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Abstract. Edge computing environments face unprecedented challenges in deploying
large language models due to severe resource constraints, latency requirements, and
privacy concerns that traditional cloud-based solutions cannot address. Current
approaches struggle with the fundamental mismatch between LLMs’ computational
demands – requiring gigabytes of memory and billions of operations – and edge
devices’ limited capabilities, resulting in either degraded performance or infeasible
deployments. This survey presents a systematic analysis of emerging techniques that
enable efficient LLM deployment at the edge through four complementary strategies:
model compression via quantisation and pruning that reduces memory footprint by
up to 75% while maintaining accuracy, knowledge distillation frameworks achieving
4000× parameter reduction with comparable performance, edge-cloud collaborative
architectures like EdgeShard delivering 50% latency reduction through intelligent
workload distribution, and hardware-specific optimisations leveraging specialised
accelerators. Extensive evaluation across multiple real-world testbeds demonstrates
that hybrid edge-microservices architectures achieve 46% lower P99 latency and
67% higher throughput compared to monolithic approaches, while supporting
10,000 concurrent users with 100 ms latency constraints and reducing bandwidth
consumption by 99.5% through selective cloud offloading. These advancements
enable transformative applications in healthcare monitoring, autonomous systems,
real-time IoT analytics, and personalised AI services, fundamentally reshaping how
intelligence is delivered at the network edge while preserving privacy and ensuring
responsiveness critical for next-generation computing paradigms.1
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1. Introduction
The proliferation of edge computing infrastructure, projected to reach 75 billion

connected devices by 2025 [18, 110], has created an urgent need for deploying so-

1This is revised and expanded version of the paper [114] presented at the 5th Edge Computing Workshop
(doors 2025).
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phisticated artificial intelligence capabilities directly at the network periphery. Recent
advances demonstrate that 85% of enterprise data will be generated and processed
outside traditional data centres by 2026 [58, 171], yet current large language models
require computational resources exceeding typical edge device capabilities by three
orders of magnitude. Edge environments demand sub-100 ms response times for
real-time applications while operating within power budgets below 10 watts, con-
straints that fundamentally challenge conventional LLM architectures designed for
cloud deployment [9, 136].

The deployment of large language models on edge devices presents a multi-dimensi-
onal optimisation challenge involving memory constraints, computational limitations,
and stringent latency requirements that existing solutions inadequately address.
Modern LLMs, even relatively compact variants with 3-7 billion parameters, require
12-28 GB of memory for inference, far exceeding the 2-8 GB available on typical
edge devices [56, 139]. The computational complexity of transformer architectures,
requiring 𝑂(𝑛2) operations for sequence length n, creates prohibitive latency when
executed on edge processors lacking specialised acceleration [67]. Recent attempts
by Khalfi and Tabbiche [64] and Bin Son et al. [10] to address these challenges through
naive model compression result in accuracy degradation exceeding 30%, while edge-
only processing approaches fail to meet real-time constraints for sequences beyond
512 tokens.

Current methodologies for edge LLM deployment fall into three categories, each
with critical shortcomings that prevent practical adoption. Cloud-dependent ap-
proaches [135, 165] introduce latency penalties of 200-500 ms and privacy vulnerabil-
ities through continuous data transmission, violating edge applications’ performance
and security requirements. Static compression techniques, including uniform quanti-
sation and structured pruning [90, 139], achieve memory reduction but suffer from
catastrophic accuracy loss on domain-specific tasks, particularly affecting multilin-
gual capabilities by up to 25.5 percentage points. Hybrid strategies attempting to
balance edge and cloud processing [87, 171] lack dynamic adaptation mechanisms,
resulting in suboptimal resource utilisation under varying workload conditions and
network states, with throughput degradation of 40% during peak loads compared to
theoretically optimal scheduling.

This survey introduces a comprehensive framework for edge LLM deployment that
synergistically combines adaptive model optimisation, intelligent workload distribu-
tion, and hardware-aware execution strategies to overcome fundamental resource-
performance trade-offs. Our analysis reveals that coordinated application of quantisa-
tion-aware training, dynamic knowledge distillation, and multi-tier edge-cloud col-
laboration enables the deployment of 3B-parameter models on devices with 4 GB
memory while maintaining 95% of baseline accuracy. The framework’s distinguishing
innovation lies in its context-aware adaptation mechanism that dynamically adjusts
compression levels, partitioning boundaries, and execution strategies based on real-
time resource availability and application requirements.

This work makes four principal contributions to edge intelligence research: (1)
comprehensive taxonomy of edge LLM optimisation techniques with quantitative per-
formance characterisation across 23 quantisation levels and six model architectures,
(2) novel evaluation methodology incorporating latency, throughput, memory efficiency,
and energy consumption metrics validated on real-world edge testbeds, (3) systematic
analysis of edge-cloud collaborative frameworks including EdgeShard, PAC, and hybrid
microservices architectures demonstrating 46-67% performance improvements, and
(4) identification of critical research gaps in multi-modal processing, federated learning
integration, and hardware-software co-design that define the trajectory of edge LLM
development. These contributions establish the theoretical foundation and practical
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guidelines for deploying intelligence at the network edge.
The remainder of this paper is organised as follows. Section 2 presents background

on LLM architectures and edge computing constraints, establishing the fundamental
challenges. Section 3 analyses edge-cloud collaborative architectures and dynamic
resource allocation strategies. Section 4 explores hardware accelerators and spe-
cialised edge processors. Section 5 demonstrates real-world applications across
healthcare, IoT, and autonomous systems. Section 6 discusses open challenges and
future research directions. Section 7 concludes with implications for edge intelligence
deployment.

2. Overview of LLMs for edge deployment
The deployment of large language models on resource-constrained edge devices rep-

resents a fundamental shift in distributed artificial intelligence architectures, driven by
stringent latency requirements (sub-100 ms for real-time applications), privacy regula-
tions, and bandwidth limitations [12, 23, 107]. Recent empirical studies demonstrate
that edge deployment reduces inference latency by 73% compared to cloud-based
alternatives while consuming 45% less network bandwidth [105, 109]. The hetero-
geneous landscape of edge computing platforms – ranging from mobile devices with
4-8 GB RAM to industrial edge servers with specialised accelerators – necessitates
sophisticated optimisation strategies that balance computational efficiency with model
performance [9, 33].

Contemporary edge deployment paradigms encompass three principal architec-
tures: standalone edge inference, collaborative edge-cloud systems, and peer-to-peer
distributed frameworks. Standalone approaches, exemplified by recent implemen-
tations on RISC-V platforms [79], achieve inference speeds of 21.77 tokens/second
for 2-billion parameter models through vector extension optimisation. Collaborative
systems partition computational workloads between edge and cloud resources, with
Zhang et al. [171] demonstrating 50% latency reduction through intelligent model
sharding. Peer-to-peer frameworks, notably P2PLLMEdge [109], eliminate cloud de-
pendency, achieving a 44.7% reduction in processing duration through decentralised
task distribution across heterogeneous devices.

The deployment of LLMs on edge platforms confronts four fundamental technical
barriers that significantly impact system design and optimisation strategies. Model size
represents the primary constraint, as contemporary LLMs require memory footprints
ranging from 350 GB for GPT-3’s 175 billion parameters to 4 GB for compressed
7-billion parameter variants [12, 171]. Computational complexity manifests through
the quadratic scaling of attention mechanisms with sequence length, requiring 𝑂(𝑛2𝑑)
operations where 𝑛 denotes sequence length and 𝑑 represents model dimensionality
[75, 131]. The self-attention computation alone consumes 67% of inference time
on mobile processors, as measured across diverse hardware platforms including
Snapdragon 8 Gen 2 and Apple M1 chips [117].

Energy consumption and thermal management are critical factors in sustained
edge deployment scenarios. Du et al. [26] reports that continuous LLM inference on
edge devices generates thermal loads exceeding 85 °C within 15 minutes of operation,
necessitating dynamic frequency scaling and intermittent cooling periods. Power
consumption measurements across representative edge platforms reveal substantial
variation: Raspberry Pi 4B consumes 7.2 W during active inference, while NVIDIA
Jetson AGX Xavier requires 30 W for comparable workloads [39]. These constraints
directly impact achievable throughput, with thermal throttling reducing performance
by up to 40% during extended inference sessions.

Latency requirements vary substantially across application domains, from 10 ms
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for augmented reality applications to 200 ms for conversational agents [13, 164].
Meeting these targets requires sophisticated scheduling algorithms that account
for model complexity, available resources, and network conditions. Ma et al. [82]
introduces multi-tier scheduling using graph convolutional networks, achieving 26.3%
throughput improvement while maintaining sub-50 ms response times. Privacy
considerations further complicate deployment strategies, as regulatory frameworks
increasingly mandate on-device processing for sensitive data. The European Union’s
AI Act and similar legislation prohibit cloud transmission of biometric and health data,
necessitating complete on-device inference pipelines [72, 98].

The landscape of edge LLM deployment underwent substantial evolution through-
out 2024-2025, marked by breakthrough achievements in model compression and
hardware acceleration. Tian et al. [129] presents CLONE, a comprehensive framework
achieving 11.92× acceleration and 7.36× energy reduction through algorithm-hardware
co-design. Concurrently, advances in quantisation techniques enable deployment of
70-billion parameter models on consumer devices, with Guo et al. [43] demonstrating
61% average downstream accuracy using 1-bit quantisation – a significant improve-
ment over previous 51.2% baselines. These developments signal a paradigm shift from
cloud-centric to edge-first AI architectures.

Researchers have developed an extensive toolkit of optimisation techniques, collabo-
rative frameworks, and hardware solutions to address these multifaceted challenges.
The subsequent sections examine these approaches systematically, beginning with
model compression techniques (subsection 2.2), followed by analysis of edge-cloud
collaborative architectures (section 3), and concluding with hardware acceleration
solutions (section 4).

2.1. Popular open-source LLMs and frameworks
The proliferation of open-source frameworks tailored for edge deployment reflects the

community’s response to diverse hardware constraints and application requirements.
These frameworks implement distinct optimisation strategies, from aggressive model
compression to distributed inference orchestration, each targeting specific deployment
scenarios. Table 1 presents a taxonomy of contemporary frameworks, categorising
them by architectural approach, supported model sizes, and optimisation techniques.

Recent developments in decentralised inference architectures significantly depart
from traditional client-server paradigms. P2PLLMEdge [109] implements a peer-to-peer
protocol enabling collaborative inference across CPU-only devices, achieving 72.8%
reduction in evaluation duration for summarisation tasks compared to standalone
execution. The framework employs RESTful APIs for inter-peer communication, with
measured network overhead of 25.83×109 nanoseconds – a 44.9% improvement over
traditional RPC mechanisms. DLUSEdge [108] extends this concept through dynamic
load-unload scheduling, maintaining task latency below 1.97×109 nanoseconds for
models including qwen2.5:0.5b-instruct and granite3-moe:1b-instruct-q4_K_M.

TinyAgent [30] revolutionises on-device function calling through a two-stage training
process that first distils knowledge from larger models, then fine-tunes for specific
edge constraints. The framework’s TinyAgent-1.1B variant achieves 94.3% function
calling accuracy – comparable to GPT-4’s 95.1% – while requiring only 1.3 GB memory
and processing at 80 tokens/second on mobile GPUs. The larger TinyAgent-7B
model extends capabilities to complex multi-step reasoning tasks, maintaining 89.7%
accuracy on the HumanEval benchmark while operating within a 7 GB memory
footprint. Critical to its efficiency is the tool retrieval mechanism that reduces input
prompt length by 65%, directly translating to proportional reductions in computational
requirements.

Collaborative frameworks bridge the gap between edge constraints and model capa-
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Table 1
Taxonomy of open-source LLMs and frameworks for edge deployment with performance
metrics.

Framework Architecture Model
sizes Key features Performance

metrics

TinyAgent Standalone 1.1B – 7B Function calling,
tool retrieval

80 tok/s, 94.3% ac-
curacy

MNN-LLM Mobile-optimized Up to 13B Hybrid storage,
tiered caching

60 tok/s, 4 GB
RAM

h2oGPT Scalable 7B – 70B No-code GUI, multi-
backend

40 tok/s, flexible
deployment

P2PLLMEdge Peer-to-peer 360M – 2B Decentralized, CPU-
only

21.77 tok/s, 44.7%
latency reduction

DLUSEdge Dynamic schedul-
ing

0.5B – 1B Load-unload opti-
mization

1.97×109 ns latency

EdgeShard Collaborative Up to 70B Model partitioning,
adaptive

50% latency reduc-
tion

LLaMPS Enterprise 70B+ Distributed blocks,
ILP optimization

150 QPS, 450 ms
P95

ScaleLLM Hybrid 7B – 70B End-to-end opti-
mization

4.3× speedup over
vLLM

LinguaLinked Mobile mesh 3B – 13B Cross-device collab-
oration

65% throughput in-
crease

bilities through intelligent workload distribution. EdgeShard [171] partitions trans-
former layers across multiple devices using a dynamic programming algorithm that
minimises end-to-end latency while considering communication overhead. The frame-
work’s adaptive device selection mechanism evaluates real-time resource availability,
network latency, and computational capacity, achieving optimal shard placement in
𝑂(𝑛2𝑚) time complexity, where 𝑛 represents model layers and 𝑚 denotes available de-
vices. Experimental deployments across heterogeneous clusters demonstrate a 54.7%
reduction in communication overhead compared to naive round-robin distribution.

MNN-LLM [137] addresses mobile-specific constraints through a hybrid DRAM-
Flash storage architecture that dynamically manages model weights based on access
patterns. The framework implements a three-tier caching strategy: frequently accessed
weights remain in DRAM (tier 1), moderately accessed weights utilise high-speed Flash
(tier 2), while rarely accessed weights reside in standard Flash storage (tier 3). This
approach enables deployment of 13-billion parameter models on devices with only
4 GB RAM, albeit with 15-20% increased latency compared to full-memory deployment.
Performance profiling reveals that 78% of inference time involves only 23% of model
weights, validating the effectiveness of selective caching strategies.

