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Abstract—This article surveys Cognitive Edge Computing as
a practical and methodical pathway for deploying reasoning-
capable Large Language Models (LLMs) and autonomous AI
agents on resource-constrained devices at the network edge. We
present a unified, cognition-preserving framework spanning: (1)
model optimization (quantization, sparsity, low-rank adaptation,
distillation) aimed at retaining multi-step reasoning under tight
memory/compute budgets; (2) system architecture (on-device
inference, elastic offloading, cloud–edge collaboration) that trades
off latency, energy, privacy, and capacity; and (3) adaptive
intelligence (context compression, dynamic routing, federated
personalization) that tailors computation to task difficulty and
device constraints. We synthesize advances in efficient Transformer
design, multimodal integration, hardware-aware compilation,
privacy-preserving learning, and agentic tool use, and map
them to edge-specific operating envelopes. We further outline
a standardized evaluation protocol covering latency, throughput,
energy per token, accuracy, robustness, privacy, and sustainability,
with explicit measurement assumptions to enhance comparability.
Remaining challenges include modality-aware reasoning bench-
marks, transparent and reproducible energy reporting, edge-
oriented safety/alignment evaluation, and multi-agent testbeds.
We conclude with practitioner guidelines for cross-layer co-design
of algorithms, runtime, and hardware to deliver reliable, efficient,
and privacy-preserving cognitive capabilities on edge devices.

Index Terms—Edge Computing, Large Language Models, Small
Language Models, Quantization, Knowledge Distillation, Cloud–
Edge Collaboration

I. INTRODUCTION

The convergence of LLMs and AI agents with edge com-
puting heralds the emergence of Cognitive Edge Computing—
a revolutionary paradigm that brings sophisticated cognitive
capabilities directly to resource-constrained devices at the
network periphery [1], [2]. Unlike traditional edge computing
that focuses primarily on data processing and basic analytics,
Cognitive Edge Computing represents a fundamental shift
toward deploying advanced AI systems that can understand
context, reason autonomously, and make intelligent decisions
in real-time, all while operating within the severe constraints
of edge environments [3], [4].

We define Cognitive Edge Computing as the intelligent
orchestration of advanced AI models and autonomous agents
across heterogeneous computing hierarchies, enabling cognitive
tasks such as natural language understanding, multimodal
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Cognitive Edge Computing: Closed-loop opti-
mization for reasoning-preserving deployment

Fig. 1. Cognitive Edge Computing Framework: Integrated approach for
deploying reasoning-capable LLMs and autonomous Agents on resource-
constrained edge devices. The framework consists of four interconnected
components: (1) Cognitive Challenges (red) addressing reasoning preservation
and context management under resource constraints; (2) Cognitive Framework
(blue) implementing context compression and agent optimization techniques;
(3) Cognitive Applications (purple) enabling conversational AI and autonomous
reasoning capabilities; and (4) Cognitive Evaluation (teal) assessing reasoning
quality and agent autonomy. The closed-loop design ensures continuous
improvement through feedback mechanisms where evaluation results inform
challenge identification and application validation drives framework refinement.

reasoning, and adaptive decision-making at the network edge.
This paradigm transcends conventional edge AI by emphasizing
not just computational efficiency, but the preservation of so-
phisticated cognitive functions including contextual awareness,
reasoning quality, and autonomous behavior [5].

To clarify the distinction, traditional edge AI primarily
focuses on narrow perception tasks such as image classification,
object detection, or basic analytics, which require relatively
simple computational models and can operate with limited
cognitive capabilities [6]. In contrast, cognitive edge computing
targets open-domain, often multi-modal reasoning tasks that
demand advanced cognitive functions like multi-step reasoning,
contextual understanding, and autonomous decision-making,
all while maintaining human-level performance under stringent
resource constraints.

The transformative potential of Cognitive Edge Computing
stems from recent breakthroughs in foundation models and
autonomous systems. LLMs have evolved from task-specific
pipelines to general architectures capable of in-context learning,
multi-step reasoning, and autonomous goal pursuit [7]–[9].
Breakthrough models such as GPT-3 (175B parameters) [7],
PaLM (540B parameters) [10], and open foundation models
including Deepseek-r1 [11] have demonstrated unprecedented
capabilities in natural language understanding, code generation,
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mathematical reasoning, and complex problem-solving. Concur-
rently, autonomous agent research has advanced sophisticated
frameworks for goal-oriented behavior, adaptive planning, tool
orchestration, and multi-agent coordination [12]–[14].

However, deploying these advanced AI systems at the edge
presents unprecedented challenges that traditional optimization
techniques cannot adequately address. Cognitive Edge Com-
puting requires a fundamental rethinking of how we approach
AI deployment, moving beyond simple model compression to
comprehensive frameworks that preserve cognitive capabilities
while ensuring real-time performance, energy efficiency, and
privacy protection.

Recent works advance complementary building blocks
spanning on-device personalization and data selection [15],
compression and inference under tight memory/compute con-
straints [16]–[21], collaborative serving and routing across edge–
cloud and MoE systems [22]–[25], edge hardware acceleration
and memory systems (FPGA/NPU/PIM/flash-assisted) [26]–
[34], domain security and compliance (Internet of Things (IoT)
fuzzing and medical regulation) [35]–[37], and application
exemplars from multimodal edge LLMs to private IR and
industrial IoT [38]–[41]. We integrate these strands within a
unified, reasoning-preserving framework for cognitive edge
computing.

Market Dynamics and On-Device AI Evolution: The
global edge AI market is projected to grow rapidly, driven by
demand in manufacturing, automotive, consumer electronics,
and healthcare. Edge-side intelligence offers low latency,
offline availability, energy efficiency, enhanced privacy, and
personalized experiences [42]. Since 2023, sub-10B parameter
models like Meta’s LLaMA, Microsoft’s Phi, Google’s Gemma,
and Nexa AI’s Octopus have accelerated on-device deployment,
leveraging MoE routing, quantization, and compression for
mobile constraints [43]–[47].

Computing Architecture Hierarchy: We define three
distinct tiers in the computing architecture hierarchy to
contextualize the deployment of cognitive edge computing
systems: Cloud (remote data centers with abundant computa-
tional resources, enabling unlimited scalability and complex
processing); Edge (servers and base stations with tens to
hundreds of GB memory, providing intermediate processing
capabilities closer to data sources); Device/Client-side (end-user
devices with GB-scale memory and W-scale power budgets,
supporting direct local inference). “On-Device Large Language
Models” specifically refer to models deployed directly on
client terminals, enabling offline operation with potential cloud
collaboration for enhanced capabilities [3], [48], [49].

Definition and Taxonomy of Edge-Side Large Models:
Edge-side large models, also known as on-device LLMs,
are pre-trained Transformer-based architectures optimized for
deployment on resource-constrained edge devices through
compression techniques such as quantization, pruning, knowl-
edge distillation, and low-rank approximation [50]. These
techniques significantly reduce the computational and memory
footprint compared to cloud-scale models, enabling efficient
local inference [51]. Representative implementations include
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Fig. 2. Illustrative resource comparison (cloud accelerator cluster vs. edge
server vs. mobile SoC). Values approximate public peak specs; actual usable
throughput depends on workload, precision, and batching [57]–[59].

specialized architectures1, mixture-of-experts models2, and
ultra-lightweight designs3, demonstrating diverse approaches
to edge deployment optimization.

The convergence of these advanced AI capabilities with
edge infrastructure enables the deployment of general-purpose
reasoning, language understanding, and autonomous decision-
making directly at the network periphery [1], [52], [53].
Cognitive edge computing must operate under stringent energy,
memory, and latency constraints while maintaining human-
level cognitive performance [4], [54]. Figure 1 illustrates the
closed-loop interaction among the fundamental challenges,
optimization strategies, target applications, and evaluation
frameworks that define this emerging field.

A. Survey Methodology and Evidence Grading

We surveyed peer-reviewed venues, benchmarks, and high-
impact preprints (2018–2025, emphasis 2023–2025) using
keywords like “edge LLM”, “quantization”, “knowledge distil-
lation”, etc. Inclusion prioritized works with methodological
details or artifacts; exclusion for unverifiable sources. Evidence
graded as E1 (archival with replication), E2 (peer-reviewed
with partial artifacts), E3 (industry/preprint).

At the core of cognitive edge computing lies a fundamental
deployment contradiction: LLM and agent requirements exceed
edge capabilities by orders of magnitude [7], [55], [56]. Figure
2 illustrates this resource disparity across computing tiers.

Addressing this contradiction requires coordinated optimiza-
tion across model, system, and collaboration layers rather than
isolated compression. Figure 1 presents our cognitive edge
computing framework, while Figure 3 structures the solution
space into: data optimization (cleaning, augmentation, bias
mitigation), model optimization (quantization, sparsity/pruning,
distillation, low-rank + architecture tailoring, emergence of
Small Language Models (SLMs)), and system/runtime op-
timization (partitioning, scheduling, collaborative / hybrid

1MobileLLM-R1: https://huggingface.co/collections/facebook/
mobilellm-r1-68c4597b104fac45f28f448e

2Ring-mini-2.0: https://huggingface.co/inclusionAI/Ring-mini-2.0
3Tiny-random-Llama: https://huggingface.co/HuggingFaceH4/

tiny-random-LlamaForCausalLM

https://huggingface.co/collections/facebook/mobilellm-r1-68c4597b104fac45f28f448e
https://huggingface.co/collections/facebook/mobilellm-r1-68c4597b104fac45f28f448e
https://huggingface.co/inclusionAI/Ring-mini-2.0
https://huggingface.co/HuggingFaceH4/tiny-random-LlamaForCausalLM
https://huggingface.co/HuggingFaceH4/tiny-random-LlamaForCausalLM
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routing, federated adaptation). These layers interact: early
wins (e.g., 4–8 bit quantization) ease bandwidth pressure;
additional sparsity then shows diminishing returns unless
placement and scheduling co-adapt. Collaboration patterns
(large–small cascades, confidence gating, co-evolution) further
trade accuracy, latency, and energy.

Edge scenarios with privacy-sensitive, latency-critical
cognition—vehicular navigation, clinical triage, industrial di-
agnostics, biomarker-driven screening, civic infrastructure—
drive locality for personalization and resilience [5], [6], [60],
[61]. Direct on-device LLM execution reduces interactive
latency and raw data exposure [62], [63]; hybrid designs still
offload heavy context expansion or long-horizon reasoning
when beneficial [2]. Emerging hardware (specialized NPUs,
low-latency fabrics, neuromorphic exploration) enables but
does not replace principled co-design.

Despite rapid progress, prior surveys largely cover traditional
edge ML or generic LLM optimization in cloud contexts,
leaving a gap in synthesizing cross-layer techniques explicitly
targeting reasoning preservation under edge constraints [5], [6],
[43]. This survey fills that gap by unifying cognitive workload
characteristics, compression + architecture tailoring methods,
system/runtime orchestration, and large–small cooperation
strategies within a single evaluative framework.
Industry and ecosystem snapshot: Recent industry analyses
indicate multi-factor tailwinds for on-device AI: national and
municipal policies emphasizing intelligent terminals, rapid
hardware advances (e.g., 40+ TOPS NPUs for AI PCs;
LPDDR5X/5T with 10.7 GT/s), and flagship product cycles
(Apple Intelligence in iPhone, HarmonyOS with Ascend/Atlas,
Snapdragon X/8 Gen platforms). These forces collectively
accelerate deployment across AI PCs, smartphones, wearables,
smart homes, automotive, and industrial equipment, with edge–
cloud collaboration as the default operating model for balancing
capability, latency, and privacy 4.

B. Scope and Summary of Surveyed Contributions

We organize existing literature rather than claim new
algorithms. Our contributions:

• Problem framing: Clarifies cognitive edge objectives
(latency, energy, reasoning fidelity, privacy) distinct from
conventional accuracy-only targets.

• Technique taxonomy: Integrates compression (quantiza-
tion, sparsity, distillation, low-rank), architectural tailoring
(SLMs, efficient attention), and system orchestration
(partitioning, routing, federated adaptation).

• Cross-layer view: Highlights interaction and diminishing
returns across stacked optimizations.

• Large–small collaboration patterns: Summarizes routing
/ co-evolution designs with reported (heterogeneous)
performance ranges.

• Security and trust lens: Aggregates attack vectors and
mitigation overheads relevant to constrained deployments.

4Dongxing Technology Research Report: https://pdf.dfcfw.com/pdf/H3_
AP202409271640082519_1.pdf

• Gap analysis: Identifies needs for reproducible energy
reporting, standardized cognitive benchmarks, resource-
aware XAI, and multi-agent edge testbeds.

Table I summarizes key deployment characteristics across
computing tiers based on published benchmarks and hardware
specifications. Throughout this survey, we prefer standard
terminology (e.g., “on-device LLM”, “energy per request”) over
neologisms with “Cognitive” prefixes for metrics/categories.

II. FOUNDATIONAL CONCEPTS FOR COGNITIVE EDGE
COMPUTING

This section examines the foundational concepts underpin-
ning cognitive edge computing: the evolution of edge AI, LLM
characteristics, and AI agent properties. Figure 4 summarizes
the end-to-end pipeline from multi-modal inputs to agent
actions.

A. On-Device LLMs Evolution Timeline

The trajectory of on-device LLMs represents a fundamental
paradigm shift from cloud-dependent to autonomous edge AI
capabilities [43]. This evolution demonstrates how architectural
innovations, compression techniques, and hardware optimiza-
tion converge to enable sophisticated language understanding
directly on resource-constrained devices.

2023: The Foundation Year The year 2023 marked the
beginning of practical on-device LLM deployment with the
emergence of sub-10B parameter models. Meta’s LLaMA series
[44] pioneered efficient transformer architectures through inno-
vations like RMSNorm and grouped-query attention (GQA),
optimizing for reduced computational and memory require-
ments while maintaining competitive performance. Microsoft’s
Phi series (e.g., Phi-1 at 1.3B parameters) [45] demonstrated
that carefully curated, high-quality training data could achieve
remarkable capabilities despite a highly compact model size.
This period also saw the rise of other compact models like
ChatGLM [64] and Qwen [65], establishing the core principles
of efficiency-oriented design.

2024: Acceleration and Diversification The on-device
LLM landscape expanded dramatically in 2024 with spe-
cialized model families addressing diverse deployment sce-
narios. Google’s Gemini Nano [46] integrated multimodal
capabilities within mobile-optimized architectures, enabling
real-time image-text understanding on smartphones. The field
saw intense innovation in efficiency, with models like Nexa
AI’s Octopus series [47] reporting breakthroughs in function
calling efficiency, and Apple’s OpenELM [66] showcasing a
layer-wise scaling strategy. The development of highly efficient
inference engines like LLMCad [67] and the architectural
refinements proposed in MobileLLM [68] further pushed
the boundaries of what was possible on-device. Performance
evaluations on commercial smartphones [69] began to provide
crucial empirical data for the field.

2025: Maturation and Widespread Integration By 2025,
the on-device LLM ecosystem reached a critical maturation
point with widespread commercial adoption. Major technology
companies integrated sub-10B parameter models into flagship
products, achieving real-time conversational AI with sub-500ms

https://pdf.dfcfw.com/pdf/H3_AP202409271640082519_1.pdf
https://pdf.dfcfw.com/pdf/H3_AP202409271640082519_1.pdf
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TABLE I
DEPLOYMENT CHARACTERISTICS ACROSS COMPUTING TIERS.

