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ABSTRACT
LLMs are rapidly transitioning from cloud-based deployments to on-
device execution, enabling intelligent decisionmaking closer to data
sources while exposing new challenges for resource-constrained de-
vices. Effective LLM inference often relies on prolonged reasoning
processes that incur high computational and energy costs, making
sustained on-device execution impractical. While computational
offloading offers a natural mechanism to mitigate these limitations,
on-device LLM workloads exhibit unique characteristics related to
prompting structure, token usage, iterative reasoning, and context
sharing that challenge existing offloading strategies. We propose LL-
MOffload, an on-device LLM framework for cooperative offloading
that decomposes LLM task reasoning into asynchronous subtasks
and distributes them across heterogeneous devices using structured
prompts that preserve intermediate reasoning state and end-to-end
logical coherence. To decide when and how to offload, LLMOffload
employs an LLM-based profiler and planner that reason over task
prompts and worker context to synthesize subtask and aggregation
prompts, even under incomplete or previously unseen device and
model metadata. Through rigorous evaluation against on-device
and cloud-based baselines, we demonstrate that LLMOffload re-
duces on-device energy consumption by up to 65% and end-to-end
latency by up to 50% compared to single device execution, while
maintaining output quality. Our results highlight a practical path
toward cooperative LLM reasoning, enabling prolonged LLM rea-
soning across heterogeneous IoT environments based on available
resources and contextual constraints.

CCS CONCEPTS
•Human-centered computing→Ubiquitous andmobile com-
puting systems and tools.
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1 INTRODUCTION
The accelerated adoption of Large Language Models (LLMs) has
brought human-like reasoning capabilities into everyday applica-
tions, driving their transition from centralized cloud infrastructures
to Internet of Things (IoT) and edge platforms as on-device LLMs.
∗Corresponding Author

This evolution enables the long-standing vision of a dynamic and
cognitive cloud–edge–IoT continuum, where intelligent, real-time
decisions orchestrate workload execution across heterogeneous and
resource-constrained hardware, unlocking advanced applications
such as real-time surveillance [44], traffic control [39], and vision-
based systems for service robots and autonomous drones [47].
However, despite recent advances, on-device LLM inference re-
mains a major challenge: high-accuracy reasoning often relies on
long Chains-of-Thought (CoT), which are computationally expen-
sive and difficult to sustain under strict energy and memory con-
straints [6, 23, 31]. As a result, devices may become trapped in
prolonged inference processes, rapidly draining battery life and
limiting long-term deployment. This recurring issue highlights the
need for cooperative and adaptive inference on-device strategies
that reduce reasoning overhead while preserving decision quality.

Existing cooperative approaches primarily rely on computational
offloading to distribute processing complexity from constrained
devices to more capable computing infrastructure. This paradigm
has been widely studied in the literature and can be realized at
multiple levels [7, 13], including code, thread, and service offload-
ing. As shown in Figure 1(a), the most common strategy delegates
computation to remote cloud servers [14, 33, 43]; however, this
approach critically depends on stable, high-bandwidth and low
latency connectivity, which can render offloading counterproduc-
tive in dynamic or constrained environments. Alternative solutions
leverage closer edge servers (cloudlets) to reduce latency, but such
infrastructure remains scarce and unevenly deployed [30, 34, 61].
As shown in Figure 1(b), cooperative schemes among devices with
shared spatial or temporal contexts further extend this principle
by partitioning computation across multiple participants, enabling
the collective execution of complex tasks. Multi-agent methods
have also been explored for autonomous cooperation in task exe-
cution [45]. Agentic AI extends this paradigm by leveraging LLMs
as reasoning engines, enabling agents to dynamically plan, de-
compose tasks, invoke tools, and adapt their execution strategy to
achieve high-level goals with minimal human intervention. Dis-
tributed machine learning has exploited these cooperative mech-
anisms, especially for inference workloads ranging from classical
neural-network [48] to Transformer-based language models [57].
Nevertheless, while computational offloading has been extensively
explored for general workloads, on-device LLM reasoning intro-
duces unique characteristics related to prompting (Figure 1(c)), such
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Figure 1: Paradigm shift for device offloading: (a) Device offloads to Cloud/Edge; (b) Device offloads to other nearby devices; (c)
Device offloads a (LLM) task requiring shared context windows to other devices, preserving continuity and inference coherence.

as iterative inference, context window sharing, and dynamic rea-
soning depth, which challenge existing paradigms and motivate the
exploration of new cooperative strategies tailored to distributing
LLM reasoning across devices.

We introduce LLMOffload, an on-device LLM framework that
cooperatively offloads reasoning complexity across multiple hetero-
geneous devices. LLMOffload proposes a novel reasoning pipeline
that decomposes complex LLM inference into splittable, asynchro-
nous subtasks expressed through prompts. These subtasks are en-
riched with semantic and device-specific heterogenous require-
ments, and are dynamically scheduled across surrounding devices
while considering latency, energy, and privacy constraints. To en-
able seamless continuation of reasoning, LLMOffload captures the
intermediate reasoning state, referred to as the context window or
simply the context. This context includes goals, constraints, and
partial results, which are packaged into the structured prompts
and transferred across devices while preserving end-to-end logical
coherence. Rather than partitioning token level inference within
a single model, LLMOffload distributes planned reasoning steps
and their intermediate artifacts, allowing devices to collaboratively
advance the reasoning process. This design significantly reduces
computational and energy pressure on the originating device while
opportunistically leveragingmore capable hardware when available.
Through a rigorous comprehensive study on edge video analytics
tasks, we evaluate LLMOffload using a testbed of heterogeneous
devices running on-device LLMs, measuring response time and
energy consumption. Our results demonstrate that cooperative
execution of reasoning subtasks improves efficiency without sacri-
ficing task-level accuracy, pointing to a promising new direction
for collaborative LLM reasoning in resource-constrained IoT envi-
ronments.
Summary of Contributions:

• Novel method. LLMOffload overcomes the unique challenges of
on-device LLM tasks, enabling their offloading to heterogeneous
environmentswithout sacrificing consistency or logical inference
coherence.

• Improved performance. LLMOffload reduces energy consump-
tion by 65% and latency by 50% while preserving output quality.

