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ABSTRACT
The evolution of cyber-physical systems (CPS) necessitates new
methods to manage growing complexity and dynamic interactions
between physical and digital domains. This paper presents the
Edge Multimodal Intelligence Network on Devices (EdgeMIND) –
a cognitive edge computing framework to support CPS develop-
ment. EdgeMIND deploys I/O nodes powered by large language
models (LLMs) across heterogeneous edge resources to process
multimodal data streams. These nodes perform runtime decision-
making, enabling context-aware interactions with minimal cloud
reliance. The framework generates adaptive outputs by integrating
retrieval-augmented generation (RAG) with Situational Awareness
(SA) enhanced by topic modeling. Empirical evaluations with three
LLMs on edge devices show that SA achieves up to 56% latency
reduction in CPU-bound nodes and 50% in GPU-based nodes. It
also reduces CPU/GPU utilization, memory usage, and thermal load.
These results confirm EdgeMIND’s effectiveness for context-aware,
resource-efficient multimodal processing in CPS as demonstrated
in a prototype application. EdgeMIND advances the design of intel-
ligent, efficient edge systems for responsive AI-driven services.
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1 INTRODUCTION
Modern software systems are increasingly expansive and distributed,
comprising numerous interconnected real-world devices. These
systems underpin advanced functionalities in smart grids, homes,
cities, and transportation [17]. Operating in highly dynamic envi-
ronments, they challenge traditional assumptions of design-time
stability. This variability increases complexity and can result in
emergent behavior that negatively impacts performance and re-
liability [23]. A key contributor to this complexity is uncertainty,
which may arise at any stage of system development and propagate
through runtime [13]. If not properly addressed, uncertainty can
lead to component failures or unpredictable behavior. Managing
uncertainty is vital for building reliable, trustworthy systems.

One promising direction lies in the design and deployment of
Cyber-Physical Systems (CPS), which tightly integrate computa-
tional processes with physical environments. CPS can promote
interoperability, support component discovery, and enhance inte-
gration, thereby improving efficiency and economic viability [11].
To meet the better performance, scalability, and reliability demands
of these systems, edge computing has emerged as a critical enabler.
By moving computation closer to the data source, edge computing
reduces latency, improves responsiveness, and enables decentral-
ized intelligence–key capabilities for next-generation CPS appli-
cations. With the advent of the Artificial Intelligence of Things
(AIoT) [9], CPS must now also contend with massive, multimodal,
and heterogeneous data streams generated at high velocity. These
data streams–ranging from images and text to time-series sensor
data–are diverse in content, format, and reliability.

To extract timely and actionable insights, modern CPS must
adopt multimodal processing architectures capable of handling
both real-time (streaming) and delayed (batch) data simultaneously.
Edge computing supports this need by enabling low-latency, on-
device processing of high-frequency, heterogeneous data, including
images, text, and sensor readings.Future networks must support
context-aware, human-centric computing to sense, interpret, and
adapt system behavior based on dynamic environmental or system
states. For example, a context-aware traffic management system
may dynamically adjust signal timings based on current congestion,
incidents, or weather conditions [6]. These adaptive capabilities
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are essential for intelligent and responsive CPS in domains such as
smart cities, healthcare, and transportation.

Despite ongoing advancements, current CPS frameworks strug-
gle with scalability, multimodal data integration, and near real-time
adaptability. The growing diversity of IoT devices further com-
plicates seamless integration within smart environments. These
challenges arise both from the characteristics outlined earlier and
those summarized in Table 1, which presents a range of CPS do-
mains alongside their enabling technologies, key challenges, and
deployment restrictions [2, 5, 18, 27, 29, 32]. While not all enablers
explicitly mention edge computing or AI, many of the challenges
(e.g., latency sensitivity, data privacy, real-time processing, and
infrastructure constraints) highlight the critical need for decen-
tralized, context-aware computation empowered by Edge AI. Edge
computing, combined with AI, including large language models
(LLMs), enables intelligence closer to the sources. This reduces com-
munication, preserves data locality, and improves responsiveness,
which are essential properties of next-generation CPS.

Motivated by these needs, we propose the EdgeMIND frame-
work. EdgeMIND leverages edge computing, multimodal data pro-
cessing, and context-aware AI mechanisms—including LLMs—to
dynamically optimize resource allocation and support near real-
time decision-making. This enables scalable, interoperable, and
responsive CPS applications across diverse smart domains.

