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Abstract

High-quality large language model inference is increasingly
used on mobile edge, from satellites to smart homes, where
limited connectivity or privacy requirements motivate local
model inference. In many such settings, token generation
is inherently compute-limited and added latency may be
acceptable, but output quality, memory feasibility and crash-
free execution are essential. However, on today’s mobile
edge with unified-memory architectures, running a large
model near the device limit can trigger non-deterministic
out-of-memory failures. This is because deep learning frame-
works retain freed buffers inside caching pools, thus contin-
uing to occupy shared DRAM, which the OS cannot reclaim.
During inference, fragmentation and conservative reuse can
produce growing memory usage, eventually exceeding the
memory availability. In this paper, we present ExoMem, an
OS-governed middleware that restores OS authority over
physical pages without sacrificing framework compatibility.
ExoMem keeps model topology and operators in the frame-
work, while anchoring weights in OS-managed mappings,
and introduces a dormant state, whose virtual addresses re-
main stable for correctness but whose physical pages are
immediately reclaimable when needed, leveraging standard
OS page caching as an implicit multi-tier hierarchy. Imple-
mented as a plug-and-play extension, ExoMem enables stable
local inference for substantially larger LLMs on mobile edge,
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1 Introduction

Large language models (LLMs) are rapidly becoming the
engine behind sensing, reasoning, and decision support in
mobile edge systems, such as robots, drones, vehicles, and
Jetson-class devices that often interpret rich signals and act
locally [10-12, 20, 30, 43, 46, 65, 67]. Most existing efforts
make LLMs lighter or faster, targeting smaller memory foot-
prints and better latency or throughput. In this paper, we
study an orthogonal but increasingly important dimension
on mobile edge devices — in many deployments, slow to-
ken generation can be acceptable, but output quality is non-
negotiable and inference must be performed locally, e.g., run-
ning a high-quality 72B-parameter model (such as Qwen2.5-
72B-FP16) on a Jetson AGX with 64 GB memory is commonly
viewed as impractical. This paper asks: can we make large-
LLM inference feasible on mobile edge devices locally?
Satellite edge computing makes this need especially clear
[14, 17, 52, 61]. Downlink opportunities are capacity-limited
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and intermittent. As a result, satellites often need to make on-
board decisions, such as anomaly triage, scene prioritization,
and mission summarization. In these settings, smaller models
can be insufficient, where missing an anomaly, misranking
high-value scenes, or producing low-fidelity summaries di-
rectly affects mission decisions and wastes scarce downlink
resource [44, 62]. At the same time, many tasks are not in-
teractive at the token level, e.g., selecting what to downlink,
generating periodic mission summaries, or producing expla-
nations for detected anomalies, so they can tolerate added
latency as long as the output quality is high and the system
remains robust under tight resource budgets [2, 6, 25, 58, 60].
Beyond space, similar latency-tolerant but quality-critical
workloads are emerging on consumer devices, where on-
device assistants continuously ingest sensitive content and
periodically produce private summaries, action items, and
searchable memory during idle periods [32, 54-56, 59].

These scenarios motivate running large LLMs within a
limited memory, without exceeding the budget even tran-
siently. By doing so, an LLM can run even when the full
model does not fit in the available memory budget, by bring-
ing in only the weights needed at each step. Achieving this
brings a trinity of benefits: (1) The device can run a larger
LLM and obtain higher quality reasoning within memory
constraints; (2) Strict containment allows the device to re-
serve reliable headroom for other concurrent tasks, including
smaller responsive models and real time control workloads;
(3) Avoiding sudden memory peaks prevents out-of-memory
(OOM) failures that can destabilize mission critical devices.

A natural question is whether we can directly reuse ex-
isting approaches that execute a model layer by layer while
swapping weights between memory and external storage.
Variants of this idea have been successful for traditional mod-
els on mobile edges and for LLMs on cloud servers [3, 4, 22,
28, 47, 48]. We find that layer-wise swapping is still a neces-
sary mechanism, but existing solutions cannot be applied to
mobile edge because of two properties that co-exist in prac-
tice: the very large layer size of LLMs and a unified memory
architecture (UMA) of the mobile edge device, where CPU
and GPU share the same physical DRAM pool.

Our analysis identifies the key reason that LLM execu-
tion on mobile edge devices through the layer swapping
can lead to growing memory usage and unexpected peak
usage, causing memory constraints invalid. The root cause
is a mismatch between framework-level memory lifecycle
management and operating system (OS)-level memory re-
ality under UMA. On UMA, although CPU and GPU share
the same physical DRAM, allocation ownership must still
be isolated across processors to prevent errors from unco-
ordinated asynchronous access. This isolation forces deep
learning frameworks to retain freed buffers inside private
caching pools rather than returning them to the OS [1, 5].
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On discrete CPU-GPU systems such isolation is harmless,
as the retained CPU-side pages do not consume GPU mem-
ory. On UMA, however, the retained pages still occupy the
shared DRAM that the GPU, OS, and co-located workloads all
depend on, causing physical memory to accumulate across
layers and leading to unpredictable OOM failures. This re-
flects a fundamental system-level constraint of UMA rather
than a framework-specific engineering issue. Addressing
this requires restoring OS visibility and control over physical
pages while preserving framework correctness. To this end,
we solve technical challenges:

(1) Opaque-pool reconciliation. How can we make
physical memory truly reclaimable under OS policy when the
deep learning framework manages memory through opaque
pools? If framework reservations are left unchecked, effec-
tive memory use will increase and exceed the budget. But if
the OS reclaims pages behind the framework’s pointers with-
out coordination, it can corrupt state and crash execution.
The challenge is to restore OS authority over physical pages
while keeping the framework in charge of logical tensors
and operator execution, which is non-trivial to achieve.

(2) Model-aware paging. Even if the first challenge is
solved, we need to further extend this memory manage-
ment to LLM execution. Inference shifts the management
granularity from tensors to structured layer instances, and
LLM decoding repeatedly reuses weights across tokens with
strong temporal locality. A naive on-demand swapping can
cause repeated reloads and long storage stalls, even when
there is strong temporal locality across tokens.

One possible solution is to build custom inference engines
with tightly controlled memory management in low-level
C++/CUDA [16, 26, 29, 37, 53, 66]. These engines can be effi-
cient, but they impose substantial costs in reduced flexibility,
limited model/operator coverage, and recurring engineering
effort as model architectures and optimizations evolve.