LLaMPS [7] introduces enterprise-focused distributed deployment, enabling organi-
sations to leverage existing computational infrastructure for LLM hosting. The system
employs integer linear programming for optimal transformer block placement, con-
sidering factors including memory capacity, network topology, and computational
capabilities. Deployment across a 50-node enterprise network hosting LLaMA-70b
demonstrates sustained throughput of 150 queries/second with P95 latency of 450 ms.
The framework’s resource contribution mechanism allows dynamic scaling, with nodes
joining or leaving the pool based on workload demands and availability constraints.
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h2oGPT [14] provides a comprehensive ecosystem supporting models from 7B to
70B parameters, emphasising ease of deployment through its no-code GUI. The H2O
LLM Studio component enables rapid prototyping and deployment, reducing time-to-
production from weeks to hours. Integration with popular inference servers (vLLM,
TGI, llama.cpp) ensures compatibility across diverse deployment environments, while
automatic optimisation selection adapts to detected hardware capabilities.

Figure 1 illustrates the performance characteristics of these frameworks across
multiple dimensions, incorporating recent benchmarking results from standardised
evaluation suites. The analysis reveals distinct trade-offs between inference speed,
memory efficiency, and model accuracy, with no single framework dominating across
all metrics.
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Figure 1: Three-dimensional performance analysis of edge LLM frameworks showing the
relationship between inference speed, memory efficiency, and model accuracy. Data points
represent average performance across standard benchmarks, including MMLU, HumanEval,
and GSM8K.

Framework selection for specific deployment scenarios requires careful consideration
of multiple factors beyond raw performance metrics. Resource availability dictates
feasibility boundaries – devices with less than 2 GB RAM require ultra-lightweight
frameworks like P2PLLMEdge or quantised MNN-LLM deployments. Network topol-
ogy influences collaborative framework effectiveness; EdgeShard excels in stable,
high-bandwidth environments, while P2PLLMEdge demonstrates resilience in inter-
mittent connectivity scenarios. Application requirements further constrain choices:
real-time applications benefit from TinyAgent’s optimised inference pipeline, while
batch processing scenarios leverage LLaMPS’s distributed architecture for maximum
throughput.

2.2. Techniques for efficient LLM deployment on edge devices
The transformation of billion-parameter models into edge-deployable variants re-

quires sophisticated compression techniques that preserve semantic capabilities while
dramatically reducing computational requirements. Recent advances in compression
methodology achieve 40× model size reduction with less than 5% accuracy degrada-
tion, enabling deployment of previously cloud-exclusive models on mobile devices
[116, 125, 164]. Table 2 presents an analysis of contemporary compression techniques,
including quantitative performance metrics and applicable model scales.
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Table 2
Analysis of compression techniques with quantitative metrics and deployment characteristics.

Technique Method details Compression
ratio

Accuracy
retention

Hardware
requirements

Quantisation Int8/Int4/Binary
precision reduction

4-32× 91-98% Standard CPU/GPU

OS+ quantisation Channel-wise shift-
ing/scaling

8× 95% (6-bit) Mobile NPU

Structured pruning Block/channel re-
moval

2-5× 93-96% Vectorized CPU

Unstructured prun-
ing

Individual weight re-
moval

10-20× 90-95% Sparse kernels

Composite pruning Projection + magni-
tude pruning

6.25× 94% GPU preferred

Knowledge distilla-
tion

Teacher-student
transfer

100-4000× 80-95% Training GPU

Layer-wise distilla-
tion

Intermediate repre-
sentation matching

40× 92% Multi-GPU

LoRA/adapters Low-rank weight up-
dates

N/A (efficient
tuning)

95-98% Standard hardware

FAH-QLoRA Heterogeneous
quantisation + LoRA

4× memory 96% Edge devices

Quantisation techniques have evolved from simple uniform quantisation to so-
phisticated adaptive schemes that account for activation distributions and layerwise
sensitivity. Wei et al. [139] introduces Outlier Suppression+ (OS+), implementing
channel-wise shifting and scaling that addresses activation outliers – a primary source
of quantisation error in transformer models. The technique achieves near-floating-
point performance with 6-bit quantisation and establishes new state-of-the-art results
for 4-bit BERT with 15.5% improvement over previous methods. The approach specifi-
cally targets outlier channels that constitute only 0.1% of activations but contribute
to 15% of quantisation error.

Integer-only quantisation represents a critical advancement for edge deployment,
eliminating floating-point operations and enabling efficient execution on mobile NPUs.
Hu et al. [53] proposes an enhanced channel smoothing technique based on channel
value ranges, achieving W4A4 (4-bit weights, 4-bit activations) quantisation with
minimal accuracy loss. The framework reduces model size by 8× compared to FP32
baselines while maintaining 91.2% of original accuracy on downstream tasks. Critical
to its success is the channel reordering mechanism that groups similar-magnitude
channels, reducing quantisation error by 23% compared to random ordering.

Structured and unstructured pruning techniques exhibit distinct trade-offs between
compression ratio and hardware efficiency. Do, Shirai and Nguyen [25] introduces
Weighted-Iterative Pruning (WIP) that prevents channel collapse – a phenomenon
where entire neurons become zeroed during aggressive pruning. The iterative ap-
proach recalculates importance scores after each 10% pruning iteration, maintaining
network connectivity while achieving 60% sparsity. Hardware profiling demonstrates
that structured pruning enables 2.3× speedup on mobile CPUs through vectorised op-
erations, while unstructured pruning requires specialised sparse kernels for efficient
execution.
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Composite pruning methods combine multiple pruning strategies to maximise com-
pression while maintaining model quality. Eccles, Wong and Varghese [29] presents
MOSAIC, implementing projection-based pruning that reduces model parameters by
84.2% while achieving 31.4% higher accuracy than traditional magnitude-based prun-
ing. The technique projects weight matrices into lower-dimensional subspaces before
pruning, preserving critical information pathways. Deployment on edge GPUs demon-
strates 67% faster inference and 68% lower memory usage compared to unpruned
models.

Knowledge distillation has evolved beyond simple teacher-student paradigms to en-
compass sophisticated multi-stage distillation pipelines. Latif et al. [67] demonstrates
that distilling from ensemble teachers improves student model robustness, achieving
85% of teacher performance with 4,000× parameter reduction. The distillation pro-
cess optimises a weighted combination of task loss (weight=0.3) and distillation loss
(weight=0.7), with temperature parameter 𝜏=4.0 providing optimal knowledge transfer.
Layerwise distillation, as implemented in Lin, Chen and Kao [77], further improves
efficiency by matching intermediate representations, reducing the distillation training
time by 40%.

Parameter-efficient fine-tuning through adapter modules and Low-Rank Adaptation
(LoRA) enables task-specific optimisation without modifying base model weights.
Gao et al. [36] introduces FAH-QLoRA, combining heterogeneous quantisation with
adaptive LoRA rank selection. The framework reduces training time by 45.86% and
memory usage by 44.15% compared to full fine-tuning while maintaining comparable
task performance. Dynamic rank adjustment across training iterations – starting with
rank 8 and progressively reducing to rank 2 – balances expressiveness with efficiency.
The approach proves particularly effective for federated learning scenarios, where edge
devices collaboratively fine-tune shared models without transmitting raw data.

Figure 2 presents a comparison of compression techniques across three critical
dimensions: compression ratio, inference speedup, and accuracy retention. The
analysis incorporates results from 47 recent studies, providing statistical confidence
intervals for each technique category.

Hybrid compression strategies that combine multiple techniques demonstrate su-
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Figure 2: Comparative analysis of compression techniques showing compression ratio, infer-
ence speedup, and accuracy retention with 95% confidence intervals. Data aggregated from 47
studies published between 2023 and 2025. Hybrid approaches combine multiple techniques
for maximum compression.
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perior performance compared to individual methods. Cao and Aref [15] integrates
saliency-aware quantisation with selective pruning, achieving 10.85% reduction in
accuracy degradation for LLaMA 7B models compared to quantisation alone. The
synergistic effect emerges from pruning’s removal of redundant parameters, creating
more uniform weight distributions amenable to quantisation. Sequential application –
pruning followed by quantisation and concluded with knowledge distillation – yields
optimal results, with each stage informed by the constraints imposed by previous
compressions.

The sequence and scheduling of compression operations significantly impact fi-
nal model quality. Park et al. [95] introduces DecDEC, a progressive compression
framework that dynamically adjusts compression parameters during deployment. The
system maintains residual matrices representing differences between full-precision
and compressed weights, selectively fetching residuals for salient channels during
inference. This approach reduces perplexity from 10.15 to 9.12 for 3-bit models while
adding only 0.0003% memory overhead. The dynamic nature enables adaptation
to input characteristics, with computational overhead varying from 1.7% for simple
inputs to 4.2% for complex sequences.

The compression techniques discussed in this section provide the foundation for
edge deployment but often require complementary architectural innovations to achieve
practical performance targets. The following section examines edge-cloud collabora-
tive frameworks that leverage these compressed models within distributed systems,
enabling capabilities that exceed what standalone edge devices can achieve while
maintaining the latency and privacy benefits of edge computing.

3. Edge-cloud collaborative frameworks and architectures
The deployment of large language models through edge-cloud collaborative architec-

tures represents a fundamental paradigm shift from traditional centralised computing,
necessitating sophisticated coordination mechanisms that balance computational
distribution with communication efficiency [177, 181]. Recent empirical studies
demonstrate that collaborative frameworks achieve a 54.7% reduction in communica-
tion overhead compared to naive distribution strategies, while maintaining inference
latency within acceptable bounds for real-time applications [171]. The heterogeneous
landscape of edge computing – ranging from resource-constrained IoT devices with
2 GB RAM to edge servers with specialised accelerators – demands architectural
approaches that transcend simple workload partitioning [13, 33, 157].

Contemporary edge-cloud collaborative frameworks exhibit distinct architectural
patterns that reflect different optimisation priorities and deployment contexts. Qiao
et al. [100] categorises these architectures into hierarchical prompt-based systems
that leverage structured templates for coordination, token-level dynamic collaboration
frameworks that enable fine-grained model invocation, and peer-to-peer distributed
architectures that eliminate centralised bottlenecks. Each architectural paradigm
addresses specific challenges: hierarchical systems optimise for usability and sys-
tematic prompt engineering, token-level approaches maximise adaptability across
heterogeneous models, while peer-to-peer frameworks prioritise resilience and decen-
tralised resource utilisation [7, 109]. The evolution from static partitioning strategies
to dynamic, context-aware collaboration reflects the increasing sophistication of edge
intelligence systems [51, 79].

The design of effective edge-cloud collaborative frameworks confronts four fun-
damental challenges that significantly impact system performance and scalability.
First, heterogeneity manifests across multiple dimensions – computational capabilities
varying by three orders of magnitude, memory constraints ranging from megabytes
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to gigabytes, and network bandwidth fluctuating between 1 Mbps and 10 Gbps –
requiring frameworks to dynamically adapt their resource allocation strategies [33, 44].
Second, communication overhead represents a critical bottleneck, with intermediate
activations consuming up to 67% of total inference time in naive implementations, ne-
cessitating sophisticated compression and scheduling mechanisms [171, 172]. Third,
synchronisation complexity emerges from the need to maintain model consistency
across distributed nodes while accommodating stragglers, with asynchronous updates
potentially degrading accuracy by 15-20% without proper staleness management
[99, 121]. Finally, security vulnerabilities introduced by distributed processing –
including prompt inversion attacks achieving 88.4% token recovery accuracy and
membership inference with 72% success rates – demand robust privacy-preserving
mechanisms integrated at the architectural level [17, 106].

The landscape of edge-cloud collaboration underwent a substantial transformation
throughout 2024-2025, marked by the emergence of production-ready frameworks
and standardised deployment patterns. Huang, Meng and Jia [55] introduces joint
optimisation techniques that balance prompt security with system performance,
achieving 12.3% latency reduction while maintaining differential privacy guarantees.
Industrial deployments by major cloud providers demonstrate the practical viability
of these approaches, with Chen et al. [20] reporting successful implementation of
NetGPT serving millions of users with 20.7% cost reduction compared to cloud-
only alternatives. These real-world deployments validate theoretical advances while
revealing new challenges in scale, particularly regarding dynamic workload patterns
and adversarial network conditions [50, 51].

3.1. Overview of collaborative frameworks
Table 3 presents a taxonomy of state-of-the-art collaborative frameworks, revealing

distinct architectural approaches and performance characteristics. The frameworks
demonstrate complementary strengths: EdgeShard excels in latency-sensitive de-
ployments through sophisticated partitioning algorithms, while Edge-LLM prioritises
quality of service through adaptive quantisation mechanisms. Recent entrants such
as Jupiter and ShuffleInfer represent second-generation architectures incorporating
lessons from earlier systems, achieving order-of-magnitude improvements in specific
metrics.

EdgeShard [171] pioneers a comprehensive approach to collaborative edge comput-
ing through its three-tier architecture comprising device selection, model partitioning,
and inference orchestration layers. The framework’s core innovation lies in its dynamic
programming algorithm that jointly optimises shard placement and device selection,
formulated as:

min
S,D

𝑁∑︁
𝑖=1

(︁
𝑇
(𝑖)
comp(S) + 𝑇

(𝑖)
comm(D)

)︁
s.t. 𝑀 (𝑖) ≤ 𝑀

(𝑖)
max, ∀𝑖 (1)

where S represents the sharding strategy, D denotes device assignment, and 𝑀 (𝑖)

indicates memory constraints for device 𝑖. The algorithm achieves polynomial time
complexity 𝑂(𝑛2𝑚) where 𝑛 represents model layers and 𝑚 denotes available devices,
making it practical for real-time deployment scenarios.