This paper’s key contributions include:
• EdgeMIND: A modular, cognitive edge computing architec-
ture integrating multimodal data processing and LLM-based
context-aware CPS with reduced cloud dependency.

• Prompt-Centric Optimization: Unlike pruning or shard-
ing approaches, EdgeMIND leverages input filtering (RAG
and topic modeling) to enable lightweight situational aware-
ness—reducing token load, minimizing hallucinations, and
avoiding retraining.

• Prototype Validation: Demonstration of EdgeMIND’s per-
formance advantages, including reduced latency and resource
use, through an intelligent office assistant as a prototypical
implementation.

2 BACKGROUND AND RELATEDWORK
CPS rely heavily on Internet of Things (IoT) infrastructures for
real-time sensing, data transmission, and actuation. This section
reviews key IoT architectural layers and recent advancements in
edge computing and Edge AI, with a focus on their relevance to
latency-sensitive, resource-constrained CPS applications. The IoT
integrates sensing technologies, embedded computing, and connec-
tivity to facilitate real-time data acquisition, communication, and
processing among distributed devices. According to [14], a widely
adopted IoT architecture is structured into three primary layers:

• Perception Layer: Handles physical data acquisition and
initial signal processing using embedded systems. Devices
in this layer often form self-organizing networks to manage
high-volume, heterogeneous sensor data.

• Network Layer: Transmits collected data using infrastruc-
tures (e.g., Internet, mobile, or satellite networks). Ensuring
data reliability and optimizing data flow are essential, given
the scale and bandwidth constraints of modern IoT systems.

• Application Layer: Provides interfaces and domain-specific
services (e.g., in smart homes, healthcare, or transportation).
Effective implementations depend on accurate sensing, real-
time data filtering, and efficient storage solutions.

Building upon these foundations, recent studies have examined
the role of Edge Computing (EC) in reducing latency and cloud de-
pendency. For example, [31] proposed a layered edge architecture–
incorporating data collection, edge processing, service orchestra-
tion, and security–which demonstrated a 59.46% reduction in la-
tency when processing multimodal data compared to traditional
cloud-based models. These findings validate the role of layered edge
architectures in addressing latency and scalability issues. They
provide a foundation for our EdgeMIND framework, which ex-
tends these capabilities through AI-driven reasoning and dynamic
context-awareness. While many existing approaches focus primar-
ily on improving system performance (e.g., reducing latency or
cloud dependency), they often lack intelligent multimodal reason-
ing and adaptive context-aware decision-making, which are essen-
tial for real-time CPS applications in dynamic environments. Our
proposed EdgeMIND framework fills this gap by integrating situ-
ational awareness, LLM-based decision support, and multimodal
data handling to enable intelligent, responsive CPS solutions.

As IoT adoption increases, the volume of generated data poses
additional challenges in latency, scalability, and energy efficiency.
Conventional cloud-centric approaches often fail to meet the low-
latency requirements of CPS due to communication overhead and
centralized bottlenecks [4]. Edge AI addresses these limitations by
enabling local, AI-driven processing close to the data source. Tasks
such as anomaly detection, prediction, and adaptive control can
be executed in near real-time without cloud round-trips, reducing
latency, enhancing privacy, and saving bandwidth and energy by fil-
tering out redundant transmissions [10]. Nonetheless, Edge AI must
also contend with the limited computational power, memory, and
energy available on edge devices. To balance intelligent processing
with these constraints, researchers have proposed strategies such
as model compression, feature/data quantization, and adaptive sam-
pling or transmission. These techniques streamline AI models and
dataflows to improve performance and energy efficiency–crucial
for deploying AI in resource-constrained edge environments [20].

Most IoT edge devices are built on resource-efficient System-
on-Chip (SoC) platforms, making them suitable for lightweight
preprocessing and local workflows [22]. For heavier workloads,
data is often offloaded to servers or cloud infrastructures, forming a
computing continuum. This hierarchical architecture supports both
real-time responsiveness at the edge and scalable batch processing
in the cloud, offering a flexible and robust solution for CPS.