Our key idea is to retain the universality and fast evolu-
tion of general frameworks while restoring deterministic,
deployment-ready memory behavior by decoupling phys-
ical memory lifecycle from the framework allocator and
grounding it in OS mechanisms. In this paper, we propose
ExoMem, a middleware that separates each LLM into a light-
weight shell (topology and operator logic) retained by the
framework and a heavyweight payload (weights) anchored
in OS-managed mappings. ExoMem introduces a dormant
state between active and destroyed: when weights are log-
ically releasable, their virtual addresses remain stable for
correctness, but their physical pages become immediately
reclaimable by the OS under memory pressure and reusable
at a low cost when still resident. By leveraging standard OS
page caching and replacement, ExoMem effectively provides
an implicit multi-tier hierarchy suited to unified memory.
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We implement ExoMem as a lightweight middleware for
mobile edge devices using Python, C++ and CUDA, packaged
as a native PyTorch extension via pybind11 (open source link:
https://github.com/ExoMem-repository/Code). It is a plug-
and-play middleware that requires no modifications to the
framework or model code. We evaluate ExoMem on NVIDIA
Jetson devices (including Jetson Orin NX 16 GB and AGX
64 GB with JetPack 6.0 and an NVMe SSD) using represen-
tative LLMs, including Qwen2.5-7/14/72B, a vision model
Qwen2.5-VL-7B, and a sparse MoE model (Qwen1.5-MoE-
A2.7B), and compare against both framework-based base-
lines (e.g., HuggingFace Accelerate-style constrained infer-
ence, naive layer-wise loading) and specialized engines (e.g.,
llama.cpp and server-inspired offloading systems). Extensive
experiments demonstrate that ExoMem achieves memory
efficiency comparable to highly-optimized custom inference
engines while reducing memory consumption by 78.9-87.6%
compared to other approaches. It also achieves 2.1-51.7x
higher throughput efficiency than all baselines. In summary,
this paper makes the following contributions:

o Identify the framework-OS mismatch as a key reason
that limits the local execution for large-LLM inference
on mobile edge devices.

e Design an OS-governed middleware that makes physi-
cal memory reclaimable and peak-safe without break-
ing framework compatibility.

e Develop a prototype system and conduct extensive
experiments with various LLMs to evaluate the perfor-
mance of ExoMem under various settings.

2 Background and Motivation

2.1 LLM Inference on Mobile Edge

Demand for high-quality local inference. Many edge
workloads increasingly need the kind of long-context, cross-
modal reasoning that only larger LLMs reliably provide,
for example, triaging and summarizing satellite observa-
tions, or interpreting autonomous driving logs and telemetry
[6, 25, 61]. In these applications, the cost of a mistake is
often paid by downstream operations, e.g., a missed anom-
aly, a misprioritized scene, or an incomplete summary can
waste operator time, bandwidth, or compute cycles. When
connectivity is limited or privacy policies restrict off-device
processing, the device cannot try in the cloud and fall back
locally. This makes local inference with relatively uncom-
promised model quality an important capability.

Severe memory constraints. The central bottleneck on
mobile edge is not only that DRAM is small in absolute terms,
but also that only a fraction of it might be available to the
LLM at runtime. Table 1 breaks the shared memory budget
into pieces that are easy to overlook. First, a fixed portion
is consumed before the LLM model does any useful work,
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Platform Total OS RT App Avail Max Model
Orin Nano 8§ 11 15 - 5.4 2B
Orin NX 16 14 15 — 13.1 6B

+ Sat. tasks 16 14 15 6.2 6.9 3B

+ Aut. tasks 16 14 15 4.1 9.0 4B
AGX Orin 64 18 1.5 — 60.7 30B

Table 1: Memory budget breakdown (GB) and largest
FP16 model size that can fit fully in DRAM on NVIDIA
Jetson platforms. “OS” includes Linux and drivers; “RT”
is the CUDA runtime; “App” is co-resident domain
workloads; “Avail” is remaining headroom for the LLM.

e.g., the OS, drivers, and the CUDA runtime together re-
serve several gigabytes that the application cannot reclaim.
Second, realistic deployments rarely dedicate the device to
LLM inference alone. Domain services such as satellite im-
age processing or autonomous driving modules often run
continuously and consume multiple additional gigabytes.

Once these mandatory components are accounted for, the
remaining headroom can be limited. On a 16 GB Orin NX, the
available (Avail) budget drops from about 13.1 GB to about
6.9 GB with representative satellite tasks [41], and to about
9.0 GB with an autonomous driving stack [63]. To understand
this limit, in Table 1, we use the maximum LLM model that
can run in the remaining memory as a reference. In FP16,
1B parameters require about 2 GB just to store weights [64],
before counting the KV cache and temporary buffers. Under
a 6.9 GB headroom, even keeping a 3B model fully resident
is already near the limit, and that is far below the size range
where strong reasoning typically emerges.

This gap persists even on the largest Jetson-class devices.
A 64 GB AGX Orin can leave roughly 60.7 GB for the appli-
cation in the best case, which corresponds to around a 30B
model in FP16 if weights are held entirely in memory. In
contrast, a 72B model needs around 144 GB just for FP16
weights. This means that, for high-quality models, fitting the
model in DRAM is not a viable design on mobile edge.

Layer-wise execution becomes mandatory. Given the
above, running large models locally requires treating weights
as an out-of-core working set. Layer-wise swapping is the
natural solution [3, 4, 28, 47, 48], i.e., load the next layer’s
weights from external storage, execute its operators, and
then release those weights before moving on. This trades
throughput for feasibility, which is acceptable for many edge
workflows that are not interactive at the per-token level.
In practice, token generation speed in these settings is pri-
marily limited by device compute and storage bandwidth.
The tier-one requirement is not fast, but high-quality and
memory-feasible: a large LLM must stay within a fixed budget
throughout inference without fragile peaks or gradual drift
that triggers an OOM. Next, we show why a straightforward
swapping fails to meet this requirement on mobile edge.
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Figure 1: Physical memory footprint during layer-wise
LLM execution on a Jetson Orin NX (Qwen2.5-7B, FP16).
The actual trace diverges from the expected bounded
sawtooth, showing (1) a rising baseline after release
and (2) per-layer transient peaks during computation.

2.2 Problems of Swapping on UMA

In principle, layer-wise swapping should produce a bounded,
repeatable memory footprint. Each layer follows the same
three steps: load weights, run computation, then release
weights. If the device behaves ideally, the physical memory
trace should look like a sawtooth, i.e., memory rises during
loading, stays roughly flat during computation, and drops
back after release, with only a slow upward trend from un-
avoidable states such as the KV cache and CUDA runtime.

Figure 1 shows that this expectation breaks in practice.
We run a minimal Qwen2.5-7B-FP16 setup on a 16 GB Jetson
Orin NX [51], and execute three representative components
(embedding, one decoder layer, and the LM head) using a
native swapping-style loop. After each component finishes,
we explicitly delete the corresponding tensors and invoke
torch.cuda.empty_cache() and gc.collect() to encour-
age reclamation. In this experiment, we track system-level
physical memory usage [38], not only framework-reported
allocated bytes, because the latter can hide memory retained
inside framework’s internal pools. The dashed line shows
the expected bounded behavior, while the solid line shows
the actual physical memory footprint. Two deviations stand
out clearly, i.e., a staircase-like baseline increase after each
release, and a large transient peak during each compute.

Problem 1: Released layers do not translate into re-
claimed physical memory. After each layer finishes, the
footprint should drop close to the pre-layer baseline. Instead,
the solid line in Figure 1 does not return to the previous level.
The baseline grows upward across the embedding, decoder,
and LM head phases, forming an irreversible staircase. This
behavior is a form of lazy reclamation that is harmless to
discrete systems but damaging on unified memory.