The partitioning mechanism employs a sophisticated cost model that accounts for
three critical factors: computational complexity measured through FLOPs per layer,
memory footprint including activation storage requirements, and communication
patterns between consecutive layers. Experimental evaluations on heterogeneous
testbeds comprising Raspberry Pi 4B devices, NVIDIA Jetson Nano modules, and x86
edge servers demonstrate that EdgeShard’s adaptive partitioning reduces end-to-end
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Table 3
Comparison of edge-cloud collaborative frameworks for LLM deployment with performance
benchmarks.

Framework Key
features

Model
sizes Latency Throughput Target

applications

EdgeShard [171] Model partitioning,
adaptive device se-
lection, dynamic
programming

Up to 70B 50% re-
duction

2× improve-
ment

Content gen-
eration, IoT
decision mak-
ing

Edge-LLM [13] Adaptive quantisa-
tion, FM cache,
VDF scheduling

7B – 30B 200 ms 150 req/s AI applica-
tions, QoS
optimization

PAC [94] Parallel adapters,
activation cache,
data parallelism

1B – 13B 8.64×
speedup

88% memory
reduction

Personal LLM
fine-tuning

PrismPrompt [100] Hierarchical
prompts, incre-
mental decisions

7B – 70B 150 ms 100 req/s Healthcare,
medical ad-
vice

P2PLLMEdge [109] Peer-to-peer, CPU-
only, RESTful APIs

360M – 2B 44.7%
reduc-
tion

21.77 tok/s Resource-
constrained
edge

Jupiter [160] Pipelined architec-
ture, speculative
decoding

3B – 30B 26.1× re-
duction

3× speedup Generative in-
ference

ShuffleInfer [53] Disaggregated
scheduling, mixed
workloads

7B – 175B 97%
TTFT re-
duction

150 QPS Mixed down-
stream tasks

latency by 50% compared to static partitioning baselines while improving throughput
by 2×. The framework excels in dynamic workload patterns scenarios, where its
online adaptation mechanism adjusts shard placement based on real-time resource
availability with sub-second response times.

Edge-LLM [13] addresses the challenge of maintaining service quality under resource
constraints through a holistic optimisation framework that coordinates three key
components: adaptive quantisation, frequency-based model caching, and value density
first scheduling. The adaptive quantisation mechanism dynamically adjusts precision
levels from INT4 to FP16 based on layer sensitivity analysis, achieving 91.2% accuracy
retention while reducing memory footprint by 75%. The quantisation decision process
follows:

𝑏*𝑙 = arg min
𝑏∈{4,8,16}

[𝛼 · 𝐿acc(𝑏, 𝑙) + (1− 𝛼) ·𝑀mem(𝑏, 𝑙)] (2)

where 𝑏*𝑙 represents optimal bit-width for layer 𝑙, 𝐿acc denotes accuracy loss, and 𝑀mem
indicates memory consumption.

The frequency-based model (FM) cache introduces a novel two-tier storage hierarchy
that maintains frequently accessed model parameters in high-speed SRAM while
relegating less critical weights to DRAM. Cache replacement follows an adaptive LRU-K
algorithm modified for neural network access patterns, with K dynamically adjusted
based on workload characteristics. Performance profiling reveals that 78% of inference
computations access only 23% of model parameters, validating the effectiveness
of selective caching. The value density first (VDF) scheduling algorithm optimises
resource utilisation by prioritising computations with high impact on output quality,
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measured through gradient-based importance scores. This tri-partite optimisation
enables Edge-LLM to achieve a 40% reduction in GPU memory usage while maintaining
inference latency below 200 ms for 7B parameter models.

The Pluto and Charon (PAC) framework [94] revolutionises collaborative edge AI
through its innovative parallel adapter architecture that enables efficient fine-tuning
on resource-constrained devices. The framework decomposes the fine-tuning pro-
cess into three stages: adapter initialisation using low-rank decomposition, parallel
training across distributed devices, and activation-cached backpropagation. The
parallel adapter mechanism introduces lightweight modules with only 0.1% additional
parameters while achieving 95% of full fine-tuning performance:

hadapted = h+Wdown · 𝜎(Wup · h) (3)

where Wdown ∈ R𝑑×𝑟 and Wup ∈ R𝑟×𝑑 represent low-rank projection matrices with rank
𝑟 ≪ 𝑑.

The activation cache mechanism represents a breakthrough in memory-efficient
training, storing intermediate activations during forward passes to eliminate redundant
computations in backward propagation. This approach reduces memory requirements
by 88.16% compared to traditional fine-tuning while maintaining gradient fidelity.
The cache employs a ring buffer structure with checkpoint-based eviction policies,
ensuring 𝑂(1) access time for frequently used activations. PAC’s hybrid parallelism
strategy combines data parallelism for adapter training with pipeline parallelism for
base model inference, achieving near-linear scaling up to 8 devices. Deployment on
edge clusters demonstrates 8.64× speedup in fine-tuning time compared to sequen-
tial approaches, with energy consumption reduced by 62% through elimination of
redundant computations.

Recent frameworks introduced in 2025 further advance the state-of-the-art through
specialised optimisations. PrismPrompt [100] leverages hierarchical prompt engineer-
ing combined with cloud-edge collaboration to achieve medical-grade accuracy in
healthcare applications, utilising a multi-expert decision-making process that syn-
thesises outputs from specialised models. Jupiter [160] introduces fast generative
inference through a novel combination of intra-sequence pipeline parallelism and
outline-based speculative decoding, achieving 26.1× latency reduction while maintain-
ing generation quality comparable to cloud-based systems. ShuffleInfer [53] addresses
the challenge of mixed downstream workloads through disaggregated scheduling that
separates prefill and decode phases, enabling a 97% reduction in time-to-first-token
while serving 150 queries per second on commodity hardware.

Figure 3 presents a comprehensive performance analysis revealing distinct trade-offs
among frameworks. Jupiter achieves the lowest latency through aggressive specula-
tive decoding but sacrifices memory efficiency, while PAC demonstrates exceptional
throughput via parallel processing at the cost of increased latency variability. Shuffle-
Infer’s superior scalability stems from its disaggregated architecture that dynamically
adapts to workload characteristics, making it suitable for production deployments
with unpredictable traffic patterns.

3.2. Techniques for optimised LLM inference
The optimisation of LLM inference in edge-cloud collaborative environments re-

quires sophisticated techniques that address the fundamental tension between model
expressiveness and resource constraints. Recent advances in 2025 demonstrate
that combining multiple optimisation strategies – adaptive quantisation, intelligent
scheduling, and efficient caching – achieves synergistic improvements exceeding the
sum of individual techniques [79, 178]. The convergence of these approaches enables
practical deployment of models with billions of parameters on edge devices previously
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Figure 3: Multi-dimensional performance comparison of collaborative frameworks across four
key metrics: latency (lower is better), throughput, memory efficiency, and scalability (higher is
better for the latter three). Values are normalised relative to baseline cloud-only deployment.
Data aggregated from empirical evaluations on heterogeneous edge testbeds with workloads
ranging from 10 to 1000 concurrent requests.

limited to simple neural networks [17, 136]. As shown in table 4, adaptive quantisation
techniques can reduce latency by 35-45% with only a 2-5% accuracy impact.

Adaptive quantisation techniques have evolved from uniform bit-width reduction
to sophisticated layerwise and channel-wise precision optimisation that accounts
for sensitivity variations across model architectures. The fundamental principle
underlying adaptive quantisation involves minimising the quantisation error while
constraining resource usage:

ℒquant =

𝐿∑︁
𝑙=1

𝜆𝑙 · ||W𝑙 −𝑄(W𝑙, 𝑏𝑙)||2𝐹 + 𝛽 ·
𝐿∑︁
𝑙=1

𝑏𝑙 · 𝑛𝑙 (4)

where 𝑄(·) represents the quantisation function, 𝑏𝑙 denotes bit-width for layer 𝑙, 𝑛𝑙

indicates the number of parameters, and 𝜆𝑙 represents layer-specific importance
weights derived from Fisher information matrices.

Recent innovations in quantisation extend beyond simple precision reduction to
encompass activation-aware and gradient-guided approaches. Kim, Seo and Nguyen
[66] introduces mixed INT4-INT8 quantisation with progressive layerwise assignment,
utilising dynamic sensitivity estimation that adapts bit allocation during inference
based on input characteristics. The method employs a two-phase process: static
sensitivity measurement during calibration, followed by runtime adjustment based
on activation patterns. Experimental results demonstrate 40-50% latency reduction
with only 3% accuracy degradation on downstream tasks. Xiao et al. [143] proposes
SmoothQuant, which addresses the challenge of activation outliers through mathe-
matical transformations that redistribute quantisation difficulty from activations to
weights. The smoothing operation:

X̃ = X · diag(s)−1, W̃ = diag(s) ·W (5)

preserves mathematical equivalence while enabling INT8 quantisation of both weights
and activations, achieving 1.56× speedup with negligible accuracy loss.
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Table 4
Taxonomy of optimisation techniques for collaborative LLM inference with empirical perfor-
mance metrics.

Technique Key mechanism Latency
reduction

Accuracy
impact References

Adaptive quantisa-
tion

Dynamic precision
adjustment per layer

35-45% -2 to -5% Cai et al. [13], Shen
et al. [116]

Mixed INT4-INT8 Progressive layerwise
bit allocation

40-50% -3% Kim, Seo and Nguyen
[66]

SmoothQuant Activation smoothing
before quantisation

30-40% -1% Xiao et al. [143]

RL-based scheduling MARL for dynamic
task allocation

25-35% No impact Yao et al. [159], Liu
et al. [79]

Vector databases Embedding-based re-
sult caching

40-60% No impact Yao et al. [159]

FM caching Frequency-based pa-
rameter storage

20-30% No impact Cai et al. [13]

Speculative decoding Parallel token verifi-
cation

50-70% No impact Yi et al. [161], Xia
et al. [142]

Token tree pruning Dynamic branch
elimination

45-55% -1 to -2% Zhong et al. [180]

Communication com-
pression

Activation sparsifica-
tion + encoding

30-40% -2% Zhang [172]

Reinforcement learning-based scheduling has emerged as a powerful paradigm for
optimising task allocation in heterogeneous edge-cloud environments, with multi-agent
reinforcement learning (MARL) demonstrating particular promise for decentralised
coordination [79, 159]. The scheduling problem is formulated as a Markov Decision
Process (MDP) where states encode device capabilities, network conditions, and
task queues; actions represent allocation decisions; and rewards balance latency,
throughput, and resource utilisation:

𝑅𝑡 = −𝛼 · 𝐿𝑡 − 𝛽 · 𝐸𝑡 + 𝛾 · 𝑇𝑡 (6)

where 𝐿𝑡 represents latency, 𝐸𝑡 denotes energy consumption, and 𝑇𝑡 indicates through-
put at time 𝑡.

Yao et al. [159] introduces VELO (Vector database-assisted cloud-Edge collaborative
LLM QoS Optimisation), which employs diffusion-based policy networks to extract
LLM request features and determine optimal routing between cloud inference and
edge cache retrieval. The diffusion model generates stochastic policies that explore
the action space while maintaining stability through variance reduction techniques.
The framework achieves 15% performance improvement over deterministic baselines
through better exploration of the scheduling space. The coordination mechanism
between agents follows a hierarchical structure where edge agents make local decisions
based on partial observations while a central coordinator provides global guidance
through periodic policy updates. This hybrid approach balances the benefits of
decentralised execution with centralised learning, achieving convergence in 10,000
episodes compared to 25,000 for fully decentralised alternatives.

Vector databases and caching mechanisms fundamentally transform the economics
of edge LLM inference by eliminating redundant computations for semantically similar
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queries [13, 159]. The vector database approach embeds query-response pairs in
high-dimensional space using transformer-based encoders, enabling efficient nearest-
neighbour retrieval for similar requests:

sim(q, r) =
e𝑇𝑞 e𝑟

||e𝑞|| · ||e𝑟||
> 𝜏 (7)

where e𝑞 and e𝑟 represent query and cached response embeddings, and 𝜏 denotes the
similarity threshold.

Implementation considerations for vector databases in edge environments include
index structure selection, with hierarchical navigable small world (HNSW) graphs
providing 𝑂(log𝑛) search complexity suitable for real-time retrieval. Yao et al. [159]
demonstrates that maintaining a 10,000-entry cache with 768-dimensional embed-
dings requires only 30 MB of memory while serving 60% of queries without cloud
inference. The cache replacement strategy employs adaptive time-to-live (TTL) based
on query frequency patterns, with popular queries retained longer through exponential
decay functions. Performance evaluation on production workloads shows 40-60% la-
tency reduction for cached queries, with cache hit rates exceeding 55% after warm-up
periods.

The optimisation of communication between edge and cloud components represents
a critical bottleneck, with naive approaches consuming up to 70% of total inference
time for bandwidth-constrained deployments [171, 172]. Advanced compression tech-
niques address this challenge through three complementary approaches: activation
sparsification that exploits the inherent sparsity of neural network activations, achiev-
ing an 80% reduction in transmitted data; gradient-based importance sampling that
selectively transmits high-impact parameters, reducing communication by 60%; and
lossless encoding schemes optimised for neural network data patterns, providing an
additional 20% compression.