Prior research has shown the effectiveness of IoT and edge com-
puting in CPS, but deeper integration of AI reasoning, situational
awareness, and multimodal decision-making remains limited. Effi-
cientLLM [25] uses pruning during pretraining for edge-friendly
LLMs, EdgeShard[30] shards models across edge and cloud to im-
prove latency, and Edge-LLM[28] applies layer-wise compression
with adaptive tuning. EntroLLM[21] leverages mixed quantization
and entropy encoding, while Edge-PRUNE[3] demonstrates col-
laborative inference for improved latency and energy. Less ex-
plored are approaches that optimize how the model is queried
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Table 1: Edge Computing Use Cases and Challenges across CPS Domains

Domain Enablers Challenges Restrictions
Smart Office / Class-
room (Work & Learn-
ing Environments)

IoT for real-time data collection, AI-
driven analytics, Integrated Work-
place Management Systems, auto-
mated control (light, climate).

Complex device integration, flexible
environment requirements, cyber-
security risks, high implementation
costs.

High costs, network dependency, in-
teroperability issues, infrastructure
limitations, data privacy concerns.

Smart Home Edge computing, data compression,
predictive algorithms, adaptive fil-
tering, dual prediction schemes.

Managing IoT data, high energy con-
sumption, latency, communication
overhead, integration costs.

Edge device limitations, prediction
errors, high integration costs, data
privacy concerns.

Smart Healthcare IoT devices, predictive AI,
telemedicine.

Real-time healthcare data integra-
tion, privacy-critical processing,
compatibility with healthcare IT.

Regulatory constraints, data privacy
concerns, high infrastructure costs,
interoperability issues.

Smart Manufactur-
ing

Edge computing, IoT integration,
predictive maintenance, cybersecu-
rity solutions, energy optimization.

Complex real-time data, cybersecu-
rity risks, legacy system integration,
energy inefficiency.

Edge device limitations, storage con-
straints, cybersecurity vulnerabili-
ties, integration difficulties.

Smart Agriculture IoT sensors, machine learning, ro-
botics.

Digitalization gaps, device compati-
bility issues, high deployment costs.

Data privacy concerns, high costs,
need for skilled labor.

Hazard-Prone Areas IoT devices, satellite tech, predictive
analytics.

Unstable connectivity, data accuracy,
coordination in emergencies.

Connectivity vulnerability, infras-
tructure fragility, high costs, special-
ized skills required.

Smart City IoT networks, cloud-edge systems,
mobile apps.

Citizen participation, cyber threats,
data privacy challenges.

Infrastructure costs, privacy regu-
lations, interoperability challenges,
dependency on policy frameworks.

(prompt handling, filtering, RAG) rather than restructuring or com-
pressing it. EdgeMIND addresses this gap via a prompt-centric,
context-aware filtering layer that reduces token usage, mitigates
hallucinations, and maintains responsiveness under resource con-
straints—emphasizing dynamic, lightweight decision logic instead
of structural model modifications.

3 EDGEMIND FRAMEWORK
The EdgeMIND framework integrates IoT, lightweight edge com-
puting, and emerging language model capabilities to support in-
telligent, resource-aware decision-making in CPS. It addresses key
challenges such as data heterogeneity, latency sensitivity, and in-
complete or noisy context, all of which are common in low-resource,
real-time environments. While conventional AI methods rely on
rigid rules or task-specific models, large language models (LLMs)
offer flexible reasoning and natural language interaction—when
appropriately constrained for edge scenarios. Instead of deploy-
ing full-scale LLMs directly on edge devices, EdgeMIND employs
a modular, hierarchical (layered) architecture. Lightweight local
components provide immediate filtering and response, while more
resource-intensive tasks (e.g., vector search, retrieval, and complex
reasoning) are offloaded to more capable nodes in the edge network.

Recognizing that LLMs are computationally demanding, Edge-
MIND does not seek to apply them indiscriminately. Instead, it
explores when and how scaled-down or orchestrated LLM compo-
nents can enhance tasks such as context-aware reasoning, semantic
abstraction, and multimodal interpretation. Techniques like quan-
tization, knowledge distillation, and prompt optimization help to
enable this balance. EdgeMIND investigates how LLM capabilities
can be harnessed, enabling adaptive, transparent, and interactive

edge intelligence within CPS constraints. Figure 1 illustrates the
EdgeMIND, which comprises the following core components:

(1) Multimodal Input/Output Modules: EdgeMIND ingests
diverse data types including streaming sensor data, media
files and structured/unstructured text from the specific CPS
domains. Inputs are normalized into a unified structure to
enable consistent downstream processing [1].