Deployment Tier Cloud LLMs (>175B) Edge Servers (7B–70B) On-Device SLMs (1B–3B) Key Trade-offs

Model Parameters 175B+ (GPT-3/4 scale) 7B–70B (Llama3 scale) 1B–3B (Phi/TinyLlama) Scale vs. deployability

Inference Latency 100ms–2s
(network+compute)

50–200ms (local
compute)

10–100ms (pure local) Network dependency vs.
speed

Power
Consumption

100–1000W (data
center)

20–100W (single GPU) sub-10W (device) Performance vs.
efficiency

Memory
Requirements

350GB–1TB+ (FP16
model+KV)

14GB–140GB
(quantized)

<1MB–8GB
(compressed)

Model capacity vs.
constraints

Hardware
Requirements

GPU clusters
(H100/A100)

Mid-range GPU
(A30/L4)

NPU/CPU/MCU Capability vs.
accessibility

Data Privacy Network exposure Local processing Local processing Capability vs. privacy

Connectivity
Dependency

Always required Intermittent Optional Robustness vs.
capability

Deployment
Complexity

Low (API-based) Medium (local setup) High (optimization) Ease vs. customization

Note: Values represent typical implementation ranges. Actual performance varies by hardware configuration, optimization techniques, and
workload characteristics.

Multi-Modal Input Cognitive Processing Edge Reasoning Agent Action

Context ManagementCognitive Security

Fig. 4. Cognitive Edge Computing Pipeline: Multi-modal input processing through edge-based reasoning and autonomous agent action generation with cognitive
security and context management.

Cognitive Cloud

CA1

CA2

CA3

Cognitive Agents (CA) collaborate via distributed reasoning
and knowledge sharing.

Fig. 5. Distributed Cognitive Computing Architecture: Cognitive Agents
collaborate through distributed reasoning, knowledge sharing, and cloud-
assisted complex cognitive tasks.

response times [70]. Advanced quantization techniques (e.g.,
INT2/INT3) and sparse attention mechanisms enabled the
execution of larger models (e.g., 20B+ parameters) on devices
with just 8GB of memory [25]. Federated learning approaches
[71] and collaborative inference frameworks like SLED [72] and

DiSCo [73] enabled efficient, privacy-preserving personaliza-
tion and computation offloading. The emergence of agent-native
architectures marked the transition from static language models
to truly autonomous edge agents capable of planning and tool
use [74]. This progress was underpinned by dedicated AI
accelerators achieving exceptional efficiency, enabling complex
multimodal reasoning on edge devices [27].

B. Edge AI: Technical Definition and Constraints
Edge AI encompasses the deployment and execution of arti-

ficial intelligence algorithms directly on edge devices or edge
computing infrastructure, positioned at the network periphery
to minimize latency between data sources and processing units.
This paradigm fundamentally shifts computational workloads
from centralized cloud data centers to distributed edge nodes
with significantly constrained resources.

Technical Characteristics and Quantitative Benefits
(Indicative):

• Ultra-Low Latency Processing: Reported on-device
inference can reach 1–50ms vs. 50–200ms with round-trip
cloud latency for interactive tasks (modality and network
dependent) [1], [2], [52].

• Enhanced Privacy and Data Sovereignty: Local pro-
cessing retains sensitive data in situ aiding regulatory
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alignment (GDPR/CCPA/HIPAA contexts) [1]; broad
percentage reductions in attack surface are deployment
specific so we avoid fixed universal values.

• Bandwidth Optimization: Feature / result transmission
in lieu of raw streams can reduce upstream bandwidth
by sizeable fractions (often tens of percent up to 90%)
depending on compression and sampling strategies [2],
[52].

• Operational Resilience: Local fallback mitigates inter-
mittent connectivity; target availabilities of “three nines”
are engineering goals rather than guaranteed universal
outcomes.

• Energy Efficiency: Eliminating repeated radio trans-
fers and exploiting low precision can yield multi-fold
(often single- to low-double-digit) energy-per-inference
improvements [55], [75]; higher outliers are workload-
and hardware-specific.

These constraints necessitate the “optimization quad” (data,
model, system, evaluation) approach to achieve viable edge AI
deployment, transforming optimization from an enhancement
strategy to a fundamental requirement for system feasibility.

C. Large Language Models: Architecture and Computational
Requirements

Large Language Models (LLMs) represent a class of artificial
neural networks, predominantly based on the Transformer
architecture [9], trained on massive text corpora to achieve
human-level language understanding and generation capabilities.
These models have fundamentally transformed natural language
processing through their emergent capabilities and scale-
dependent performance characteristics.

Technical Architecture and Scale Characteristics:
• Massive Parameter Scale: Contemporary LLMs range

from billions to hundreds of billions of parameters: GPT-3
(175B) [7], PaLM (540B) [10]; GPT-4 parameter count
remains undisclosed [76]. Representative FP32 storage
for disclosed scales spans hundreds of GB to multi-TB
when including optimizer states.

• Transformer-Based Architecture: Multi-layer attention
mechanisms with computational complexity O(n2d) for
sequence length n and model dimension d, creating
quadratic scaling challenges for long-context processing
[9].

• Generative Capabilities: Auto-regressive text generation,
reasoning, code synthesis, mathematical problem-solving,
and multi-turn conversation with context windows ranging
from 2K-1M+ tokens [44].

• Emergent Abilities: Scale-dependent capabilities includ-
ing in-context learning, chain-of-thought reasoning, and
few-shot task adaptation that emerge at specific parameter
thresholds (typically >10B parameters) [8], [77].

• Multimodal Extensions: Integration with vision (CLIP,
DALL-E), audio (Whisper), and other modalities, expand-
ing input/output capabilities while increasing computa-
tional complexity [76]. Vision-language models face ad-
ditional optimization challenges due to high-dimensional
visual token sequences, requiring specialized approaches

like FastViTHD encoders for efficient edge deployment
[78].

Computational Resource Requirements: LLM deployment
demands exceed typical edge device capabilities by multiple
orders of magnitude [55], [75]:

• Memory Requirements: Large-scale models require
memory proportional to parameter count (precision-
dependent), with cloud-scale models demanding hundreds
of GB to multi-TB storage capacity significantly exceeding
typical edge device memory availability [7]

• Inference Compute: Real-time LLM inference requires
computational throughput that substantially exceeds the
processing capabilities available on standard edge hard-
ware platforms [52]

• Memory Bandwidth: Efficient inference demands high-
bandwidth memory access patterns that surpass the data
transfer capabilities of resource-constrained edge devices
[5]

• Energy Consumption: Cloud-scale inference power
requirements significantly exceed the strict power budgets
imposed by mobile and battery-powered edge deployment
scenarios [2]

These computational requirements create the fundamental
“deployment contradiction” that necessitates aggressive opti-
mization strategies specifically designed for edge constraints
[55], driving the development of Small Language Models
(SLMs) and advanced compression techniques as essential
pathways to edge viability [79], [80].

D. Cognitive Workload Characteristics

Cognitive workloads at the edge encompass a spectrum of
tasks requiring advanced reasoning, multimodal processing,
and autonomous decision-making under resource constraints.
These workloads differ from traditional edge AI (e.g., image
classification) by demanding:

• Multi-step Reasoning: Chain-of-thought processes for
problem-solving, requiring sustained context across ex-
tended sequences that significantly exceed typical single-
turn inference patterns [8].

• Multimodal Integration: Processing text, vision, and
audio inputs simultaneously, as seen in models like CLIP,
DALL-E, and Whisper [81]–[83].

• Adaptive Planning: Dynamic task decomposition and
resource allocation based on environmental feedback [12].

• Privacy-Sensitive Operations: Local processing of per-
sonal data without cloud transmission, critical for health-
care and finance applications [1].

These characteristics necessitate edge-native architectures
that preserve cognitive fidelity while operating within GB-scale
memory and W-scale power envelopes.

E. AI Agents

AI Agents are autonomous software entities that perceive
their environment, reason about complex scenarios, and execute
goal-directed actions to accomplish specific objectives [12],
[84]. In the context of cognitive edge computing, AI Agents
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TABLE II
KEY CHARACTERISTICS AND FUNCTIONAL COMPONENTS OF AI AGENTS.

Feature/Component Description Purpose

Capabilities Performs complex multi-step operations; learns and adapts; makes
independent decisions; handles multimodal inputs

Enable sophisticated task execution

Interaction Proactive and goal-oriented; communicates with other agents or
humans when needed

Facilitate collaborative problem
solving

Autonomy Operates independently without constant human intervention; makes
autonomous decisions

Reduce human workload

Reactivity Perceives environmental changes and responds promptly Maintain situational awareness

Proactiveness Initiates actions and executes tasks to achieve objectives Drive goal achievement

Social Skills Communicates with other agents or humans Enable collaboration

Reasoning and Planning Analyzes data, identifies patterns, makes informed decisions; develops
strategic plans

Support complex decision-making

Learning and
Adaptation

Learns from experience, maintains context, adapts to new situations to
improve performance

Enable continuous improvement

Functional Components Data acquisition (sensors); processing and analysis (ML/AI);
decision-making (algorithms/models); action execution

Core technical architecture

Types Simple reflex; Model-based reflex; Goal-based; Utility-based;
Learning agents

Categorize by capability level

represent the evolution from passive model inference to active,
reasoning-capable systems that can adapt, plan, and collaborate
within resource-constrained environments.

Modern AI Agents are characterized by four fundamental
capabilities that distinguish them from traditional reactive
systems [74], [85]: autonomy (independent operation without
constant supervision), reactivity (responsive adaptation to
environmental changes), proactivity (goal-oriented behavior
initiation), and social ability (communication and collaboration
with other agents or humans). These agents typically operate
through a perception-reasoning-action cycle, incorporating data
acquisition, intelligent processing, strategic decision-making,
and action execution components [86].

The integration of LLMs as cognitive engines fundamentally
transforms AI Agents from rule-based systems to sophisticated
reasoning entities capable of natural language understanding,
contextual planning, and adaptive behavior [13], [47]. This
symbiotic relationship enables agents to transcend predeter-
mined scripts and engage in complex, open-domain reasoning
while maintaining edge deployment viability through recent
advances in small language models optimized for agentic
tasks [85]. Contemporary agent architectures span multiple
complexity levels, from simple reflex agents to learning-enabled
autonomous systems capable of multi-step planning and tool
orchestration [14], [87].

Table II summarizes the key characteristics and architectural
components that define modern AI agents in edge computing
contexts, providing a structured framework for understanding
their capabilities and deployment requirements.

F. Synergy: Edge AI with LLMs and Agents
The integration of Edge AI, LLMs, and AI Agents creates

a powerful synergy for ubiquitous intelligence:
• Real-time, Context-Aware Decision Making: Edge

deployment ensures that LLM-powered agents can react

to local environmental changes instantaneously, critical for
applications like autonomous vehicles [88] or industrial
robots.

• Enhanced Privacy and Security: Processing LLM infer-
ence and agent logic on-device minimizes the transmission
of sensitive user data to the cloud, adhering to privacy
regulations and reducing attack surfaces [89].

• Robust Autonomy: Agents can maintain functionality
even without continuous cloud connectivity, crucial for
remote or intermittently connected environments [90].

• Personalized and Adaptive Experiences: LLM-powered
agents can learn and adapt to individual user preferences
or specific environmental conditions directly on the device,
offering highly personalized services [91].

• Distributed Intelligence: Multi-agent systems at the edge
can collaboratively solve complex problems by sharing lo-
cal insights [92], reducing the burden on centralized cloud
resources. Figure 5 illustrates the distributed cognitive
computing architecture where cognitive agents collaborate
through knowledge sharing and cloud-assisted complex
tasks.

This synergy promises a future where intelligent systems are
not only pervasive but also highly responsive, secure, and
adaptable to dynamic real-world scenarios.

III. CHALLENGES IN DEPLOYING EDGE LLMS AND AI
AGENTS

Building on the foundational understanding of cognitive edge
computing components, this section examines the deployment
challenges that arise from the fundamental mismatch between
the resource requirements of advanced AI systems and the
constraints of edge environments. The integration of LLMs
and AI Agents with edge computing creates unprecedented
challenges that fundamentally exceed traditional Edge AI
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constraints by 2-3 orders of magnitude, requiring revolutionary
optimization approaches.

A. Fundamental Limitations of Cloud-Centric AI Deployment

Before examining technical optimization challenges, we iden-
tify three critical limitations of cloud-dependent AI deployment
that drive the imperative for edge-native solutions:

• Network Dependency and Connectivity Constraints:
Cloud-based AI services suffer from fundamental connec-
tivity dependencies that render them unusable in discon-
nected environments. Round-trip latencies of 50-500ms to
cloud endpoints [52] are inadequate for real-time applica-
tions requiring <10ms response times 5. Network outages,
poor connectivity in rural areas, underground facilities,
aircraft, and maritime environments completely eliminate
AI capability access. Edge scenarios with privacy-sensitive,
latency-critical, or bandwidth-constrained requirements
(medical devices, autonomous vehicles, industrial control
systems) cannot tolerate cloud dependencies [4], [5].

• Privacy and Data Sovereignty Concerns: Cloud pro-
cessing necessitates uploading sensitive user data (con-
versations, documents, biometric information, location
data) to remote servers, creating privacy vulnerabilities
and regulatory compliance challenges. GDPR, HIPAA,
and other data protection regulations restrict cross-border
data transfer, limiting cloud AI deployment in regulated
industries [5]. Corporate and government environments
require data to remain within controlled boundaries,
prohibiting cloud-based AI processing for classified or
proprietary information [6].

• Limited Personalization and Context Adaptation:
Cloud models serve global user populations, constraining
deep personalization to individual user patterns, linguistic
preferences, domain-specific knowledge, and contextual
behaviors. Continuous adaptation based on user inter-
actions requires persistent model fine-tuning, which is
computationally prohibitive and privacy-compromising
when performed in cloud environments. Local context
(device usage patterns, environmental sensors, personal
preferences) cannot be effectively integrated into cloud-
based decision making without extensive data transmission
[4], [93].

These limitations provide strong motivation for edge-native
AI deployment, despite the significant technical challenges
outlined in subsequent sections.

B. Quantified Resource Constraint Analysis

• Computational Power Mismatch: Typical interactive
LLM inference may demand on the order of tens to several
hundred GFLOPS per token depending on architecture
and sequence length, whereas many edge devices expose
only low single-digit to tens of GFLOPS sustained [7],
[55]. Additional agent perception and planning stages
further compound this gap [86]. Recent approaches like
APEX demonstrate how hybrid CPU-GPU execution and

5https://aws.amazon.com/what-is/rtt-in-networking/

optimized scheduling can improve throughput by 11-96%
on constrained hardware through better resource utilization
[94].

• Memory Footprint Crisis: Large-scale LLMs create
severe memory constraints for edge deployment. GPT-
3, with 175 billion parameters at 16-bit precision, requires
350GB of storage [7], while even modest 10B parameter
models demand up to 20GB of main memory (DRAM)
with INT8 quantization [95]. In contrast, edge devices offer
limited memory: high-end smartphones provide 6-12GB
DRAM (e.g., iPhone 15 with 6GB ), while commodity
devices operate with even tighter constraints [95]. This
creates a deployment gap where quantized models still
exceed edge memory by 2-10×. AI Agents compound
this by requiring additional memory for environmental
states, historical context, planning graphs, and multimodal
data buffers [12]. Emerging solutions include SLED for
model sharing across devices [72], adaptive quantization
techniques like QPART [96], and collaborative frameworks
such as EdgeShard for distributed model partitioning [22].