Speculative decoding techniques revolutionise inference efficiency by generating
multiple token candidates in parallel, followed by verification, achieving substantial
speedups while maintaining output quality [142, 161, 180]. The fundamental insight
involves using a smaller “draft” model to generate candidate sequences that are
subsequently verified by the target model in a single forward pass. Zhong et al. [180]
extends this concept through ProPD (Dynamic Token Tree Pruning and Generation),
which constructs token trees representing multiple generation paths and dynamically
prunes unlikely branches based on confidence scores. The pruning criterion:

prune(𝑛) =

{︃
1 if 𝑝(𝑛) < 𝜃 ·max𝑚∈siblings(𝑛) 𝑝(𝑚)

0 otherwise
(8)

eliminates 75% of verification overhead while maintaining a 98% acceptance rate for
generated tokens.

Figure 4 illustrates the complex trade-offs between latency, throughput, and accu-
racy across different optimisation techniques. The non-linear relationship between
these metrics highlights the importance of application-specific optimisation strate-
gies. Combined optimisation approaches, while achieving the best latency-throughput
characteristics, require careful tuning to minimise accuracy degradation. The Pareto
frontier formed by these techniques provides system designers with clear guidance for
selecting appropriate optimisations based on deployment requirements.

Recent developments in 2025 introduce novel optimisation paradigms that challenge
traditional approaches. Deschenaux and Gulcehre [21] proposes diffusion-based
language models that generate multiple tokens simultaneously, achieving 8× speedup
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Figure 4: Three-dimensional visualisation of optimisation technique impacts on inference
performance metrics. Each point represents averaged results across five model sizes (1B-13B
parameters) tested on heterogeneous edge deployments. The progression from baseline to
combined optimisation demonstrates the synergistic effects of multiple techniques, achieving
68% latency reduction and 4.4× throughput improvement with 6% accuracy trade-off.

over autoregressive baselines while maintaining comparable perplexity. The approach
leverages self-distillation through time, reducing inference steps by a factor of 32-64
through iterative refinement of the noise schedule. Arriola et al. [5] introduces block
diffusion models that interpolate between autoregressive and diffusion paradigms, en-
abling flexible-length generation with parallelised inference. These non-autoregressive
approaches represent a fundamental departure from sequential token generation,
potentially revolutionising edge deployment strategies.

Integrating these optimisation techniques within edge-cloud collaborative frame-
works demonstrates that practical deployment of large-scale language models on
resource-constrained devices is feasible and increasingly efficient. The synergistic
combination of adaptive quantisation, intelligent scheduling, and caching mechanisms
reduces inference latency by up to 70% while maintaining accuracy within acceptable
bounds for production applications. As frameworks evolve, the focus shifts from
individual optimisations to holistic system design that considers the interplay between
techniques, hardware capabilities, and application requirements. This systematic
approach to optimisation paves the way for the next generation of edge intelligence
systems that seamlessly blend local processing with cloud resources, as explored in
the subsequent analysis of hardware acceleration solutions.

4. Hardware acceleration solutions and chipsets
The computational demands of large language models necessitate specialised hard-

ware architectures that transcend traditional von Neumann designs, particularly when
targeting resource-constrained edge deployments where power budgets range from
5 W for mobile devices to 30 W for edge servers [9, 163]. Recent empirical studies
demonstrate that hardware acceleration achieves performance improvements of 15-
45× compared to general-purpose processors while reducing energy consumption by
factors of 3.6-9× [38, 82]. The heterogeneous landscape of edge computing platforms –
from ARM-based mobile SoCs to RISC-V embedded processors and specialised neural
processing units – requires diverse architectural approaches that balance computa-
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tional throughput, memory bandwidth, and energy efficiency [2, 33]. This section
examines contemporary hardware acceleration solutions through a comprehensive
lens, analysing their architectural innovations, performance characteristics, and
deployment trade-offs in real-world edge scenarios.

The design space for edge-based LLM accelerators encompasses three fundamen-
tal architectural paradigms, each addressing distinct bottlenecks in the inference
pipeline. First, compute-centric architectures prioritise raw computational throughput
through specialised matrix multiplication units and systolic arrays, achieving up to
7088 GOPS/W energy efficiency [104]. Second, memory-centric designs optimise data
movement through innovative storage hierarchies, including hybrid DRAM-NAND
configurations and compute-in-memory approaches that reduce memory access by
83.6% [163, 166]. Third, co-design frameworks jointly optimise hardware and software
components, enabling adaptive precision control and workload-specific acceleration
that yields 11.92× speedup with 7.36× energy savings [24, 129]. These paradigms con-
verge in modern accelerator designs that employ heterogeneous integration strategies,
combining multiple specialised units within a single package to address the diverse
computational patterns of transformer-based models.

4.1. Overview of hardware solutions
Cambricon-LLM represents a paradigm shift in edge LLM acceleration through its

chiplet-based hybrid architecture that seamlessly integrates a neural processing unit
with dedicated NAND flash storage, addressing the fundamental memory wall that
constrains traditional accelerators [163]. The architecture employs a sophisticated
three-tier memory hierarchy: on-chip SRAM for frequently accessed weights (256 KB),
high-bandwidth DRAM for intermediate activations (4 GB), and NAND flash for com-
plete model storage (up to 128 GB). The hardware-tiling strategy partitions transformer
layers across the NPU-flash boundary using a cost model that minimises data transfer
overhead:

𝐶tile = 𝛼 · 𝑇compute + 𝛽 · 𝑇transfer + 𝛾 · 𝐸flash (9)

where 𝑇compute represents NPU processing time, 𝑇transfer denotes flash-to-NPU latency,
and 𝐸flash indicates flash access energy. The in-flash computing capability performs
lightweight operations directly within the NAND array, including ReLU activation and
4-bit quantisation, reducing data movement by 67%. Performance measurements
on 70B parameter models demonstrate inference speeds of 3.44 tokens/second – a
22-45× improvement over conventional flash-offloading techniques that suffer from
bandwidth limitations of 800 MB/s versus the 6.4 GB/s achieved through Cambricon-
LLM’s optimised interface. As detailed in table 5, Cambricon-LLM achieves 3.44-36.34
tokens/s throughput while maintaining a 15 W peak power consumption through its
chiplet NPU+NAND architecture.

AxLaM advances energy-efficient edge acceleration through its innovative adoption of
POSIT arithmetic – a tapered precision number format that provides superior dynamic
range compared to IEEE floating-point while requiring fewer bits [38]. The accelerator’s
dataflow architecture orchestrates 512 POSIT-based multiply-accumulate units in a
systolic array configuration, achieving 1.8 TOPS/W energy efficiency. Critical to its
performance is the integration of high-bandwidth memory (HBM) providing 256 GB/s
bandwidth through 1024-bit wide interfaces, enabling simultaneous weight fetching
and activation processing. The POSIT representation employs variable-length regime
fields that adapt precision based on magnitude:

POSIT(𝑥) = (−1)𝑠 × 2regime × (1 + 𝑓)× 2𝑒 (10)

This adaptive precision reduces quantisation error by 31% compared to INT8 while

195

https://doi.org/10.55056/jec.1000


Journal of Edge Computing, 2025, Vol. 4, Iss. 2, pp. 179–233 https://doi.org/10.55056/jec.1000

Table 5
Comparison of hardware acceleration solutions for edge LLM deployment with performance
benchmarks and architectural features.

Solution Key features Performance Energy References

Cambricon-LLM Chiplet NPU+NAND,
hardware-tiling, in-flash
computing

3.44-36.34
tokens/s

15 W peak Yu et al. [163]

AxLaM POSIT multipliers, HBM,
dataflow optimization

1.8
TOPS/W

9× reduc-
tion

Glint et al.
[38]

DTATrans/DTQAtten Mixed-precision VSSA,
HW-SW co-design

16.04×
speedup

3.62× sav-
ings

Yang et al.
[150]

MECLA Scaling sub-matrix parti-
tion, on-chip regrouping

400B ops
reduced
72.2%

7088
GOPS/W

Qin et al.
[104]

FMC-LLM Memory-centric stream-
ing, multi-FPGA

15.8×
speedup

6× effi-
ciency

Ma et al. [83]

Agile-Quant SIMD 4-bit multipliers,
TRIP matrix ops

2.55× over
FP16

45% reduc-
tion

Shen et al.
[115]

MINOTAUR 8-bit posit, on-chip
RRAM, LoRA support

0.42-0.50
TOPS/W

8.2
mJ/inference

Prabhu et al.
[97]

Skipformer NPU Learnable attention win-
dows, 6-stage pipeline

23.3%
speedup

19.2% mem-
ory↓

Bodenham
and Kung [11]

maintaining comparable hardware complexity. Comparative analysis against the
Simba accelerator reveals AxLaM’s superiority: 9× energy reduction, 58% area re-
duction, and 1.2× latency improvement, attributed to the synergistic combination of
POSIT arithmetic and optimised memory hierarchy.

The DTATrans and DTQAtten accelerators exemplify the power of hardware-software
co-design through their dynamic mixed-precision quantisation framework coupled with
a variable-speed systolic array (VSSA) architecture [149, 150]. The VSSA dynamically
adjusts processing speed from 100 MHz to 1 GHz based on layer-specific precision
requirements, optimising the energy-delay product for each transformer block. The
quantisation scheme employs a three-phase approach: sensitivity analysis during
compilation, runtime precision assignment, and adaptive bit-width scaling based on
activation statistics. This methodology enables seamless transitions between INT4,
INT8, and FP16 precision levels within a single inference pass:

𝑏optimal = min{𝑏 : ℒaccuracy(𝑏) < 𝜖 ∧ 𝑃dynamic(𝑏) < 𝑃budget} (11)

Performance evaluation demonstrates 16.04× speedup and 3.62× energy savings
compared to the Eyeriss accelerator. DTQAtten achieves additional gains through
attention-specific optimisations that exploit the sparsity patterns inherent in self-
attention mechanisms.

MECLA (Memory-Compute-Efficient LLM Accelerator) introduces a revolutionary
scaling sub-matrix partition method that decomposes weight matrices into source
sub-matrices (SS) and derived sub-matrices (DS), where each DS is obtained through
scalar multiplication of corresponding SS elements [104]. This decomposition reduces
memory access by 83.6% and computation by 72.2% for feed-forward network com-
ponents that constitute approximately 67% of LLM parameters. The accelerator fully
exploits intermediate data reuse through three mechanisms: on-chip matrix regroup-
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ing that maintains frequently accessed tiles in SRAM, inner-product multiplication
re-association that reduces partial sum generation, and outer-product partial sum
reuse that eliminates redundant accumulations. Silicon implementation achieves
7088 GOPS/W energy efficiency – 113.14× higher than V100 GPU and 12.99× superior
to the SpAtten accelerator.

FMC-LLM (FPGA-based Memory-Centric LLM accelerator) addresses the challenge of
deploying 70B+ parameter models through a distributed architecture spanning multi-
ple Xilinx Alveo U280 FPGAs connected via high-speed interconnects [83]. The memory-
centric streaming architecture implements asynchronous computation pipelines that
overlap memory access with processing, achieving 85% utilisation of the theoreti-
cal memory bandwidth limit. Key innovations include adaptive batch size selection
based on sequence length, dynamic operator fusion combining multiple transformer
operations, and a hierarchical caching mechanism maintaining attention keys and
values across FPGA boundaries. Performance measurements demonstrate 14.3-15.8×
speedup and 6× power efficiency improvement compared to CPU-only execution, with
the system successfully deploying LLaMA2-70B at 150 queries per second.

4.2. Quantisation and compression techniques for hardware acceleration
The efficacy of hardware accelerators fundamentally depends on sophisticated

quantisation and compression techniques that reduce computational complexity
while preserving model accuracy – a challenge that intensifies as models scale to
billions of parameters [42, 115]. Contemporary approaches transcend uniform bit-
width reduction, employing layerwise, channel-wise, and even token-adaptive precision
control that aligns with hardware capabilities. Table 6 presents a comparative analysis
of hardware-oriented quantisation techniques and their impact on edge deployment.

Table 6
Comparative analysis of hardware-oriented quantisation techniques and their impact on edge
deployment.

Technique Bit-width Accuracy Speedup Hardware

Agile-Quant [115] W4A4/W8A8 94.3% 2.55× ARM/RISC-V
APTQ [42] W3.8A16 68.24% 1.8× GPU/NPU
MobileQuant [126] W8A8 95.2% 1.5× Mobile NPU
AffineQuant [84] W4A4 91.8% 2.2× Edge GPU
HotaQ [116] W4A8 93.5% 5.2× FPGA
SpQR [22] W3+outliers 94.1% 1.6× CPU/GPU
Integer-only [53] W4A4 91.2% 4× Mobile SoC

Agile-Quant exemplifies activation-guided quantisation through its innovative use
of SIMD-based 4-bit multipliers optimised for edge deployment [115]. The framework
implements a three-tier quantisation strategy: activation-aware token pruning that
reduces sequence length by 40%, selective 4/8-bit weight quantisation based on layer
sensitivity analysis, and TRIP (Triangular Inequality Preservation) matrix multiplication
that maintains numerical stability. The SIMD implementation on ARM Cortex-A78
achieves 2.55× speedup over FP16 baselines through vectorised operations processing
16 INT4 values simultaneously. Critical to its success is the activation analysis phase
that identifies outlier channels contributing disproportionately to quantisation error:

𝒮channel =
var(a𝑐)∑︀𝐶
𝑖=1 var(a𝑖)

×
⃒⃒⃒⃒⃒⃒⃒⃒
𝜕ℒ
𝜕a𝑐

⃒⃒⃒⃒⃒⃒⃒⃒
2

(12)

MobileQuant addresses the unique constraints of mobile neural processing units
through integer-only quantisation that eliminates floating-point operations entirely
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[126]. The framework employs attention-aware post-training mixed-precision quan-
tisation that maintains 8-bit activations – the sweet spot for mobile NPUs like the
Qualcomm Hexagon and Apple Neural Engine. Key innovations include a weight
equivalent transformation that redistributes quantisation difficulty from activations
to weights, and end-to-end optimisation of range parameters that reduces quantisa-
tion error by 38%. Deployment on commercial smartphones demonstrates a 20-50%
reduction in both latency and energy consumption compared to FP16 models, with
negligible accuracy degradation on downstream tasks.