(2) Input Processing: A lightweight preprocessing pipeline
performs data chunking, modality tagging, and metadata
annotation. This stage ensures that input data is semantically
structured and optimized for embedding and retrieval.

(3) Situational Awareness: To reduce irrelevant context and
improve inference precision, EdgeMIND employs a training-
free topic modeling approach [7] that extracts dominant
themes from user prompts and input data. These topic vec-
tors are used to guide context filtering and chunk selection,
helping to avoid performance degradation from excessive or
noisy prompt content [12].

(4) Data Storage and Retrieval: Embedded representations of
input data are stored in a vector database, enabling efficient
semantic retrieval based on similarity and topic relevance.
This supports a RAG pipeline that grounds the LLM’s outputs
in factual, domain-relevant content.

(5) Contextual Prompt Construction and Output Process-
ing: EdgeMIND combines retrieved data, domain-specific
instructions, and user queries into a structured prompt for-
mat to guide the LLMs. To enhance multi-step reasoning
and generate accurate, actionable outputs, the framework
incorporates advanced prompting strategies such as Chain-
of-Thought (CoT) and ReAct (Reasoning and Acting) [23],
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Figure 1: EdgeMIND Framework. This framework processes multimodal inputs followed by situational awareness, where topic
modeling is performed with RAG and a vector database, generating multimodal outputs.

which enable interactive decision-making within resource-
constrained edge environments, supporting responses deliv-
ered through the input/output interface at runtime.

(6) Response Reuse and Efficiency: To support stateful, multi-
turn interactions, generated outputs can be looped back into
the context for subsequent queries [26]. This improves dia-
logue continuity and reduces redundant processing, enabling
the system to accumulate contextual knowledge.

4 INTELLIGENT OFFICE ASSISTANT
Building on the EdgeMIND framework and addressing the chal-
lenges summarized in Table 1, we present an instance of the frame-
work in the form of an intelligent office assistant (EdgeMIND-IOA).
With the rise of AI and IoT, modern offices increasingly aim to
automate tasks such as meeting summarization, environmental
monitoring, and personalized insight generation. However, most in-
telligent office assistants rely on cloud-centric architectures, trans-
mitting sensitive voice, visual, or sensor data to remote servers
for processing. This introduces latency, consumes bandwidth, and
raises significant privacy concerns—especially in business settings
that demand secure and adaptive behavior [16]. Additionally, these
systems tend to be static and task-specific, with limited adaptability
to dynamic office conditions. Figure 2 presents the prototype of
the EdgeMIND-IOA, illustrating its local-first design that reduces
dependence on cloud services and enables secure, low-latency rea-
soning at the edge. Figure 3 shows the AI-generated response to user
queries, contextualized based on the whiteboard sketch provided
earlier. The key functionalities of EdgeMIND-IOA include:

Multimodal Input Preprocessing: EdgeMIND-IOA ingests and
standardizes heterogeneous input types from office environments
into a unified textual format for downstream processing.

• PDF-to-text extraction is done using LlamaParse, which
maintain document structure, extract tabular data, and en-
hance context by LLM-based augmentation [15].

• Automatic Speech Recognition (ASR) is done byWhisper,
a robust, multilingual speech-to-text model [19].

• Image-to-text conversion is enabled by the Phi-3.5-mini.5
Vision-Language model, which interprets visual elements to
generate descriptive captions [1].

While LlamaParse is typically associated with cloud-based LLM
pipelines, its architecture is highly modular and it supports of-
fline use. In EdgeMIND-IOA, we adapt its document parsing and

indexing components to operate directly on edge devices, which
allows for PDF-to-text extraction and context-aware structuring
without transmitting data to the cloud and thereby prserves pri-
vacy and aligns with the edge-first design of the framework. Note
that in EdgeMIND-IOA, early-stage data preprocessing–including
tasks such as speech transcription, document parsing, and image
captioning–is performed directly on the mobile edge device (e.g.,
smartphone). More compute-intensive tasks (e.g., metadata enrich-
ment, topic clustering, semantic embedding generation, and LLM
inference) are offloaded to a nearby local edge node. This balances
performance and energy constraints, minimizes latency, and en-
sures privacy without relying on cloud-based services.