The reason is that general-purpose deep learning frame-
works are optimized for private caching allocators. When
a tensor is freed, the allocator commonly keeps the under-
lying memory in an internal pool for future reuse, rather
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than returning it to the OS. From the framework’s perspec-
tive, this is “free” memory. From the OS perspective, the
physical pages are still in use, so they continue to consume
the shared memory. The problem is amplified by the struc-
ture of layer-wise execution: successive layers often request
different tensor sizes, so previously cached layers may not
be reusable due to fragmentation or size-class mismatches.
The allocator then requests additional pages from the device,
even though substantial memory is sitting idle inside the
pool. Over a long autoregressive decoding run, this causes
physical memory usage to accumulate and eventually crosses
the budget, producing unpredictable OOM failures.

Problem 2: Implicit copies create large transient peak
usage. The second problem is the pronounced peak that
appears when computation begins for each layer, highlighted
in Figure 1 (for example, 5.1 GB for embedding, 7.8 GB for
the decoder phase, and 9.7 GB for the LM head). These peaks
are caused by implicit copying in framework’s data path.

During swapping, weights are typically brought in from
storage through OS-managed mechanisms such as file-backed
mappings and the page cache. When the framework prepares
these weights for GPU kernels, it often performs a memcpy
into its own managed allocation (for contiguity, alignment,
or allocator policy reasons). On UMA, both the source region
and the destination region still reside in the same physical
DRAM pool. As a result, two large replicas can exist simulta-
neously during the copy and kernel launch window. Even if
the duplicate is later freed, the peak happens at exactly the
time when the system is most vulnerable. In tight budgets,
these transient peaks can trigger an OOM issue even when
the post-release baseline might have fit.

The framework-0S semantic gap. Both problems come
from the same underlying issue: the framework’s logical view
of tensor lifetimes does not match the OS’s physical view
of page ownership on UMA devices. Mobile-oriented deep
learning frameworks such as MNN and ExecuTorch [23, 36]
manage memory in the same way and experience the same
problem. This framework-OS gap thus reflects a fundamental
system-level constraint. With smaller models (like DNNs),
this mismatch is often masked because the working set re-
mains comfortably within the allocator’s pool and the device
never approaches resource limit. With large LLMs, where
layers are huge and swapping repeats for many tokens, the
mismatch becomes a system-level failure mode, i.e.,, memory
that is logically released remains physically trapped, and
implicit copies create budget-breaking peaks.

This thus motivates the design principle of our system,
that is, keep the framework in control of model structures
and operators, but restore OS authority over physical pages
so that release truly means reclaimable. By doing this, the
swapping operation does not require a second in-DRAM
replica on the unified memory of mobile edge devices.
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Figure 2: Architecture of the ExoMem design.
3 System Design

Guided by the principle above, we present ExoMem, a light-
weight memory-management middleware for UMA edge
devices. As shown in Figure 2, ExoMem sits between the
deep-learning framework and the OS. It intercepts frame-
work memory operations, replaces them with deterministic
OS primitives, and creates a direct, zero-copy path that maps
layer weights from disk into unified memory and then into
framework tensors, without changing the model code.

3.1 OS Anchored Memory Bridging

To eliminate the non-deterministic lazy reclamation inherent
in framework-managed memory on mobile edge, the OS
anchored memory bridging design makes the OS the source
of truth for the physical lifetime of large tensor buffers, while
leaving the framework in charge of logical tensor semantics.
The key is to decouple each tensor into

o A lightweight logical object T (metadata only, kept
inside the framework), and

e Aheavyweight, OS-owned physical backing store, called
an anchor a (data only, kept in OS-governed memory).

ExoMem allocates, pins/unpins, and ultimately releases
a using deterministic OS primitives, yet presents T to the
framework as a native tensor. As illustrated in Figure 3, the
workflow of this design is as follows:

® ExoMem intercepts a framework allocation request.

@ ExoMem bypasses the framework’s private allocator and
allocates the backing pages via the OS/driver, creating an
anchor « that the OS can directly account for and reclaim.
® ExoMem then injects the anchor-backed pointer into
the tensor metadata T, so the framework perceives T as a
normal tensor and executes without extra copies.
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perceive T as native

A

PR—— g——— N
E—— Tensor T I
777" (metadata only) 1 ®

Anchor
(dataonly) |

0S-Governed Memory
—> control flow 1_3
——) allocation request I—3

Figure 3: Execution workflow of OS anchored memory
bridging, including @ intercept allocation, @ allocate
OS-owned anchor ¢, and ® inject a into tensor T, so
that the framework perceives it as native.
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When T is released, ExoMem is notified immediately and
can deterministically transition « to the desired next state
(e.g., unpin + release to the OS, or hand off to a higher-level
caching policy in §3.3). We realize this bridge with two com-
ponents: a shadow allocator and zero-copy anchor injection.

3.1.1  Shadow Allocator. Deep learning frameworks com-
monly hide large allocations behind a private memory pool,
which weakens OS visibility and makes reclamation timing
framework-dependent. ExoMem addresses this by placing
a shadow allocator at the middleware boundary, which has
the following two responsibilities:

(1) Allocator bypass and OS-visible allocation. For each
framework request, the shadow allocator diverts the allo-
cation away from the framework pool and instead invokes
OS/driver primitives to obtain and map the required pages.
This makes the allocation explicitly visible to the OS account-
ing and eligible for immediate OS-controlled reclamation.

(2) Physical anchor establishment. The shadow allocator
materializes the returned backing store as an anchor « (size,
mapping, pin state, and ownership), and maintains the meta-
data needed to later unpin, remap, recycle, or release it
deterministically, independent of the framework’s internal
caching and reference-counting heuristics.

3.1.2  Zero-Copy Anchor Injection. After ExoMem allocates
an anchor a, the remaining challenge is transparency: if the
framework treats « as external memory, it may silently copy
data into its own buffers, causing both latency and duplicated
memory footprint. We therefore inject « directly into the
framework’s tensor abstraction so that operators can run on
the OS-managed pages in place. This mechanism operates in
four phases as follows:

Phase 1: Anchor locking. The shadow allocator first marks
anchor « as page-locked (pinned) via driver interfaces! [39].

'We pin pages while they are being accessed by GPU/compute kernels,
and unpin immediately afterwards. This minimizes system-wide memory
pressure and returns full reclaim authority to OS outside the active window.
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Figure 4: Disaggregation of a layer instance into a light-
weight shell (framework-governed) and a heavyweight
payload (OS-governed).

This serves a dual purpose for prohibiting OS swapping to
guarantee physical stability and forcing the GPU memory
management unit to map CPU-side virtual addresses directly
to GPU-accessible device pointers.

Phase 2: Pointer injection. The deep learning framework
instantiates only the tensor’s metadata object without al-
locating native storage. We intercept this initialization and
directly write the generated device pointer into the meta-
data’s underlying storage field. This seamlessly binds the
logical semantic object to the physical OS anchor.

Phase 3: Framework execution. During computation, the
framework’s operator dispatcher verifies the device pointer’s
validity purely from the metadata. Oblivious to the data’s true
OS-managed origin, the GPU directly accesses the physical
anchor in main memory over the system bus, executing zero-
copy computation transparently and efficiently.