• Energy Consumption Bottleneck: LLM inference often
exceeds the power budgets of mobile and edge devices,
necessitating sophisticated optimization strategies that
combine precision reduction, sparsity, and intelligent
scheduling [50]. The energy disparity across computing
tiers is substantial, as illustrated in Figure 6, with cloud
data centers consuming MW-scale power for facility-
scale operations, while edge servers operate at tens of
watts and mobile devices consume sub-10W [57], [59],
[97]. This multi-order-of-magnitude gap highlights the
critical need for energy-efficient optimization techniques.
Agentic processes, incorporating sensorimotor loops and
continuous planning, introduce additional energy demands
that must be carefully managed. Research in federated
multi-agent reinforcement learning (Fed-MARL) demon-
strates promising approaches for energy-aware resource
management in 6G edge networks, optimizing latency,
energy efficiency, and reliability under stringent constraints
[98].

• Memory Bandwidth Limitations: High-throughput LLM
inference can saturate memory bandwidth, creating sig-
nificant bottlenecks in auto-regressive generation where
weights and activations are repeatedly accessed [50]. The
bandwidth disparity is substantial: data center GPUs like
NVIDIA A100 offer 1555 GB/s bandwidth, while mobile
SoCs typically provide 50-60 GB/s (e.g., Snapdragon 8
Gen 2) [50]. This order-of-magnitude difference results
in multi-fold slowdowns during token generation on edge
devices. Frameworks like APEX address these limitations
through parallel CPU-GPU execution and optimized
attention computation offloading, improving throughput by
84-96% on constrained GPUs [94]. Similarly, EdgeShard’s
collaborative approach partitions models across devices,
effectively distributing memory bandwidth requirements
and reducing latency by up to 50% [22].

• Communication Infrastructure Constraints: Edge net-
works typically provide significantly lower bandwidth
compared to data center interconnects, creating substantial

https://aws.amazon.com/what-is/rtt-in-networking/
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Fig. 6. Power consumption disparity across computing tiers (log scale).
Representative devices: MW-scale Cluster: Huawei Atlas 950 SuperCluster
(10MW facility with cooling) ; Single-Server LLM: High-end server with
2×A100 80G GPUs ; Edge Server: NVIDIA Jetson AGX Orin (30-60W)
; Smartphone: Modern flagship smartphone (e.g., iPhone 17 or Samsung
Galaxy S25 Ultra) ; IoT Device: ESP32-based microcontroller [57], [59], [97].
Facility-scale includes cooling and infrastructure overhead. Per-query energy
(Wh/query) varies significantly with latency, sequence length, and optimization
techniques as discussed in Section III-E.

bottlenecks for federated learning and collaborative infer-
ence scenarios [50]. This constraint profoundly impacts
scenarios where transmitting parameter updates can cause
communication delays ranging from minutes to hours over
constrained edge networks. Innovative approaches like
pFL-SBPM demonstrate communication-efficient person-
alized federated learning, reducing uplink communication
costs by 96.875% through random binary probability
masks instead of transmitting full precision weights or gra-
dients [99]. For latency-sensitive applications, EdgeShard
employs collaborative edge computing to minimize data
transmission, supporting full-precision model inference
without accuracy loss [22].

C. Technical Deployment and Management Complexities

• Hardware Heterogeneity Challenge: Edge ecosystems
encompass numerous distinct hardware architectures with
varying instruction sets (ARM, x86, RISC-V), accelerators
(CPU, GPU, NPU, TPU), and memory hierarchies [5]. Op-
timizing LLMs for this heterogeneity requires: 1) Platform-
specific compilation using dozens of compiler toolchains;
2) Architecture-aware model partitioning strategies; 3)
Dynamic resource allocation algorithms; 4) Cross-platform
performance optimization, approaching platform-optimal
performance.

• Dynamic Adaptation and Learning Overhead: Full on-
device fine-tuning can often require an order of magnitude
or more compute relative to inference; parameter-efficient
approaches (e.g., LoRA [100], adapters [101]) substan-
tially lower but do not eliminate the gap. Continuous
adaptation cycles must therefore be scheduled opportunisti-

cally to balance learning benefits with resource constraints
[102].

• Multi-Model Orchestration Complexity: AI Agents of-
ten require coordination of several to dozens of specialized
models (vision, language, planning, control), each with
different resource requirements and inference patterns
[103]. Cold start latencies can range from hundreds of
milliseconds to several seconds, while task switching may
introduce delays from tens to hundreds of milliseconds,
critically impacting real-time performance requirements
in latency-sensitive applications [104].

Edge scenarios with privacy-sensitive, latency-critical
cognition—such as vehicular navigation requiring <10ms
response times for obstacle avoidance, clinical triage in remote
areas without network connectivity, industrial diagnostics for
predictive maintenance, biomarker-driven screening in point-of-
care devices, and civic infrastructure monitoring for anomaly
detection—drive the need for local cognitive processing to
ensure personalization, resilience, and compliance [5], [6],
[60], [61].

D. Security, Privacy, and Trustworthiness Challenges

• Privacy-Preserving Computation Overhead: Differ-
ential privacy, secure aggregation, and homomorphic
encryption introduce non-trivial (sometimes prohibitive)
latency and communication overhead; practical deploy-
ments typically balance privacy budgets against real-time
constraints [105].

• Attack Surface Expansion: Distributed edge AI broadens
potential attack vectors compared to centralized deploy-
ments. Representative vectors include model extraction
attacks requiring thousands to millions of queries, adver-
sarial input crafting that often achieves high success rates
on undefended models, Byzantine attacks in federated
learning that can potentially affect a significant portion
of participating nodes, and physical tampering of edge
devices that may comprise a notable portion of deployed
systems [106].

• Autonomous Agent Safety Risks: AI Agents operating
in physical environments pose quantifiable safety risks.
These include decision latency failures where delays of
several milliseconds can cause safety violations, varying
hallucination rates for complex reasoning tasks, varying
out-of-distribution detection accuracy for novel scenarios,
and varying multi-agent coordination failure rates in
distributed systems [98].

• Explainability and Verification Challenges: LLM de-
cision paths involve tens of thousands to millions of
computational steps, making complete verification compu-
tationally intractable. Current explanation methods achieve
typically are insufficient for safety-critical applications
requiring extremely high reliability [107].

E. Energy Metrics and Reporting

For cross-tier comparisons we distinguish between: (i)
instantaneous device power (W), (ii) facility power including
cooling/overhead (kW–MW), and (iii) energy per request
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measured in Wh/query. The latter depends on end-to-end
latency (prompt length, generation length), precision (e.g.,
INT4–INT8), and utilization. We recommend reporting both
steady-state TDP and measured Wh/query with workload
description and hardware configuration, following energy-aware
evaluation practices in edge NLP and mobile AI challenges
[108], [109].

Lifecycle and Sustainability Considerations. Beyond run-
time energy, lifecycle analysis (LCA) should consider hardware
manufacturing/refresh cycles, thermal aging, and software
stack updates. We recommend (i) reporting the functional unit
(tokens generated per Joule over device lifetime), (ii) separating
embodied vs operational energy, and (iii) documenting e-waste
mitigation (e.g., model compression extending device lifetime).
Where possible, align with Green AI reporting practices and
include Scope 2/3 boundary notes.

F. Detailed Technical Constraint Analysis for Edge-Side Large
Models

The deployment of edge-side large models faces several
critical technical constraints that fundamentally limit their
practical implementation [6], [110]–[112]:

1. Computational Performance Limitations: Edge devices
provide limited computing capacity and memory bandwidth
compared to cloud infrastructure, creating significant perfor-
mance bottlenecks for LLM inference due to the memory-bound
nature of transformer architectures.

2. Power Consumption and Thermal Management:
Running LLMs on edge devices consumes several watts, often
exceeding typical power budgets and causing thermal throttling
that significantly reduces performance and creates unpredictable
latency.

3. Model Quantization Trade-offs: Quantization from
higher precision to INT8/INT4 or lower bit widths introduces
accuracy degradation, particularly on reasoning tasks, requiring
careful calibration and mixed-precision strategies to balance
performance and quality.

4. Immature Development Ecosystem: Converting models
to edge-optimized formats requires extensive manual ad-
justments due to immature toolchains and limited profiling
capabilities, hindering systematic optimization efforts.

5. Platform Fragmentation: Hardware and software het-
erogeneity across vendors and platforms necessitates vendor-
specific optimizations, limiting model portability and increasing
development complexity.

6. Context Length Limitations: Extended context win-
dows severely impact performance due to quadratic memory
scaling in attention mechanisms, requiring sophisticated cache
management for multi-turn conversations.

With a clear understanding of the challenges in deploying
LLMs and AI agents at the edge, the next section explores the
optimization strategies that can address these issues through
coordinated approaches across data, model, and system levels.

IV. OPTIMIZATION STRATEGIES FOR EDGE LLMS AND AI
AGENTS

Figure 7 presents a comprehensive Edge AI optimization
ecosystem, illustrating how cloud-based LLMs are progres-

sively optimized through multi-layer techniques—including
data, model, and system-level strategies—before deployment
to diverse edge devices. The diagram highlights the flow and
interaction between optimization stages, demonstrating how
coordinated improvements across the stack enable cognitive
computing at the edge and deliver quantified performance gains,
providing a global perspective for understanding the subsequent
detailed optimization methods. As discussed in the previous
section, deploying LLMs and AI Agents on edge devices
faces significant challenges related to computational resources,
energy consumption, and system complexity. To mitigate these
challenges, a holistic approach leveraging optimization strate-
gies across data, model, and system levels is crucial, encom-
passing techniques such as quantization (INT8/INT4 (8-bit/4-
bit integer) precision reduction achieving 4-8× compression),
pruning (structured and unstructured approaches for model
size reduction), knowledge distillation (KD) (teacher-student
compression), architecture design innovations (purpose-built
Small Language Models and efficient attention mechanisms),
and system-level optimizations (model partitioning, hardware
acceleration, and dynamic scheduling). The effectiveness of
these techniques varies based on model architecture, hardware
platform, and application requirements, with implementation
complexity ranging from straightforward quantization to so-
phisticated multi-teacher distillation frameworks [5], [6].

A. Data Optimization

Data optimization techniques focus on preparing and en-
hancing datasets to improve the efficiency and effectiveness
of edge-deployed LLMs and AI agents. These techniques
address the unique challenges of edge environments, including
limited storage capacity, privacy constraints, and the need for
high-quality training data that can be processed with minimal
computational resources.

Figure 8 illustrates the comprehensive framework for pro-
cessing both edge data and cloud training data through multiple
optimization strategies.

• Data Cleaning and Preprocessing: High-quality local
datasets mitigate noise and hallucination risks [113]. Ac-
tive label or federated cleaning strategies reduce redundant
transmission while preserving privacy [6].

• Feature Compression: Dimensionality reduction and
embedding compression target context transfer bottlenecks
between edge and cloud [6], [63]. Techniques such as
Principal Component Analysis (PCA), autoencoders, and
feature hashing are employed to extract salient features,
thereby compacting data while preserving essential infor-
mation relevant for edge models.

• Data Augmentation: Synthetic and transformation-based
augmentation enlarges scarce edge task corpora; combined
with KD it enhances student specialization [6], [114].

• Mitigating Bias from Synthetic Data: Synthetic aug-
mentation may import distributional artifacts; auditing and
mixed real–synthetic sampling reduce bias risks [115].

– Differentially Private Synthetic Data: This ap-
proach mimics the statistical patterns of real data
without containing personally identifiable information
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(PII), enabling data expansion, sharing, and reuse
while minimizing privacy leakage risks [115].

– Feedback-Driven Augmentation: This method iter-
atively improves synthetic data generation by incor-
porating user interactions, domain expert input, and
system performance metrics, ensuring that synthetic
data remains relevant, representative, and aligned
with system requirements [116]. This approach helps
generate more balanced datasets, reducing public data
bias and under-representation issues, particularly in
data-limited domains such as fraud detection, medical
research, or recruitment [115].

B. Model Optimization
Model optimization focuses on adapting the AI model

itself to be more resource-efficient without significant loss
in performance. This is particularly critical for LLMs, given
their inherent size. We summarize typical trade-offs between
compression techniques (quantization, pruning, KD, low-
rank, sharing), noting accuracy–efficiency frontiers vary by
task/hardware [55], [75], [125].

1) Practical density heuristics for edge-side model design:
Deploying large language models at the edge is ultimately
constrained by compute, memory bandwidth, latency, and
power budgets. Rather than proposing a new “law,” we adopt
a pragmatic view: density describes the amount of useful
work delivered per unit of constrained resource (Joule, byte/s,
or ms). Empirical studies consistently show that transformer
inference at the edge is frequently memory-bandwidth-bound
and thermally limited on mobile SoCs, with end-to-end
performance sensitive to precision, caching, and scheduling
choices [2], [43], [52], [55].

Observed patterns and actionable heuristics:

• Memory/bandwidth awareness: Sustained throughput
depends more on data movement than on peak TOPS.
Favor precision schemes and layouts that minimize
bandwidth pressure (e.g., weight-only or mixed-precision
quantization, KV-cache locality, prefetch-friendly packing)
and align with the target memory hierarchy [43], [55].

• Power/thermal budget as a first-class constraint: On
battery-powered devices, thermal throttling can dominate
steady-state throughput. Runtime policies (duty-cycling,
burst scheduling), mixed precision, and operator fusion
help preserve efficiency under thermal limits [2], [126],
[127].

• Scale within hardware envelopes: Small-to-mid scale
models (from sub-1B up to the low tens of billions of
parameters on edge servers) are commonly reported for on-
device and near-edge use; the practical breakpoint depends
on task, latency, and memory budgets [43]. Architectural
tailoring (efficient attention, compact FFNs) generally
yields better density than naïve downscaling [55].

• Collaborative execution matters: In edge–cloud or
multi-edge settings, overall latency and throughput are
bounded by the slower of compute and the communication
fabric. Partitioning and offloading must account for link
variability; hiding communication behind compute and
compressing activations/KV state are often decisive [27],
[43].
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TABLE III
COMPARISON OF SMALL LANGUAGE MODEL (SLM) ARCHITECTURES FOR EDGE AI.

SLM
Name

Architecture
Type

Key Features
and Innovations

Parameters
and Size Reduction

Reported
Performance

Edge Suitability
and Use Case

MobileBERT [117] Encoder-only Inverted bottleneck
structure, balances
attention layers

4.3× smaller, 5.5× faster Near-BERT performance Mobile devices

DistilBERT [118] Encoder-only Knowledge distillation >60% smaller, 96%
BERT

Highly efficient Resource-limited

TinyBERT [119] Encoder-only Distillation +
augmentation

Compact, 96% BERT Production-ready Constrained envs

BabyLLaMA [120] Decoder-only Multi-teacher distillation 58M params Low-data performance Low-data devices

TinyLLaMA [121] Decoder-only FlashAttention 1.1B params Memory efficient Memory-limited

MobileLLM [68] Decoder-only Weight sharing, GQA Low latency Practical deployment Mobile systems

LLaMA 3.1 8B
[122]

Decoder-only Compact LLM 8B params Fine-tunable LLM-capable edge

Pythia [123] Decoder-only Interpretability 160M-2.8B Benchmarking Research use

SmolLM2-1.7B
[124]

Decoder-only Curated datasets 1.7B params Task-efficient Specific NLP tasks

Design implications: These observations translate into
practical guidance rather than strict formulas:

• Architecture selection: Prefer sparse/efficient attention
and lean feed-forward blocks that maximize useful com-
putation per byte moved [55].

• Quantization strategy: Use aggressive but validated
quantization where supported by the toolchain, while
maintaining precision where sensitivity is high (e.g.,
attention, logits) [43], [55], [128], [129].