Situational Awareness and Enhanced Data Processing: EdgeMIND-
IOA applies topic modeling [7] to enhance its understanding of the
office environment and improve contextual retrieval. It is used to
automatically identify dominant topics within transcribed meet-
ings, extracted documents, and visual notes, enabling the system
to organize and access relevant information more effectively.

• The meeting transcripts are analyzed to extract discussion
themes (e.g., project updates, task assignments, issues raised),
which are then used to label and cluster content for targeted
summarization or Q&A.

• Visual content (e.g., whiteboard sketches or slides) is catego-
rized based on topics to support multimodal recall.

• Documents like agendas or reports are indexed by topic
segments to improve focused retrieval during interactions.

This topic-aware organization reduces redundant or irrelevant con-
text in prompts, especially in multi-turn interactions, improving the
precision and interpretability of LLM responses. Compared to basic
RAG pipelines, this strategy ensures that EdgeMIND-IAO delivers
office-specific, concise, and situationally aligned outputs.

Metadata Generation and Vector Database Storage: In EdgeMIND-
IOA, multimodal inputs (e.g., meeting transcripts, whiteboard cap-
tures, and document excerpts) are processed and enriched with
metadata including the extracted text, timestamps, and associated
discussion topics (e.g., budget decision, hiring strategy). Seman-
tic embeddings are used to support similarity search, while sim-
ilarity scores (distance) are computed at query time to rank re-
trieved items and are not stored as part of the metadata. Topic
tagging is performed using lightweight topic modeling techniques
suitable for edge deployment. These structured records are then
indexed in a FAISS-based vector database, hosted on the nearby
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Figure 3: Response generated by the EdgeMIND-based Intelligent Office Assistant for a user prompt on mobile.

local node. The metadata is stored in a structured format to en-
able efficientsimilarity-based retrieval for follow-up queries such as
“What did we decide about budget last week?”, while also supporting
topic-based categorization of future inputs. As new data arrives,
the EdgeMIND-IAO aligns it with existing topic clusters where
relevant or creates new topic nodes when necessary. This dynamic
organization supports evolving discussions under coherent topi-
cal headings, reduces prompt size, and helps prevent retrieval of
irrelevant or redundant context during inference.

Contextual Prompt Design and LLM Querying: To realize the
framework’s prompting approach in practice, we developed a prompt
template tailored to the EdgeMIND-IOA. This template ensures
that the LLM only uses contextually relevant information from
the vector database, aligns responses with the user’s query lan-
guage, and avoids hallucination. The template is shown in Listing 1.
This prompt guides the LLM to produce grounded, precise, and
context-aware answers, which is critical for handling multimodal
data. Incorporating this template allows the EdgeMIND-IOA to
maintain consistency, reduce irrelevant or speculative responses,
and provide reliable language-aligned support in interactive office
scenarios. While EdgeMIND is designed to accommodate advanced
prompting strategies (e.g., Chain-of-Thought (CoT) and ReAct [23])
to support multi-step reasoning and interactive decision-making,
the implementation of the EdgeMIND-IOA adopts a lightweight,
instruction-based prompt format. As an initial stage of deploy-
ment, this approach is well-suited for generating grounded and

contextually relevant responses from multimodal meeting data
while maintaining efficiency on mobile edge devices.

prompt_template = """
<|system|>
You are an expert assistant that answers to the user query.
You are given some extracted parts relevant to the user query.
If you don 't know the answer , just say "I don 't know." Don 't

try to make up an answer.
It is very important that you ALWAYS answer the question in the

same language the question is in. Remember to always do
that.

Use only the following pieces of context to answer the question
at the end.

<|end|>
<|user|>
Context: {context}
Question is below. Remember to answer in the same language:
Question: {question}
<|end|>
<|assistant|>
"""

Listing 1: Prompt template used in the EdgeMIND-IOA

Event-Driven Programming and Communication Protocols: In the
EdgeMIND-IOA prototype, the EdgeMIND framework is instanti-
ated to manage asynchronous IoT data streams using event-driven
Python programming. Lightweight communication protocols (e.g.,
MQTT and ZeroMQ) enable efficient data exchange between mobile
edge devices and local EdgeMIND modules, enhancing responsive-
ness under varying workloads [8]. Modality-specific data streams–
speech, visual input, and sensor signals–are routed to their respec-
tive lightweight processing pipelines, as introduced earlier. This
scheduling mechanism ensures that processing remains efficient,
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Table 2: Prompt Categorization by Complexity Level

Complexity User Prompt (experiment question)
Simple (factual
questions)

What clustering algorithm is used to group
similar features extracted by the CNN?