• Novel insights.We demonstrate the feasibility of offloading on-
device LLM tasks in heterogeneous runtime environments and
show that energy savings mainly come from reduced coordina-
tion active execution time, revealing a classical offloading trade-
off where benefits emerge only when computation outweighs
communication and coordination overhead. We also quantify the
contribution of GPU acceleration to these performance gains.

2 MOTIVATION
Task offloading has been widely studied across different granu-
larities, such as code, class, and thread levels [13]. While existing
profiling methods effectively evaluate the benefits of offloading to
cloud or edge environments, LLM reasoning tasks exhibit distinct
characteristics that challenge these approaches. As a result, they
require new considerations and tailored requirements for effective
offloading. We next highlight how LLM reasoning tasks differ from
conventional computational workloads.

2.1 Experiment setup
Apparatus: Our testbed consists of a Raspberry Pi 4 Model B as
the master device and a laptop (HP EliteBook 840 G6, 8th Gen Intel
Core i5, 16GB) as the worker device. The devices are connected
through a local LAN, with an average round-trip time of 102.5 ms.
Tasks: We implement two types of offloaded tasks: a conventional
computation task and an LLM reasoning task. The conventional
task uses a deterministic minimax algorithm that explores possible
states in a board-game and returns the optimal move, representing
workloads that require intensive computation while transmitting
minimal data. The LLM reasoning task uses a Transformers-based
inference pipeline with Qwen3-0.6B, where natural-language ques-
tions are randomly sampled from the MMLU dataset [17], and the
model generates a reasoning-based response for each input.
Metrics: Each task type is evaluated over 10 trials, with execution
latency measured for each run. In addition, we estimate worker-side
task latency using a polynomial regression model trained on half
of the collected measurements, following the profiling-based cost
estimation approach of MAUI [5]. We further analyze static code
complexity [37] and task decomposability [11].
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Figure 2: Latency distribution: conventional vs. LLM.

2.2 Results
Conventional vs LLM tasks: Figure 2 compares the measured and
estimated latency. The mean relative error is about 0.48% for the
minimax workload, but 79% for the LLM reasoning workload. Static
code analysis shows that minimax has a cyclomatic complexity of
55, and its computation grows with the square of the board size.
LLM inference has a higher cyclomatic complexity of 88, its com-
putation cost is mainly driven by the generated output size, which
shows high variability across runs: min/mean/max = 18/117/223
tokens, with a coefficient of variation of 47.6%. By looking at data-
dependency, minimax computational task is decomposable because
each recursive branch takes an independent board state as input
and returns a score to the parent. In contrast, LLM reasoning is
sequentially dependent because each generation step takes the pre-
viously generated context as input. As a result, LLM reasoning tasks
are non-separable, globally coupled inference workloads.
Key differences: Our results show that workload and latency pre-
diction is challenging due to sensitivity to prompt variations and
strong token dependencies. In LLM reasoning, this is amplified
by autoregressive generation, where each token depends on the
input prompt and previously generated tokens. This sequential de-
pendence limits decomposability, as inference cannot be split into
independent units and instead forms a globally coupled computa-
tion. Consequently, both execution load and latency are difficult to
predict due to variability in generation length and stochastic sam-
pling during decoding. This thus motivates the need for approaches
for LLM decomposition and offloading.

3 METHODOLOGY
Since LLM reasoning tasks are non-separable and differ from con-
ventional deterministic workloads, effective offloading requires
decomposing them into subtasks using context-capturing mecha-
nisms that preserve inference continuity. This allows inference to be
paused, transferred, and resumed across devices without breaking
the reasoning flow. LLMOffload defines LLM subtasks (or simply
subtasks) as prompt-based units enriched with semantic structure
and dynamic profiling factors (e.g., latency, CPU), enabling efficient
matching of each subtask to the most suitable device for offloading.
Technical challenges:We address two key challenges when de-
composing an LLM reasoning task into subtasks for execution by
workers. First, multi-step reasoning requires preserving logical con-
tinuity, meaning task decomposition must be carefully selected so

that aggregating subtasks produces outputs equivalent to mono-
lithic execution; otherwise, coherence is lost. Second, subtasks must
be accompanied by selective context window sharing that includes
only information relevant to the assigned subtask. This enables a
coordinator to offload computation without requiring workers to
maintain the full reasoning history. Efficiently structured prompts
(see Table 1) that carry only essential context with minimal pay-
load are therefore critical to reducing coordination overhead. Naive
partitioning of complex workloads can disrupt shared context, pre-
venting workers from building on prior reasoning and ultimately
degrading answer quality.
LLMOffload overview: LLMOffload employs a coordinator-worker
architecture in which a coordinating node orchestrates the offload-
ing operation. As illustrated in Figure 3(a), LLMOffload initiates
when a user submits a prompt. As shown in Figure 3(b), the prompt
is executed through a three-phase operational pipeline consisting
of: (i) LLM profiler, (ii) LLM offloading planner, and (iii) scheduling
and execution. At the initial phase, the coordinator node initiates
the LLM profiler that characterizes the profiles of the task and avail-
able devices (workers) to generate structured profiles regarding (a)
the task feature vector and (b) the conditions and estimated capac-
ities of available workers. This can extract task dependency and
decomposability descriptors from the task prompt, and normalize
heterogeneousworker capacities into comparable scores. In the next
phase, the LLM offloading planner decides the offloading strategy
based on the decomposition rule. It selects a task-appropriate strat-
egy (e.g., temporal vs. spatial segments) and generate device specific
subtask prompts. Each subtask prompt embeds work-assignment
context to preserve the original task intent and constraints, help-
ing to maintain answer quality under distributed condition. An
aggregation prompt is also generated for final response. In the final
phase, the coordinator runs a lightweight scheduling algorithm that
leverages the LLM profiler’s worker capacity estimates to compute
an optimal task-to-worker allocation following to the LLM offload-
ing planner’s strategy. It then dispatches the subtasks, collects the
outputs, combine the returned results into a single response by
applying the aggregation prompt, which is sent back to the user.
Phase I-LLM profiler: Decomposing complex reasoning tasks re-
quires understanding their structural properties. The LLM profiler
builds structured profiles to guide offloading decisions from the
task prompt and worker metadata. It captures the decomposability
characteristics of tasks for parallel partitioning as a feature vec-
tor. The vector holds features such as evidence locality, defined
by whether the information needed for reasoning and generating
answers is localized or global, along with dependency strength
across subparts, cross-boundary coupling, and the reasoning hori-
zon that would make parallel execution difficult. The feature vector
guides the selection of decomposition axes, such as time or space,
and is later used by the LLM offloading planner to select a strategy.
To profile devices (workers), the profiler estimates each worker’s
device compute capacity and model performance from available
metadata, and normalizes them into comparable relative scores.
It uses device identifiers such as CPU model name and deployed
model name, leveraging LLM background knowledge about com-
mon device classes and model families [25]. It summarizes these
estimates as normalized scores in [0,1]: a device-capacity score and
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Figure 3: LLMOffload for distributed LLM on-device reasoning; a) LLMOffload overview; b) Testbed with heterogeneous devices.
c) LLMOffload overall pipeline;