• Memory hierarchy optimization: Co-design kernels and
layouts to reduce DRAM traffic and exploit caches/KV
locality; batch/window sizing should follow bandwidth,
not just FLOPs [130].

• Adaptive scheduling: Adjust concurrency, precision, and
offload boundaries in response to runtime resource and
thermal telemetry [2], [27].

We use the term “density” heuristically in this survey. The
above patterns synthesize reported behavior across devices
and workloads; concrete thresholds (e.g., tokens/s or power
draw) are deployment- and hardware-specific and should be
established via measurement on the target platform [52].

• Compact Architecture Design (Small Language Models
- SLMs): Table III compares representative small language
model architectures and their edge suitability. SLMs are
specifically designed as lightweight architectures with
inherently lower computational and memory requirements
compared to large models [113], [131], [132]. Their
parameters typically range from millions to billions,
representing a significant reduction compared to LLMs

with hundreds of billions of parameters [113], [131].
Advantages: SLMs offer numerous advantages for edge
deployment, including faster deployment cycles, easier
fine-tuning on proprietary data, lower energy consumption,
higher sustainability, and natural suitability for resource-
constrained environments such as mobile devices, em-
bedded systems, and edge hardware [85], [113], [131],
[132]. Recent SLMs demonstrate lower computational
requirements and faster inference compared to larger
models, with specialization for domains like healthcare,
legal, and supply chain applications [45], [66], [133]–[135].
From an enterprise and agentic AI operations perspective,
SLMs can deliver lower latency, cost/energy, and stronger
privacy/control when embedded at the edge, enabling safe
iteration and workflow integration at scale.
Modern multilingual encoders (for retrieval/embedding
at the edge): While decoder-only LLMs dominate genera-
tion, encoder-only models remain critical for multilingual
retrieval, classification, and embedding services that
front many edge pipelines. The recent mmBERT revisits
multilingual encoders with a modern recipe, reporting
2–4× inference speedups over XLMR with state-of-the-
art performance on XTREME and MTEB / CoIR [136].
Such encoders can serve as fast, memory efficient front
ends for on device search, re-ranking, and agent tools in
multilingual settings.

• Advanced Architecture Innovation for Edge Deploy-
ment:
MobileLLM Deep-Narrow Architecture Design: Mo-
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bileLLM introduces a revolutionary approach to sub-
billion parameter language models through deep-narrow
architectural optimization [68]. The design principle
prioritizes depth over width, achieving superior parameter
efficiency by employing deeper transformer layers with
reduced hidden dimensions. This approach demonstrates
that deep-narrow architectures can achieve performance
equivalent to wider models while requiring significantly
fewer computational resources during inference. The
MobileLLM framework achieves notable improvements
in edge deployment scenarios through optimized depth-
width trade-offs, immediate block-wise computation, and
efficient attention pattern utilization.
MobileLLM-R1 Efficient Inference Series: Building
on the original MobileLLM architecture, Meta AI’s
MobileLLM-R1 series advances efficient inference for
small language models [137]. The series includes base
models (MobileLLM-R1-140M/360M/950M) and SFT
variants specialized for mathematics, programming, and
scientific reasoning. Reported evaluations indicate the
950M model (trained on 2T high-quality tokens; total
<5T) attains higher scores than Qwen3 0.6B on MATH,
GSM8K, MMLU, and LiveCodeBench under the authors’
specified setups, and competitive coding performance
among open models. Meta provides training recipes and
data sources to support reproducibility.
EdgeShard Collaborative Edge Computing: EdgeShard
represents a breakthrough in distributed LLM inference
through collaborative edge computing architectures [22].
The system partitions large language models across
multiple edge devices, enabling coordinated inference
that achieves reduced latency and improved throughput
compared to single-device deployment. EdgeShard’s inno-
vations include intelligent model partitioning algorithms,
communication-efficient synchronization protocols, and
adaptive load balancing strategies that optimize resource
utilization across heterogeneous edge infrastructure. The
framework demonstrates significant scalability improve-
ments, allowing deployment of larger models through
resource aggregation while maintaining edge computing
advantages.
Mixture-of-Experts (MoE) Edge Optimization: Edge-
optimized MoE architectures, including EdgeMoE, Loc-
MoE, and JetMoE variants, adapt sparse expert routing
for resource-constrained environments [23], [43], [138]–
[141]. These approaches reduce computational overhead
through selective expert activation while maintaining
model capacity, enabling deployment of sophisticated
reasoning capabilities within edge device constraints. Key
innovations include dynamic expert pruning based on
device capabilities, hierarchical expert organization for
memory efficiency, and context-aware routing that opti-
mizes expert selection for specific deployment scenarios.
The sparse activation patterns typical in MoE architectures
align well with edge computing requirements, providing
computational efficiency gains of 2-5× compared to dense
architectures while preserving model quality.
Collaborative Multi-Device Inference Patterns: Ad-

vanced deployment strategies leverage multiple edge de-
vices for coordinated inference, distributing computational
load across smartphone clusters, IoT device networks,
and edge server infrastructures. These patterns include
pipeline parallelism for sequential transformer layers,
tensor parallelism for attention computation distribution,
and hybrid approaches that adapt to dynamic resource
availability and network conditions.

• Parameter-Efficient Fine-Tuning (PEFT) for Edge
Deployment:
Low-Rank Adaptation (LoRA)-based Parameter-Efficient
Fine-Tuning represents a breakthrough approach enabling
on-device model adaptation with minimal computational
overhead [142]. This methodology addresses the critical
challenge of personalizing large language models on
resource-constrained edge devices without requiring full
parameter updates.
Theoretical Foundation and Optimization Efficiency:
Recent theoretical analysis demonstrates that fine-tuning
attention mechanisms through selective parameter adap-
tation achieves superior generalization bounds while
maintaining memory efficiency [142]. The approach lever-
ages information-theoretic generalization bounds, proving
that fine-tuning only query, key, and value matrices
with identical rank constraints can achieve performance
equivalent to or better than full parameter fine-tuning while
reducing parameter count and improving generalization
limits.
On-Device Memory and Time Optimization: Advanced
PEFT implementations achieve 20-40% memory reduction
during edge training while maintaining or improving
learning effectiveness [143], [144]. This efficiency enables
practical on-device personalization scenarios including cus-
tom assistant training, photography algorithm optimization,
and user-specific preference adaptation directly on mobile
devices without cloud dependency.
Learning Dynamics and Convergence Analysis: The-
oretical insights reveal that asymmetric learning rates
in attention mechanism fine-tuning, where query matrix
learning rates significantly exceed key-value matrix rates,
enable more efficient feature learning [142]. This principle
guides practical implementations across full fine-tuning,
LoRA, and DoRA methodologies, demonstrating orthogo-
nal compatibility with different fine-tuning approaches.
Edge Applications and Deployment Scenarios: PEFT
enables diverse edge deployment scenarios including: (1)
Vertical domain knowledge enhancement for medical,
legal, and financial applications requiring specialized
accuracy; (2) Task-specific optimization for customer
service, summarization, writing assistance, and sentiment
analysis; (3) User preference adaptation based on historical
behavior patterns and personalized service requirements.
The reduced resource requirements make sophisticated AI
personalization accessible on consumer mobile devices.
Examples: Architectures are broadly categorized into
encoder-only architectures (e.g., MobileBERT, DistilBERT,
TinyBERT, which achieve significant size reduction while
maintaining performance [145]) and decoder-only archi-
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tectures (e.g., BabyLLaMA, TinyLLaMA, MobileLLM
[145]). Recent multimodal SLMs include Apple’s Mobile-
CLIP2, which achieves competitive performance with half
the parameters of comparable models through multi-modal
reinforced training . Meta’s LLaMA 3.1 8B is highlighted
as a compact model that retains significant LLM-level
capabilities [113], [131].
Instead of deploying colossal LLMs, a growing trend is
to design intrinsically smaller models (SLMs) that are
optimized for edge inference. These models typically
have millions or billions of parameters, significantly
less than their cloud-based counterparts, while retaining
strong performance on specific tasks. Examples include
MobileBERT [117], DistilBERT [118], TinyBERT [119],
BabyLLaMA, TinyLLaMA, Microsoft’s Phi [45], Google’s
Gemma [133], Apple’s OpenELM [66], and IBM’s Granite
[134]. Recent developments also include smaller versions
of powerful LLMs like LLaMA 3.1 8B [146] specifi-
cally designed for on-device inference. For Transformer
architectures, this involves designing lightweight attention
mechanisms (e.g., sparse attention, linear attention) and
reducing the number of layers or hidden dimensions while
maintaining critical functionality [131].

• Neural Architecture Search (NAS): NAS automates
neural architecture exploration under multi-objective con-
straints (accuracy, latency, energy) [6], [147]–[149]. Figure
9 illustrates the comprehensive NAS framework for
discovering optimal architectures that balance performance
with resource constraints through reinforcement learning
and evolutionary algorithms.
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Fig. 9. Neural Architecture Search (NAS) Framework for Edge AI. The system
automatically discovers optimal architectures balancing accuracy and resource
constraints through reinforcement learning or evolutionary algorithms.

Advanced NAS variants incorporate runtime intermit-
tency, reliability, and federated non-IID constraints (e.g.,

resource-aware, fault-tolerant search) [6].
Trade-offs between Reinforcement Learning and Evo-
lutionary Algorithms: NAS typically employs reinforce-
ment learning (RL) or evolutionary algorithms (EA) to
explore the vast architecture space [147], [150]–[152].

– Reinforcement Learning (RL) Methods: These
methods typically use controllers (such as RNNs or
Transformers) to generate architectures and receive
reward signals based on performance metrics (such as
accuracy, latency) [150], [151]. RL excels at finding
high-performance architectures, especially in large
search spaces [150]. However, RL methods can be
computationally expensive and inefficient in resource-
constrained environments [150].

– Evolutionary Algorithm (EA) Methods: EAs simu-
late natural selection processes, evolving candidate
architectures through mutation, crossover, and selec-
tion [147], [150], [152], [153]. Multi-task and high-
dimensional search efficiency advances further reduce
exploration cost on resource-constrained platforms
[148]. EAs have advantages in multi-objective opti-
mization, simultaneously balancing accuracy, resource
and power consumption [147], [148], [150], and
remain scalable relative to RL in constrained settings.

– Trade-offs: In resource-constrained edge environ-
ments, the choice between RL and EA depends on
specific requirements. RL may be more effective in
finding optimal performance but is computationally
more expensive; while EA may perform better in
efficiency and scalability, especially when balancing
multiple constraints [150]. For example, resource-
efficient methods like Random Search with weight-
sharing can even outperform complex NAS algorithms
on certain benchmarks, indicating that simple, ran-
dom methods may also be competitive in resource-
constrained edge AI [147].

• Model Compression Techniques: These techniques
reduce the size and computational complexity of pre-
trained models, often referred to as the “three fundamental
approaches” for model compression. For LLMs, the
following are especially relevant:

– Network Pruning (Trimming the Garden): Elimi-
nates redundant weights, connections, or even entire
neurons/layers from a trained network, analogous to
pruning a garden by removing unnecessary branches
while preserving the essential structure. Song Han et
al.’s work on Deep Compression [154] demonstrated
significant size reductions (35-49x) for CNNs by com-
bining pruning, quantization, and Huffman coding.
For LLMs, pruning can target specific components
like redundant attention heads, entire Transformer lay-
ers (depth-pruning), or individual neurons/connections
within feed-forward networks (width-pruning). Recent
works such as LLM-Pruner [155] and SparseGPT
[156] have enabled structured and unstructured prun-
ing for billion-parameter LLMs with minimal accu-
racy loss [157]. Pruning can be structured (removing
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entire blocks, easier for hardware acceleration) or
unstructured (removing individual weights, higher
compression but harder to accelerate). Post-pruning
fine-tuning is often necessary to recover accuracy.

– Parameter Sharing: Forces different parts of the
model to share the same weights. This can be
applied within or across Transformer layers in LLMs,
significantly reducing the total number of unique
parameters. Representative works include ALBERT
[158] and MobileLLM [68].

– Speculative Sampling for Accelerated Inference:
Advanced techniques that accelerate auto-regressive
generation through draft-then-verify mechanisms,
enabling multiple tokens per forward pass while
maintaining output quality equivalent to standard
decoding:

∗ FR-Spec: Frequency-Ranked Speculative Sam-
pling: A revolutionary approach addressing effi-
ciency challenges in large-vocabulary language
models through vocabulary space compression
[159]:
Core Innovation: FR-Spec constrains draft model
search to frequency-prioritized token subsets, re-
ducing LM Head computation overhead by 75%
while ensuring equivalence of final output distribu-
tion. This addresses the critical bottleneck where
large vocabularies (e.g., Llama-3-8B with 128k
tokens) significantly impact speculative sampling
efficiency.
Vocabulary Optimization Strategy: Analysis
reveals that 75% of tokens in large model vocabu-
laries contribute less than 5% of total occurrence
frequency. FR-Spec exploits this distribution by
dynamically constraining draft candidate selection
to high-frequency token subsets, achieving average
1.12× speedup over state-of-the-art EAGLE-2
methods.
Lossless Acceleration Guarantee: Unlike pruning-
based approaches, FR-Spec maintains complete
output distribution equivalence by constraining
only draft generation while preserving full vo-
cabulary during verification phases. This ensures
quality preservation while achieving substantial
computational savings.

∗ EAGLE-2: Enhanced Tree-Attention Architec-
ture: Advanced tree-based speculative decoding
with sophisticated attention mask management for
complex draft tree structures [160]:
Tree-Based Draft Generation: EAGLE-2 con-
structs speculative trees from given prefixes, gen-
erating multiple draft paths and taking path unions
to form comprehensive draft trees. This approach
enables parallel processing of multiple generation
hypotheses within single forward passes.
Optimized Attention Mask Implementation:
CPM.cu’s implementation addresses FlashAtten-
tion limitations for speculative sampling through

compressed attention masks. Traditional int32
masks are compressed to uint64 representations for
tree sizes up to 64 tokens, maintaining performance
parity while supporting complex attention patterns.
Shared Memory Management: Advanced
preloading strategies transfer compressed atten-
tion masks to GPU shared memory, eliminating
global memory access bottlenecks that tradition-
ally degraded FlashAttention performance during
speculative decoding operations.

∗ MTP: Multi-Token Prediction Architecture:
Lightweight draft models optimized for speculative
sampling with minimal computational overhead
[161]:
Single-Layer Design Philosophy: MTP utilizes
minimal architecture comprising single transformer
layer plus language modeling head, achieving
extreme efficiency while maintaining effective
draft generation capabilities for edge deployment
scenarios.
LM Head Optimization Challenge: Implemen-
tation reveals that vocabulary size significantly
impacts small model efficiency, with LM Head
computation becoming the primary bottleneck. For
models with vocabulary sizes orders of magnitude
larger than hidden dimensions, LM Head opera-
tions dominate total computation time.
Edge Device Performance Characteristics:
MTP’s minimal architecture proves particularly
suitable for edge deployment where memory band-
width and computational resources are severely
constrained, enabling efficient speculative sampling
on mobile and embedded platforms.

∗ SpecMQuant: Speculative Sampling with Quan-
tization Integration: Comprehensive framework
combining speculative decoding with quantization
strategies for maximum edge efficiency [162]:
Hierarchical Framework Design: SpecMQuant
establishes compatibility evaluation protocols be-
tween speculative sampling and quantization tech-
niques, addressing the challenge of combining mul-
tiple acceleration strategies without performance
degradation.
Quantization-Aware Speculative Training: Ad-
vanced training methodologies that simultaneously
optimize models for both quantization robustness
and speculative sampling effectiveness, achieving
compound acceleration benefits while preserving
output quality.
Hardware Co-Design Integration: Framework
design considerations for hardware-specific quan-
tization formats (int4, int8) combined with specu-
lative sampling patterns, optimizing both memory
access patterns and computational efficiency for
edge NPU architectures.