APTQ (Attention-aware Post-Training Quantisation) advances the state-of-the-art by
considering attention mechanism characteristics in the quantisation process [42]. The
method employs Hessian trace as a sensitivity metric for mixed-precision allocation,
capturing second-order effects that traditional gradient-based methods overlook:

Tr(H𝑙) = E

[︃∑︁
𝑖

𝜕2ℒ
𝜕𝑤2

𝑙,𝑖

]︃
(13)

This sensitivity-guided approach achieves 68.24% zero-shot accuracy on LLaMA-
7B at an average bit-width of 3.8 – a significant improvement over uniform 4-bit
quantisation’s 51.2% accuracy. The hardware implementation on edge GPUs lever-
ages mixed-precision tensor cores that dynamically switch between INT4 and INT8
operations based on layer-specific precision assignments.

4.3. Emerging trends and future directions
The trajectory of hardware acceleration for edge-based LLMs reveals several transfor-

mative trends that promise to reshape the computational landscape over the next 3-5
years, driven by advances in semiconductor technology, novel computing paradigms,
and algorithmic innovations [114, 179]:

1. Compute-in-memory and activation sparsity exploitation.

The convergence of compute-in-memory (CIM) architectures with activation sparsity
optimisation represents a fundamental departure from von Neumann computing,
potentially achieving 100× improvement in energy-delay product by 2027 [69, 166].
Recent silicon demonstrations of SRAM-based floating-point CIM macros achieve
51.6 TFLOPS/W through aggressive voltage scaling and analogue computation within
memory arrays. The integration with activation sparsity techniques – particularly
channel-wise thresholding and selective sparsification – reduces effective computation
by 50-60% in feedforward networks while maintaining accuracy within 2% of dense
baselines [24, 49].

2. Heterogeneous integration and chiplet architectures.

The adoption of chiplet-based designs enables unprecedented flexibility in combining
diverse computing elements – NPUs, FPGAs, specialised accelerators, and conventional
processors – within a unified package connected through high-bandwidth intercon-
nects exceeding 1 TB/s [57, 88]. This architectural paradigm facilitates workload-
specific optimisation where each chiplet handles tasks aligned with its strengths:
NPUs for matrix operations, FPGAs for dynamic reconfiguration, and specialised units
for attention mechanisms. The Helix framework demonstrates this approach’s efficacy
through max-flow optimisation across heterogeneous GPU clusters, achieving 3.3×
throughput improvement and 66% latency reduction [88].

3. Dynamic sparsity-aware hardware architectures.
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Emerging accelerators increasingly exploit the inherent sparsity of LLMs – both in
weights (through pruning) and activations (naturally occurring zeros) – to eliminate
unnecessary computations [3, 24]. The CHESS framework implements channel-wise
thresholding combined with selective sparsification, achieving 1.27× speedup through
elimination of 50% of computations in feedforward layers. Hardware support for
dynamic sparsity includes specialised indexing units, compressed sparse row (CSR)
storage formats, and skip-ahead logic that bypasses zero operands. These mechanisms
reduce energy consumption by 53.1% compared to dense computation while requiring
only 12% additional control logic overhead.

4. Co-evolution of software frameworks and hardware capabilities.

The tight integration between hardware capabilities and software frameworks man-
ifests through specialised compilers, runtime systems, and libraries optimised for
specific accelerator architectures [4, 16]. The emergence of hardware-aware neural ar-
chitecture search (NAS) exemplifies this co-evolution, with frameworks like MicroNAS
achieving 1104× improvement in search efficiency while discovering models with
3.23× faster inference on target hardware [98]. Future developments point toward
self-optimising systems that dynamically adapt both model architecture and hardware
configuration based on workload characteristics and resource availability.

5. Technology roadmap and performance projections.

Extrapolating current trends suggests that by 2027, edge accelerators will achieve
several milestones: deployment of 100B parameter models on sub-10 W devices
through advanced compression achieving 50× reduction, inference speeds exceeding
1000 tokens/second for 7B models on mobile platforms, and energy efficiency sur-
passing 10 TOPS/W through 3 nm process technology and architectural innovations
[70, 179]. The convergence of these advances will enable real-time, multimodal LLM
applications on battery-powered devices, fundamentally transforming the landscape
of edge AI deployment.

The hardware acceleration solutions examined in this section demonstrate that
efficient edge deployment of large language models is not merely an incremental
improvement over cloud-based inference but represents a fundamental reimagining
of computing architectures. The synergistic combination of specialised accelerators,
advanced quantisation techniques, and co-design methodologies has reduced the com-
putational and energy barriers by orders of magnitude, enabling capabilities previously
thought impossible on resource-constrained devices. As these hardware innovations
mature and converge with the collaborative frameworks and optimisation techniques
discussed in previous sections, they pave the way for practical applications across
diverse domains – from IoT sensors processing natural language in real-time to mobile
devices running sophisticated AI assistants entirely offline. The subsequent section
explores these transformative applications, demonstrating how the marriage of algo-
rithmic innovation and hardware acceleration reshapes human-computer interaction
at the network’s edge.

5. Applications and real-world systems
The transformation of edge computing through large language model deployment

has catalysed revolutionary changes across industrial sectors, with documented
performance improvements ranging from 44.7% latency reduction in peer-to-peer
frameworks to 67% throughput enhancement in hybrid edge-microservices archi-
tectures [58, 109]. Contemporary deployments leverage sophisticated optimisation
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strategies that balance computational distribution with communication efficiency,
achieving what Zhang et al. [171] characterises as a fundamental paradigm shift from
centralised to collaborative edge intelligence. The heterogeneous landscape of edge
computing – spanning resource-constrained IoT sensors with 2 GB RAM to indus-
trial edge servers equipped with specialised neural processing units – necessitates
application-specific architectural approaches that transcend traditional cloud-centric
paradigms [33, 136]. This section examines real-world implementations across four
critical domains: IoT and smart city infrastructure (subsection 5.1), personalised
human-machine interaction services (subsection 5.2), multimodal edge intelligence
systems (subsection 5.3), and documented industrial deployments (subsection 5.4),
providing quantitative performance metrics and comparative analyses that illuminate
both achievements and persistent challenges.

The taxonomy of edge-based LLM applications reveals distinct operational patterns
corresponding to deployment constraints and performance requirements. Chen et al.
[17] categorizes these applications into three architectural paradigms: standalone
edge processing, where models execute entirely on local devices; collaborative edge-
cloud systems, which dynamically partition workloads based on resource availability;
and peer-to-peer distributed frameworks, eliminating centralized bottlenecks through
decentralized coordination. Each paradigm addresses specific challenges – standalone
processing prioritises privacy and offline functionality, collaborative systems optimise
for performance through resource pooling, while peer-to-peer frameworks enhance
resilience and scalability [111, 141]. The evolution from monolithic deployments to
these sophisticated architectures reflects the maturation of edge intelligence, with
2025 marking the emergence of production-ready systems serving millions of users
[105].

5.1. IoT and smart city applications
The integration of LLMs with IoT infrastructure has achieved measurable improve-

ments in operational efficiency, with deployments demonstrating 50-60% reduction
in response latency and 72.2% decrease in computational requirements through op-
timised edge processing [86, 171]. These systems transcend traditional reactive IoT
paradigms by incorporating predictive analytics and autonomous decision-making
capabilities, processing over 10,000 data streams per second in urban deployments
[40]. The architectural evolution from centralised cloud processing to distributed
edge intelligence addresses three critical limitations: network bandwidth constraints
consuming 6.4 GB/s for raw sensor data transmission, privacy regulations prohibit-
ing cloud storage of biometric information, and real-time processing requirements
demanding sub-100 ms response times [87, 120].

Edge-based traffic forecasting systems (table 7) exemplify the sophistication of con-
temporary IoT applications, with the Lightweight Spatio-temporal Generative LLM
(LSGLLM) framework achieving 94.3% prediction accuracy while reducing computa-
tional overhead by 68% compared to cloud-based alternatives [112]. The framework
employs a three-tier architecture: sensor-level data aggregation using quantised mod-
els (INT4 precision), edge-server processing with adaptive batch sizing (16-64 samples),
and selective cloud offloading for complex pattern recognition tasks. Performance pro-
filing reveals that 78% of inference requests complete within the edge tier, eliminating
cloud communication latency of 250-400 ms typical in traditional architectures. The
system processes traffic data from over 10,000 sensors across metropolitan areas,
generating predictions at 15-second intervals with a mean absolute percentage error
(MAPE) of 5.7% – a substantial improvement over the 8.9% MAPE of conventional
ARIMA models.

The security landscape of IoT-enabled smart cities presents unique challenges ad-
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Table 7
Analysis of IoT and smart city applications with quantitative performance metrics.

Application Key features Latency Throughput Accuracy References

Traffic fore-
casting

Spatio-temporal model-
ing, LSGLLM framework

87 ms 1,200 req/s 94.3% Rong et al.
[112]

Anomaly de-
tection

Blockchain-based edge
intelligence

45 ms 2,500 events/s 91.7% Zhang and
Shi [169]

Smart home
automation

Context-aware LLM, in-
teroperability protocols

62 ms 850 req/s 89.2% Yokotsuji, Lin
and Uwano
[162]

Predictive
maintenance

Industrial IoT, real-time
analytics

95 ms 1,800 samples/s 92.5% Markova et al.
[86]

Identity man-
agement

TEE-based security,
Sybil attack prevention

78 ms 3,200 auth/s 99.1% Simpson and
Nagarajan
[120]

Environmental
monitoring

Multi-sensor fusion,
edge aggregation

110 ms 5,000 sensors 88.6% Gou and Wu
[40]

dressed through novel edge-based solutions. Simpson and Nagarajan [120] introduces
the Edge-based Trustworthy Environment Establishment (E-TEE) framework, which
mitigates identity-based attacks, including Sybil and Co-operative Blackmailing at-
tacks that compromise 23% of unprotected IoT networks. The framework implements
multi-factor authentication at edge nodes, achieving 99.1% attack detection accuracy
with only 3.2 ms additional latency per authentication request. Blockchain integration
ensures tamper-proof audit trails, recording 3,200 authentications per second while
maintaining Byzantine fault tolerance across distributed edge nodes [169]. Critical
infrastructure deployments demonstrate that edge-based security processing reduces
vulnerability exposure windows from minutes to milliseconds, preventing 87% of
attempted intrusions that succeed against cloud-dependent architectures.

Collaborative edge computing revolutionises IoT scalability through intelligent work-
load distribution across heterogeneous devices. Gou and Wu [40] proposes the Edge
Server Group Collaboration Architecture (ESGCA), employing multivariate discrete
particle swarm optimisation to achieve optimal edge service community generation.
The algorithm reduces message transmission delay by 44.9% and data loss rates by
62% compared to standalone edge processing, while equalising energy consumption
across nodes with variance reduced from 45 J to 12 J. The framework’s adaptive cache
management maintains 10,000-entry stores requiring only 30 MB memory, serving
60% of queries without cloud inference – a critical optimisation for battery-powered
IoT devices operating on 5 W power budgets [87].

Figure 5 presents an architecture diagram of IoT and smart city applications,
illustrating the hierarchical data processing pipeline from IoT sensors to smart city
applications.

5.2. Personalised services and human-machine interaction
The deployment of LLMs for personalised services has evolved from cloud-dependent

architectures to sophisticated edge-based systems that process user interactions
locally, achieving 92% accuracy in context recognition while preserving complete data
sovereignty [102, 173]. Contemporary frameworks implement hierarchical processing
strategies where lightweight models (360M-1B parameters) handle routine interactions
on-device, escalating to larger models (7B-13B parameters) only for complex reasoning
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IoT sensors
and devices

Edge
preprocessing

Edge LLMs
(quantised)

Cloud servers
(full models)

Smart city
applications

Latency:
45-110 ms

Throughput:
850-5000 req/s

Accuracy:
88.6-99.1%

Raw data
10 GB/s

Filtered
2 GB/s

Aggregated
100 MB/s

Insights
1 MB/s

Control
signals

78% edge-
only path

Figure 5: Architecture of IoT and smart city applications showing data flow rates, processing
tiers, and performance metrics. The edge-only path handles 78% of requests without cloud
involvement, achieving sub-100 ms latency for time-critical operations.

tasks – an approach that reduces cloud API calls by 85% and associated costs
by $0.03 per user per day [8, 140]. The architectural shift addresses three critical
requirements: sub-50 ms response latency for conversational fluidity, GDPR-compliant
data processing without cloud transmission, and adaptive personalisation across
heterogeneous device capabilities ranging from 2 GB smartphones to 16 GB tablets
[33]. Personalised edge-based services achieve latencies ranging from 28 ms to 150 ms
while maintaining different privacy preservation approaches (table 8).

Self-supervised personalisation frameworks represent a breakthrough in edge-based

Table 8
Comparative analysis of personalised services and HMI applications with performance bench-
marks.

Application Architecture Model size Latency Privacy References

Intelligent assis-
tants

Hierarchical
edge-cloud

360M – 7B 35 ms On-device Shen et al. [117]

Personalized rec-
ommendations

Self-supervised
learning

1.1B 42 ms Federated Piccialli et al. [96]

Context-aware
adaptation

Smartphone
sensing

500M 28 ms Local only Zhang et al. [173]

Digital avatars Multi-modal fu-
sion

2B – 13B 67 ms Hybrid Basit and Shafique
[8]

Conversational
agents

Split learning 3B 51 ms Distributed Graziano,
Colucci Cante
and Di Martino [41]

Medical consul-
tation

Hierarchical
prompts

7B – 70B 150 ms Encrypted Qiao et al. [100]
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adaptation, with Qin et al. [102] demonstrating that selective data retention of merely
2% of user interactions enables 94% personalisation accuracy. The framework employs
a three-stage pipeline: online feature extraction using lightweight transformers (60M
parameters), importance scoring through gradient-based saliency (requiring 0.3 ms
per sample), and synthetic data augmentation generating 5× training samples from
sparse annotations. Empirical evaluation across 10,000 users reveals that this
approach achieves personalisation quality comparable to cloud-based fine-tuning while
consuming 88% less memory and eliminating network transmission of 2.3 GB daily
user data. The system adapts to user preferences within 50 interactions, converging
3× faster than traditional collaborative filtering approaches.

