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Abstract

The proliferation of edge devices, ranging from smartphones and various wearable de-
vices, up to industrial sensors or autonomous vehicles, gives an opportunity to leverage
the power of Al-based methods directly at the point where data is acquired or gen-
erated. However, deploying traditional Large Language Models (LLMs) on resource-
constrained edge devices becomes impractical due to substantial computational and
memory requirements. In this contribution, the rapidly evolving field of Edge Al is
explored, specifically focusing on the development and deployment of Small Language
Models (SLMs), optimized for edge environments. The various challenges and oppor-
tunities associated with SLMs are indicated, together with a review of the current tech-
niques for model compression and optimization. An outline of future research and de-
velopment is also given.
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1 Introduction

The proliferation of Internet of Things (IoT) devices [|l]], coupled with the growing de-
mand for real-time and personalized user experiences, has significantly accelerated the
advancement of edge computing. Edge Al, which involves executing artificial intelli-
gence applications directly on edge devices, offers notable advantages when compared
to traditional networked or cloud-based solutions [2]. These advantages include reduced
latency, enhanced data privacy and improved reliability - especially in environments
with limited connectivity - as well as a decrease in bandwidth consumption. It also
makes it possible to work completely offline, without access to any network.

Historically, the computational requirements of advanced Al models, particularly
Large Language Models (LLMs) [B3], have constrained their deployment on edge de-
vices. However, recent breakthroughs in model compression techniques and the emer-
gence of Small Language Models (SLMs) [4] have stimulated a major shift within this
landscape.

Ultra-compact Al models are increasingly deployed on edge devices with minimal
resources, even with just a few kilobytes of memory onboard [§]. It makes it possible
to process data locally on commodity devices such as sensors, wearables, and home
appliances. This innovative approach yields considerable benefits in energy efficiency,
enabling such devices to function for years on a single battery. Additionally, it offers
near-instantaneous response times and enhanced privacy, as data processing occurs on-
device without the need to transmit information externally.

In this contribution, it will be shown that SLMs are a vital enabler for Edge Al, facil-
itating the incorporation of robust language capabilities across a myriad of applications
that were once considered impractical. The specific challenges and opportunities inher-
ent in this field will be explored, offering a comprehensive overview of current solutions
and highlighting potential future directions.

2 LLMs and resource constraints

Traditional LLMs, like the GPT model series introduced by OpenAl [6], have demon-
strated impressive capabilities, but they are also characterized by immense size — hun-
dreds of billions of parameters - and huge computational complexity. Deploying these
models on edge devices presents several significant hurdles. Namely, their memory
footprint often exceeds by orders of magnitude the capacity of edge devices. Moreover,
the computational cost of inference demands significant processing power, leading to
high energy consumption and resulting in slow response times on resource-constrained
hardware. Furthermore, transferring data between the edge devices and the cloud can
be bandwidth-intensive and unreliable, not to mention that sending sensitive data to the
cloud for processing raises privacy and security concerns.

The recent shortage of RAM chips has significantly altered the Edge Al landscape.
This scarcity is prompting a crucial architectural shift, as developers increasingly adopt
“DRAM-less” hardware designs, such as the Hailo-8 and Hailo-8L accelerators, which
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enable the execution of Al models entirely on-chip. In addition to hardware adaptations,
this shortage has made model optimization a necessity, accelerating further the transi-
tion from LLMs to more efficient SLMs. The availability of currently used LPDDR5X
and DDRS chips for edge systems is anticipated to remain critically constrained at least
through the next year. In consequence, the Al scene becomes effectively bifurcated into
the “high end” part enjoying priority, and the “everyone else adapts™ part, where re-
purposed or even refurbished hardware and also various microcontroller based designs
become more and more attractive for Edge Al projects.

3 Small language models

Small Language Models (SLMs) are typically defined as models with only a few billion
parameters, offering a compelling alternative to traditional LLMs for Edge Al applica-
tions. While they may exhibit reduced performance on certain tasks compared to their
larger counterparts, their smaller size and much lower computational requirements make
them significantly more suitable for deployment on edge devices.

Several SLMs have emerged recently, each demonstrating a balance between perfor-
mance and efficiency. They are the primary driver for Edge Al, enabling “intelligence”
on devices like smartphones, IoT sensors, or medical equipment. The following models
are widely used for on-device tasks:

* Google Gemma 3 / 3n [[]]: A multimodal family (text, image, audio) with variants
like Gemma 3n 1B that can reach speeds over 2,500 tokens/second on mobile GPUs.

e Microsoft Phi-4 Mini / Phi-4 [8, 9]: The 3.8B parameter Mini is highly optimized
for reasoning and coding, while Phi-4 (14B) pushes the upper limit of what “small”
entails.

e Meta Llama 3.2 (1B & 3B) [[L(]: Specifically designed for mobile and edge perfor-
mance with high accuracy-to-size ratios.

e Qwen 2.5 (1.5B) [[1 1]]: An Alibaba-developed model popular for multilingual edge
applications.

* TinyLlama 1.1B [[12]: Compact and fast open-source model.

e Shakti Family (100M-500M) [13]: Specialized ultra-compact models designed for
domain-specific tasks like legal or medical analysis on tiny hardware.

¢ SmolLM2 (135M & 360M & 1.7B) [[14]: A new state-of-the-art family of SLMs.