∗ EdgeShard Collaborative Inference: Distributed
LLM inference through collaborative edge com-
puting architectures that partition large models
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across multiple edge devices, achieving reduced
latency and improved throughput compared to
single-device deployment [22].

∗ T-MAC CPU Renaissance: Table lookup-based
acceleration for low-bit LLM deployment on
edge devices, achieving significant performance
improvements through CPU-specific optimizations
[21].

– Low-Precision Quantization (High-Definition to
Standard Definition): A critical model compression
technique that converts weights and activations in
LLMs from high-precision data representations (e.g.,
32-bit floating-point, FP32) to low-precision formats
(e.g., 8-bit or 4-bit integers, INT4 or INT8) [163].
Similar to converting high-definition photos to stan-
dard definition—the file size decreases significantly
while preserving essential visual information.
Advanced Quantization Techniques: Recent work
highlights quantization’s role in edge LLM de-
ployment [25], [110], [164]. Key methods include
QLoRA (Quantized Low-Rank Adaptation) for fine-
tuning quantized models [165], GPTQ for layer-wise
optimization [166], and AWQ for activation-aware
quantization [167]. Hardware-aware approaches like
HAQ optimize for target devices [129], while mixed-
precision strategies (e.g., W4A16) balance accu-
racy and efficiency [75]. Advanced techniques like
AdaRound and BRECQ enable extreme low-bit
quantization [168]. Recent work on OmniVLM
demonstrates token-compressed sub-billion-parameter
vision-language models achieving efficient on-device
inference through advanced quantization techniques
[169].

– Knowledge Distillation (KD): Transfers knowledge
from large teacher models to smaller student models,
enabling 10-50× size reduction with 90-95% accuracy
retention [114]. Figure 10 shows the distillation
process where soft targets from teachers guide student
training.

∗ Advantages: KD reduces scale and inference cost
while preserving most task fidelity.

∗ Mechanism: Softened teacher distributions trans-
fer dark knowledge (class similarity structure).

∗ LLM-Specific KD: KD is crucial for transferring
the advanced capabilities of leading proprietary
LLMs to more accessible open-source models, and
also plays a key role in compressing open-source
LLMs for self-improvement. The NVIDIA NeMo
framework provides pipelines for LLM pruning
and distillation [155].

∗ Synergy with Data Augmentation: Data augmen-
tation significantly enhances LLM performance
within KD frameworks by generating contextually
rich, skill-specific training data [114].

∗ Advanced Distillation Techniques: Recent work
on distilling on-device language models for robot
planning demonstrates minimal human intervention

approaches, achieving efficient knowledge transfer
for specialized edge applications [170].

∗ Device-Cloud Collaborative Distillation: Feder-
ated sketching LoRA enables on-device collab-
orative fine-tuning of LLMs, providing privacy-
preserving knowledge distillation across distributed
edge devices [71].

∗ Multimodal Knowledge Transfer: Compositional
multi-tasking for on-device LLMs leverages dis-
tillation to enable efficient task composition and
knowledge sharing across different modalities
[171].

KD now bridges large proprietary and open student
models, enabling capability transfer and iterative
self-improvement [114]. Coupled with augmentation,
it yields specialized skill gains [114]. Future work
should focus on adaptive multi-teacher policies and
resource-aware scheduling for heterogeneous edge
environments.

Training
Data

Teacher Model
(Large LLM)

175B+ params
GPT-4, Claude

Student Model
(Small LLM)

1-8B params
LLaMA, Mistral

Soft Targets
(Probabilities)

Hard Targets
(Ground Truth)

KD LossCE Loss

Total Loss

Edge Model
(Deployed)

Optimized
for Edge

Temperature T

alpha balance

Benefits:
• Significantly smaller
• Faster inference
• High accuracy preservation
• Edge-ready

Fig. 10. Knowledge Distillation Architecture for Edge LLM Deployment. The
framework illustrates the transfer of knowledge from a large teacher model to
a compact student model suitable for edge devices through soft target training,
enabling significant model compression while preserving performance.

– Multimodal Model Optimization: Vision-language
models pose unique optimization challenges due to
high-dimensional visual encoders and cross-modal
fusion complexity. Recent breakthroughs demonstrate
that ultra-lightweight multimodal models can achieve
GPT-4V level performance through innovative archi-
tectural and optimization strategies [172], [173]:
∗ Efficient Visual Encoders: Apple’s FastViTHD

demonstrates hybrid CNN-Transformer designs
that reduce visual token count while maintaining
high-resolution processing capabilities, achieving
3.4× encoder size reduction compared to tradi-
tional ViT architectures [78].

∗ Multi-Modal Reinforced Training: MobileCLIP2
employs knowledge transfer from image captioning
models and ensemble CLIP encoders to improve
small model accuracy without increasing inference
cost, storing additional knowledge in reinforced
datasets rather than model parameters .
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∗ Dynamic Resolution Scaling: FastVLM’s architec-
ture supports dynamic image resolution adaptation,
allowing models to process high-resolution inputs
with minimal computational overhead through
intelligent token reduction strategies [78].

∗ Cross-Modal Compression: Techniques like Mo-
bileViCLIP extend efficient image-text models to
video domains, addressing temporal complexity
while maintaining compact model size for mobile
deployment [174].

∗ Ultra-Lightweight Multimodal Design:
MiniCPM-V 4.0 reports GPT-4V-comparable
results on selected evaluations with 4.1B
parameters through sparse attention and
hierarchical design [70], [175]. Reported
efficiency includes sub-2-second first token latency
and >17 tokens/second decoding speed on iPhone
16 Pro Max under specified settings.

∗ Sparse Long-Context Processing: InfLLM v2
[176] introduces hierarchical sparse attention that
enables efficient processing of ultra-long contexts
and cross-modal information fusion, solving the
computational bottleneck of traditional attention
mechanisms for multimodal inputs. This allows
0.5B parameter models to handle complex multi-
modal reasoning tasks previously requiring much
larger models.

∗ Unified Multimodal Architecture: MiniCPM-
V 4.0 integrates text, image, video, and audio
processing within a single lightweight framework,
achieving comprehensive multimodal understand-
ing through embedded vision and speech encoders
[175], [176]. This unified approach eliminates the
need for separate specialized models for different
modalities.

∗ Advanced Quantization and Deployment: The
MiniCPM series supports multiple quantization
formats (int4, GGUF) and inference frameworks
(llama.cpp, Ollama, vLLM, SGLang), enabling
flexible deployment across diverse hardware plat-
forms from mobile devices to edge servers [175],
[177], [178].

∗ Mobile-Optimized Multimodal Design: BlueLM-
V-3B demonstrates algorithm and system co-design
for multimodal LLMs on mobile devices, achiev-
ing efficient deployment through hardware-aware
optimization and lightweight architectural choices
[179], [180].

∗ Egocentric Vision-Language Models: Vinci pro-
vides real-time smart assistance through egocentric
vision-language models optimized for portable
devices, enabling context-aware interaction in
wearable computing scenarios [181].

– Large-Small Model Co-Evolution Architecture: A
revolutionary paradigm that extends beyond tradi-
tional knowledge distillation to establish dynamic
collaborative systems between large models (LLMs)

and small models (SLMs) for resource-constrained
scenarios [74]. An overview of this paradigm is shown
in Figure 11. Table IV provides a comprehensive
overview of representative techniques and their bene-
fits across the co-evolution design space, highlighting
how large and small language models can collaborate
effectively. This table compares various technical
directions including computational load compression,
memory optimization, weight quantization, hardware
co-design, dynamic collaboration, and evolution ef-
ficiency, demonstrating the practical advantages and
trade-offs for different edge deployment scenarios.
Table V provides a detailed examination of LLM-
specific optimization techniques tailored for edge
deployment, covering key methods such as pruning,
quantization, knowledge distillation, and architectural
innovations. This comprehensive table outlines the
mechanisms, edge deployment advantages, and trade-
offs for each technique, serving as a practical guide
for researchers and practitioners implementing cogni-
tive edge computing solutions.
2) Industrial Case Study: Apple’s FastVLM and
MobileCLIP2 Edge AI Strategy: Apple’s recent
open-source release of FastVLM and MobileCLIP2
represents a significant advancement in edge-native
vision-language models, demonstrating the practical
viability of small model architectures for resource-
constrained deployment [66], [78].
FastVLM Architecture and Performance:
FastVLM is a multimodal vision-language model
optimized for edge devices, featuring a novel
hybrid visual encoder called FastViTHD that
combines convolutional networks with Transformer
architectures. This design enables significant
efficiency improvements: 85× faster first-token
time-to-first-token (TTFT) compared to similar
models like LLaVA-OneVision-0.5B, while reducing
visual encoder size by 3.4× [78].
The model achieves this performance through intelli-
gent token reduction strategies that maintain visual
fidelity while minimizing computational overhead.
FastVLM supports multiple parameter scales (0.5B,
1.5B, 7B) and demonstrates superior performance
compared to larger models like Cambrian-1-8B, with
7.9× faster inference while maintaining competitive
accuracy across seven vision-language tasks.
MobileCLIP2 Lightweight Design: Complementing
FastVLM’s speed focus, MobileCLIP2 emphasizes
model compactness through multi-modal distilla-
tion and data augmentation techniques . The S4
model achieves performance comparable to SigLIP-
SO400M/14 on ImageNet-1k while using only half
the parameters. On iPhone 12 Pro Max, MobileCLIP2
delivers 2.5× lower latency compared to DFN ViT-
L/14, enabling real-time photo search and offline
image recognition capabilities [184].
Apple’s Dual-Track Edge AI Strategy: Unlike
competitors focusing primarily on cloud-based large
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Fig. 11. Large-Small Model Co-Evolution Architecture: Dynamic collaborative framework showing knowledge transfer, router-based task allocation,
collaborative training mechanisms, and resource optimization strategies for edge deployment [74], [182].

TABLE IV
LARGE–SMALL MODEL CO-EVOLUTION: REPRESENTATIVE TECHNIQUES AND BENEFITS

Technical Direction Representative Solution Key Benefit Scenario Notes

Computational Load
Compression

SmallThinker Two-Level
Sparsity

3× speedup, 40% energy
reduction

Mobile devices, IoT Hierarchical sparsity

Memory Optimization Phi-4-Mini Grouped Query
Attention [182]

1/3 memory for long context Long context tasks Attention optimization

Weight Quantization Qwen3-SmVL INT4 700MB model, runs in 1GB
VRAM

Android product
recognition

Adaptive quantization

Hardware Co-design WebGPU Local Inference
[183]

Browser-native Llama 2 Privacy-sensitive Web acceleration

Dynamic Collaboration RouterEval Task Allocation 50ms routing latency Real-time applications Intelligent dispatch
Evolution Efficiency Phi-4-Mini Efficiency [182] 90% large-model

performance/parameter
Resource-constrained Parameter efficiency

language models, Apple has pursued a comprehensive
dual-track approach: cloud-scale models for complex
tasks and edge-native small models for immediate,
privacy-sensitive applications. This strategy addresses
fundamental challenges in mobile AI deployment
while showcasing practical edge AI applications:
∗ Real-time Vision Applications: FastVLM enables

instantaneous camera-based text recognition, live
subtitle generation, and real-time image captioning
with latency low enough to support accessibility
features like screen readers

∗ Offline Capabilities: MobileCLIP2 supports photo
album semantic search, camera translation, and
image-text retrieval without network connectivity,
crucial for privacy-sensitive scenarios

∗ Privacy Protection: Local processing ensures
user data never leaves the device, aligning with
Apple’s privacy-first philosophy while maintaining
competitive performance

∗ Hardware Integration: Direct integration with
Core ML and Swift Transformers toolchain, lever-
aging Neural Engine and GPU acceleration on
A-series/M-series chips for optimal resource uti-

lization
∗ Developer Accessibility: Open-source models

with WebGPU demos accessible through Safari
browsers, lowering barriers for developer adoption
and experimentation

Performance Validation: Community testing con-
firms FastVLM’s exceptional speed, with users re-
porting real-time text recognition capabilities that
match screen reader speeds and seamless integration
with assistive technologies. The models demonstrate
consistent accuracy-latency trade-offs across different
hardware configurations, validating the viability of
edge-optimized multimodal architectures.
Industry Case Studies: Apple’s FastVLM achieves
85× faster inference with hybrid CNN-Transformer
encoders [78], while MiniCPM-V 4.0 delivers GPT-
4V performance with 4.1B parameters on mobile
devices [70]. Rockchip’s RK3588 demonstrates Chi-
nese semiconductor leadership with 6 TOPS NPU
capacity [185].
Competitive Landscape: Hardware-software inte-
gration drives edge AI advancement, with ecosys-
tem lock-in strategies and open-source/proprietary
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TABLE V
LLM-SPECIFIC MODEL OPTIMIZATION TECHNIQUES FOR EDGE DEPLOYMENT

Technique LLM-Specific
Methods/Examples

Mechanism/Working
Principle

Edge Deployment Advantages Trade-offs/Limitations

Pruning Depth pruning, width
pruning, Deep Compression

Selectively removes
unimportant components
(weights, neurons, layers)

Smaller model size, faster
execution; reduced
memory/storage; improved energy
efficiency

Potential accuracy loss;
optimization computation cost;
hardware compatibility constraints

Parameter
sharing

Weight clustering, low-rank
adaptation (LoRA)

Shares weights across
multiple layers or
components

Significant parameter reduction;
discovers more efficient
architectures

Potential accuracy degradation;
architecture-specific compatibility

Quantization PTQ, QAT, QLoRA, GPTQ Converts weights/activations
to low-precision
(INT4/INT8) formats

Reduced model size; lower
memory/storage; improved energy
efficiency

Accuracy loss; difficulty selecting
optimal precision; hardware
compatibility

Knowledge
distillation (KD)

Teacher-student,
self-distillation,
multi-teacher KD

Transfers knowledge from
large teacher to compact
student model

Reduced model size/computation
while maintaining performance

Possible accuracy drop;
domain-dependent effectiveness;
requires tuning

Low-rank
decomposition

SVD training,
micro-factorized
convolution

Approximates weight
matrices using
low-dimensional
representations

Reduced memory consumption and
computation; faster training

Implementation complexity;
requires extensive retraining

tensions shaping market evolution [46], [66], [186].
Chinese companies like Rockchip achieve significant
automotive electronics breakthroughs [187].

C. System Optimization

System optimization focuses on software frameworks, hard-
ware accelerators, and distributed strategies to enhance the
efficiency of AI workloads on edge devices. Figure 12 illustrates
the multi-layer system optimization architecture that integrates
these components for optimal LLM and AI agent deployment
[49], [55], [110].

APPLICATION LAYER: LLMs and AI Agents
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EDGE DEVICE LAYER
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• Parallel processing
• Energy efficiency
• Custom data paths
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Fig. 12. System Optimization Architecture for Edge AI. The multi-layer frame-
work integrates software frameworks, hardware acceleration, and distributed
strategies to optimize LLM and AI agent deployment on resource-constrained
edge devices.

1) Practical Deployment Blueprints: We provide four refer-
ence blueprints:

• Smartphone (Thermal-Constrained, 8–16GB RAM):
INT4/INT8 quantization, KV cache eviction policies, spec-
ulative decoding with conservative draft length; throttle-
aware schedulers; metrics: p50/p90 latency, J/token, ther-
mal stability over 10-min sessions; pitfalls: background
app interference and DVFS.