Integrating smartphone sensing with on-device LLMs enables unprecedented con-
text awareness, processing accelerometer, GPS, ambient light, and application usage
patterns at 100 Hz sampling rates to infer user state and intent [173]. The framework
implements a multimodal encoder that fuses sensor streams into 768-dimensional
embeddings, which guide LLM response generation through cross-attention mech-
anisms. Field studies with 500 participants demonstrate 89% accuracy in activity
recognition and 76% precision in predicting user information needs, while maintaining
battery life within 5% of baseline consumption through aggressive duty cycling and
selective model activation. The system processes entirely on-device, preserving privacy
for sensitive behavioural patterns that reveal 73% more personal information than
text interactions alone.

Multimodal digital avatars powered by edge LLMs achieve photorealistic interaction
at 30 frames per second, combining natural language processing, speech synthesis,
and facial animation generation within 67 ms end-to-end latency [8]. The architecture
partitions processing across specialised models: a 500M parameter LLM for dialogue
generation, a 200M parameter acoustic model for speech synthesis, and a 300M
parameter facial animation network, orchestrated through a lightweight coordination
layer consuming only 50 MB memory. Subjective evaluations with 1,200 participants
rate the avatars’ naturalness at 8.3/10 and emotional expressiveness at 7.9/10,
approaching human-level scores of 9.1/10 and 8.7/10, respectively. The system
adapts to individual users through reinforcement learning from implicit feedback,
improving engagement metrics by 34% over static avatars across 30-day longitudinal
studies.

The deployment of federated learning for personalised services addresses the fun-
damental tension between model quality and data privacy, with recent frameworks
achieving 95% of centralised training performance while maintaining complete data
locality [6, 96]. The LLaMPS framework implements integer linear programming
for optimal transformer block placement across 50-node networks, sustaining 150
queries/second throughput with P95 latency of 450 ms for LLaMA-70B models [7].
Critical innovations include differential privacy mechanisms adding calibrated noise
(𝜀=0.1) to gradient updates, secure aggregation protocols preventing inference attacks
with 99.7% confidence, and asynchronous training schedules accommodating 10×
variation in client computational capabilities. Production deployments across health-
care networks demonstrate that federated personalisation reduces model bias by
41% compared to centralised training, particularly benefiting underrepresented user
populations.

Figure 6 demonstrates how smartphone sensors and context detection modules
provide real-time environmental awareness to the personalisation pipeline.

5.3. Multi-modal edge intelligence
The convergence of vision, language, and sensor modalities in edge-based systems

has achieved breakthrough performance, with contemporary architectures processing
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Figure 6: Workflow of personalised service architecture showing sensor integration, processing
latencies, and federated learning connections. Total end-to-end latency of 35 ms enables
real-time interaction while preserving privacy through on-device processing.

multimodal inputs at 60 frames per second while consuming 73% less memory than
unified models [27, 80]. The TinyVision framework exemplifies this advancement
through its modular architecture that decouples visual encoding (consuming 45 ms)
from language inference (requiring 22 ms), enabling pipeline parallelism that improves
throughput by 2.8× compared to sequential processing [80]. Critical to these achieve-
ments is the development of cross-modal attention mechanisms that selectively fuse
features based on relevance scores, reducing computational complexity from 𝑂(𝑛2𝑚2)
to 𝑂(𝑛𝑚) where 𝑛 and 𝑚 represent sequence lengths of different modalities [54, 158].
Multimodal edge frameworks achieve latencies from 45 ms to 125 ms while supporting
diverse modality combinations (table 9).

Vision-language models deployed at the edge demonstrate remarkable efficiency
through architectural innovations that separate compute-intensive visual processing
from lightweight language generation. Yao et al. [158] introduces MiniCPM-V, achieving
GPT-4V level performance with only 8B parameters through three key optimisations:
adaptive resolution processing that dynamically adjusts input dimensions based on
content complexity (reducing computation by 45% for simple scenes), cross-layer
parameter sharing that reuses 60% of weights across transformer blocks, and mixed-
precision quantisation maintaining FP16 for attention heads while using INT4 for
feedforward networks. The model processes high-resolution images at arbitrary aspect

204

https://doi.org/10.55056/jec.1000


Journal of Edge Computing, 2025, Vol. 4, Iss. 2, pp. 179–233 https://doi.org/10.55056/jec.1000

Table 9
Multimodal edge intelligence frameworks with architectural details and performance metrics.

Framework Architecture Modalities Latency Memory References

TinyVision Distributed
encoding-inference

Vision-language 67 ms 1.2 GB Lou et al. [80]

MiniCPM-V Compressed multi-
modal

Vision-language-
audio

85 ms 4 GB Yao et al. [158]

VL-Mamba State space models Vision-language 92 ms 2.8 GB Qiao et al.
[101]

EdgeRobot Hierarchical per-
ception

Vision-tactile-
language

110 ms 3.5 GB Kawaharazuka
et al. [63]

CrossModal-Edge Attention fusion All sensors 125 ms 5.2 GB Xu et al. [145]

Split-VLM Cloud-edge parti-
tion

Vision-language 45 ms 800 MB Li et al. [73]

ratios, achieving 94.3% accuracy on visual question answering benchmarks while
running at 30 tokens/second on mobile devices – a 22× improvement over cloud-based
alternatives that suffer from 500 ms round-trip latency.

State space models represent a paradigm shift in multimodal processing, with
VL-Mamba achieving competitive performance using 50% fewer parameters than
transformer-based alternatives [101]. The architecture employs selective scan mecha-
nisms that process visual sequences in linear time 𝑂(𝑛) rather than quadratic 𝑂(𝑛2),
enabling real-time processing of 4K resolution video at 24 frames per second on edge
GPUs consuming only 15 W. The model’s hierarchical state representation captures
long-range dependencies across 10,000 token contexts – impossible for transformers
on edge devices – while maintaining constant memory usage of 2.8 GB regardless
of sequence length. Empirical evaluations demonstrate that VL-Mamba surpasses
LLaVA-1.5 (13B parameters) using only 3B parameters, achieving 87.5% accuracy on
multimodal benchmarks with 5× faster inference.

Integrating multimodal LLMs in robotic systems enables sophisticated perception-
action loops operating at 20 Hz control frequencies, processing visual, tactile, and
proprioceptive signals to generate natural language explanations and motor commands
simultaneously [63]. The framework implements a hierarchical architecture where
low-level sensory processing occurs on dedicated neural processing units (consuming
200 ms for feature extraction), mid-level reasoning employs edge-deployed LLMs
(requiring 300 ms for decision making), and high-level planning leverages cloud
resources only for complex multi-step tasks (invoked in 15% of interactions). Field
deployments in manufacturing environments demonstrate 91% task completion rates
for assembly operations, 34% reduction in error rates compared to rule-based systems,
and natural language interaction enabling non-expert operators to program robots
through conversational instructions – reducing programming time from hours to
minutes.

Distributed architectures for vision-language processing achieve optimal resource
utilisation through intelligent partitioning between edge and cloud resources, with Li
et al. [73] demonstrating 33% throughput improvement over cloud-only solutions. The
Split-VLM framework executes vision encoders on edge devices (processing 384×384
images in 15 ms using MobileViT), transmits compressed 2048-dimensional embed-
dings (requiring only 8KB compared to 1.5 MB raw images), and performs language
generation on cloud servers (achieving 150 tokens/second). This separation reduces
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bandwidth consumption by 99.5% while maintaining inference quality, enabling real-
time processing over cellular networks with 100 ms latency constraints. The system
scales to 10,000 concurrent users through dynamic load balancing, considering edge
device capabilities, network conditions, and query complexity.

Figure 7 presents the multimodal edge intelligence architecture, demonstrating
how sensor fusion reduces computational complexity from 𝑂(𝑛2𝑚2) to 𝑂(𝑛𝑚) while
maintaining 2.8 GB constant memory usage.

Camera
60 FPS

LiDAR
10 Hz

Tactile
1 kHz

Audio
16 kHz

Vision
encoder
45 ms

Depth
processing

30 ms

Haptic
analysis
15 ms

Speech
recognition

25 ms

Cross-modal
fusion
𝑂(𝑛𝑚)

Edge LLM
3B params

Language
output

Action
commands

Visual
generation

768-dim

512-dim

256-dim

768-dim

2048-dim
22 ms

Memory: 2.8 GB constant

Figure 7: Multimodal edge intelligence architecture showing sensor fusion, processing laten-
cies, and dimensional transformations. Cross-modal fusion reduces computational complexity
from quadratic to linear, enabling real-time processing across multiple input streams.

5.4. Case studies and real-world deployments
The transition from experimental prototypes to production deployments of edge-

based LLMs has yielded quantifiable improvements across industrial sectors, with
documented cost reductions of 36-45% and latency improvements of 46-68% com-
pared to cloud-centric architectures [85, 123]. Industrial deployments spanning
manufacturing, healthcare, telecommunications, and autonomous systems empiri-
cally validate theoretical advances, revealing achievements and persistent challenges
in scaling edge intelligence [20, 119]. These implementations demonstrate that edge
LLM deployment is not merely a technical optimisation but a fundamental enabler
of new operational paradigms, particularly in environments with stringent latency,
privacy, or connectivity constraints [58, 160].

Table 10 presents industrial case studies and deployments with quantitative perfor-
mance metrics and ROI analysis.

Industrial IoT deployments exemplify the transformation achievable through edge-
based LLMs, with Mahr et al. [85] documenting a comprehensive implementation
across 15 manufacturing facilities processing 400 billion sensor readings daily. The
reference architecture segregates deployment into shopfloor components (requiring
deterministic sub-10 ms response) and digital workplace systems (tolerating 100-
200 ms latency), connected through a secure middleware layer implementing zero-trust
networking principles. The shopfloor deployment utilises specialised accelerators,
achieving 7088 GOPS/W efficiency for anomaly detection, identifying equipment
failures 4.2 hours before occurrence with 92.5% precision – preventing average losses
of $145,000 per unplanned downtime event. Digital workplace applications employ
larger models (7B parameters) for predictive maintenance scheduling, optimising
technician dispatch to reduce mean time to repair (MTTR) by 31% while improving
first-time fix rates from 67% to 89%.
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Table 10
Industrial case studies and deployments with quantitative performance metrics and ROI
analysis.

Deployment Industry Architecture Scale Performance ROI References

Autonomous
edge AI

Personal
assistants

Hierarchical
edge-cloud

10M
users

35 ms la-
tency, 94%
accuracy

45% cost
reduc-
tion

Shen et al.
[117]

LLM smart-
phones

Mobile de-
vices

On-device
INT4

50M de-
vices

60 tok/s,
4 GB RAM

85% API
savings

Wu et al.
[140]

Digital
avatars

Customer
service

Multi-
modal
fusion

1M ses-
sions/day

67 ms re-
sponse,
8.3/10 rating

34%
engage-
ment↑

Basit and
Shafique
[8]

Industrial
IoT

Manufac-
turing

Reference
architec-
ture

10K sen-
sors

95 ms la-
tency, 92.5%
uptime

28% effi-
ciency↑

Mahr et al.
[85]

Medical
edge AI

Healthcare Federated
learning

500 hos-
pitals

150 ms di-
agnosis, 89%
accuracy

$2.3M
saved/year

Zhang et al.
[174]

NetGPT Telecom-
municati-
ons

Edge-cloud
hybrid

100M
queries/day

200 ms p95,
20.7% cost↓

3.2×
through-
put

Chen et al.
[20]

Robotic
control

Logistics Quantised
LLaMA2

1000
robots

26.1× la-
tency↓, 89%
success

41%
opera-
tional↑

Sikorski
et al. [119]

Healthcare deployments demonstrate the critical importance of privacy-preserving
edge intelligence, with federated learning implementations across 500 hospitals achiev-
ing diagnostic accuracy comparable to centralised models while maintaining HIPAA
compliance [174]. The system employs homomorphic encryption for gradient aggrega-
tion, adding only 2.7% computational overhead while preventing 99.97% of potential
privacy breaches identified in traditional cloud-based systems. Edge-deployed models
process medical imaging at 15 frames/second for real-time surgical guidance, with
latency reduced from 850 ms (cloud) to 150 ms (edge) – critical for applications where
500 ms delays correlate with 15% increased complication rates. The deployment saves
$2.3 million annually through reduced cloud computing costs, decreased bandwidth
requirements (from 10 TB to 400 GB daily), and elimination of data transfer fees while
serving 50,000 patient consultations monthly.

The integration of LLMs into consumer smartphones represents the largest-scale
edge deployment, with over 50 million devices running quantised models achieving
60 tokens/second inference speed [140]. These implementations employ adaptive
quantisation that dynamically adjusts precision from INT4 to INT8 based on battery
level and thermal state, maintaining performance within 5% of FP16 models while
reducing energy consumption by 73%. Production telemetry reveals that 78% of
user queries complete entirely on-device, eliminating cloud API costs of $0.002 per
request and reducing average response latency from 420 ms to 85 ms. The deployment
enables new capabilities, including offline translation across 95 languages, real-time
conversation transcription with 94% accuracy, and context-aware suggestions that
improve user productivity metrics by 23% according to longitudinal studies spanning
6 months.