Phase 4: Lifecycle stewardship. To enforce deterministic
release, we attach a custom safe-deleter to the tensor’s meta-
data. Bypassing the framework’s passive garbage collection,
this injected deleter instantly notifies the OS kernel to release
the physical anchor the moment the tensor’s reference count
drops to zero, achieving immediate physical reclamation.

3.2 Shell-Payload Separation

While the previous module establishes deterministic memory
control at the atomic tensor level, the execution scheduling
of LLMs inherently revolves around highly encapsulated
semantic units: layers. Traditional deep learning frameworks
manage these layers as tightly coupled, monolithic objects.

A layer instance £; contains not only weight data but also
complex operator topologies and strict execution sequences.
If managed purely at the basic tensor level, the framework
would be forced to repeatedly instantiate heavy computation
graphs containing hundreds of operator objects for every
single layer, incurring severe initialization latency. To elimi-
nate this overhead, we propose a structural abstraction that
elevates the management granularity from low-level atomic
data (tensors) to high-level instance objects (layers). As de-
picted in Figure 4, we disaggregate the monolithic layer into
a lightweight shell and a heavyweight payload.

3.2.1 Active Layer Disaggregation. To achieve a complete
decoupling of layer-level computation logic from its state

Jun You, Kun Wang, Jiesong Chen, Zhidan Liu, and Zhenjiang Li

Shell Payload
Offset Registry I
j A
1o 1] ¢ .
21 2f 2| 2 :
3| 3| 3| s
L—T]
al al a a’/
b| bl b|ob
Cl clc| c
Kl kl k|

Figure 5: A stateless shell containing the operator exe-
cution graph with null slots, while a flat binary payload
is indexed via an offset registry.

data, a layer object £; is decomposed into two system ab-
stractions: £; = S; ® P;, where S; is a stateless shell and P;
is the payload for layer i, as illustrated in Figure 5.

Shell S. Acting as a stateless execution engine, the shell
contains not only the metadata of the layer structure, but
also the complete operator execution graph G, (represent-
ing the topological connections of operators like Attention,
FeedForward, and Norm) [5]. Unlike native layers, the shell
provisions k parameter slots {slot; }§=1 initialized as null
pointers, holding no actual data. In addition, the shell main-
tains a lightweight offset registry R = {(0;,1;, sj)}§:1 that
records the exact start offset o}, byte length [;, and tensor
shape s; for each weight tensor residing in the payload. For-

mally, a shell S is defined as:
S = (Gop, {slot; = null}] » R). 1)

Since all parameter slots are empty, the shell is extremely
lightweight (typically a few kilobytes) and resides perma-
nently in memory as a universal computation template.

Payload . The payload consists of pure weight data
stripped of all topological semantics. Essentially, each pay-
load is a concrete instantiation of the OS-managed physical
anchor « (introduced in §3.1). Existing frameworks typically
store weights in serialized formats, forcing CPU-intensive
parsing, deserialization, and scattered memory allocations
during loading [5]. To resolve this, we abandon hash-based
structures. Instead, we concatenate all k discrete weight ten-
sors of a layer into a single, compact, 1D flat binary block,
strictly adhering to the topological execution order:

Il we I, @)

where w; denotes the flattened byte sequence of the j-th
weight tensor. Governed by the aforementioned registry R,
this dense packing simplifies complex weight lookups into
O(1) pointer arithmetic operations, completely eliminating
the CPU parsing overhead and serialization latency.

P=[willwall -~

3.2.2 Homogeneity-based Global Shell Multiplexing. Mod-
ern LLM architectures exhibit layer-wise homogeneity, i.e.,
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the N decoder layers share an identical operator topology and
execution sequence, differing solely in the payload data in-
Jjected into them. Exploiting this observation, we construct a
single global template shell S* on the GPU during system
initialization. All N layers multiplex this singleton shell by
Li=S"®P;, Vie][0,N). (3)
Logically, this shell acts as a computational proxy for all
isomorphic layers. This multiplexing yields two systemic
advantages. First, it eliminates the CPU and memory over-
head associated with building O(N) redundant computation
graphs. Second, since all layers repeatedly reuse the same
shell 8, indicating they execute the exact same host code
and kernel launch sequences, the CPU instruction cache hit
rate will increase, reducing the dispatcher launch overhead.

3.2.3 Context Aware Payload JIT Binding. To dynamically
inject static data into the execution logic at runtime, we
design a context-aware payload JIT binding mechanism.
As illustrated in Figure 5, when the inference advances to
layer i, the dispatcher queries the global offset registry R
within §*. The system retrieves the O(1) physical coordi-
nates {(0}, [}, sj)}§=1 of all k member parameters and mounts
the payload P; into the shell through the zero-copy injection:

S*.slot[j] « INyecT(Pi[o; : 0;+1], sj),j=1,....k. (4)

Subsequently, the framework executes the standard forward
pass, producing the hidden activation h; from the previous
layer’s output h;_;:

h; « S*.Forwarp(h;_,). (5)

Upon completion of the computation, ExoMem immediately
disconnects the connection between the shell and the pay-
load of layer i by resetting the placeholders:

S*.slot[j] « null. (6)

Such immediate unbinding frees the mount points for the
subsequent payload P;,1, and it also ensures the instanta-
neous release and reuse of physical memory resources.
This mechanism ultimately transforms layer-wise infer-
ence into a highly efficient streaming pipeline, wherein suc-
cessive payloads Po, P1, . . ., Pn-1 flow seamlessly through
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the template S*, guaranteeing a minimal memory footprint
and zero redundant graph instantiation.

3.3 Speculative Residency Protocol

Unlike traditional models (e.g., DNNs) that process layers
in a single pass, LLM inference is inherently autoregressive,
demanding repeated access to all layers across successive
token generation steps. Conventional layer-wise swapping
ignores this deterministic temporal locality, naively loading
and destroying the same layer’s weights in every cycle. This
oblivious strategy inevitably triggers unnecessary I/O.

To exploit the repeated access pattern of LLMs, and in-
spired by standard OS page replacement policies as shown
in Figure 6, which keep frequently-accessed data in mem-
ory [34, 40], we design the speculative residency protocol.
By establishing an elastic, OS-backed buffer mechanism, it
transforms physical DRAM into a zero-overhead cache, op-
portunistically reusing layer payloads to minimize disk (SSD)
I/O on memory-constrained mobile edges.

3.3.1 Tri-State Anchor Lifecycle. Traditional application-level
memory lifecycle management is often binary: ACTIVE (pinned,
mapped, and actively used by the framework) or DESTROYED
(freed and wiped). To retain weight data in physical memory
without inflating the framework’s perceived memory budget,
we introduce a transitional DORMANT state, redefining the
payload P’s lifecycle as:

STATE(P) € {AcTIVE, DORMANT, DESTROYED}. (7)

When the JIT injector detaches a layer’s payload, rather
than actively destroying the anchor, the system transitions
it to the DORMANT state, exhibiting a crucial duality:

e Logical release (OS perspective): We invoke standard
deallocation primitives, marking the physical pages as
clean and reclaimable. To the OS, this memory is en-
tirely freed and available for immediate reassignment
to other processes under memory pressure.

e Physical residency (data perspective): Although log-
ically freed, the OS kernel defers actual data erasure
until the pages are physically reallocated to a new pro-
cess. Consequently, the original weight data remains
perfectly intact on the physical medium.