• Wearable (Ultra-Low Power): Micro-SLMs with distilled
skills, event-driven pipelines, on-demand wake; metrics:
idle vs active power, wake-to-first-token; pitfalls: memory
fragmentation and sensor interference.

• Jetson-Class Edge Server: Mixed-precision (FP16/INT8),
tensor-RT kernels, paged KV cache; concurrent sessions
in vLLM/SGLang; metrics: throughput vs latency Pareto,
energy per query under concurrency; pitfalls: NUMA
effects and paging stalls.

• Base Station/MEC Node: Partitioned inference with
elastic offloading, admission control, privacy zoning;
metrics: SLA adherence (p95), offload ratio, e2e energy;
pitfalls: network jitter and privacy boundary leaks.

Software Frameworks: Lightweight DL runtimes (Ten-
sorFlow Lite, PyTorch Mobile, NCNN, OpenVINO) provide
quantization-aware kernels and deployment tooling [6], [164].
LLM serving platforms like Ollama, MLC LLM, and llama.cpp
enable efficient edge deployment with MiniCPM-V 4.0 achiev-
ing sub-2-second response times [175], [177], [178]. Advanced
frameworks like vLLM and SGLang support high-throughput
concurrent inference [110], [188], while CPM.cu provides
composite acceleration for edge scenarios [176].

Hardware Acceleration: Specialized accelerators are essen-
tial for edge LLM deployment. CPUs offer ubiquity but limited
parallelism; GPUs provide better processing with higher power
consumption; FPGAs enable custom data paths; ASICs and
NPUs deliver superior efficiency for AI workloads [33], [34].
Emerging architectures include compute-in-memory (CIM) for
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TABLE VI
STANDARDIZED EVALUATION FRAMEWORK FOR EDGE AI WITH LLMS AND AGENTS

Dimension Latency Throughput Energy Accuracy Notes

Interactive Inference p50/p90 response,
token/s

concurrent sessions J/req, J/token task-specific metrics On-device vs
hybrid

Context Handling max/avg context,
truncation rate

retrieval hit ratio extra KV traffic answer consistency Long-context
safety

Privacy/Security data residency model leak tests DP budget/overhead attack success rate Threat models
Robustness OOD error rate degradation under

load
thermal throttling fail-safe behavior Graceful fallback

Sustainability embodied energy carbon intensity power caps SLA compliance Region-specific
mix

Note: Thresholds represent typical requirements for production edge AI systems. Specific applications may require different targets based on
use case criticality and resource constraints.

10-100× energy improvements [189], near-memory computing
(NMC) for reduced data movement, and transformer-optimized
processing units [28], [29], [190]. Recent works demonstrate
FPGA-based spatial acceleration achieving 5-20× throughput
improvements for LLM inference [26], [27], while NPU-
optimized frameworks enable real-time inference on mobile
devices [29]–[32]. Hardware-software co-design approaches
combine specialized accelerators with optimized kernels to
push TOPS/W efficiency toward 100+ for edge multimodal
reasoning [27], [33], [34].

Neuromorphic Computing: Brain-inspired computation
with spiking neural networks offers exceptional energy effi-
ciency for pattern recognition and real-time sensory processing,
promising for low-power edge agents [27], [191], [192]. Neu-
romorphic systems can achieve substantial energy reductions,
often ranging from 100-1000×, for certain cognitive tasks
through event-driven processing and sparse activation patterns
[191], [192]. Recent advances in neuromorphic computing
demonstrate scalable architectures for edge AI applications,
with spiking neural networks showing superior efficiency for
temporal processing and sensory data analysis [27].

Collaborative Architectures: Model partitioning distributes
computation across devices to overcome single-device lim-
itations. Cloud-edge collaboration enables intelligent task
offloading, with CE-CoLLM demonstrating 13.81% latency
reduction and 84.53% workload offloading [63]. Multi-edge par-
titioning distributes layers across nearby devices for improved
resilience [193]. Dedicated AI co-processors like Rockchip’s
RK182X enable modular AI enhancement without full system
replacement [30]–[32], [194].

Hierarchical Intelligence: Multi-tier architectures distribute
intelligence across device-edge-cloud hierarchies, with intelli-
gent routing optimizing for latency, resources, and complexity
[26]. Network-aware optimization adapts to connectivity con-
straints for robust edge-cloud coordination.
A standardized evaluation framework (metrics, methods, and
typical targets) is summarized in Table VI.

2) Runtime and KV-Cache Optimization: Edge-side LLM
serving performance depends critically on optimizing the
decode phase and memory behavior. Practical systems co-
design attention kernels, cache layout, and schedulers to
increase tokens-per-second while fitting tight memory budgets.

• Prefill vs. Decode Phases: Prefill (encoder-like pass over
the prompt) is bandwidth-bound and benefits from fused
attention kernels (e.g., FlashAttention) and operator fusion.
Decode is latency-critical with batch=1 or small batches;
token reuse via KV-cache and speculative decoding
dominate throughput.

• Paged KV-Cache: vLLM introduces paged attention that
manages KV memory in fixed-size pages with a GPU-
resident allocator, enabling high reuse, low fragmentation,
and stable throughput under variable-length prompts and
long sessions [110]. This abstraction decouples sequence
length from contiguous allocation, improving latency
predictability.

• Continuous Batching and Scheduling: Schedulers that
merge requests on the fly (a.k.a. continuous batching) and
reorder steps across sequences maximize GPU utilization
without user-perceived delay. SGLang/vLLM demonstrate
large throughput gains under mixed-length, multi-tenant
workloads [110], [188].

• Streaming and KV-Cache Compression:
StreamingLLM-style techniques reduce cache cost
by evicting or downscaling low-saliency tokens, head-
wise/key-wise sparsification, or low-bit compression
of KV tensors with accuracy-aware heuristics. These
approaches retain perplexity while shrinking memory
footprint for long-context sessions [195].

• Mobile System-Service (LLMaaS) and Elastic KV:
Treating LLMs as a mobile OS service introduces stateful
execution where KV-cache persists across app invocations.
Recent systems decouple app and LLM memory manage-
ment with chunk-wise, tolerance-aware KV compression
and lifecycle policies to minimize context-switch latency
on devices [196]. Complementary designs elastically adapt
model capacity and KV residency for mobile scenarios,
trading accuracy for footprint and responsiveness on
demand [197].

• Offloading under Memory Pressure: FlexGen and
related systems split weights/activations/KV across
GPU/CPU/NVMe with overlapping prefetch and com-
pute. Careful pipeline design sustains near-GPU-only
throughput when memory is insufficient for full-resident
deployment [198].
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• Speculative Decoding Compatibility: Draft-and-verify
methods (e.g., MTP/EAGLE/FR-Spec) are complementary
to cache optimizations; hierarchical designs co-tune draft
length and verification batch to maintain cache locality
and reduce verifier stalls [159], [160], [199].

• Kernel and Memory Co-Design: Modified FlashAtten-
tion with compressed masks, fused rotary-embedding
+ QKV projection, and register/shared-memory tiling
reduce HBM traffic. Practical allocators prioritize: model
weights -> intermediate buffers -> KV-cache, with lifetime-
aware reuse and NUMA-conscious placement (cf. CPM.cu,
vLLM) [110], [111], [176].

• On-Device Smartphone Scheduling: Mobile pipelines co-
optimize CPU/GPU/NPU scheduling, memory residency,
and batching to sustain low-latency decoding within single-
digit watt budgets; recent systems demonstrate fast LLM
inference directly on smartphones [200].

These runtime strategies combine with quantization (e.g.,
W4A16 via Marlin/GPTQ), sparse attention, and batching
heuristics to deliver stable edge throughput with bounded
latency and power draw.

Emerging System Technologies: Recent advances in
mixture-of-experts (MoE) routing enable dynamic expert
selection for task-adaptive computation, reducing energy by
2-3× for specialized workloads [201]. Neuromorphic com-
puting explores spiking neural networks for energy-efficient
temporal processing, achieving 100-1000× energy reductions
for certain cognitive tasks [202]. Hardware-software co-design
with dedicated AI accelerators (e.g., NPU clusters) pushes
TOPS/W efficiency toward 100+, enabling real-time multimodal
reasoning on edge devices [27].

V. APPLICATIONS OF EDGE AI WITH LLMS AND AI
AGENTS

The convergence of LLMs, AI Agents, and Edge AI enables
application patterns across latency-sensitive, privacy-critical,
and bandwidth-constrained domains. Reported improvements
are context-specific; we cite sources and avoid universal “5–
50×” claims.

A. Enhanced Existing Edge AI Applications with Quantitative
Impact

LLM-powered edge systems show measurable gains over
prior task-specific baselines (energy/latency references: [1], [2],
[52], [55]).

• Healthcare Edge Systems: On-device medical LLMs
support real-time decision support and personalized recom-
mendations while preserving privacy via local processing
[37], [43], [203]. EHR-MCP retrieves clinical information
from hospital EHRs through MCP for autonomous task
execution [204]. FRAME uses a generate–evaluate–reflect
loop to improve medical insights [205]. Fleming-R1 tar-
gets verifiable medical reasoning for expert-level clinical
tasks [206].

• Autonomous Vehicle Intelligence: On-device LLMs
provide multimodal perception and sub-50ms decisions

for safety-critical driving [43], [49]. Representative sys-
tems include: TRR Agent, which retrieves and interprets
traffic rules via RAG for interpretable decisions across
regions [207]; DriVLMe, enabling natural human–vehicle
communication and long-horizon navigation [208]; LLM-
based misbehavior detection for sign/motion authenticity
in C-ITS [209]; and V2V-LLM, which fuses multi-vehicle
perception for grounding and planning [210].

• Industrial IoT and Manufacturing: Edge LLMs
power natural-language interfaces and predictive main-
tenance; multimodal models analyze sensors in real time
[43]. BiGAT-ID attains 99.34% on EdgeIIoTset with
0.0001s inference for real-time intrusion detection [211].
LLM+IR improves defect localization in flexible manu-
facturing [212]; SCCE outlines foundation-model IIoT
across sensing–compute–connectivity–evolution [213];
and DID+RL edge–cloud schemes enhance task offloading
and generalization [40].

• Smart City Infrastructure: Edge LLMs enable in-
telligent traffic management systems that process real-
time video feeds and sensor data for optimized traffic
flow and emergency response [43]. Privacy-preserving
natural language interfaces allow citizens to interact
with city services through voice commands processed
locally on edge devices. LLMs enhance urban computing
across transportation, public safety, and environmental
monitoring domains, improving data analysis and decision-
making capabilities [214]. In urban planning, LLMs
serve as intelligent assistants for synthesizing conceptual
ideas, generating urban designs, and evaluating planning
outcomes through advanced generation and simulation
capabilities [215].

• Agricultural Precision Systems: On-device LLMs sup-
port crop health, pest detection, and irrigation opti-
mization via local natural-language queries; multimodal
drone+sensor inputs enable offline advice in rural settings
[43]. Domain stacks include AgriGPT with Tri-RAG for
grounded reasoning [216], PEZEGO for pest management
[217], and AgriBench/MM-LUCAS for evaluation [218];
LLMs also streamline extension services with location-
aware guidance [219].

• Retail and Commercial Applications: Edge LLMs power
private, sub-200ms shopping assistants and analytics [43].
CuSMer combines semi-supervised learning with model
merging for robust multimodal intent recognition [220].
Use-case shopping leverages instruction tuning [221];
generative-agent simulations study search vs personaliza-
tion [222]; and emerging LLM app stores enable mining,
risk analysis, and market dynamics [223].

B. Breakthrough On-Device Language Model Implementations

The maturation of on-device language models has produced
several landmark implementations that demonstrate practical
feasibility and performance breakthroughs across diverse
deployment scenarios [43].

• Google Gemini Nano: Google’s mobile-native multi-
modal model achieves competitive performance through
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4-bit quantization and Tensor Processing Unit integration,
enabling offline natural language processing and accessi-
bility features like real-time audio descriptions in Pixel
devices [46].

• Nexa AI Octopus Series: This breakthrough model
exceeds GPT-4 accuracy in function calling tasks with
95% context length reduction, enabling sophisticated agent
orchestration and multi-step reasoning directly on edge
devices through functional token compression [47].

• Apple OpenELM: Apple’s systematically scaled models
demonstrate remarkable efficiency improvements for iOS
ecosystem deployment, providing accessible APIs for
developers to incorporate advanced language understand-
ing into mobile applications within Apple’s privacy-first
framework [66].

• Microsoft Phi-3: Microsoft’s 3.8B parameter model
achieves performance comparable to larger models through
innovative training strategies and architectural optimiza-
tion, enabling cross-platform deployment across mobile
devices, embedded systems, and edge servers [45].

• Assistive Technology Applications: On-device language
models provide immediate, privacy-preserving support for
individuals with disabilities, including real-time image-
to-text conversion for visual impairment, sign language
recognition and translation, and cognitive assistance for
memory impairments through personalized AI support
[43].

C. Current Deployable Edge AI Applications

Despite technical challenges, several practical edge AI appli-
cations have achieved commercial deployment, demonstrating
the viability and immediate benefits of on-device intelligent
systems. Current AI smartphone development follows three
primary technical routes: on-device AI, hybrid on-device-cloud
AI with proprietary models, and hybrid on-device-cloud AI with
third-party models. On-device AI offers distinct advantages
including rapid response times, enhanced privacy protection,
and reduced network dependency.

Mobile AI Assistants and Voice Processing:
• iPhone Siri Integration: Apple’s Neural Engine, intro-

duced with the A11 Bionic in 2017, powers Siri and
Apple Intelligence services through on-device processing,
achieving 38 TOPS performance in the M4 chip while
maintaining energy efficiency and user privacy. Integrated
with Core ML framework, it enables real-time voice
recognition, natural language understanding, and conver-
sational AI without cloud dependency. Advanced features
include multi-language support, contextual awareness, and
seamless integration with iOS ecosystem applications for
enhanced user experience and accessibility 6.

• Huawei Celia and HarmonyOS AI: Huawei’s Celia
virtual assistant, developed for HarmonyOS and EMUI
devices without Google services, supports local voice
translation across 50+ languages, real-time object recog-
nition via camera, contextual smart photo organization,

6https://en.wikipedia.org/wiki/Neural_Engine

and intelligent scene understanding. In China, it evolves
into Xiaoyi with PanGu-Σ 3.0 AI model integration
on HarmonyOS 4.0, enabling advanced AI capabilities
including multimodal interaction, personalized recom-
mendations, and ecosystem-wide device coordination
while maintaining on-device processing for privacy and
responsiveness 7.

• Samsung Galaxy AI Features: Samsung Galaxy AI
integrates on-device and cloud processing to support real-
time call translation across multiple languages, intelligent
photo enhancement with ProVisual Engine, context-aware
app recommendations via Gemini Live, productivity tools
like Now Brief for content summarization, and advanced
camera features for scene optimization. Powered by
dedicated NPU acceleration on Exynos platforms, it
emphasizes privacy through local data processing while
enabling advanced AI capabilities including voice-to-text
transcription, smart reply suggestions, and personalized
user experiences across supported Galaxy devices 8.

Professional and Development Tools:
• Local Code Completion: Integrated development environ-

ments like VS Code and JetBrains IDEs incorporate on-
device AI models for intelligent code suggestion, comple-
tion, and refactoring assistance. These tools provide instant
feedback without transmitting proprietary source code to
external servers, enabling secure development workflows
in air-gapped environments and maintaining intellectual
property protection. Advanced features include context-
aware code generation, bug detection, and automated
testing assistance across multiple programming languages
9.