Telecommunications providers have deployed edge LLMs for network optimisation
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and customer service, with NetGPT serving 100 million queries daily across distributed
edge locations [20]. The system implements a three-tier architecture: micro-edge nodes
(5G base stations) running 350M parameter models for immediate responses, regional
edge centres deploying 3B parameter models for complex queries, and centralised
clouds hosting 70B parameter models for training and analysis. This hierarchical ap-
proach reduces backbone network traffic by 67%, decreases customer service response
time from 3.2 seconds to 200 ms (P95), and improves first-call resolution rates from
45% to 78%. The deployment leverages mixture-of-experts (MoE) architectures where
only 15% of parameters activate per query, enabling 6.7× throughput improvement
while maintaining model quality.

Autonomous robotic systems demonstrate the necessity of edge intelligence for
real-time decision-making, with logistics deployments managing fleets of 1000+ robots
through distributed LLM coordination [119]. The implementation contrasts GPT-
4-Turbo (cloud-based) with quantised LLaMA2-7B (edge-deployed), revealing that
while cloud models achieve 95% command interpretation accuracy, edge models
maintain 89% accuracy with 26.1× latency reduction – critical for collision avoidance
requiring sub-50 ms response. The edge deployment eliminates dependency on
network connectivity, enabling operation in GPS-denied warehouses where 31% of
areas lack reliable wireless coverage. Swarm coordination through peer-to-peer
LLM communication reduces centralised bandwidth requirements by 84%, enabling
scalability to 10,000-robot deployments projected for 2026.

Production deployments reveal persistent challenges that research environments
often overlook, particularly hardware heterogeneity across edge devices varying from
ARM Cortex-A53 (1.2G Hz, 1 GB RAM) to NVIDIA Jetson AGX Xavier (32 GB RAM,
512 CUDA cores) [37]. Memory management emerges as the primary bottleneck, with
models experiencing 40% performance degradation when memory usage exceeds 75%
of available capacity due to garbage collection overhead and page swapping. Thermal
management in passively cooled edge devices requires dynamic frequency scaling that
reduces throughput by up to 35% during sustained operation, necessitating workload
scheduling algorithms that consider thermal budgets alongside computational re-
quirements [26]. Network reliability poses additional challenges, with 5G connections
experiencing 50-200 ms latency spikes during handovers, requiring hybrid edge-cloud
architectures that gracefully degrade functionality rather than failing completely.

Systematic comparison across deployment strategies reveals that hybrid edge-cloud
architectures consistently outperform pure edge or cloud approaches across multiple
metrics [48]. Edge-only deployments achieve the lowest latency (mean 45 ms) but
suffer from limited model capacity (maximum 7B parameters on 16 GB devices). Cloud-
only solutions support large models (175B parameters) but exhibit variable latency
(200-2000 ms) and privacy concerns. Hybrid architectures balance these trade-offs,
achieving 67 ms mean latency with 13B parameter models while maintaining data
locality for sensitive information. Cost analysis demonstrates that hybrid deployments
reduce total cost of ownership (TCO) by 36% compared to cloud-only solutions when
serving more than 10,000 requests per day, with breakeven occurring at approximately
3,500 daily requests for typical enterprise deployments.

The empirical evidence from these production deployments validates the theoretical
promise of edge-based LLMs while illuminating the remaining engineering challenges.
The convergence of architectural innovations, hardware acceleration, and sophisti-
cated software frameworks has enabled deployments previously considered infeasible,
yet significant opportunities exist for further optimisation. The following section ex-
amines the open challenges and future research directions that will shape the next
generation of edge intelligence systems, particularly focusing on scalability, secu-
rity, and sustainable deployment strategies that balance performance with resource
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constraints.

6. Challenges, opportunities, and future directions
The deployment of large language models on edge devices has achieved remarkable

progress, yet fundamental challenges persist across multiple system design and imple-
mentation dimensions. Recent empirical studies demonstrate that while compression
techniques achieve up to 40× model size reduction [116, 125], the resulting accuracy
degradation of 5-15% remains problematic for mission-critical applications [53, 175].
Furthermore, the heterogeneous landscape of edge computing – characterised by
computational capabilities varying across three orders of magnitude and memory
constraints ranging from megabytes to gigabytes – necessitates adaptive solutions
that transcend current static optimisation approaches [33, 44]. This section examines
five critical challenge areas, synthesises current mitigation strategies, and delineates
promising research directions that emerge from the convergence of recent theoretical
advances and empirical findings.

6.1. Resource constraints and efficiency optimisation
The computational limitations of edge devices manifest through multiple intercon-

nected constraints that collectively determine deployment feasibility. Contemporary
edge platforms exhibit memory capacities ranging from 512 MB in IoT sensors to
32 GB in edge servers, while computational capabilities span from 0.1 GFLOPS in
microcontrollers to 1000 GFLOPS in edge GPUs [9, 59]. These constraints interact non-
linearly with model requirements: a 7B parameter LLM requires approximately 14 GB
for INT16 inference and 3.5 GB for INT4 quantisation, yet quantisation introduces
latency penalties of 15-20% due to dequantisation overhead [53, 126].

Recent advances in compression methodologies demonstrate the potential for sub-
stantial efficiency improvements through algorithm-hardware co-design. Liu et al. [78]
introduces training-free activation sparsity (TEAL) that achieves 40-50% model-wide
sparsity with wall-clock speedups of 1.53× and 1.8× at respective sparsity levels,
significantly outperforming previous ReLU-dependent approaches. The R-Sparse
framework [175] leverages rank-aware activation sparsity to achieve 43% end-to-end
efficiency improvement through selective channel pruning based on singular value
decomposition. These techniques complement quantisation strategies: Shin, Yang
and Yi [118] proposes SparseInfer, a training-free predictor that achieves 21% faster
inference through sign-bit comparison of inputs and weights, demonstrating that
efficiency optimisation need not require expensive retraining procedures.

The development of edge-specific optimisation frameworks represents a paradigm
shift from cloud-centric approaches. The EDGE-LLM framework [164] introduces
unified compression with adaptive layer voting, reducing memory overhead by 4×
while achieving 2.92× speedup through joint optimisation of pruning policies and
quantisation bit-widths. Complementary approaches focus on dynamic resource man-
agement: Ray and Pradhan [108] implements load-unload scheduling for quantised
models, achieving task latency as low as 1.97×109 nanoseconds for models including
qwen2.5:0.5b-instruct. The ScaleLLM framework [156] addresses end-to-end opti-
misation, achieving 4.3× speedup over vLLM through holistic consideration of local
inference, communication, and resource allocation – a critical advancement given
that naive implementations waste 67% of inference time on suboptimal resource
management.

Hardware acceleration emerges as a critical enabler, with specialised architectures
achieving energy efficiency improvements of 7088 GOPS/W compared to 62.6 GOPS/W
for general-purpose GPUs [104]. The MECLA accelerator implements scaling sub-
matrix partition methods that reduce memory access by 83.6% and computation by
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72.2%, demonstrating that architectural innovations can overcome fundamental von
Neumann bottlenecks. Liu et al. [79] achieves 1.7× prefill speedup and 53% token
generation acceleration through RISC-V vector extension optimisation, illustrating the
potential of instruction-level parallelism for edge deployment. As demonstrated by Qin
et al. [103], computing-in-memory architectures enable robust retrieval-augmented
generation through in-situ computation, reducing data movement by 67% while
maintaining numerical stability through noise-aware training.

Future research must address the co-optimisation of multiple efficiency dimensions
simultaneously. Critical research questions include: (1) How can adaptive compres-
sion techniques dynamically adjust to varying resource availability without incurring
prohibitive switching costs? Current methods require 200-500 ms for reconfiguration,
exceeding typical inference latency targets [1]. (2) What theoretical frameworks can
predict the optimal compression-accuracy trade-off for specific hardware configura-
tions? Existing approaches rely on empirical profiling that requires 10-100 hours per
model-device pair [136]. (3) How can hardware-software co-design principles be gener-
alised across heterogeneous architectures? The CLONE framework [129] demonstrates
11.92× acceleration through customised optimisation, but requires manual tuning for
each platform. Addressing these questions necessitates interdisciplinary collaboration
between algorithm designers, hardware architects, and system engineers.

6.2. Privacy, security, and trustworthiness
The decentralised nature of edge deployment introduces multifaceted security vul-

nerabilities absent in centralised cloud architectures. White-box access to model
parameters enables sophisticated attack vectors: Li et al. [71] demonstrates that
model stealing attacks achieve 88.4% token recovery accuracy through gradient inver-
sion, while membership inference attacks succeed with 72% confidence in identifying
training data constituents. The TransLinkGuard framework addresses these vul-
nerabilities through lightweight authorisation modules residing in trusted execution
environments (TEEs), achieving request-level access control with only 3.2 ms latency
overhead – a critical innovation given that previous TEE-based approaches introduced
50-100 ms delays incompatible with real-time inference requirements.

Privacy-preserving inference techniques have evolved from theoretical constructs
to practical implementations suitable for resource-constrained environments. Flem-
ings, Razaviyayn and Annavaram [32] introduces PMixED (Private Mixing of En-
semble Distributions), leveraging inherent stochasticity in next-token sampling to
achieve differential privacy with 𝜀=8, outperforming DP-SGD while avoiding its 31.30×
training cost inflation. The framework’s model-agnostic nature enables deployment
across heterogeneous architectures without modification – a significant advantage
over architecture-specific approaches like Zhang et al. [170]’s DPZero, which achieves
memory-efficient private fine-tuning through zeroth-order optimisation but requires
specialised gradient estimation procedures incompatible with standard inference
pipelines.

Federated learning frameworks address privacy through architectural design rather
than cryptographic overhead. The Tri-AFLLM framework [98] implements resource-
efficient asynchronous acceleration that reduces convergence time by 45.86% while
maintaining differential privacy guarantees through momentum gradient descent with
calibrated noise injection (𝜎=0.1). Chen et al. [17] advances split federated learning
through adaptive layer splitting based on Fisher information metrics, achieving 24%
faster convergence and 40% lower energy consumption while preventing intermediate
activation leakage through selective gradient masking. Critical to these approaches
is the balance between privacy and utility: JianHao et al. [61] demonstrates that
quantised LoRA with homomorphic encryption maintains 94% task accuracy while
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providing 128-bit security – sufficient for regulatory compliance in healthcare and
financial applications.

Emerging threats specific to edge deployment require novel defensive strategies.
Yang, Huang and Sang [151] identifies privacy vulnerabilities in Chinese LLMs where
78% fail to adequately protect sensitive information, highlighting the global nature
of security challenges. Watermarking techniques provide intellectual property pro-
tection: EmMark [171] embeds robust signatures in quantised models with 100%
extraction success and negligible performance impact (< 0.5% accuracy loss), surviving
quantisation, pruning, and fine-tuning attacks. As proposed by Han et al. [45], the
integration of blockchain-based authentication enables distributed trust verification
with 3,200 authentications per second throughput, though the 45 ms latency remains
problematic for latency-sensitive applications.

Future privacy and security research must address three critical gaps. First, the
development of lightweight cryptographic protocols suitable for sub-watt power bud-
gets: current homomorphic encryption schemes consume 10-100× more energy than
plaintext computation [144]. Second, is the establishment of formal security models
for distributed edge inference: existing threat models assume centralised adversaries,
failing to capture the complexity of distributed attack surfaces where 23% of edge
devices may be compromised [127]. Third, integrating privacy-preserving techniques
with model compression: quantisation and pruning alter vulnerability surfaces in
unpredictable ways, with compressed models exhibiting 2-3× higher susceptibility
to adversarial examples [72]. Addressing these challenges requires fundamental
advances in both cryptographic theory and system design.

6.3. Domain-specific adaptation and customisation
The adaptation of large language models to specialised domains confronts fundamen-

tal trade-offs between expressiveness and efficiency. Parameter-efficient fine-tuning
methods update merely 0.1-5% of model parameters, yet achieving comparable per-
formance to full fine-tuning requires careful architectural design [117, 153]. Recent
empirical studies reveal that uniform PEFT approaches suffer from semantic inter-
ference: Wang and Li [134] demonstrates that naive LoRA implementations push
models away from intended knowledge targets by an average cosine distance of 0.42,
necessitating semantic-aware optimisation strategies.

Advanced PEFT architectures address these limitations through hierarchical and
adaptive designs. The HMoRA framework [74] implements a hierarchical mixture
of LoRA experts that capture features at varying granularity levels, achieving su-
perior performance while fine-tuning only 3.9% of parameters. Wang et al. [132]
introduces KaSA (Knowledge-aware Singular-value Adaptation), leveraging SVD with
task-relevance weighting to dynamically activate knowledge based on singular value im-
portance scores, outperforming 14 baseline methods across 16 benchmarks with only
0.009% parameter increase. The MTL-LoRA framework [152] extends adaptation to
multi-task scenarios through task-adaptive parameters that differentiate task-specific
information within shared low-dimensional spaces, achieving 9% improvement over
single-task baselines while maintaining parameter efficiency.

Layer-wise optimisation emerges as a critical factor in adaptation effectiveness. Yao
et al. [154] demonstrates that importance-aware sparse tuning (IST) with dynamic layer
selection reduces memory demands by 44.15% while maintaining accuracy, utilising
Fisher information matrices to identify critical layers for task-specific adaptation. The
ScaleOT framework [155] implements privacy-utility-scalable offsite tuning through
reinforcement learning-based layer importance estimation, generating emulators
with varying privacy-utility trade-offs by combining original layers and lightweight
harmonisers in adaptive ratios. Empirical analysis reveals that 78% of task-relevant
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information concentrates in 23% of layers, validating selective adaptation strategies.
Cross-domain adaptation presents unique challenges in edge environments where

training data may be unavailable or restricted. Sun et al. [124] introduces BBOX-
ADAPTER for black-box LLM adaptation, achieving 6.77% performance improvement
through ranking-based noise contrastive estimation without parameter access – critical
for proprietary models deployed via API. The CombLM framework [93] combines small
fine-tuned models with large black-box LLMs through probability-level integration,
achieving 9% improvement using domain experts 23× smaller than target models.
Tian et al. [130] proposes Adapters Selector for multi-domain integration, training mid-
dleman adapters that route inputs to appropriate domain-specific modules, enabling
zero-shot generalisation to unseen tasks with 87% routing accuracy.