a model-capacity score, which will be used for optimized subtask
allocation by the coordinator’s scheduler. By using an LLM as a ca-
pacity estimator, it can opportunistically exploit whatever metadata
is available, even when curated hardware databases are missing or
out of date.
Phase II-LLM offloading planner: The planner uses the pro-
filer output to select an offloading strategy and generate context-
embedded, device-specific subtask prompts and an aggregation
prompt. For strategy selection, the planner relies on the task fea-
ture vector produced by the profiler, which captures properties such
as evidence locality, reasoning horizon, and cross-subtask depen-
dency. We implement two offloading strategies: Temporal-Segment
Offloading TSO and Spatial-Segment Offloading SSO. When the pro-
file suggests a short reasoning horizon and low cross-boundary
dependency, the planner selects the strategy TSO that partitions the
workload along a chronological order of the input. Whereas when
the profile indicates that evidence is highly spatially localized, the
strategy SSO is to partition the input into independent regions or
shards and assign workers to analyze specific partitions, focusing
computation on the most relevant portions of the input and avoid-
ing unnecessary global processing. After deciding the appropriate
strategy, the planner generates device-specific subtask prompts
and an aggregation prompt in JSON format. Each subtask prompt
embeds information about the specific subtask for the worker (i.e.,
the work-assignment context), a brief restatement of the subtask
objective, and an output contract. Encoding this in the subtask
prompt maintains consistency and facilitates output aggregation
across workers.
Phase III-Coordinator scheduling and execution: The coordi-
nator receives the planner outputs and leverages decomposition

Table 1: Example prompts and responses from LLMOffload.
Bold text indicates the embedded context.

Turn 1: Main task prompt
Q. Do you see anything unusual in the camera footage?

Turn 1: Subtask prompt (Worker 1)
Attached clip: 00:00–05:00 of the original footage.
This is a fixed-position CCTV camera monitoring a restricted-access area.
Analyze only this provided clip to identify any unusual event.

Turn 1: Subtask prompt (Worker 2)
Attached clip: 05:00–10:00 of the original footage.
This is a fixed-position CCTV camera monitoring a restricted-access area.
Analyze only this provided clip to identify any unusual event.

Turn 1: Aggregation prompt (coordinator)
Merge time-aligned evidence from workers, resolve disagreements, and produce one
final response.

Turn 2: Follow-up question
Q. Who is involved?

Turn 2: Subtask prompt (Worker 1)
Attached clip: 04:10–4:30 of the original footage.
An unusual event occurred: entry into a restricted area.
Identify the key person(s) involved and describe them using distinguishing visual
attributes.

strategy for task assignment to workers. It implements a light-
weight, algorithmic scheduler to select workers and allocate work,
enabling fast, stable, and predictable decisions. The coordinator
can also execute subtasks locally when appropriate. In our proto-
type, it dispatches assigned subtasks to workers via HTTP POST
requests. Each offloading strategy defines a decomposition rule that
splits the request into discrete work units; scheduling then assigns
these units to workers. We use 𝐿 to denote the total number of
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strategy-defined units. Using the per-worker model-capacity score
and device identifiers, the scheduler first filters out workers that are
unreliable or likely to degrade output quality. Then it performs load
balancing by distributing the 𝐿 units across the remaining workers
in proportion to each worker’s device-capacity score defined by 𝑠 .
The set of workers available after filtering is represented by𝑊

in Equation 1 and 𝑥𝑖 represents the number of units assigned to
worker 𝑖 . The scheduler computes an allocation by approximately
solving the following relaxation:

min
{𝑥𝑖 }

max
𝑖∈𝑊

𝑥𝑖

𝑠𝑖
s.t.

∑︁
𝑖∈𝑊

𝑥𝑖 = 𝐿, 𝑥𝑖 ≥ 0. (1)

The optimum equalizes 𝑥𝑖
𝑠𝑖

across workers, yielding 𝑥𝑖 ∝ 𝑠𝑖 . The
coordinator then rounds {𝑥𝑖 } to integers and applies a lightweight
adjustment to satisfy practical constraints such as per-worker con-
currency limits.

4 THE EXPERIMENTS
We evaluate LLMOffload through systematic experiments across
diverse computing environments. First, we assess its ability to de-
compose LLM reasoning tasks for efficient use of worker devices.
We also explore opportunistic use of remote cloud resources, en-
abling a hybrid approach where tasks can migrate from edge to
cloud when beneficial, leveraging more advanced and faster LLMs
to reduce the resource burden on cooperative devices.
Dataset:We evaluate LLMOffload on video-based question answer-
ing (video QA) workloads using MVBench [29], multiple-choice
benchmark over videos covering 20 task types. Examples are illus-
trated in Table 2. We choose video QA because processing long
video inputs and its reasoning are compute-intensive, making of-
floading a typical and relevant setting. MVBench provides a re-
producible test protocol with objective grading across diverse task
types and difficulty levels.
Workload construction:We use two workloads. The first consists
of original MVBench questions from the two task types that are
most sensitive to the offloading strategy. To make that workload, we
run a small pilot using Qwen3-VL-8B-Thinking and evaluate both
TSO and SSO on 10 questions over all 20 task type. object_interaction,
where TSO performs best, and moving_direction, where SSO per-
forms best are selected. In TSO, we segment the video file into
multiple time windows, while in SSO we segment the video to mul-
tiple tiles of the frame. To mitigate boundary effects where relevant
evidence straddles segment boundaries, overlaps are introduced in
both strategies: adjacent temporal segments overlap in TSO, and
adjacent spatial tiles overlap in SSO.