This duality effectively converts dormant payloads into an
implicit, OS-managed L3 cache, preserving the opportunity
for zero-I/O reuse without hoarding memory or blocking
high-priority system allocations.

3.3.2 Inverse Recycling Allocation. The residency window of
a DorMANT anchor depends entirely on how quickly the OS
reallocates and overwrites its physical pages. To maximize
cache locality, standard OS allocators employ a “hot-reuse”
policy (e.g., LIFO page allocation), preferentially reassigning



MobiCom ’26, October 26-30, 2026, Austin, TX, USA

[ Layer 6 }=>[ Layer 7 }=& Layer 8 ]:9[ Layer 9_]

_______ >
Set state| |Re-anchoring
in step t instep t+1 Fast

Memory

Dormant State
" Lavero | [P [ ([P ]
1 ayer 0 Bl Layer 1 - Layer 8 A Layer9J

physical
data

Figure 7: Opportunistic re-anchoring across autoregres-
sive generation steps. By preserving layer payloads (e.g.,
Layer 8) in an OS-managed dormant state during step ¢,
the system can re-anchor the physical memory in step
t + 1, which bypasses the slow disk I/O bottleneck.

the most recently freed memory. Unfortunately, this default
behavior instantly overwrites our newly dormant payloads.

To counter this, the shadow allocator employs an inverse
recycling strategy. When requesting fresh memory for the
subsequent layer, it deliberately guides the OS kernel to by-
pass the physical address space that just transitioned into the
DoRMANT state. By artificially steering allocations toward
cold regions, defined as idle memory regions not marked as
DorMANT in ExoMem, this strategy maximizes the physical
residency window of dormant data, deferring their eviction
until system-wide memory pressure dictates it.

3.3.3  Opportunistic Re-anchoring. When the inference loops
back to a previously executed layer, the system performs a
speculative state check before initiating any disk I/O. As
illustrated in Figure 7, if a target payload (e.g., Layer 8) was
transitioned to the DORMANT state in step ¢ and remains
intact in physical memory (i.e., not yet overwritten by the
0S), the system executes a rapid re-anchoring in step t + 1.
It re-establishes the page locks and restores the virtual-to-
physical mappings, completely bypassing the slow disk I/O
stack. If the pages have already been overwritten by the OS,
the system seamlessly falls back to standard disk loading?.
Furthermore, when system memory pressure inevitably
forces the actual eviction of dormant pages, the strictly se-
quential and cyclical nature of LLM inference allows us to
deploy an efficient replacement algorithm [9]. Unlike general-
purpose caching where future access patterns are unpre-
dictable, autoregressive decoding traverses layers determin-
istically. When currently executing layer i, the subsequent
access sequence is i + 1,...,N — 1,0,...,i — 1,i. Thus, the
layer (i — 1) mod N is guaranteed to be the furthest in the
future. We formulate the O(1) optimal eviction decision as:

Evict =arg max (j—1i) modN, (8)

j€DORMANT

“While asynchronous look-ahead prefetching is a viable orthogonal opti-
mization, its practical latency-hiding benefit is fundamentally limited here,
where the brief execution time of a single layer cannot sufficiently mask
the severe disk I/O bottleneck of loading massive weights.

Jun You, Kun Wang, Jiesong Chen, Zhidan Liu, and Zhenjiang Li

which transforms the problem into a lightweight and prac-
tical mechanism by mathematically maximizing cache hits
under the memory constraints. In general, ExoMem benefits
most when the available memory budget can accommodate
a substantial portion of dormant payloads (yielding high re-
anchoring hit rates) and when storage bandwidth is limited.

4 Evaluation

We develop ExoMem using Python 3.10, C++ 17, CUDA 12.6,
and PyTorch 2.5.0. The entire middleware is implemented
as a native C++/CUDA extension exposed to Python via
pybind11. It is packaged as a plug-and-play module, requir-
ing no modifications to model code and framework internals.
Porting ExoMem to a new framework requires additional
development in three aspects, including (1) allocator hooks
to redirect large backing buffers to OS-managed anchors,
(2) tensor-storage adaptation to bind flat weight payloads to
native tensor slots, and (3) runtime/driver binding to connect
OS-managed anchors to accelerator execution.

4.1 Experimental Setups

4.1.1 Models and Configurations. We evaluate ExoMem on
three representative families of large models to demonstrate
its generality across architectures and inference pipelines.
Unless otherwise noted, all models run in FP16.

e Dense language models. We use Qwen2.5-7B, Qwenz2.5-
14B and Llama3.1-8B as primary models for evaluation. For
stress-test under extreme memory pressure, we addition-
ally include Qwen2.5-32B and 72B in micro-benchmarks.

e Vision-language model (VLM). We use Qwen2.5-VL-7B
to validate efficiency for multimodal inference.

o Mixture-of-Experts (MoE). We use Qwen1.5-MoE-A2.7B
to test compatibility with sparse execution, where token-
dependent expert routing induces irregular and input-
dependent memory behavior.

4.1.2  Baselines. We compare ExoMem against both general-
purpose frameworks and specialized inference engines:

o PyTorch API (PTA). The official Hugging Face Accelerate
mechanism for memory-constrained inference [5].

e PyTorch Naive (PTN). A custom layer-wise pipeline that
explicitly loads and frees weights via PyTorch primitives
(del and torch.cuda.empty_cache()), showing the lim-
itations of default caching allocators under tight budgets.

o FlexLLMGen (FLG). A SOTA offloading engine that en-
forces an explicit GPU-CPU-disk hierarchy [47].

e llama.cpp (LC). A representative hand-optimized infer-
ence engine implemented in C/C++ with explicit memory
management [16]. We report three configurations to cover
its operating spectrum: “LCC” (CPU-only), “LCG” (GPU-
only), and “LCH” (mixed execution).
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Figure 8: Overall performance across three types of models: dense language, VLM and MoE.

In addition to model weights, inference incurs dynamic
memory overheads, including KV caches and intermediate ac-
tivations, which persist across decoding steps and grow with
the context length. To ensure a fair comparison, we configure
all methods with the same maximum context length (prompt
length plus maximum output length), and each method can
be evaluated under the same worst-case activation footprint.

For ExoMem, we further reduce fragmentation and alloca-
tion overhead by isolating these runtime artifacts into dedi-
cated memory pools. Specifically, we pre-allocate a contigu-
ous activation pool sized for the maximum context length,
from which KV caches and other dynamic tensors draw space.
This supports efficient append-style growth without repeated
reallocations, while keeping weight management (the focus
of ExoMem) orthogonal to activation handling. By default,
ExoMem swaps one layer at a time to ensure the memory
reserved for weights does not exceed the size of LLM’s max-
imum single layer, thus minimizing memory requirements.

4.1.3 Testbeds. Our primary testbed is NVIDIA Jetson Orin
NX, a mobile edge platform with an Ampere GPU and 16 GB
unified memory, running Ubuntu 20.04 with JetPack 6.0. To
evaluate scalability across resource tiers (§4.4.1), we addi-
tionally use NVIDIA Jetson AGX Orin with 64 GB memory.
Both devices store model weights on an NVMe SSD [27].