• Offline AI Writing Assistants: Professional writing tools
like DeepWriter and Grammarly’s offline mode offer
comprehensive local grammar correction, style optimiza-
tion, content enhancement, and readability analysis for
sensitive document processing. These applications main-
tain complete confidentiality in professional environments,
supporting legal document review, academic paper editing,
and business communication without internet connectivity.
Advanced features include tone adjustment, plagiarism
detection, and multi-language document processing [224].

• Local Translation and Transcription: Enterprise-grade
translation platforms and meeting tools support real-time
document translation and audio transcription without net-
work dependency, crucial for confidential business negoti-
ations, legal proceedings, and international collaboration.
These systems handle multiple languages simultaneously,
preserve formatting in complex documents, and provide
offline speech-to-text capabilities for secure environments.
Advanced implementations include speaker identification,
noise filtering, and integration with productivity suites for
seamless workflow automation 10.

Advanced Multimodal Applications:

7https://en.wikipedia.org/wiki/Celia_(virtual_assistant)
8https://en.wikipedia.org/wiki/Galaxy_AI
9https://code.visualstudio.com/docs/copilot/overview
10https://github.com/openai/whisper

https://en.wikipedia.org/wiki/Neural_Engine
https://en.wikipedia.org/wiki/Celia_(virtual_assistant)
https://en.wikipedia.org/wiki/Galaxy_AI
https://code.visualstudio.com/docs/copilot/overview
https://github.com/openai/whisper
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• Real-time Video Question Answering: MiniCPM-V 4.0
enables sophisticated video analysis applications including
intelligent monitoring systems, interactive online education
support, and automated sports commentary generation
with rapid response times on mobile devices, supporting
seamless multimedia interaction and content understanding
[175].

• Localized Voice Assistants: MiniCPM-o 2.6 supports
bilingual voice interaction with controllable voice charac-
teristics and ultra-low latency processing, enabling privacy-
preserving smart home control, personalized assistance,
and natural language device management across diverse
linguistic environments [225].

• Professional OCR and Document Processing: Advanced
text recognition capabilities support document digitiza-
tion, license plate recognition, and industrial inspection
applications with high accuracy while operating entirely
offline. These systems provide comparable performance
to leading cloud-based solutions for text extraction, form
processing, and document workflow automation 11.

Open Source and Research Platforms:

• Ollama Framework13: Provides a user-friendly inter-
face for deploying various open-source LLMs including
LLaMA, Mistral, and Phi models on consumer hard-
ware, enabling researchers and developers to experiment
with edge AI capabilities through optimized serving
configurations, model management tools, and RESTful
APIs for seamless integration. The framework supports
custom model fine-tuning, privacy-preserving deployment,
and cross-platform compatibility to facilitate academic
research and development workflows.

• llama.cpp Optimization14: Offers highly optimized in-
ference implementations for diverse hardware platforms,
supporting advanced quantization techniques, memory-
efficient execution across CPU, GPU, and specialized
accelerators with minimal dependencies. It provides re-
searchers with low-level control over model inference,
enables custom architecture support, and includes perfor-
mance benchmarking tools for edge computing research
and optimization.

• Apple Silicon and Browser Integration: Apple’s MLX
framework provides optimized primitives for machine
learning on Apple Silicon, enabling efficient deployment
of transformer models with native hardware acceleration
and unified memory architecture. Web-based frameworks
like Transformers.js and WebLLM enable in-browser exe-
cution of transformer models, supporting vision-language
models for interactive applications without installation
requirements, while facilitating multimodal AI research
through hardware-software co-design and debugging ca-
pabilities 16 [226].

Industrial AIoT and Edge LLM Deployments:

11https://github.com/getomni-ai/zerox
13https://ollama.com/
14https://github.com/ggml-org/llama.cpp
16https://github.com/huggingface/transformers.js-examples

• Rockchip RK3588 Platform and Hardware Capabili-
ties: Rockchip’s RK3588 SoC features an octa-core CPU,
support for LPDDR4/LPDDR4X/LPDDR5 memory, and
a high-performance NPU rated at approximately 6 TOPS
with mixed-precision support for INT4/INT8/INT16/FP16
operations. The platform offers 8K video decode/encode
capabilities, dual HDMI outputs, multiple CSI camera
interfaces, and a Mali-G610 GPU. These capabilities
enable diverse edge AI workloads including computer
vision and neural inference without cloud dependency,
particularly in embedded systems with up to 32 GB
memory configurations [227]–[229].

• Performance Characteristics and Limitations: De-
ploying LLMs at the edge involves trade-offs between
capability and resource constraints. Inference engines like
llama.cpp show that quantized models can reduce
memory footprint while maintaining acceptable accu-
racy, though with varying performance impact. Smaller
quantized LLMs typically achieve higher throughput
and lower latency than larger models, while longer
contexts impose substantial memory demands. Hardware
limitations emerge with larger parameter counts due to
RAM, thermal, and power constraints, often requiring
cloud fallback when resource boundaries are exceeded
[230], [231].

• Emerging Applications and Ecosystem Impact:
RK3588-powered systems demonstrate commercial viabil-
ity across automotive, industrial, and smart infrastructure
applications, with particular strength in intelligent cockpits
where edge inference improves response latency for voice
control and driver monitoring under intermittent connec-
tivity. The platform’s automotive-grade reliability sup-
ports consistent performance across temperature extremes,
while its comprehensive SDK accelerates time-to-market.
Manufacturing environments benefit from integrated ISP
capabilities for real-time quality control and predictive
maintenance [187], [232].

D. Novel Applications Driven by Edge LLMs and Agents
The true potential of edge LLMs and AI Agents lies in

enabling entirely new classes of applications that leverage
local processing capabilities while maintaining privacy and
responsiveness. While fully autonomous deployment remains
evolving, several promising application areas are emerging:

• In-vehicle intelligent cockpits: Edge LLMs enable multi-
modal interaction in autonomous vehicles, supporting real-
time voice control, driver monitoring, and infotainment
under intermittent connectivity, integrating sensors with
natural language understanding for contextual assistance
and emergency response [207], [229].

• Embedded robotics: Robots with on-board LLM capa-
bility enable sophisticated natural language interaction,
dynamic task planning, and environmental awareness in
industrial, service, and exploration applications, support-
ing complex commands and adaptation without cloud
dependency [170].

• Edge-native generative AI for content creation: Edge
devices support real-time content generation (text, image,

https://github.com/getomni-ai/zerox
https://ollama.com/
https://github.com/ggml-org/llama.cpp
https://github.com/huggingface/transformers.js-examples
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audio) via lightweight models with quantization, enabling
privacy-preserving creative workflows on personal devices
with immediate feedback and reduced latency [224].

• Decentralized collaboration and knowledge reuse:
Federated learning enables edge agents to share knowledge
in privacy-preserving ways, creating collective intelli-
gence without centralizing data, supporting collaborative
problem-solving across heterogeneous devices [98].

• Personalized on-device AI assistants: Edge LLM agents
provide deeply personalized, always-on assistance under-
standing user context and preferences without compromis-
ing privacy, offering proactive suggestions and seamless
integration across applications [91].

• Healthcare monitoring and personalized care: Edge-
deployed LLMs enable continuous health monitoring
and personalized care recommendations on wearable
devices, analyzing vital signs and behavioral patterns while
maintaining HIPAA compliance [43].

• Adaptive educational assistants: On-device educational
LLMs provide personalized learning experiences adapting
to individual needs without internet connectivity, offer-
ing real-time tutoring and curriculum personalization in
remote environments [5].

• Environmental monitoring and conservation: Edge
AI agents process sensor data for ecological monitoring,
detecting changes and coordinating conservation efforts
in remote locations without network connectivity [6].

• Smart infrastructure maintenance: LLM-powered edge
systems enable predictive maintenance and intelligent
monitoring of critical infrastructure, analyzing sensor data
and providing recommendations autonomously in remote
locations [87].

VI. FUTURE RESEARCH DIRECTIONS AND EMERGING
PARADIGMS

The convergence of LLMs, AI Agents, and Edge computing
represents a nascent field with transformative potential requiring
breakthrough research across multiple dimensions to achieve
ubiquitous intelligent systems [74], [85].

A. Next-Generation Edge AI Architectures
• Neuromorphic-LLM Hybrid Systems: Integrating neu-

romorphic computing principles with LLM architectures
may enable order-of-magnitude energy-efficiency gains
for event-driven inference [233], [234]. Open challenges
include spike-based attention mechanisms, temporal credit
assignment for transformer-style models, and hybrid
analog–digital pipelines. Aspirational targets (subject to
validation) include sub-watt operation for compact models
and sub-10ms end-to-end latency under edge constraints.
Key research questions include: How can spiking neu-
ral networks be effectively integrated with transformer
attention mechanisms? What training algorithms can
enable temporal credit assignment in large-scale language
models?

• Quantum-Enhanced Edge AI: Quantum methods for
optimization, sampling, or selected linear-algebra sub-
routines could complement edge AI workflows [235].

Near-term work includes quantum-inspired optimizers
for compression and privacy-aware federated learning
protocols. Timelines remain uncertain; some roadmaps
anticipate task-specific advantages emerging in the 2030s
for narrowly scoped problems, pending hardware and
algorithmic progress.

• Brain-Computer Interface Integration: Tight coupling
of neural interfaces with edge LLMs targets ultra-low
latency (single-digit milliseconds) pipelines [236]. Priori-
ties include efficient neural signal processing on-device,
privacy-preserving analysis, and adaptive personalization.
Representative applications include assistive technologies,
cognitive augmentation, and rehabilitation; robust clinical
validation is required before broad deployment.

B. Towards More Flexible Edge AI

• Adaptive LLM and Agent Architectures: Future edge
agents will require dynamic architectures that can adapt
their complexity and resource consumption based on real-
time factors like available power, network conditions,
or task priority. This includes dynamic model pruning,
adaptive quantization, and on-demand loading of model
components. Potential research paths include developing
reinforcement learning-based adaptation policies and creat-
ing modular architecture frameworks that can reconfigure
themselves at runtime [63], [96].

• Rapid Fine-tuning on Edge: Developing efficient tech-
niques for rapid, on-device fine-tuning or personalization
of LLMs and agent policies will enable faster adaptation to
user preferences or new environmental conditions without
extensive retraining cycles or cloud dependency [71],
[165], [235].

C. Towards More Secure Edge AI

• Enhanced Privacy-Preserving Techniques: Beyond cur-
rent methods, research must focus on integrating more
robust privacy techniques like advanced differential privacy
[237] and homomorphic encryption more seamlessly into
edge LLM and agent workflows, especially for sensitive
data processing and federated learning scenarios. Specific
research directions include developing lightweight homo-
morphic encryption schemes optimized for transformer
architectures and creating privacy-preserving knowledge
distillation protocols for edge environments [98].

• Robust Agent Behavior and Trust: Ensuring the trustwor-
thiness and verifiable behavior of autonomous edge agents
is paramount. This includes developing mechanisms for
auditing agent decisions, detecting malicious or unintended
actions, and building resilient systems against adversarial
attacks [13], [74].

• Quantization-Aware Attacks and Robustness: Low-
bit deployment introduces unique threat surfaces. Bit-
flip/fault-injection attacks on quantized weights or acti-
vations, adversarial rounding, and side-channel leakage
from deterministic kernels can degrade reasoning fidelity
or induce targeted failures. Robustness strategies include
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error-detecting encodings, randomized rounding, per-
layer sensitivity hardening, and post-deployment anomaly
detection. We recommend reporting robustness under
quantization- and fault-specific attacks alongside accu-
racy/latency/energy metrics [238]–[240].

• Standards and Compliance Alignment: Align with
NIST AI RMF and ISO/IEC 23894 for risk management
and safety practices in on-device AI [241]. Evaluation
checklists should include: (i) privacy boundaries (local
logging/telemetry policies; on-device vs cloud processing),
(ii) safety guardrails (prompt-injection defenses, on-device
content filtering), (iii) robustness to quantization/fault/side-
channel attacks with task-level impact analysis, and (iv)
incident reporting and traceability.

• ISO/IEC 27001 Principles for Edge AI Security Man-
agement: While specific adaptations are nascent, applying
the principles of ISO/IEC 27001 [242] (a systematic
approach to managing sensitive company information)
to Edge AI deployments can provide a robust framework
for identifying risks, implementing controls (e.g., access
control, encryption), and continuously improving the
security posture of edge ecosystems [243]. This shifts
focus from purely technical solutions to comprehensive
security management.

• Blockchain for Secure Data Sharing and Trust:
Blockchain technology can enhance security and privacy in
decentralized edge environments by providing immutable
ledgers for data provenance, secure multi-party compu-
tation for collaborative AI, and verifiable execution of
smart contracts for agent coordination [244]. Future work
should evaluate its practical integration and scalability for
LLM and agent-driven edge applications.

D. Towards More Collaborative Edge AI

• Edge-Edge and Cloud-Edge Collaboration: Research
needs to refine seamless collaboration frameworks that
allow LLMs and agents to dynamically distribute tasks
and knowledge across edge devices and cloud resources,
optimizing for latency, throughput, and energy efficiency
[63], [73], [92].

• Federated Learning for Heterogeneous Devices: Ad-
dressing the challenges of federated learning in highly
heterogeneous edge environments (diverse computational
power, varying data distributions, intermittent connectivity)
is crucial for collaborative on-device model training [71],
[245]. This includes optimizing communication efficiency
and aggregation strategies.

• Multi-Agent Systems (MAS) at the Edge: Designing
and orchestrating complex multi-agent systems where
numerous LLM-powered agents collaborate to achieve
larger goals requires advanced coordination mechanisms,
communication protocols, and conflict resolution strategies
optimized for distributed edge deployments [98].

• Advanced Co-Evolution Architectures: The next gener-
ation of large-small model collaborative systems presents
several critical research challenges [246]–[249]:

– Neural Architecture Search for Co-Evolution:
Automated design of optimal LLM-SLM hybrid archi-
tectures using advanced NAS techniques, extending
beyond traditional single-model optimization to multi-
model system design. This includes exploring mod-
ular architectures like Qwen3-SmVL’s component-
based assembly for dynamic capability scaling [149].

– Routing Latency Optimization: Current Router-
based scheduling systems introduce approximately
50ms latency overhead, which constrains real-time
applications. Future research must focus on ultra-low
latency routing algorithms, potentially using special-
ized hardware acceleration or predictive scheduling
based on task pattern analysis [24].

– Security in Multi-Model Systems: Co-evolution
architectures expand attack surfaces through increased
model interactions and data flows. Research prior-
ities include adversarial robustness across model
boundaries, secure knowledge transfer protocols, and
distributed intrusion detection systems specifically
designed for collaborative AI environments [74].

– Carbon-Efficient Co-Evolution: Developing green
scheduling strategies that optimize task allocation
based on energy source availability and carbon
footprint, prioritizing renewable energy-powered edge
nodes and implementing dynamic power management
across the collaborative network [28], [250].

E. Towards Resource-Aware Co-Evolution Systems

• Dynamic Adaptation Mechanisms: Future systems
must implement sophisticated resource monitoring and
adaptation strategies that can dynamically adjust the
collaboration ratio between large and small models based
on real-time constraints including battery level, thermal
conditions, network bandwidth, and computational load
[74].

• Edge-Native Evolution Metrics: Developing special-
ized evaluation frameworks for co-evolution systems
that consider edge-specific factors such as adaptation
speed (cold-start performance on new tasks), evolution
efficiency (parameter update-to-performance ratio), energy
consumption per knowledge transfer, and system resilience
under resource constraints [251].