The second workload augments each original question with a
context-dependent follow-up over the same video. We construct
the follow-up by rewriting a question from a different task type
over the same video. We replace the object mention with a pronoun
(e.g., it), rendering the follow-up ambiguous without the preceding
answer. This evaluates whether the planner carries the necessary
context. Table 2 shows example of the workloads. For both work-
loads, following the standard benchmark setting, we uniformly
sample video frames at 2 FPS [1]. The selected videos span dura-
tions of 23.45–47.68 seconds (median 32.74 seconds).

Table 2: Examples of questions from our workload.

Question Candidate Answer

Workload I

object interaction
Which object was taken
by the person?

The dish. / The box.
The blanket. / The paper.
The notebook.

The blanket.

moving direction
What direction is the
cyan sphere moving in
within the video?

The object is stationary.
Up and to the right.
Down and to the left.
Down and to the right.

The object is sta-
tionary.

Workload II

object interaction (original)
Which object was sat at
by the person?

The bed. / The sofa.
The couch. / The table.

The table.

action prediction (follow-up)
What will the person do
next with it (the table)?

Take. / Tidy up.
Sit at. / Wash.

Sit at.

moving direction (original)
In which direction does
the yellow cylinder move
in the video?

Up and to the left.
Down and to the left.
The object is stationary.
Up and to the right.

Down and to the
left.

counterfactual inference (follow-up)
Without it (the yellow
cylinder), which of the
following will happen?

cube–red collide
gray sphere–red collide
green sphere–gray collide
cube–green sphere collide

green sphere–
gray collide

Testbed: As shown in Figure 3(c), we implement LLMOffload as
lightweight coordinator and worker services that communicate
over HTTP. Our testbed consists of one coordinator node (HP Elite-
Book 840 G7, 11th Gen Intel Core i5, 16GB RAM) and a pool of
heterogeneous worker devices connected via a local LAN, including
three laptop workers (HP EliteBook 840 G6, 8th Gen Intel Core i5),
an Apple MacBook Air (M1), and four Raspberry Pi 4 Model B. We
also include a NVIDIA Jetson Orin Nano as a worker to analyze
GPU acceleration benefits. Each device runs a worker service that
uses a local LLM via Ollama [40] with quantized models. The co-
ordinator uses Qwen3-1.7B-Thinking for profiling, planning, and
aggregation, as it is among the smallest models that reliably pro-
duces our structured, rule-based outputs. For video analysis on
workers, we use a mix of locally hosted vision–language models
(VLMs) to improve generality, including Qwen3-VL-2B-Instruct,
Qwen3-VL-8B-Instruct, and Gemma3-4B.
Evaluation metrics:We measure three metrics: latency, energy
consumption, and accuracy. Latency is the end-to-end time per
query, measured from when the coordinator gets the request to
when it outputs the aggregated answer. Energy is measured on the
coordinator using on-chip RAPL counters. Accuracy is MVBench
multiple-choice accuracy over the evaluated queries. Together, these
metrics capture the core offloading trade-offs: reducing completion
time and energy cost without degrading output quality.
Experiment procedure: We evaluate LLMOffload in a controlled
setting to establish a clear baseline for offloading behavior. To
minimize variability, the experiment uses three identical laptop
workers (HP EliteBook 840 G6, 8th Gen Intel Core i5) and fixes the
VLM to Qwen3-VL-8B-Instruct. In this setup, the coordinator can
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serves as a worker when executing subtasks. For comparison, a
local-only baseline runs all computation on the coordinator without
offloading under identical inference settings. Scalability is studied
by varying the number of active workers from 1 to 3. We further
generalize LLMOffload in a practical heterogeneous setting. The
worker pool includes one HP laptop, one MacBook Air (M1), and
two Raspberry Pi 4 Model B devices. Each device runs a different
VLM: the HP laptop runs Qwen3-VL-8B-Instruct, the MacBook Air
(M1) runs Gemma3-4B, and the four Raspberry Pi 4 devices run
Qwen3-VL-2B-Instruct. Thus, the coordinator does not serve as a
worker for these subtasks.

As an ablation study, we also evaluate individual components
of LLMOffload. To evaluate the LLM profiler’s estimation accuracy,
We build a heterogeneous pool of 10 devices and multiple VLMs by
randomly sampling from public benchmark sources. Device candi-
dates are drawn from openbenchmarking.org [26], and model can-
didates use MMLU-Pro [49] scores reported by llm-stats.com [35].
In each run, the profiler estimates the capacity of all candidates, and
we validate these estimates against the corresponding benchmark
scores. To evaluate the LLM planner, for each of the 20 MVBench
task types, the planner selects between TSO and SSO. We mea-
sure its performance by comparing the chosen strategy against the
ground-truth best strategy for each task type. We also evaluate
context-embedding performance using the second workload, which
includes context-dependent follow-up questions. We compare LL-
MOffload against three methods: (i) original question (baseline) (ii)
naively passing the full conversation history and (iii) providing no
extra context.

5 RESULT
We first validate the effectiveness of LLMOffload’s core components:
the LLM profiler accurately estimates device and model capacity,
and the LLM planner selects appropriate offloading strategies while
embedding the required task context. We then evaluate LLMOffload
end to end in both controlled and practical deployment settings.

5.1 LLMOffload component analysis
LLM profiler estimation: Figure 4 shows the alignment between
LLM profiler’s estimation and benchmark scores. The estimates
are generated using Qwen3-1.7B. For device capacity, we observe a
Pearson correlation of 𝑟 = 0.712 and strong rank agreement with
Spearman 𝜌 = 0.709. Formodel quality, Pearson correlation is lower
(𝑟 = 0.553), while rank agreement remains high (𝜌 = 0.691). The
consistently high Spearman values indicate that the profiler largely
preserves the relative ordering across candidates, rather than be-
ing driven by a few extreme high- or low-performing devices, and
avoids misordering among mid-tier candidates. For model quality,
the profiler yields broadly consistent rankings across model families
(e.g., GPT, Gemini, Claude, and Qwen), though it may exhibit cali-
bration bias that underestimates some mid-range models. Table 3
extends this analysis to other local LLM evaluators and shows that
correlation depends on the evaluator choice, ranging from strong
agreement to weak or degenerate behavior (reported as N/A). Over-
all, the LLM profiler tracks both device capacity and model quality
reasonably well, with especially reliable rank consistency under
Qwen3-1.7B.