4.2 Overall Performance

In this section, we conduct experiments and evaluate each
method by comparing the following two main metrics:

(1) Memory Footprint. We report peak and average physi-
cal memory usage. Peak memory is the critical constraint,
dictating the minimum DRAM required to prevent OOM.

(2) Throughput Efficiency. To fairly assess deployment via-
bility across varying model scales on resource-constrained

devices, similar to recent research [26, 31, 68], we exam-
ine the throughput efficiency € = %, which mea-
sures the inference speed against memory consumption.
We also report raw throughput and per-token latency to

show the absolute inference performance.

4.2.1 Performance on Dense Language Model. This experi-
ment compares ExoMem against each baseline method.
Setup. We first evaluate Qwen2.5-7B, Qwen2.5-14B and
Llama3.1-8B on Jetson Orin NX with a 6K-token prompt.
For the LC-Hybrid (LCH) baseline, we offload 50% and 33%
of layers to the GPU for the 7B and 14B models, respectively.
A result is marked “OOM” if the method fails to complete
the run under the same context-length setting.

Results. Figures 8 (a)-(c), (f)-(h), and (k)-(m) report the
results of the three dense language models.

Memory Footprint. As shown in Figure 8 (a) and (b), Ex-
oMem is the only framework-compatible approach among
PTA, PTN, and FLG that successfully runs both Qwen2.5-
7B and Qwen2.5-14B. On Qwen2.5-7B, ExoMem achieves a
peak memory of 1.6 GB, improving over LCC (2.0 GB) and
dramatically reducing the peak relative to LCH (8.1 GB) and
PTN (12.4 GB). PTA and FLG fail with OOM even for 7B.
Notably, llama.cpp’s CPU-only configuration (LCC) achieves
a relatively small footprint (2.0 GB) because CPU-only ex-
ecution bypasses the GPU runtime entirely, avoiding the
framework-OS mismatch at the cost of significantly lower
throughput (see below). Once GPU execution is enabled, the
mismatch causes a sharp increase in memory usage of LCG
and LCH. In contrast, ExoMem preserves GPU-accelerated
execution while maintaining a low memory footprint. As the
model scales to 14B, PTA/PTN/FLG and LCG all are OOM,
whereas ExoMem remains memory efficient, peaking at only
2.4 GB (vs. 3.9 GB for LCC and 11.4 GB for LCH). The result



MobiCom ’26, October 26-30, 2026, Austin, TX, USA

generalizes to Llama3.1-8B in Figure 8(c), where ExoMem
peaks at 1.9 GB and outperforms all baselines. These results
indicate that ExoMem enables deterministic, low-overhead
weight reclamation, which is essential for scaling to larger
models under tight unified-memory limits.

Throughput Efficiency. As shown in Figures 8 (f)-(h), Ex-
oMem consistently delivers the highest throughput efficiency
across all successful settings. For Qwen2.5-7B, ExoMem reaches
€ = 1.55, exceeding LCC (0.59) by 2.6, LCH (0.20) by 7.8X,
and PTN (0.03) by over 50%. This advantage is primarily
driven by ExoMem’s ability to prevent allocator-induced
memory increase that forces conservative execution modes
and exploits opportunistic re-anchoring to reuse cached
weights (67.9% hit rate in this workload), thereby avoiding
slow I/O on the critical path. For Qwen2.5-14B, ExoMem
further widens the gap, achieving € = 0.48, which is 5.3x
higher than LCC (0.09) and 8.0x higher than LCH (0.06). For
Llama3.1-8B, ExoMem achieves a throughput efficiency of
1.18 tok/min/GB, higher than 0.42 for LCC and 0.16 for LCH.

To further understand the absolute inference performance
of each approach, we also show the raw token-generation
throughput and per-token latency values. Figures 8 (k)-(m)
show that ExoMem consistently achieves the highest raw
throughput (left-axis) and lowest per-token latency (right-
axis) among all baselines across the three dense language
models, e.g., 1.50-1.61%, 2.10-3.3X and 6.36-6.76Xx faster
than LCH, LCC and PTN, respectively. Overall, these results
demonstrate that by strictly controlling the physical mem-
ory lifecycle, ExoMem sustains GPU-accelerated decoding
while demanding a small amount of memory, whereas prior
methods either OOM or sacrifice efficiency due to excessive
memory overheads and I/O stalls. Furthermore, ExoMem
primarily targets local, full-precision inference workloads
where generation quality and memory feasibility take prece-
dence over interactive response latency.

4.2.2  Performance on VLM and MoE Model. To evaluate
architectural generality, we further evaluate ExoMem using
a vision-language model (VLM) and a mixture-of-experts
(MoE) model. As a transparent middleware, ExoMem requires
no model-specific code changes; the same abstractions and
runtime mechanisms apply unchanged across both models.
Setup. We deploy Qwen2.5-VL-7B (3K-token prompt, 450x450
image) and Qwen1.5-MoE-A2.7B (6K-token prompt) on the
Jetson Orin NX. For the LCH baseline, we offload 50% (VLM)
and 33% (MoE) of the layers to the GPU.

Results. Figures 8 (d)—(e), (i)—(j), and (n)—(o) report the re-
sults of the VLM and MoE models.

Memory Footprint. As shown in Figures 8 (d) and (e), Ex-
oMem minimizes memory consumption across both architec-
tures. On the VLM, it peaks at only 1.7 GB (averaging 1.1 GB),
halving LCC’s 3.5 GB peak and significantly outperforming

Jun You, Kun Wang, Jiesong Chen, Zhidan Liu, and Zhenjiang Li

Variant Qwen2.5-7B Qwen2.5-14B
Latency Memory | Latency Memory

w/o Shell-Payload | +12.8% X7.2 OOM

w/o0 IO-Opt +61.1% - +39.3% -

Table 2: Ablation study on memory and latency over-
heads incurred by disabling core components of Ex-
oMem. “-” indicates no change.

LCH’s 9.8 GB and PTN’s 13.7 GB. Because the OS-anchored
bridge deterministically reclaims payloads, it safely absorbs
transient activation peaks from the vision encoder without
cross-stage memory accumulation. On the MoE model, Ex-
oMem retains a 2.1 GB peak, outperforming LCC (2.3 GB)
and LCH (11.0 GB). By packing each MoE layer as a single
flat binary block that is instantly released after computation,
the memory footprint remains bounded to a single layer’s
capacity, which is agnostic to the total number of routed
experts. Because expert structures within each MoE layer
are typically identical, ExoMem’s computation shell can be
reused across all experts without additional instantiation.
The I/O overhead can be further reduced by exploiting MoE
routing to swap in only activated expert payloads.
Throughput Efficiency. As shown in Figures 8 (i) and (j),
ExoMem also delivers the best throughput efficiency on both
models. For Qwen2.5-VL-7B, ExoMem reaches € = 1.33,
outperforming LCC (0.35) by 3.8x and LCH (0.16) by 8.3x
(PTN achieves only 0.03). This indicates that ExoMem’s shell-
payload abstraction remains effective under the heteroge-
neous and irregular access patterns introduced by the vision
encoder, enabling efficient reuse and avoiding unnecessary
data movement. For Qwen1.5-MoE-A2.7B, ExoMem achieves
€ = 0.59, exceeding LCC (0.28) by 2.1x and LCH (0.10) by
5.9%. Figures 8(n) and (o) further show the absolute through-
put and latency performance of each approach. Overall, these
results show that ExoMem generalizes beyond dense LLMs.
Deterministic reclamation and low-copy data paths remain
effective for VLM and MoE inference, delivering higher effi-
ciency without any architecture-specific engineering.