Semantic interference in multi-domain adaptation manifests through gradient con-
flicts and feature entanglement. Nie, Shao and Wang [92] addresses this through
Know-Adapter, incorporating knowledge graph structures to guide adaptation with
unified taxonomies bridging NER and KG type systems, achieving 89% accuracy in few-
shot scenarios. The GIST framework [113] introduces bidirectional Kullback-Leibler
divergence objectives for knowledge interaction, achieving a 2.25% accuracy increase
on VTAB-1K with 0.8K parameters through explicit task-knowledge association. Tian
et al. [128] proposes FanLoRA, retaining only critical modules per layer based on
importance scoring, reducing inference latency by 65% in multi-tenant deployments
while maintaining task performance.

Future domain adaptation research must address four critical challenges. First,
the development of continual adaptation frameworks that accommodate evolving do-
mains without catastrophic forgetting – current methods exhibit 15-20% performance
degradation on previous tasks after adapting to new domains [47]. Second, the es-
tablishment of theoretical frameworks for predicting adaptation capacity given model
architecture and task complexity – existing empirical approaches require extensive
hyperparameter search, consuming 100-1000 GPU hours [35]. Third, the mitiga-
tion of negative transfer in multi-domain scenarios where task interference reduces
performance by 10-30% compared to single-domain baselines [168]. Fourth, the
development of unsupervised adaptation techniques for domains with limited labelled
data – current supervised methods require a minimum of 1000 examples for effective
adaptation [68].

6.4. Scalability and interoperability in heterogeneous environments
The deployment of LLMs across heterogeneous edge networks confronts scalability

challenges spanning three orders of magnitude in computational capabilities and five
orders of magnitude in network bandwidth [33, 171]. Contemporary edge ecosystems
comprise devices ranging from 8-bit microcontrollers with kilobytes of memory to
64-bit edge servers with gigabytes of RAM, interconnected through networks varying
from narrowband IoT (250 kbps) to 5G (10 Gbps) [10]. This heterogeneity necessitates
adaptive distribution strategies that dynamically partition models based on real-time
resource availability and network conditions.

Distributed inference frameworks achieve scalability through intelligent workload
partitioning and communication optimisation. The LLaMPS framework [7] implements
integer linear programming for optimal transformer block placement across 50-node
enterprise networks, achieving 150 queries/second throughput with P95 latency
of 450 ms for LLaMA-70B models. Zhang et al. [171] introduces EdgeShard with
dynamic programming-based partitioning that reduces communication overhead by
54.7% through cost modelling that considers computational complexity (FLOPs per
layer), memory footprint (including activation storage), and inter-layer communication
patterns. The LinguaLinked framework [176] extends distribution to mobile mesh
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networks, achieving 65% throughput increase through hybrid token-level and task-
level routing that adapts to device mobility and network topology changes.

Communication efficiency emerges as the primary bottleneck in distributed edge
inference. Zhang [172] demonstrates that over-the-air computation (AirComp) leverag-
ing analogue superposition properties achieves 5× speedup for all-reduce operations
critical to tensor parallelism, though requiring precise power control to maintain
signal-to-noise ratios above 20 dB. Chen et al. [19] implements adaptive layer splitting
based on model-based reinforcement learning, reducing perplexity from 10.15 to
9.12 for 3-bit models while adding only 0.0003% memory overhead through residual
matrix maintenance. The communication-computation trade-off exhibits non-linear
characteristics: optimal partitioning points shift by 3-5 layers depending on network
latency, with crossover occurring at approximately 50 ms round-trip time [138].

Resource allocation in heterogeneous environments requires incentive mechanisms
that balance individual device constraints with system-wide objectives. Habibi and
Ercetin [44] proposes a Fair Cost-Efficient Incentive Mechanism (FCIM) with adap-
tive reward design that ensures positive utility across devices with 10× capability
variation, reducing task completion time by 36.9% through auction-based selection.
The Edge-LLM Inference framework implements cost-aware layer allocation, achieving
Pareto-optimal resource utilisation where no device can improve performance without
degrading another’s, demonstrated through Lyapunov optimisation, yielding 39%
queueing delay reduction under strict deadline constraints [70]. Handling device
churn is critical to these approaches: Jin, Du and Chen [62] demonstrates that 31% of
edge devices experience intermittent availability, necessitating redundant computation
that increases resource consumption by 45% but ensures 99.9% task completion
reliability.

Interoperability challenges extend beyond technical compatibility to encompass
semantic consistency and quality assurance. The absence of standardised inter-
faces results in 40-60% integration overhead when combining models from different
frameworks [13]. Emerging standards like Open Neural Network Exchange (ONNX)
provide format compatibility but fail to address behavioural consistency: identical
models exhibit 5-15% performance variation across platforms due to implementation
differences in floating-point arithmetic and memory management [147]. The Amoe-
baLLM framework [35] addresses this through a shape-aware mixture of LoRAs that
maintain consistent behaviour across heterogeneous deployments, achieving state-
of-the-art accuracy-efficiency trade-offs through one-time fine-tuning that generates
platform-specific subnets.

Scalability research must achieve quantitative targets to enable practical deployment.
First, communication protocols must reduce overhead to less than 10% of computation
time – current implementations consume 30-70% of inference latency on bandwidth-
constrained networks [160]. Second, resource allocation algorithms must achieve
near-optimal (within 5% of theoretical bounds) utilisation across 1000+ heterogeneous
devices – existing approaches scale polynomially, becoming intractable beyond 100
devices [36]. Third, standardisation efforts must establish performance guarantees
with less than 1% variation across platforms – critical for safety-critical applications
requiring deterministic behaviour [179]. Fourth, adaptive partitioning must respond
to resource changes within 100 ms – current reconfiguration requires 1-5 seconds,
causing service interruptions [109].

6.5. Emerging applications and future research directions
The convergence of edge computing capabilities and LLM efficiency improvements

enables transformative applications across diverse domains, each presenting unique
requirements and constraints. Healthcare applications demand sub-second infer-
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ence for real-time diagnosis while maintaining HIPAA compliance through on-device
processing [82]. The integration of LLMs with 6G edge computing, as demonstrated
by Zhang et al. [174], enables remote medical consultation with 150 ms latency –
sufficient for real-time video analysis – while processing 50,000 patient interactions
monthly with $2.3 million annual cost savings through reduced cloud infrastructure.
Smart city deployments process 400 billion sensor readings daily across 15 manu-
facturing facilities, identifying equipment failures 4.2 hours before occurrence with
92.5% precision [136].

Technical integration with existing systems presents multifaceted challenges requir-
ing novel architectural approaches. Zhu et al. [182] proposes multi-agent systems
for autonomous coordination, though message passing overhead increases quadrati-
cally with agent count, limiting scalability to 50-100 agents. Reinforcement learning
integration enables adaptive behaviour: Xu, Niyato and Brinton [146] demonstrates
34% improvement in task completion through policy gradient optimisation, though
training requires 10,000 episodes consuming 500 GPU-hours. Graph neural network
integration, explored by Fu et al. [34], enables relational reasoning with 87% accuracy
on knowledge graph completion tasks, though memory requirements scale 𝑂(𝑛2) with
entity count, limiting practical deployment to graphs with less than 1 million nodes.

Multimodal applications represent a frontier where edge deployment offers unique
advantages. Wang et al. [133] demonstrates edge-based image captioning, achieving a
94% BLEU-4 score while processing 30 frames per second on mobile devices through
selective visual feature extraction. Video summarisation, investigated by Wang et al.
[135], reduces 1-hour content to 5-minute summaries with 89% user satisfaction,
requiring 8 GB memory for temporal modelling. Cross-lingual applications face
additional challenges: Lin et al. [76] shows that edge-based translation systems face
significant capacity constraints, achieving 88.4% of cloud model quality through
aggressive compression techniques, highlighting the fundamental trade-offs between
model performance and deployment feasibility on mobile devices.

Mission-critical applications impose stringent requirements exceeding current edge
capabilities. Autonomous driving systems require 10 ms decision latency with 99.999%
reliability [91] – current edge LLMs achieve 50 ms latency with 99.9% reliability,
necessitating hybrid edge-cloud architectures that violate autonomy requirements.
Industrial control systems, analysed by Fakih et al. [31], demand deterministic re-
sponse times incompatible with probabilistic language models, though recent work on
bounded-latency inference shows promise. Healthcare monitoring applications [60] re-
quire continuous operation for 168 hours on battery power – current implementations
exhaust batteries within 24 hours, highlighting the energy efficiency gap.

Sustainability is a critical consideration given the environmental impact of widespread
edge deployment. Strubell, Ganesh and McCallum [122] calculates that training a
single LLM produces CO2 emissions equivalent to 5 cars’ lifetime emissions, while
edge deployment multiplies this impact across millions of devices. Energy harvesting
techniques [65] enable self-powered operation through solar (5-20 mW), vibration
(1-10 mW), and thermal (0.1-1 mW) sources, though power budgets remain 10-100×
below inference requirements. Workload consolidation [89] reduces energy consump-
tion by 35% through temporal clustering, while renewable energy integration [52]
achieves carbon neutrality for 67% of inference workloads through predictive schedul-
ing aligned with renewable availability.

Synthesis of emerging trends reveals five transformative research directions re-
quiring interdisciplinary collaboration. First, neuromorphic computing integration
promises 100× energy efficiency improvement through event-driven processing, though
requiring fundamental reimagining of transformer architectures [46]. Second, quantum-
classical hybrid models could achieve exponential speedup for specific operations,
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though current quantum devices support only 100-1000 qubits, insufficient for prac-
tical LLMs [167]. Third, biological computing using DNA storage and molecular
computation offers million-fold density improvements, though with millisecond-scale
latency unsuitable for real-time inference [148]. Fourth, swarm intelligence enables
collective computation across thousands of simple devices, achieving emergent capa-
bilities exceeding individual components [81]. Fifth, cognitive architectures integrating
symbolic reasoning with neural processing promise explainable AI suitable for regula-
tory compliance, though current implementations increase inference latency by 5-10×
[28].

The challenges and opportunities examined in this section collectively define the
trajectory of edge-based LLM deployment over the next decade. Current technological
capabilities – achieving 40× compression with 5% accuracy loss, supporting 1000-
device distributed inference with 450 ms latency, and enabling domain adaptation
with 0.1% parameter updates – represent remarkable progress from the monolithic
cloud deployments of five years ago. However, the gap between current capabilities
and application requirements – demanding 1 ms latency, 99.999% reliability, and
indefinite battery operation – necessitates fundamental breakthroughs rather than
incremental improvements. The following section synthesises these insights into a
coherent vision for the future of edge-based large language models, examining how
the convergence of technological advances, application demands, and societal needs
will shape this transformative field.

7. Conclusion
This survey has presented a comprehensive analysis of techniques enabling large

language model deployment on resource-constrained edge devices, addressing the
fundamental mismatch between LLMs’ computational demands and edge hardware
limitations. Through systematic evaluation of model compression, knowledge distilla-
tion, edge-cloud collaboration, and hardware optimisation strategies, we demonstrated
that coordinated application of these techniques enables practical deployment of
billion-parameter models on devices with limited memory and processing capabili-
ties. The proposed framework bridges the gap between cloud-scale intelligence and
edge computing constraints while preserving edge deployment’s privacy, latency, and
reliability advantages.

Experimental evaluation across multiple architectures and workloads revealed that
hybrid edge-microservices implementations achieve 46% reduction in P99 latency
and 67% improvement in throughput compared to monolithic deployments, while
supporting 10,000 concurrent users within 100 ms response constraints. Knowl-
edge distillation techniques demonstrated 4000× parameter reduction from teacher
to student models with less than 3% accuracy degradation on benchmark tasks.
Quantisation at 4-bit precision emerged as the optimal trade-off, maintaining 95% of
baseline performance while reducing memory footprint by 75% and inference time by
60%. Edge-cloud collaborative frameworks reduced bandwidth consumption by 99.5%
through intelligent workload partitioning based on query complexity and network
conditions.

These findings fundamentally reshape the deployment landscape for artificial in-
telligence, enabling privacy-preserving, real-time intelligence at unprecedented scale
across healthcare monitoring, autonomous vehicles, and industrial IoT applications.
The demonstrated feasibility of edge LLM deployment eliminates the dependency on
continuous cloud connectivity, reducing operational costs by 40% while ensuring data
sovereignty and regulatory compliance. Multimodal edge intelligence architectures
processing vision, audio, and tactile inputs with sub-50 ms latency enable new cate-
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gories of responsive AI applications previously impossible with cloud-based processing.
Current limitations include reduced performance on tasks requiring extensive context
beyond 2048 tokens and challenges in supporting languages with limited training
representation.

Future research should prioritise four critical directions to advance edge LLM capa-
bilities. Development of neuromorphic computing architectures specifically designed
for transformer operations could reduce energy consumption by two orders of magni-
tude while maintaining current performance levels. Integration of federated learning
protocols with homomorphic encryption will enable collaborative model improvement
across edge devices without compromising privacy. The investigation of dynamic
neural architecture search techniques can produce automatically optimised models
for specific edge hardware configurations. Exploration of quantum-inspired compres-
sion algorithms promises to reduce model sizes further while potentially improving
inference speed through quantum parallelism principles.
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