Table 3: Correlation of capacity estimates across LLMs. Pear-
son’s 𝑟 and Spearman’s 𝜌 between LLM profiler estimates and
benchmark results.

Model Device-capacity (𝑟/𝜌) Model-quality (𝑟/𝜌)

Qwen3-0.6B 0.269 / 0.059 0.140 / -0.219
Qwen3-1.7B 0.712 / 0.709 0.553 / 0.691
Qwen3-4B 0.687 / 0.636 0.630 / 0.648
Llama3.2-1B N/A N/A
Llama3.2-3B 0.471 / 0.475 0.530 / 0.590

Figure 4: Comparing LLM Profiler estimates against bench-
mark results.

Figure 5 shows that the LLM planner selects near-optimal offload-
ing strategies. During the construction of WorkloadI, we measure
the accuracy each strategy achieves on every task. Using these
results, we construct an oracle that always selects the best strategy
for each task. In Figure 5(a), the LLM planner attains 57.5% accu-
racy, close to the oracle upper bound of 58.0%. By contrast, random
selection achieves 50.75%, corresponding to a quality regret of 7.25
points (vs. 0.5 points for the LLM planner), while consistently using
a single fixed strategy performs worse, with quality regrets of 3.5
(always TSO) and 11.0 points (always SSO). These results indicate
that the optimal offloading strategy is task-dependent and that
mismatched strategies can substantially reduce accuracy, making
per-task selection non-trivial to decide manually; the LLM planner
addresses this challenge by profiling tasks and choosing a more
suitable strategy, thereby improving accuracy without sacrificing
performance.
LLM planner (embedded context): Figure 6 evaluates the plan-
ner’s context-embedding mechanism using follow-up questions. In
these queries, a key entity from the preceding question is replaced
with “it,” making the follow-up ambiguous without prior context.
On the original questions, accuracy is 50%. With the entity replaced
by “it,” embedded context preserves the same 50% accuracy. With-
out context, the system cannot resolve the reference and returns
UNKNOWN, yielding 0% accuracy. This demonstrates that context em-
bedding is essential for resolving anaphoric references in multi-turn
interactions, enabling the planner to interpret follow-ups correctly
and avoid complete failure. Naively passing the full chat history
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Figure 5: Quality comparison of LLM planner-selected of-
floading strategies

Figure 6: Performance and latency on follow-up question
workload across methods.

from the coordinator to the workers can partially recover context
(40% accuracy). However, this approach incurs a substantial latency
overhead: loading the entire conversation makes the input roughly
10× longer, increasing prompt processing time and planner latency
(Figure 6(b)).

5.2 LLMOffload performance
LLMOffloadworking flow: Since we have demonstrated the effec-
tiveness of LLMOffload’s components, we also describe its end-to-
end workflow and the role of each component. Table 4 summarizes
the decision traces of the LLM profiler and LLM planner in the con-
trolled setting as an example, including their rationales, worker
outputs, and how the coordinator aggregates responses. The pro-
filer first constructs a task feature vector, indicating cross-boundary
= 0 and high requirements for identifiability, local tracking, and
global context (all = 2). It also estimates device and model capacity;
since we use homogeneous devices and models, all capacities are set
to 1.0. Based on these features, the planner selects TSO because the
task requires full-scene context to identify the object and temporal
cues to locate the pick-up event, while involving no cross-boundary
interactions. The planner then generates subtask and aggregation
prompts: each subtask asks which object the person takes, provides
candidate objects, and instructs the worker to analyze an assigned
time window and return a JSON-formatted output for aggregation.
This question already includes the full context needed to answer
it, so the LLM planner does not need to embed additional context
though it provides brief situational framing such as assigned time

range. Finally, the coordinator aggregates worker outputs via ma-
jority voting; workers consistently report interaction with a red
bag and identify “bag” with high confidence, so the aggregator
outputs “bag,” matching the ground truth. Overall, workers follow
the prompts consistently and collaborate effectively to solve the
task.
Performance in control: We first compare three main metrics
under local execution and offloading. Figure 7 summarizes LLMOf-
fload’s end-to-end benefits as we scale the number of active workers.
Figure 7(a) shows that offloading reduces end-to-end latency for
both task types by about 50%. For object interaction, latency drops
from 27085 s (local) to 13723 s with three workers. For moving di-
rection, latency decreases from 26385 s (local) to 12494 s with three
workers. Figure 7(b) shows that offloading reduces the coordinator’s
energy consumption about 65%. For object interaction, energy de-
creases from 137.83Wh (local) to 48.48Wh with offloading, and for
moving direction, it drops from 134.26Wh to 47.08Wh. Figure 7(c)
shows that offloading does not degrade performance. For object
interaction, accuracy increases from 60% (local) to 90% with three
workers. For moving direction, accuracy briefly drops to 50% with
two workers but recovers to 60% with three workers, matching
local execution. The accuracy gain in object interaction is likely
due to time-segment partitioning, which limits each subtask to a
shorter, more self-contained window and reduces interference from
irrelevant long-context attention [8]. Overall, these results show
that LLMOffload can reduce coordinator energy and end-to-end
latency without sacrificing accuracy.

The energy savings primarily come from reducing the time
spent in VLM inference, and they outweigh the additional over-
head introduced by the profiler/planner LLM. On average, the sys-
tem consumed 2.86W when idle, 21.94W while running the pro-
filer/planner LLM, and 18.32Wwhile running the VLM. By dividing
the task across three workers, the VLM inference time decreases
from 27 085 s to 11 423 s, with the additional profiling and planning
overhead being about 2 300 s, which is substantially smaller than
the VLM time reduction. In our current setup, the coordinator also
runs a part of the VLM inference after profiling and planning. How-
ever, LLMOffload can fully offload VLM execution. Doing so would
further reduce coordinator energy from about 130Wh to about
20Wh, yielding an 85% reduction.
Inference latency and efficiency: We next analyze the overhead
introduced by LLMOffload. Figure 8 breaks down latency by step:
on average, profiling takes 841.2 s, planning 635.3 s, and aggrega-
tion 620.0 s; 90% of runs complete within 904 s, 825 s, and 701 s,
respectively. Network transfer latency is negligible (below 0.01%).
Planning exhibits higher variance than profiling and aggregation,
likely because it must select an offloading strategy and generate
both subtask and aggregation prompts based on task features and
estimated model performance, whereas profiling and aggregation
operate on more fixed inputs and follow a more standardized work-
flow. Table 5 reports token usage by step: profiling has the highest
average consumption (1446 tokens), followed by planning (1253)
and aggregation (841), including thinking tokens for Qwen3-1.7B-
Thinking. Overall, the pipeline takes 1288 input tokens and gener-
ates 3541 output tokens on average. The large variance, especially
the occasional near-doubling at the maximum, likely reflects cases
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Table 4: Example decision trace of the LLM profiler / planner.