• Contextual Knowledge Transfer: Advancing beyond
static knowledge distillation to context-aware, bidirectional
knowledge flows where small models not only receive
guidance from large models but also contribute domain-
specific insights, local environmental adaptations, and user
behavior patterns back to the collaborative system [182],
[183].

F. Towards More Efficient Edge AI

• Continued Algorithm and Hardware Improvements:
Ongoing research into novel compression techniques,
more efficient LLM architectures, and next-generation AI
accelerators (including those co-designed with software
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stacks) will continue to push the boundaries of what is
possible on edge devices [179].

• Resource-Aware Agent Decision-Making: Future agents
should possess an inherent awareness of their own and
surrounding devices’ computational, memory, and energy
resources, enabling them to dynamically adapt their
behavior or offload tasks to optimize overall system
efficiency [24].

G. Usability and Performance Evaluation

• Advanced Framework Performance Benchmarking:
Comprehensive evaluation of next-generation edge infer-
ence frameworks demonstrates significant acceleration
potential through composite optimization strategies [176],
[252]:
CPM.cu Framework Performance Analysis: Extensive
benchmarking of the CPM.cu lightweight inference frame-
work reveals substantial performance improvements across
diverse deployment scenarios. Testing with MiniCPM 4.0-
8B model demonstrates consistent 5× acceleration in
regular inference scenarios compared to baseline imple-
mentations [176]. Under memory-constrained conditions,
the framework achieves exceptional performance gains
of up to 220× speedup through intelligent memory
management and composite acceleration integration.
Speculative Sampling Acceleration Metrics: FR-
Spec frequency-ranked speculative sampling integration
achieves measurable performance improvements with
75% reduction in LM Head computational overhead
and 1.12× average speedup over EAGLE-2 baseline
[159]. When combined with CPM.cu’s sparse attention
mechanisms, compound acceleration effects reach 1.8×
to 2.3× improvement in token generation throughput
depending on model size and attention pattern complexity.
Quantization Performance Impact Assessment: GPTQ
integration with Marlin format conversion maintains model
accuracy while achieving 3-4× memory reduction and
corresponding inference acceleration. W4A16 mixed-
precision quantization demonstrates optimal balance be-
tween memory efficiency and computational precision,
enabling deployment of 8B parameter models on devices
with 4GB memory constraints [253].

• Standardized Usability Frameworks: To assess the prac-
tical efficiency and effectiveness of Edge AI deployments,
integrating standardized usability evaluation metrics is
essential. The ISO 9126 usability framework [254], for
instance, provides a structured model encompassing as-
pects like understandability, learnability, operability, and
attractiveness. Applying these metrics to Edge AI could
involve:

– Understandability (Ease of learning and user
guidance): How easy is it for developers and data
scientists to deploy Edge AI models? Measuring the
time required for first-time deployment.

– Learnability (Ease of adoption): How quickly can
users understand Edge AI outputs? Assessing how
well explainable AI (XAI) techniques enhance model

interpretability and conducting user tests with domain
experts (e.g., healthcare professionals) to measure the
time-to-understanding of AI decisions.

– Operability (Ease of operation): How reliably do
edge LLMs/agents perform their tasks in real-world
scenarios?

This will provide a more holistic evaluation beyond just
technical benchmarks.

• Standardized Evaluation Framework: Table VI provides
a comprehensive framework summarizing key dimensions
and representative metrics for evaluating edge AI systems
with LLMs and agents.

• Safety/Compliance Dimension: Extend the evaluation
framework with a Safety/Compliance column captur-
ing privacy boundaries (on-device vs cloud processing),
guardrails (prompt injection defenses, content filters),
robustness under quantization/fault/side-channel threats,
and incident traceability, aligned with NIST AI RMF and
ISO/IEC 23894 [255].
a) Standardized Measurement Protocol (Recommended).:
For cross-paper comparability, report for
latency/throughput/energy/accuracy:

– Workload: prompt length, generation length,
temperature/top-k/p, beam size; task type and dataset
split.

– Precision and Compression: numeric precision
(INT4/8/FP16), sparsity ratio, KV cache policy,
quantization-aware vs post-training.

– Batching and Concurrency: batch size, concurrent
sessions, scheduler policy (FCFS, preemption), spec-
ulative decoding settings.

– Hardware and Thermal: device model,
CPU/GPU/NPU clocks, cooling state, thermal
throttling policy.

– Energy Measurement: meter type and scope (device-
only vs system vs facility), sampling rate, J/token
and Wh/query definitions.

– Reproducibility: code commit/version, benchmark
version/date, configuration files, and seed settings.

H. Research Gaps and Future Work

• Unified Benchmarking for Edge LLMs and Agents:
The heterogeneity of edge hardware and the diversity of
LLM and agent tasks necessitate standardized benchmarks
that accurately reflect real-world performance, latency, and
energy consumption under various constraints. Research
priorities include developing modality-aware reasoning
benchmarks that incorporate edge-specific factors like
thermal constraints and intermittent connectivity, as well as
creating open-source benchmark suites with reproducible
energy measurement protocols.

• Continual Learning and On-Device Adaptation for
LLMs: A major challenge lies in enabling SLMs and
other edge-deployed LLMs to continuously learn and
adapt from new local data, achieving adaptive fine-tuning
capabilities [5].
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• Usability and Performance Evaluation: Beyond tech-
nical metrics, apply ISO 9126 usability criteria—
understandability, learnability, operability—to assess de-
ployment efficiency and user comprehension, aided by
XAI [6].

• Model Partitioning: Partition models across devices to
meet accuracy/latency constraints [256]. Adaptive frame-
works (e.g., AMP4EC) monitor resources to dynamically
partition and schedule, reducing latency and improving
throughput [257].

• Emerging Computing Paradigms:
– Neuromorphic Computing: This computing

paradigm mimics the structure and function of the
human brain and promises to surpass traditional
computers in energy efficiency and performance
[191]. It simulates the working principles of
biological neurons through Spiking Neural Networks
(SNNs), significantly reducing power consumption
and being very suitable for edge AI applications such
as IoT devices and sensors [258]. Neuromorphic
chips can perform computations directly in memory
and run various AI applications with a fraction of
the energy consumption of traditional AI platforms
[191].

– TinyML: Focuses on running machine learning
models on extremely low-power (milliwatt or even
microwatt level) microcontrollers. It highly aligns
with the energy efficiency goals of edge AI, providing
solutions for AI deployment on ultra-low-power
devices [5].

• Explainability (XAI) at the Edge: Ensuring that LLMs
and autonomous agents operating at the edge can provide
interpretable explanations for their decisions is crucial for
building trust, debugging, and compliance, especially in
sensitive applications. Research is needed on resource-
efficient XAI techniques suitable for edge devices.

• Ethical Considerations of Autonomous Edge Agents:
As agents become more autonomous and pervasive,
addressing ethical concerns related to bias, fairness,
accountability, and the potential societal impact of their
decisions is paramount.

Key research questions to prioritize include: How can we
develop modality-aware reasoning benchmarks that account
for edge-specific constraints? What are the most effective
strategies for transparent and reproducible energy reporting in
edge deployments? How should safety and alignment evalua-
tion be adapted for resource-constrained edge environments?
What testbeds are needed for reproducible multi-agent edge
scenarios?

VII. THREATS TO VALIDITY AND EVIDENCE
QUALIFICATION

Key validity threats include:

• Data Source Variability: Reported latency, energy, and
accuracy ranges originate from heterogeneous hardware
testbeds, batch sizes, precisions, and workload mixes.

Cross-paper comparisons risk inconsistency without stan-
dardized benchmarking.

• Hardware / Firmware Revisions: Accelerator driver or
firmware updates can shift measured throughput/efficiency
(occasionally by double-digit percentages) invalidating
earlier point estimates.

• Undisclosed Proprietary Model Details: Parameter
counts, training corpora composition, and inference stack
optimizations for closed models (e.g., GPT-4) remain
partly opaque; extrapolations are avoided or explicitly
qualified.

• Synthetic or Proxy Benchmarks: Some compression /
co-evolution claims rely on limited proxy tasks (e.g., math
word problems, selective tool-use scenarios) and may not
generalize to broader reasoning or safety-critical settings.

• Publication Bias: Positive results (higher compression
with minimal loss) are over-represented; negative or
neutral findings (e.g., diminishing returns after compound
optimizations) less frequently appear, skewing perceived
average gains.

• Energy Measurement Inconsistency: Studies differ in
whether they report wall-plug, SoC package, or accelerator-
only power and in stabilization window (steady state
vs. burst); energy-per-token normalizations are seldom
uniform.

• Security Metric Ambiguity: Attack success rates and
defense overheads depend strongly on threat model (white
vs. black box, adaptive vs. static); generalized percentages
risk misinterpretation without scenario framing.

• Temporal Obsolescence: Rapid model/hardware iteration
can obsolete quantitative ranges within months; we en-
courage timestamped benchmarking and versioned artifact
releases.

A. Future Development Trends and Ecosystem Evolution

The trajectory of edge AI development suggests several
transformative trends that will reshape the computational
landscape and industrial ecosystem:

Edge-Cloud Collaborative Intelligence: Future AI systems
will not replace cloud computing but establish sophisticated
collaboration frameworks where edge devices handle immedi-
ate, context-sensitive tasks while seamlessly orchestrating with
cloud resources for complex reasoning. This hybrid approach
will enable graceful degradation under network constraints
while maximizing computational efficiency across the entire
hierarchy [63], [251].

Ecosystem Convergence and Standardization: The current
fragmentation across hardware platforms, software frameworks,
and deployment tools will gradually consolidate around inter-
operable standards. Industry initiatives toward common APIs,
model interchange formats, and performance benchmarks will
reduce development complexity and accelerate adoption, similar
to the evolution of web standards that enabled universal internet
applications [6].

Hardware-Software Co-Evolution: The distinction between
hardware capabilities and software optimization will blur
as specialized AI accelerators (NPUs, neuromorphic chips)
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become deeply integrated with model architectures. Custom
instruction sets, memory hierarchies, and on-chip learning
capabilities will be co-designed with AI model architectures,
fundamentally changing how we conceptualize and optimize
edge AI systems [5].

Democratization Through Simplification: Just as mobile
app development became accessible to millions of developers
through simplified frameworks and tools, edge AI deployment
will become increasingly democratized. No-code AI platforms,
automated optimization tools, and plug-and-play edge AI
modules will enable widespread adoption beyond specialist
researchers and engineers.

Privacy-Preserving Intelligence Networks: Edge AI will
enable new paradigms of distributed intelligence where de-
vices collaborate and learn from each other while preserving
individual privacy. Federated learning, differential privacy,
and secure multi-party computation will mature into practical
frameworks that balance collective intelligence benefits with
privacy protection requirements [98].

B. Breakthrough Technical Innovations and Their Implications

Recent advances exemplified by MiniCPM-V 4.0 and related
ultra-lightweight multimodal models represent fundamental
paradigm shifts that will define the next generation of edge AI
systems:

Ultra-Lightweight Architectural Design: The breakthrough
achievement of GPT-4V level performance in only 4.1B
parameters through MiniCPM-V 4.0 demonstrates that ar-
chitectural innovation can overcome scale limitations [70],
[175]. This validates the principle that specialized, efficiently-
designed models can outperform larger general-purpose models
in resource-constrained scenarios, potentially revolutionizing
mobile AI deployment strategies.

Sparse Long-Context Processing: InfLLM v2’s hierarchical
sparse attention mechanisms enable ultra-lightweight models
to handle complex long-context reasoning tasks previously
requiring orders of magnitude more parameters. This innovation
fundamentally changes the memory-performance trade-off
curve for edge deployment and enables sophisticated document
analysis, multi-turn conversations, and contextual reasoning on
mobile devices [176], [259].

Comprehensive Multimodal Integration: The unification
of text, image, video, and audio processing within single
lightweight frameworks eliminates the traditional requirement
for separate specialized models [175]. This architectural
convergence reduces deployment complexity, memory footprint,
and inference latency while enabling richer user interactions
and more sophisticated edge applications.

Advanced Deployment Ecosystems: The maturation of de-
ployment frameworks supporting multiple quantization formats
(int4, GGUF), inference engines (llama.cpp, Ollama, vLLM,
SGLang), and specialized accelerators (CPM.cu) creates un-
precedented flexibility for edge AI deployment. This ecosystem
development reduces barriers to adoption and enables efficient
utilization of diverse hardware platforms.

Mobile-First Performance Optimization: Achieving sub-
2-second first token latency and >17 tokens/second sustained

performance on consumer smartphones without thermal throt-
tling establishes new benchmarks for mobile AI capabilities
[175]. This performance level enables real-time interactive
applications previously feasible only on high-end desktop
hardware.

Open-Source Innovation Leadership: Open-source efforts
such as MiniCPM-V show that collaborative development
can outpace proprietary approaches and democratize advanced
capabilities [70], [175].

Collectively, these advances move edge AI from experimental
prototypes to deployment-ready technology with broad impact
across mobile computing, autonomy, and HCI.

VIII. CONCLUSION

Edge deployment of reasoning-capable models shifts opti-
mization from opportunistic efficiency to a prerequisite for
feasibility. Our synthesis shows: (i) single-lever techniques
(quantization, pruning, distillation) each deliver distinct early
gains but compound stacking exhibits diminishing returns; (ii)
architecture co-design (edge-native SLMs, efficient attention
variants) increasingly replaces pure post-hoc compression; (iii)
adaptive routing and co-evolution frameworks redefine infer-
ence as a dynamic decision process rather than a monolithic
forward pass; (iv) system and scheduling layers (partitioning,
heterogeneous acceleration, memory paging) materially influ-
ence end-to-end cognitive latency and should be evaluated
jointly with model metrics. This comprehensive framework,
as illustrated in Figure 1, integrates cognitive challenges,
optimization strategies, applications, and evaluation protocols to
preserve reasoning fidelity under stringent resource constraints.

The industrial landscape demonstrates that edge AI is
transitioning from experimental research to commercial re-
ality, with major technology companies, chip manufacturers,
and AI developers pursuing complementary yet competitive
strategies. Current deployable applications in mobile assistants,
professional tools, and open-source frameworks validate the
technical feasibility while revealing practical constraints and
optimization opportunities. The market dynamics underscore
the convergence of LLMs, AI agents, and edge computing as
a transformative paradigm for ubiquitous intelligence.

Persistent gaps include standardized, modality-aware reason-
ing fidelity benchmarks, transparent energy / power reporting
protocols, robust edge-oriented safety and alignment evaluation,
and reproducible multi-agent task suites. Progress will depend
on principled cross-layer evaluation artifacts rather than isolated
point optimizations. The future of edge AI lies not in replacing
cloud computing but in establishing sophisticated collaboration
frameworks that leverage the strengths of both paradigms while
addressing the fundamental challenges of network dependency,
privacy concerns, and personalization limitations that currently
constrain AI deployment. Looking ahead, the convergence of
LLMs, AI agents, and edge computing promises to democratize
access to advanced AI capabilities, enabling intelligent systems
that operate seamlessly across diverse environments. As we
move toward ubiquitous cognitive edge computing, the focus
must shift from mere technical feasibility to ensuring these
systems are trustworthy, sustainable, and beneficial to humanity.
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The technological trajectory suggests that edge AI will evolve
from a specialized optimization challenge to a fundamental
computing paradigm, enabling ubiquitous intelligent systems
that enhance human capability while preserving privacy and
autonomy.
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