4.3 Ablation Study

We evaluate two variants of ExoMem against the full design
to quantify the contribution of each core module:

e ExoMem w/o Shell-Payload: It disables the shell-payload
abstraction (§3.2). Layers are instantiated and managed as
heavy, native framework objects.

e ExoMem w/o 10-Opt: It disables the speculative resi-
dency protocol (§3.3). Payloads bypass the dormant state
and are aggressively destroyed post-computation.

Table 2 summarizes the ablation experimental results.
Memory Viability vs. Shell-Payload: Disabling shell-payload
separation increases the 7B model’s peak memory by 7.2x
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Figure 9: Performance of 32B and 72B models on the

64 GB Jetson AGX Orin.

and triggers a fatal OOM crash for the 14B model. This is a
direct consequence of non-deterministic lazy reclamation,
where logically freed pages remain trapped in the frame-
work’s opaque pool rather than returning to OS. Moreover,
relying on native framework loading adds a 12.8% latency
penalty due to redundant CPU-side weight parsing, deserial-
ization, and implicit memcpy double-copying overheads.
Throughput vs. Speculative Residency: Disabling the specu-
lative residency protocol brings massive latency penalties,
i.e.,, 61.1% for the 7B model and 39.3% for the 14B model,
while keeping the peak memory footprint completely un-
changed. Without dormant caching, the system degrades into
a sequence of disk stalls, forcing a synchronous, full-disk
reload at every autoregressive step. The 7B model suffers a
more severe degradation because it loses a substantial 67.9%
re-anchoring hit rate (compared to 14B’s 34.7%).

4.4 Micro-Benchmarks

4.4.1 Impact of Hardware Scaling. To evaluate hardware
scalability, we deploy the larger Qwen2.5-32B and -72B mod-
els on the 64 GB AGX Orin. For the LCH baseline, we offload
50% (32B) and 25% (72B) of layers to the GPU.

As shown in Figure 9, ExoMem scales efficiently for larger
models. For the 32B model, it maintains a remarkably low
peak memory of 3.4 GB, whereas PTN and LCH lead to
38.5 GB and 31.3 GB, respectively. Furthermore, ExoMem
achieves an unmatched throughput efficiency of € = 0.50,
outperforming LCC by 4.2x and LCH by 25X. On the other
hand, even as the model scales to 72B, ExoMem’s footprint
barely inches up to 4.2 GB while sustaining the highest €
among all methods. ExoMem leaves ample memory head-
room for other co-existing edge tasks. Figure 9(c) further com-
pares the absolute throughput and latency of each method.

B,
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Figure 10: Performance on dynamic memory budgets.
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4G Budget
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4.2%
19.5%

20.3%
48.6%

Table 3: Re-anchoring hit rate under different page
replacement policies.

4.4.2 Impact of Dynamic Memory Budget. To simulate multi-
task edge environments, we inject background processes on
the Orin NX to constrain system memory to 4 GB and 8 GB
during Qwen2.5-7B inference. Consequently, PTA, PTN, FLG,
and LCG all suffer immediate OOM crashes. For LCH, we
manually offload 1/7 and 1/4 of the layers under the 4 GB
and 8 GB budgets, respectively.

Figure 10 shows that ExoMem’s peak memory remains an
invariant 1.6 GB across all budget constraints, as its footprint
is strictly bounded by a single layer’s payload. Conversely,
LCH consumes 3.9 GB under the severe 4 GB limit, danger-
ously nearing system collapse. ExoMem also delivers high
throughput efficiency, achieving € = 0.92 under 4 GB and
€ = 0.97 under 8 GB, both outperforming all baselines. As the
memory budget relaxes, ExoMem’s performance naturally
improves because the speculative residency protocol seam-
lessly exploits the extra free pages to prolong dormant cache
hits. Ultimately, ExoMem guarantees stable, predictable ex-
ecution under severe external memory pressure, whereas
competitors either fail or sacrifice safety margins.

4.4.3 Impact of Page Replacement Policies. In re-anchoring
mechanism design (§3.3.3), we introduce a page replacement
method for ExoMem. We compare it with other alternatives.
Table 3 shows that traditional OS policies like LRU and Clock
yield a 0% hit rate. Because LLM inference strictly cycles
through layers (from 0 to N — 1) at each decoding step, these
policies suffer from complete cache thrashing, constantly
evicting the exact layers needed for the next round. While
Random replacement achieves marginal success by chance,
our method explicitly leverages the deterministic execution
sequence of the LLM. By evicting pages needed furthest in
the future, it achieves hit rates of 20.3% and 48.6%, closely
approaching the theoretical upper bound [9].
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Figure 11: Performance on different context lengths.

4.4.4  Impact of Context Lengths. We evaluate Qwen2.5-7B
using 2K and 10K token prompts on the Orin NX. As shown
in Figure 11, ExoMem’s peak memory scales modestly from
1.3 GB (2K) to 2.6 GB (10K). This growth strictly tracks the
continuous expansion of the KV cache, yet the total mem-
ory consumption remains much lower than all baselines.
ExoMem consistently outperforms in throughput efficiency,
achieving € = 2.26 at 2K and € = 0.69 at 10K. The expected ef-
ficiency decay at 10K mathematically reflects the universally
increased KV cache volume and heavier per-token computa-
tional burden inherent to long-context generation.
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i e %
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Figure 12: Peak memory footprint of ExoMem with and
without StreamingLLM under long-context inference.

4.4.5 Compatibility with KV-Cache Optimization in Long-
context Inference. ExoMem is complementary to KV-cache
optimization to handle long-context inference. To verify this,
we evaluate Qwen2.5-7B under long-context inference with
context lengths ranging from 32K to 50K tokens, using Ex-

oMem alone and ExoMem integrated with StreamingLLM [57].

As shown in Figure 12, the peak memory of ExoMem grad-
ually increases from 3.4 GB to 4.5 GB as the context length
grows, whereas integrating StreamingLLM maintains the
peak memory at 1.3 GB throughout the experiment.

4.5 Case Study

In this subsection, we further evaluate ExoMem in a satellite
edge intelligence case study for safe co-location of latency-
sensitive perception and latency-tolerant LLM reasoning on
a memory-constrained edge device. The goal is to verify
that ExoMem’s bounded footprint translates into (i) negligi-
ble interference to the primary real-time workload and (ii)
predictable memory behavior that avoids unexpected OOM
failures during concurrent execution.

Jun You, Kun Wang, Jiesong Chen, Zhidan Liu, and Zhenjiang Li
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Figure 13: Case study. (a) An emulated satellite edge
platform is deployed for SAR image classification. (b)
The QoS (throughput) of ResNet, where the concurrent
LLM is launched at t = 50 s and ends at t = 220 s.