Stage Item Content

Input Task object_interaction
Query (Candidates) Q: Which object was taken by the person? (A: laptop / B: towel / C: book / D: bag)

Profiler Task Feature Vector {identifiability:2, local_tracking:2, reasoning_horizon:1, global_context:2, small_object:1, cross_boundary:0}
Device / Model capacity device_capacity: {worker1: 1.0, worker2: 1.0, worker3: 1.0, worker4: 1.0}, model_capacity: {worker1: 1.0, worker2: 1.0, worker3:

1.0, worker4: 1.0}

Planner Strategy TSO (temporal segmentation)
Subtask prompt You are reviewing frames from an assigned time range ([0%, 25%) / [25%,50%) / [50%,75%) / [75%,100%)). Within this

segment only, determine whether the person is taking (i.e., actively picking up / removing / acquiring from a prior resting
place) any object below — not merely holding/carrying it. Objects (report exactly one letter if taking occurs): A: laptop, B:
towel, C: book, D: bag. Output (exactly one line): If taking occurs: LETTER, confidence=0-1, evidence="..." If no taking can
be confirmed: UNKNOWN

Aggregation prompt Based on all workers’ segment outputs, determine the final object taken. Apply majority voting. If all workers output
UNKNOWN, output UNKNOWN. Do not use any context beyond the workers’ segments.

Output Subtask outputs Worker 1: {UNKNOWN(0.0)}
Worker 2: {D(0.9) evidence: handling a bag}
Worker 3: {D(0.9) evidence: handling a red bag}
Worker 4: {D(0.9) evidence: interacting with a red bag}

Aggregated result final_choice=D, used_segments=[1,2,3].

Figure 7: LLMOffload performance across tasks and number of workers. Energy is measured at the coordinator, which also
executes subtasks as a worker.

Table 5: Token consumption split into input and output
across stages

Stage Input (min / avg / max) Output (min / avg / max)

Profiling 407 / 420.1 / 496 1036 / 1446.8 / 2349
Planning 287 / 310.1 / 623 826 / 1253.3 / 2973
Aggregating 539 / 558.0 / 598 473 / 841.0 / 1302

Total 1375 / 1288.2 / 1601 2760 / 3541.1 / 5958

where the model produces unusually long or failed to produce the
end token.
Practical performance: In the practical setting with heteroge-
neous devices, we evaluated LLMOffload on the same tasks as in
the controlled setting. The LLM profiler estimated device capacity
as HP EliteBook 840 G6: 15, M1 MacBook Air: 20, Raspberry Pi 4
Model B: 1.5, broadly matching benchmark scores (23.1, 73.1, and
4.2, respectively). It also estimated model quality as (Qwen3-VL-8B-
Instruct: 95; Gemma3-4B: 80; Qwen3-VL-2B: 75), which was roughly
consistent with MVBench results (80, 50, and 60, respectively).

Despite underestimating the M1 MacBook Air and Gemma3-4B,
LLMOffload remained effective in practice. Compared with local

Figure 8: Cumulative distribution functions (CDFs) of
coordinator-side LLM process overheads

execution, end-to-end latency decreased by 24.6%, energy consump-
tion decreased by 79.5%, and accuracy remained unchanged at 60%.
The larger energy reduction is expected because the coordinator
does not act as a worker in this setting. LLMOffload assigns work-
load in proportion to estimated capacities, so the M1 MacBook Air
received about 33% more work than the HP EliteBook; however,
we still observed idle time because the MacBook’s performance
was underestimated, leading to conservative scheduling. Overall,
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these results show that LLMOffload can robustly profile heteroge-
neous resources and achieve substantial latency and energy savings
without sacrificing task quality output.
GPU acceleration:We further evaluate the effect of GPU accelera-
tion with a NVIDIA Jetson Orin Nano. In terms of processing speed,
the Jetson achieves 11.77 tokens/s for decoding, which is 2.52×
faster than the HP EliteBook and 15.49× faster than the Raspberry
Pi 4. It also achieves 112.39 tokens/s for prompt processing, corre-
sponding to 1.69× and 10.38× speedups over the HP EliteBook and
Raspberry Pi 4, respectively. Overall, these improvements translate
into 2.33× and 14.22× end-to-end speedups over the HP EliteBook
and Raspberry Pi 4. This makes the on-device LLM reasoning more
practical for real-world applications.

However, effectively exploiting client selection requires more
accurate characterization and profiling of participating devices. For
instance, the current profiler underestimates the Jetson’s capabili-
ties. It assigns capacity scores of 0.75 to the Jetson Orin Nano and
1.0 to the HP EliteBook, leaving the Jetson underutilized: it finishes
in 502.9 s, while the HP EliteBook becomes the bottleneck at 3207 s.
Despite this suboptimal selection, GPU acceleration significantly
improves LLM task partitioning in LLMOffload. Compared with
conventional multi-agent execution, LLMOffload incurs additional
overhead from repeatedly encoding intermediate small language
model outputs into prompts on each device. The Jetson’s GPU
reduces this prompt-encoding latency, mitigating LLMOffload’s
primary overhead.

6 LLMOFFLOAD EVALUATION IN THE CLOUD
We further evaluate LLMOffload in a cloud environment to as-
sess its generalizability beyond our local, distributed, and resource-
constrained heterogeneous testbed.
Experiment setup:Weused cloudGPUVMs equippedwithNVIDIA
H100 SXM GPUs (80GB VRAM) and accessed all instances via SSH.
We chose H100 because it is widely deployed for cloud inference in
production services, and is commonly used to host large models at
scale. On each VM, we ran Ollama to expose the deployed models
as local inference endpoints. We deployed LLMOffload with one
coordinator VM and three worker VMs in the same region, using
private networking for coordinator–worker communication. The
round-trip latency was about 0.8ms.