Medium (contex-
tual understand-
ing)

How are the two halves of the diagram
related to different DevOps practices, and
what does the central element represent?

Advanced (reason-
ing and synthesis)

What are the main ethical challenges in
Machine Learning and Deep Learning
highlighted in the context, and why is it
important to address them?

scalable, and context-aware across heterogeneous data sources.
EdgeMIND’s modular implementation allows deployment on mo-
bile devices and edge-grade hardware, offering adaptability across
office configurations with varying capacities. This use case illus-
trates how EdgeMIND facilitates context-aware processing and
modular deployment, aligning with the performance, privacy, and
adaptability goals of smart office environments.

5 RESULTS AND DISCUSSION
We evaluated the EdgeMIND-IOA prototype–built using the Edge-
MIND framework–in a real-world smart office environment. The
evaluation focused on resource utilization, response speed, and the
relevance of generated responses across typical office scenarios.

5.1 Experiments
All evaluations were conducted on a Lenovo ThinkBook 16p G5 IRX
running Ubuntu 24.04.2 LTS. It is equipped with an Intel Core i9-
14900HX CPU (32 cores), 32 GiB RAM, a 1 TB SSD, and an NVIDIA
GeForce RTX 4060 Laptop GPU with 8GiB VRAM. This configura-
tion was used for the CPU and GPU-based inference experiments
to ensure a fair comparison of latency and resource utilization. To
assess practical applicability in mobile-to-edge deployments, the
EdgeMIND-IOA prototype was also deployed on a Google Pixel 8a
smartphone running Android 15, powered by a Google Tensor G3
chipset with 8GiB of RAM. The mobile device captured multimodal
inputs–including voice and images–and offloaded them to nearby
edge nodes for processing, enabling evaluation under realistic, on-
the-go conditions. A lightweight mobile application, introduced
in Figure 2, served as the front-end interface for initiating queries,
viewing outputs, and managing user-specific configurations. While
the app itself does not perform heavy computation, it connects to
a nearby edge node responsible for processing user prompts and
generating contextual responses with low latency.

To evaluate the performance of the EdgeMIND-IOA, we con-
ducted latency experiments across the three LLMs Phi-3.5-mini,
LLaMA2-7B, and Gemma in two architectural configurations: RAG-
only and Situational Awareness (SA), which combines RAG with
topic modeling. Each configuration was tested on CPU and GPU-
based edge nodes using three prompt complexity levels. To reflect
realistic usage scenarios and assess model robustness, we defined
three prompt complexity levels, as shown in Table 2: simple (factual
questions), medium (contextual understanding), and advanced (rea-
soning and synthesis). Based on the multimodal input–including

Table 3: Latency (in seconds) and relative improvement on
CPU-based edge nodes across prompt complexity levels. Bold
values indicate lower (better) latency under the Situational
Awareness (SA) configuration and significant improvements.

Model Prompt RAG (s) SA (s) Improvement (%)

Phi-3.5-mini
Simple 30 22 27%
Medium 24 20 17%
Advanced 54 45 17%

LLaMA2-7B
Simple 9 4 56%
Medium 26 12 54%
Advanced 27 10 63%

Gemma
Simple 2 1 50%
Medium 4 3 25%
Advanced 4 2 50%

Table 4: Latency (in seconds) and relative improvement on
GPU-based edge nodes across prompt complexity levels. Bold
values indicate lower (better) latency under the Situational
Awareness (SA) configuration and significant improvements.

Model Prompt RAG (s) SA (s) Improvement (%)

Phi-3.5-mini
Simple 12.00 10.00 17%
Medium 12.00 11.00 8%
Advanced 26.00 25.00 4%

LLaMA2-7B
Simple 2.00 1.00 50%
Medium 4.00 3.00 25%
Advanced 2.00 2.00 0%

Gemma
Simple 0.80 0.50 38%
Medium 0.41 0.36 12%
Advanced 0.83 0.56 33%

images related to DevOps, whiteboard sketches and a research
paper [24]–uploaded and processed by EdgeMIND during a tech-
nical discussion at the office meeting, we designed the prompts to
generate a contextually relevant response (cf. Table 2).

