptest-8B-1MB-N, allocator-side
instruction counts for jemalloc, mimalloc, and tcmalloc are
32.8×, 2.55×, and 1.81× those of jwmalloc, underscoring the
strength of our backend design.

There are a few scenarios where jwmalloc shows modest
regressions in performance or load, notably the rptest and
xmalloc workloads with the 8B-4KB-10N configuration. One
reason is that a nontrivial fraction of the allocation-size dis-
tribution lies near 4KB; for these sizes, jwmalloc’s unified
slab-size design deliberately trades some performance. An-
other reason is that 10N represents a heavy oversubscription
in microbenchmarks; under such workloads, jwmalloc remains
non-blocking but incurs additional work, resulting in some
performance loss.
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Figure 13: Memory footprint comparison for the original
(blue) and sleep-augmented (red) mstress workloads. Shading
indicates the standard error.
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Figure 14: Operation latency comparison (lower is better).

6.1.2 Memory Footprint and Operation Latency

We use mstress to study allocator memory behavior. In each
round, every thread allocates several objects, exchanges some
with other threads, and frees a subset, closely resembling
mobile workloads. We run both the original configuration
and a modified version that inserts a 2-second sleep between
rounds to emulate smartphone foreground and background
behavior, recording peak and steady-state memory usage for
the modified version.

As shown in Fig. 13, jwmalloc consistently uses less mem-
ory than the other allocators across all thread counts. For ex-
ample, in mstress-10N, jwmalloc’s peak and steady-state foot-
prints are 906MB and 29MB, whereas jemalloc’s are 968MB
and 376MB. This demonstrates the effectiveness of our back-
end for workloads with large peak-trough swings ( 2 ). In con-
trast, with its default settings, tcmalloc rarely triggers recla-
mation in this workload. We also observe that mimalloc’s
reclamation mostly occurs after the sleep period ends (the red
line) rather than shortly after it begins, confirming the delayed
effect of synchronous reclamation discussed in Sec. 3.3.

Comparing the original and sleep-augmented workloads,
we find that under continuous allocation demand (the original
mstress workload), jwmalloc exhibits smaller memory fluc-
tuations than jemalloc (the blue line). When demand drops
during the inserted sleep, jwmalloc returns more memory to
the OS (the red line). This demonstrates the effectiveness of
our lifetime-based reclamation policy for workloads requiring
aggressive reclamation ( 3 ): it reduces OS-side overhead from
repeated allocation and deallocation while maintaining lower
peak and steady-state memory footprints.

We then measure allocator operation latency under the orig-
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Table 3: Percentage energy-consumption reduction of jwmal-
loc relative to jemalloc under selected workloads. CPU_B,
CPU_M, and CPU_L denote the big, middle, and little CPU
clusters, respectively, and LPDDR denotes DRAM power.

CPU_B CPU_M CPU_L LPDDR CPU Ins.
article_reading 7.3±5.2 4.7±0.53 7.2±4.6 2.8±1.1 21.0±3.0
video_playing 11.0±3.9 6.5±0.78 5.8±0.78 2.2±0.41 6.7±3.4

0.7x
0.8x

1x
1.2x
1.4x
1.6x Device overall (the lower the better)

Avg jemalloc: 1.10x Avg mimalloc: 1.13x

0.1x
0.2x
0.5x

1x
2x
5x

10x
User-space allocation related (the lower the better)

Avg jemalloc: 3.84x Avg mimalloc: 4.79x
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Figure 16: Proportional set size (PSS) over time for the top
memory-consuming system services.

inal mstress workload, as shown in Fig. 14. With a single
thread, tcmalloc exhibits the lowest latency since it retains
memory and rarely requests it from the OS. However, as the
thread count increases, particularly under oversubscription, tc-
malloc’s tail latency rises sharply due to its lock-based design.
In contrast, jwmalloc’s non-blocking design maintains lower
latency than the other allocators. For instance, in mstress-10N,
jwmalloc’s P99.99 latency is 1.5µs, compared to 5.9µs for the
best competing allocator. This demonstrates that jwmalloc
ensures low-latency memory operations even under heavy
oversubscription ( 4 ).

6.2 Real-World Mobile Scenarios
We evaluate jwmalloc in a realistic mobile setting on a flagship
smartphone [15] running HarmonyOS 5.1 [22]. We replace
the system’s default jemalloc with either jwmalloc or mimalloc.
We omit tcmalloc, which is implemented in C++ and thus
incompatible with the phone’s libc and toolchain [1]. The
device uses ARMv8-A CPU cores [6] (4 small, 6 middle,
and 2 big) and 12GB of RAM. We run a suite of common
smartphone scenarios for approximately two hours, covering
core system interactions (e.g., home-screen scrolling, volume
adjustment) and high-frequency app workloads (e.g., map
navigation, music playback); the scenarios are detailed in the
Appendix. Each benchmark was executed five times, and we
report the mean and standard error.

Figure 15 presents normalized CPU instruction counts from
three perspectives: overall device instructions, user-space
allocation-related instructions, and kernel-space allocation-
related instructions. jwmalloc achieves substantial reductions
across all three. On average, jemalloc and mimalloc execute
10% and 13% more overall instructions than jwmalloc, respec-
tively. Broken down by source, in user space, their allocation-
related instruction counts are 3.84× and 4.79× those of jw-
malloc; in kernel space, they are 14% and 12% higher. These
results show that jwmalloc effectively reduces allocation over-
head and overall system load.

To further analyze how instruction reduction translates into
power savings, we focus on two representative and relatively
power-stable benchmark steps: article reading and video play-
back. For each step, we measure both instruction counts and
the power consumption of major hardware components. As
shown in Fig. 3, compared with jemalloc, jwmalloc reduces
instruction counts by 7%–21%, lowers CPU-cluster power
by 5–11%, and reduces LPDDR power by 2–3%. The CPU
power reduction mainly results from shifts to lower voltage-
frequency points and the migration of threads from big cores
to small cores.

During the benchmark, we sample each process’s propor-
tional set size (PSS), including swapped-out pages, once per
minute. We then select the top system services by memory us-
age and plot their memory footprints over time in Fig. 16. For
most services, jwmalloc’s memory usage is comparable to or
lower than that of jemalloc, whereas mimalloc often consumes
more memory.

7 Conclusion and Future Work

We presented jwmalloc, a mobile-first memory allocator that
significantly improves performance by addressing the mis-
match between existing designs and mobile workloads. It
has been successfully deployed on over 12 million devices.
As future work, we plan to extend its core principles, such
as the closed sibling tree, to server environments to enhance
datacenter performance.
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