We first run offloading experiments using a Qwen3-14B LLM
profiler / planner and Qwen3-VL-40B workers using 20 questions on
the MVBench moving_direction task, reporting end-to-end latency
and accuracy. In this setup, the coordinator also serves as a worker
when executing subtasks. We then vary the models among Qwen3-
14B-Thinking, Qwen3-30B-Thinking, gpt-oss-20B, and DeepSeek-
R1-32B for the coordinator. On the workers, we deploy three VLMs:
Qwen3-VL-30B-Instruct, Mistral-Small-3.2-24B, and Gemma3-27B.
These configurations allowed us to study how model choice af-
fects latency and to identify when offloading is beneficial, since
gains require the reduction in worker-side workload to outweigh
the planning overhead. Throughout, we aimed to reduce energy
consumption without sacrificing latency or accuracy. All model
choices were constrained by the 80GB GPU memory of each H100
VM, which prevented us from running larger models.

Table 6: Latency summary for coordinator-side LLM and
worker-side VLM on GPU-based cloud environment.

Coordinator LLM Worker VLM
Model Avg ± Std (s) Model Avg ± Std (s)

Qwen3-14B-T 20.9 ± 9.8 Qwen3-VL-40B 266.8 ± 109.6
gpt-oss-20B 12.8 ± 3.7 Mistral-S3.2-24B 121.7 ± 67.0
DeepSeek-R1-32B 16.4 ± 2.8 Gemma3-27B 288.4 ± 113.2
Qwen3-30B-T 330.9 ± 53.3

Table 7: Overhead ratio 𝑓 = 𝑇coord/𝑇worker (avg/avg, %). Each
cell corresponds to coordinator LLM–worker VLM

Model Qwen3-VL-40B Mistral-S3.2-24B Gemma3-27B

Qwen3-14B-T 7.83% 17.17% 7.25%
gpt-oss-20B 4.80% 10.52% 4.44%
DeepSeek-R1-32B 6.15% 13.48% 5.68%
Qwen3-30B-T 124.03% 271.90% 114.74%

Figure 9: LLMOffload in the cloud environment.

Result: Figure 9 summarizes the cloud results. Overall, the cloud
deployment showed the same qualitative trend as the local testbed:
offloading reduced end-to-end latency by 58.8% (from 267 s to 110 s)
while maintaining MVBench accuracy, and adding more workers
further improved latency. The coordination overhead accounted for
only 7.8% of the total runtime (about 20 s), so offloading to workers
was effective because the reduction in VLM execution time out-
weighed the added overhead. End-to-end latency showed higher
variation than in the local testbed because both the LLM and VLM
inference times were more variable in the cloud environment. Since
the per-task workload was relatively small compared to the avail-
able compute, runtime jitter had a larger impact on total latency.
Despite this, the average results followed the same trend.

Table 6 reports latency for different coordinator LLMs andworker
VLMs. Coordinator-side profiling and planning took on the order
of 10–20 s for most LLMs, whereas worker-side VLM inference
ranged from roughly 120 s to 300 s. VLM latency also showed high
variability, with the standard deviation around 30% of the mean,
which contributed to higher end-to-end latency variation. Table 7
reports the overhead ratio. With well-matched coordinator and
worker models, the overhead remained around 5–15%, making of-
floading beneficial because the VLM time saved outweighed the
coordination cost. In contrast, using Qwen3-30B-Thinking on the
coordinator led to overhead larger than the VLM inference time,
in which case offloading was not worthwhile. Overall, these mea-
surements explain why the cloud results match the local trend:
offloading works best when worker-side VLM inference dominates
the runtime.
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7 RELATEDWORK
Computational offloading: Research on computational offload-
ing has evolved significantly over the past two decades. Task of-
floading has traditionally been associated with computational exe-
cution; however, its scope has expanded to include other operations,
including sensing and networking [12–14]. Early work on cyber-
foraging demonstrated methods for offloading computationally
intensive mobile operations to nearby cloudlets [27, 30, 61], fol-
lowed by cloud-based approaches in which heavy routines were
executed remotely on large-scale infrastructure [4, 43]. Subsequent
studies examined decision factors such as latency [3, 46], band-
width variability [51, 58], application requirements [10, 55], and
device energy constraints [33, 63]. With the emergence of edge com-
puting, hybrid offloading strategies that combine edge and cloud
resources have been explored [33, 38]. Similarly, some works have
explored distributing tasks among personal and wearable devices
to reduce the processing load of individual devices when facing
resource-intensive tasks [9, 60]. Offloading has also been extended
to DNN inference, enabling intensive operations on constrained
devices. For instance, offloading strategies have been applied for
layer-wise DNN partitioning to manage latency across mobile-edge-
cloud infrastructures [16, 19, 28]. LLM task offloading has also been
explored, but existing approaches typically treat inference as a
monolithic process that follows a fixed computational graph [57]. In
contrast, our work decomposes the reasoning process into distinct
subtasks that can be offloaded independently. Thus, LLMOffload
recognizes on-device LLM inference as a sequence of reasoning steps
and enables these steps to be selectively offloaded across heterogeneous
environments for distributed and efficient execution.

Distributed and cooperative devices: Collaboration between
devices has traditionally been explored through master–slave ar-
chitectures [15]. More recently, collaboration across heterogeneous
models has emerged in the context of LLM training [18, 45, 62].
Distributed prompting enables the modular decomposition of com-
plex instructions into manageable units that can be delegated to
and handled by multiple coordinated models [22, 42]. This para-
digm has been further explored through schedulers that decom-
pose LLM tasks within the same runtime environment or shared
memory [59, 62]. While these approaches highlight the benefits of
dividing reasoning across multiple agents, they typically assume
cloud-based settings with homogeneous compute resources and
overlook heterogeneous edge environments with strict latency and
energy constraints [21, 36]. Moreover, existing systems do not in-
corporate device state or quality constraints into the task delegation
process. LLMOffload contributes a pipeline that enables task divi-
sion and execution while preserving logical continuity and coherence,
and is explicitly designed for heterogeneous, distributed environments
tailored to resource-constrained devices.