5.2 Results: Response Speed and Latency
Latency measurements across CPU and GPU edge nodes demon-
strate that the Situational Awareness (SA) configuration consis-
tently outperforms the RAG-only baseline across all models and
prompt complexities. These trends are clearly illustrated in Tables 3
(CPU-based) and 4 (GPU-based), and in Figures 4 and 5.

OnCPU-based nodes, LLaMA2-7B shows themost substantial im-
provement, with latency reductions of up to 56% for simple prompts
(from 9 s to 4 s), 54% for medium (26 s to 12 s), and 63% for advanced
prompts (27 s to 10 s). Phi-3.5-mini also benefits significantly, achiev-
ing up to 33% lower latency—for example, from 30 s to 22 s on simple
prompts. Gemma, being lightweight, shows smaller but consistent
improvements–50% faster on simple and advanced prompts.

5.3 Results: Resource Utilization
On GPU-based nodes, the improvements are smaller in absolute
terms but remain meaningful. For instance, Phi-3.5-mini shows an
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Figure 4: Latency on CPU-based Edge Nodes

Figure 5: Latency on GPU-based Edge Nodes

8–17% reduction, while LLaMA2-7B achieves up to 50% improve-
ment on simple prompts (2 s to 1 s). Gemma reaches sub-second
latency in all cases, with up to 38% improvement (e.g., 0.80 s to
0.50 s). These results confirm that SA enhances contextual accuracy
and computational efficiency, especially in CPU-constrained edge
environments, making EdgeMIND a practical and scalable solution
for real-time, context-aware LLM deployment at the edge.

We monitored system-level metrics during inference: CPU/GPU
utilization (%), RAM usage (%), and CPU/GPU temperatures (°C).

CPU-Based Inference Analysis: Table 5 reports CPU resource uti-
lization and temperature across the tested models and prompt types.
The SA configuration improved or preserved CPU efficiency com-
pared to the RAG-only baseline. For Phi-3.5, CPU usage decreased
from 76.40% to 73.34% under the Simple prompt, with similar reduc-
tions for Medium and Advanced prompts. Notably, CPU tempera-
ture dropped from 70.30°C to 68.26°C, indicating improved thermal
efficiency. RAM usage also remained stable across both modes, with
a slight decrease observed in SA. LLaMA2-7B showed higher over-
all RAM usage (>42%) due to its larger parameter count. However,
SA slightly reduced CPU usage and delivered consistent thermal
improvements. For instance, under the Medium prompt, CPU tem-
perature dropped from 71.07°C to 66.41°C with SA. Gemma, being

a lightweight model, consumed the least RAM (∼ 24%). While CPU
usage differences between RAG and SA were marginal, the temper-
ature benefits were more pronounced. Under the Simple prompt,
the SA configuration reduced CPU temperature from 66.00°C to
59.67°C, demonstrating its suitability for edge deployment.

GPU-Based Inference Analysis: Table 6 presents GPU resource
utilization and temperature data across all test conditions. For Phi-
3.5, GPU usage remained consistently high (94–96%), but the SA
configuration led to lower GPU temperatures, e.g., decreasing from
50.04°C to 43.62°C (Simple prompt). These reductions indicate more
efficient workload management under SA. LLaMA2-7B maintained
nearly full GPU saturation in both configurations. Yet, SA consis-
tently reduced GPU temperature, albeit modestly, e.g., from 47.00°C
to 46.29°C (Medium prompt). These marginal gains are still impor-
tant for long-duration inference in embedded or portable systems.
Gemma showed the most substantial improvements in thermal
and memory performance. Under the Simple prompt, SA reduced
GPU temperature from 51.00°C to 44.00°C, and RAM usage dropped
from 22.58% to 19.25%. These results reinforce Gemma’s efficiency
and suitability for resource-constrained edge scenarios. In general,
all LLMs generated relevant and correct responses to the queries.
Across all tested models and prompt complexities, the Situational
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Table 5: CPU Utilization and Temperature (T) for RAG-only
and SA across models and prompt types. Bold values high-
light lower resource usage or temperature use in SA mode.