Setup. We emulate an on-orbit telemetry workload on a
Jetson Orin NX device as shown in Figure 13(a). The primary
real-time perception task uses a ResNet-18 model [19] to
classify continuous high-resolution remote satellite sensing
data. We stream the orbital visual data from the RESISC45
dataset [13], which is a comprehensive benchmark contain-
ing 45 diverse scene classes, to the edge device. The vision
pipeline processes standard 3 X 224 X 224 inputs with a batch
size of 32. Simultaneously, ExoMem launches Qwen2.5-7B
as a background task with layer-wise swapping (to mini-
mize the memory consumption) for continuous system log
analysis. By parsing unstructured telemetry data and gen-
erating compressed diagnostic summaries locally, the LLM
drastically reduces expensive downlink bandwidth overhead.

Metric ‘ Peak (GB) ResNet (img/s) Throughput Efficiency

Exo 1.6 110 1.25
LCC 2.0 118 0.54
LCH 9.0 99 0.11

Table 4: Performance of ExoMem (Exo) compared with
LCC and LCH baselines in case study, including peak
memory, ResNet QoS, and LLM throughput efficiency.

Results. As shown in Figure 13(b), the throughput result
demonstrates that the ResNet-18 pipeline achieves an initial
average throughput of 121 images/s under strict memory
isolation. After launching the log analysis by LLM at ¢t = 50
s, the throughput drops to approximately 9.1%, maintaining
a highly stable average of 110 images/s. From Figure 13(b),
we can also see that worst-case throughput is not small, e.g.,
no less than 102 images/s in this experiment. This result sug-
gests that the background LLM avoids aggressive resource
starvation, satisfying the QoS requirements for concurrent
tasks, especially the real-time ones.

In Table 4, we further compare the performance of Ex-
oMem (Exo) with other baselines (LCC and LCH) in this case
study. The LCH baseline offloads LLM layers to the GPU,
resulting in severe resource contention (9.0 GB peak) that de-
grades the throughput of the perception task to 99 images/s
and reduces the throughput efficiency of the LLM to merely
0.11. While LCC avoids contention (2.0 GB, 118 images/s) by
relying entirely on CPU-only inference, its LLM throughput



ExoMem: OS-Governed Memory for Local Large-LLM Inference on Mobile Edge Devices

400 363KB

- [ shell
o [ ] Offset Registry
a 145KB

100

50KB 56KB
30KB 41k 18KB 3TKB 15k8 208
KB =1%KE

Qwen2.5-7B Qwen2.5-14B Llama3.1-8B Qwen2.5-VL-7B Qwen1.5-MoE-A2.7B

Figure 14: System overhead for different models.

efficiency is low, i.e., at 0.54 in this experiment. In contrast,
ExoMem preserves a smaller peak memory footprint (1.6 GB),
maintains a relatively high QoS (110 images/s) of the per-
ception task, and achieves the highest throughput efficiency
(1.25) of the LLM inference.

4.6 System Overhead

During the inference time, ExoMem requires additional mem-
ory overhead to maintain the layer shell and offset registry
for efficient JIT binding. In Figure 14, we measure this system
overhead for each LLM used in the experiments. The result
shows that ExoMem’s overhead is small. For dense LLMs
(Qwen2.5-7B/14B and Llama3.1-8B) and VLM (Qwen2.5-VL-
7B), the shell and registry occupy only 30-56 KB and 11-
20 KB, respectively. Even for the MoE model (Qwen1.5-MoE-
A2.7B), where the more complex topology increases the meta-
data volume, the shell (363 KB) and registry (145 KB) remain
well below 1 MB in total. These results indicate the low over-
head of the ExoMem design, which is suitable for the mobile
edge deployment.

5 Related Work

LLMs on mobile edge devices. Physical memory limits
LLM deployment on mobile edge devices. Conventional ap-
proaches fit models into constrained memory via quanti-
zation [8, 24, 31, 45, 50], pruning [7, 15, 33, 45, 49], neu-
ral architecture search [21, 69], or distillation [18, 35, 42].
While effective at reducing footprints, these methods in-
herently trade reasoning capacity for resource efficiency,
which is undesired for mission-critical applications demand-
ing maximum accuracy. To preserve model integrity, alter-
native offloading systems swap or stream weights across
GPU/CPU/storage tiers [3, 4, 28, 47, 48]. However, these ap-
proaches are designed for discrete memory hierarchies (e.g.,
scarce GPU VRAM backed by abundant CPU RAM) and do
not address the framework-OS memory-management mis-
match on UMA. By contrast, ExoMem natively targets UMA
on the mobile edge, where the CPU and GPU share the same
DRAM pool. We identify that UMA stability failures stem
from a framework-OS lifecycle mismatch, which we resolve
through OS-anchored memory governance rather than lossy
LLM model alterations. The principle of ExoMem can also
be applied to NPU-based inference when the NPU runtime
exposes the porting interfaces (§4) in the future.
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Custom inference engines on mobile edges. Severe mem-
ory limitation has also motivated the development of spe-
cialized, bare-metal inference engines that bypass general-
purpose frameworks. Systems like llama.cpp [16], TensorRT-
LLM [37], vLLM [26], SGLang [66], and other edge-centric
stacks [29, 53] employ hand-tuned memory allocators, paged
KV caches, and custom block-swapping to minimize frag-
mentation. Despite their high efficiency, these engines de-
mand huge engineering effort to support new architectures
or operators, frequently lagging behind the rapidly evolving
LLM ecosystem. ExoMem takes a fundamentally complemen-
tary approach. As a plug-and-play middleware, it retains full
compatibility with general DL frameworks while achieving
the deterministic physical-memory reclamation of dedicated
engines, requiring no model- or operator-specific rewrites.
Cloud-environment memory management. In datacen-
ter environments, offloading approaches [4, 28, 47] are op-
timized for discrete hierarchies (e.g., dedicated GPU HBM,
host DRAM, and NVMe arrays) to maximize throughput and
multi-GPU scaling. Consequently, their memory semantics
translate poorly to mobile edge devices with unified memory
architectures, where swapping between logical CPU/GPU
boundaries offers no physical memory relief. ExoMem over-
comes this issue by abandoning discrete tiering in favor of
OS-managed, reclaimable weight storage (via address-stable
dormancy). By aligning framework-level execution directly
with OS-level memory dynamics, ExoMem eliminates the
non-deterministic memory consumption and OOM crashes
that otherwise hinder mobile edge deployment.

6 Conclusion

In this paper, we show that unpredictable memory behavior
under unified memory architectures is the primary bottle-
neck for edge inference of large LLMs. Modern frameworks
trap freed memory in private pools, preventing OS-level
reclamation. ExoMem eliminates this framework-OS mis-
match by introducing OS-anchored memory governance.
By storing weights in OS-managed mappings that seam-
lessly transition into a reclaimable dormant state, ExoMem
achieves deterministic memory control without requiring
any model-level modifications. It ensures the stable execu-
tion of large models on resource-constrained edge devices,
effectively securing the reliable memory headroom necessary
for concurrent workloads on the device.
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