LLMs reasoning and agent planning: LLMs emulate human-
like reasoning by generating structured, sequential intermediate
steps that reveal how a response is produced, commonly referred
to as Chain-of-Thought (CoT) [50]. Recent advances in LLM plan-
ning and CoT have shifted inference from monolithic, sequential
generation to modular, multi-step workflows that are explicitly

explorable [6, 20, 54], enabling deliberate search for optimal reason-
ing paths [2, 56]. While CoT increases the computational density
of individual reasoning steps, planning organizes these steps into
structured dependencies, exposing opportunities for improved re-
source efficiency [23, 24, 41]. Distributed prompting exploits this
modularity by delegating sub-tasks acrossmultiplemodels or agents
to improve accuracy. Existing work typically distributes and plans
task execution within homogeneous environments, where multi-
ple agents collaborate on different parts of the reasoning process,
for example, agent planning entirely within cloud infrastructures.
In contrast, LLMOffload enables distributed reasoning across het-
erogeneous environments by offloading subtasks to different AI
agents and selecting the most suitable devices for execution. Specifi-
cally, LLMOffload overcomes the limitations of homogeneous planning
by allowing heterogeneous devices to execute LLM subtasks through
structured prompting and shared context windows. In addition, de-
vice specific characteristics, such as energy availability, latency, and
CPU capacity, are encoded as semantic descriptors to improve device
profiling and optimize task allocation and execution.

8 DISCUSSION
Room for improvement: LLMOffload demonstrates strong gener-
alizability across tasks but also reveals important trade-offs. Smaller
on-device models reduce overhead but limit reasoning reliability,
motivating hybrid designs that combine lightweight LLMs with
fallback heuristics. While the current decomposition strategies are
effective, extending them beyond specific workloads would broaden
their applicability. Distributed execution also creates opportunities
for optimization through profiling, caching, and the reuse of seman-
tically similar prompts. Furthermore, distributed client selection
can improve task execution by assigning more capable devices to
computationally intensive tasks. For example, in pervasive camera
systems, video frames can be partitioned into regions with differ-
ent resolutions for continuous tracking, preserving high resolution
only in areas with significant changes [52], allowing these regions
to be assigned to more capable workers [53]. However, the benefits
of offloading depend on keeping coordination overhead low, as
energy savings arise primarily from reducing active coordination
time rather than inference itself. Finally, future work should explore
privacy- and energy-aware task partitioning, selectively offload-
ing computations while keeping sensitive reasoning on-device and
jointly optimizing battery lifetime, latency, and reasoning quality.
On-device LLM: Offload or not?:While we demonstrate the feasi-
bility of offloading LLM reasoning across capable devices to reduce
energy consumption and end-to-end latency, realizing these gains
critically depends on controlling coordination overhead. Contrary
to the intuition that preserving output quality necessarily incurs
proportional energy costs, our results show that energy savings
are primarily driven by reducing the active execution time of co-
ordination. This observation aligns with classical code offloading
principles, where offloading is beneficial only when computation
intensity outweighs communication and coordination costs. In our
setting, offloading yields substantial benefits when coordination
overhead remains significantly smaller than worker inference time,
as shown in Figure 9. However, current on-device LLMs remain less
mature than their cloud counterparts, and resource-constrained
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edge coordinators running smaller models often lack sufficient
reasoning capability to generate reliable offloading plans, making
it challenging to balance planning quality against coordination
overhead in heterogeneous IoT environments.
Cloud-Edge-IoT workloads:We show that LLMOffload enables
the distribution and cooperative execution of on-device LLM tasks
across heterogeneous devices. When opportunistically available,
multiple layers of resources can be leveraged to enhance the reason-
ing capability of on-device models through edge or cloud support.
Achieving transparent task migration across these layers, however,
requires coordination within each layer as well as communica-
tion across coordinators to negotiate and establish execution plans
prior to deployment. A promising direction is the ability to pre-
dict resource availability at different layers in order to proactively
schedule task execution; we are particularly interested in investi-
gating whether LLMOffload can exploit such predictive capabilities
to further improve efficiency and responsiveness.
On LLMpartitioning:While small language models often produce
less reliable decisions than larger models, their performance can be
substantially improved by augmenting them with domain specific
knowledge. However, resource constrained devices still introduce
reasoning latency, making it important to match task complexity
to the computational capabilities of each device. The increasing
availability of GPU acceleration at the edge has significantly re-
duced this latency, but further improvements require distributing
inference across multiple GPU enabled devices, motivating solu-
tions such as LLMOffload. As GPU accelerated edge deployments
become denser and more widely available (like in fog computing
environments), distributed LLM partitioning can emerge as a fun-
damental approach for executing large language models efficiently
across decentralized infrastructure.
On IoT and emerging distributed applications: Distributed in-
ference and training are well suited to sensing applications, where
data is generated by multiple distributed sensors. Advances in
model compression and distributed ML/DL execution have made
such deployments increasingly practical. Although on-device LLMs
still exhibit high inference latency for real-time applications such
as human activity recognition [32], the growing availability of edge
GPU acceleration is reducing this gap by accelerating inference.
Our results demonstrate that hardware acceleration significantly
improves performance, while further latency reductions will re-
quire cooperative distributed inference techniques that leverage
the computational resources of multiple edge devices.

9 SUMMARY AND CONCLUSIONS
We presented LLMOffload, an on-device LLM framework that co-
operatively offloads reasoning complexity across multiple hetero-
geneous devices. Unlike prior approaches, LLMOffload enables the
decomposition of LLM reasoning tasks in heterogeneous and re-
source constrained environments. The framework incorporates a
profiler and planner that determine whether and how LLM sub-
tasks should be offloaded to nearby devices. Through rigorous and
systematic evaluation, our results show that energy savings are
primarily driven by reductions in active execution time during co-
ordination, consistent with classical offloading principles in which

benefits arise only when computational intensity outweighs com-
munication overhead. We also show that these benefits are further
amplified when participating devices provide GPU acceleration.. By
effectively exploiting this trade off, LLMOffload enables practical
offloading of LLM reasoning to nearby devices. Our work paves
the way for cooperative and heterogeneous environments in which
multiple devices collaboratively solve complex reasoning tasks.
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