Model Mode Prompt CPU (%) RAM (%) T (°C)

Phi-3.5

RAG Simple 76.40 20.90 70.30
Medium 73.25 19.77 68.09
Advance 74.95 20.87 71.73

SA Simple 73.34 20.88 68.26
Medium 72.97 19.95 70.64
Advance 73.81 20.70 68.77

LLaMA2-7B

RAG Simple 24.22 42.89 62.22
Medium 24.57 43.54 71.07
Advance 25.21 43.42 62.03

SA Simple 22.21 42.25 61.64
Medium 24.25 43.40 66.41
Advance 23.88 42.36 63.96

Gemma

RAG Simple 25.13 24.13 66.00
Medium 24.89 24.25 64.83
Advance 24.27 24.33 65.15

SA Simple 23.97 24.00 59.67
Medium 24.03 23.39 60.63
Advance 23.58 24.13 65.56

Table 6: GPU Utilization and Temperature (T) for RAG-only
and SA across models and prompt types. Bold values indicate
lower resource usage or temperature use in SA mode.

Model Mode Prompt GPU (%) RAM (%) T (°C)

Phi-3.5

RAG Simple 95.65 24.28 50.04
Medium 95.42 25.81 49.72
Advance 94.49 28.69 64.95

SA Simple 95.25 23.69 43.62
Medium 94.52 25.48 45.68
Advance 92.67 26.47 51.39

LLaMA2-7B

RAG Simple 96.00 18.88 45.00
Medium 97.75 18.91 47.00
Advance 98.00 19.26 46.60

SA Simple 96.00 18.68 44.25
Medium 97.13 18.83 46.29
Advance 97.65 19.08 46.57

Gemma

RAG Simple 95.00 22.58 51.00
Medium 96.67 23.20 47.33
Advance 95.60 23.07 47.83

SA Simple 89.00 19.25 44.00
Medium 94.50 19.05 47.17
Advance 95.00 19.27 48.25

Awareness (SA) configuration improved or preserved computa-
tional efficiency and thermal stability, especially in CPU-bound
inference scenarios. SA reduced peak temperatures and maintained
RAM usage without degrading performance. While all LLMs gener-
ated relevant responses, the current evaluation primarily focuses on
computational efficiency, latency, and thermal performance. The im-
pact of the Situational Awareness (SA) configuration—particularly
the topic modeling layer—on the quality of query responses (e.g.,
relevance, coherence, or informativeness compared to RAG-only)
was not quantitatively assessed. Evaluating this would require ad-
ditional user studies or benchmark-based metrics, and is therefore
considered a limitation of the current work and a direction for fu-
ture research. These results validate EdgeMIND as a lightweight and
effective framework for enhancing runtime efficiency in resource-
constrained environments.

6 CONCLUSIONS AND FUTUREWORKS
This paper presents EdgeMIND, an EdgeAI framework integrat-
ing multimodal data processing, situational awareness (SA), and
retrieval-augmented generation (RAG) to improve LLM inference
efficiency on resource-constrained edge devices. Empirical evalua-
tions across three languagemodels and diverse prompt complexities
demonstrate that SA consistently reduces latency, computational re-
source usage, and thermal stress compared to a RAG-only baseline,
without compromising inference quality. Deployment on mobile-
to-edge architectures validates EdgeMIND’s practical applicability
in real-world, energy- and resource-constrained environments, ad-
vancing the state of the art in context-aware, multimodal edge
AI.

Future work will focus on energy-aware orchestration, hardware
acceleration, and lightweight model optimization (quantization,
pruning, fine-tuning) to enhance efficiency and scalability. We also
plan to extend SA through neural topic modeling and dynamic infor-
mation extraction for improved response relevance, adopt modular
containerized designs for flexible and privacy-preserving deploy-
ments, and explore EdgeMIND in UAV/aerial networks to support
low-latency, distributed inference. These directions aim to evolve
EdgeMIND into a robust, scalable, and energy-efficient framework
for real-time, context-aware intelligence across diverse CPS do-
mains. It will also consider concrete deployment scenarios across
heterogeneous edge platforms, including IoT gateways, on-premise
servers, and cloud-edge hybrid systems. Evaluation will be extended
to more constrained devices (e.g., Raspberry Pi, Jetson Nano) and
additional CPS domains summarized in Table 1 to assess accuracy,
robustness, and practical applicability. Moreover, security and pri-
vacy aspects—including secure data transmission, anonymization,
and access control—will be incorporated to comply with regulatory
requirements and ensure safe, trustworthy deployments.
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