4 Model compression and optimization

To further enhance the suitability of SLMs for Edge Al, various model compression
and optimization techniques are being employed. For example, quantization reduces
the precision of model weights and activations, e.g. from 32-bit to 4-bit integers, signif-
icantly lowering the memory footprint and improving inference speed [[15, L 7]. Instead
of applying one precision level to the whole model, Mixed-Precision Quantization or
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Activation-Aware Quantization methods could be used [|17, |18, [19]. These methods as-
sign higher precision to “sensitive” layers that impact accuracy the most, and lower the
precision (e.g., 2-bit or 4-bit) to others. AWQ is a preferred method for SLMs because
it protects the most important weights during quantization, maintaining at the same
time a higher reasoning accuracy than the older methods like GPTQ. Other techniques
like Post-Training Quantization (PTQ) or Quantization-Aware Training (QAT) are also
commonly used [20].

The model size and computational complexity could be substantially reduced by
pruning, the removal of redundant or less important connections in the neural net-
work [21]. Structured pruning is often preferred for more effective hardware acceler-
ation. Rather than removing individual weights, which can be expensive for hardware
to optimize, structured pruning removes entire blocks or layers [22]. Algorithms like
SparseGPT [23] and Wanda [24] are usually used to prune models after training, allow-
ing a model to retain its “intelligence” while shrinking its footprint by 20—50%.

Knowledge distillation, where a smaller “student” model mimics the behavior of a
larger “teacher” model, allows the developed model to inherit the knowledge of the
teacher model while maintaining a significantly smaller size [25]. Some models use
iterative refinement [26, 27], a “self-distillation” procedure to “teach themselves”, to
improve performance without requiring an external teacher model and a separate distil-
lation procedure.

Low-rank factorization [28, 29] decomposes weight matrices into lower-rank approx-
imations, reducing the number of parameters, and hardware-aware optimization tailors
model architectures and optimization techniques to the specific hardware capabilities
of the edge device.

Speculative decoding (SD) is another inference acceleration technique that uses a
tiny “draft” model alongside the primary SLM [BQ]. The tiny draft model quickly pre-
dicts several future tokens. The primary SLM verifies then these tokens in a single par-
allel step, rather than generating them one by one. Frameworks like SLED (Speculative
LLM Decoding) [B1] can increase system throughput by up to 2.8x on popular SMB
hardware like Raspberry Pi 5 or NVIDIA Jetson.

These techniques are often combined into a single pipeline to fit models into memory-
constrained environments. Modern SLMs are no longer just “shrunken” versions of their
“big” counterparts, being rather designed specifically for the respective edge hardware
(Hardware-Aware Architecture) [B32].

5 Typical applications, use cases and benefits

Recently, Small Language Models (SLMs) and their applications have transitioned from
experimental pilot designs to industry standards, with roughly 80% of Al inference now
occurring locally on edge devices according to industry estimates [34]. Their ability to
provide real-time, private, and offline intelligence resulted in diverse use cases.

In healthcare, portable and wearable devices use SLMs to analyze heart rhythms
and lung sounds locally, alerting emergency services when a verified anomaly is de-
tected [35]. Devices like digital stethoscopes transcribe sounds and flag potential abnor-
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malities instantly, enabling clinical workflow acceleration. Direct on-device diagnostic
[36, 37] eliminates concerns about patient data confidentiality by processing sensitive
information locally within the hospital’s secure network.

In industrial environments, the use of Edge Al enables predictive maintenance,
e.g. sensors can analyze vibrations and temperatures in real-time, predicting imminent
equipment failures before they occur and reducing unplanned downtime significantly
[38]. High-speed vision systems using local SLMs could be used for inspection on pro-
duction lines in real time, ensuring immediate rejection of faulty items when necessary.

Millisecond-level navigation decisions are crucial in the case of autonomous vehicles
[B9]. Edge Al enables dynamic traffic management, where edge-native Al analyzes local
sensor data at intersections to adjust signals in real-time, reducing congestion and emis-
sions. Autonomous vehicles process terabytes of sensor data locally to support safety
features, such as pedestrian detection and truck platooning, for which cloud-access-
related latency could be fatal.

The environmental sector faces immense challenges, requiring constant monitoring,
analysis, and informed decision-making. Traditional cloud-based Al solutions often
struggle to meet the specific needs of environmental applications due to latency, band-
width limitations, and power constraints. Edge Al, particularly leveraging SL.Ms, offers
a substantially improved approach [A(]. Acoustic monitoring in wildlife reserves, for
instance, can utilize SLMs on low-power devices to identify species presence, or detect
illegal activities without transmitting large audio files. Similarly, camera trap analysis
can be performed locally, automatically identifying the animals and detecting unusual
behaviors [41].

Precision agriculture could benefit from SLMs analyzing crop health in real-time,
enabling targeted action and reducing pesticide use [42]. Air quality monitoring stations,
equipped with sensors and SLMs, can analyze data and provide alerts when pollutant
levels exceed safe thresholds. The ability to perform these analyses on-device eliminates
the need for constant cloud connectivity and reduces power consumption, making Edge
Al with SLMs a powerful tool for sustainable environmental management. Such devices
may also be used for real-time monitoring of air and water quality, triggering instant
alerts when spikes of hazardous concentrations are detected.

In the case of consumer electronics, SLMs enable “always-on” virtual assistance,
that handle tasks like document summarization, email drafting, and real-time translation
entirely offline [43]. Smart Home devices like thermostats can use local SLMs to learn
user behavior and habits, optimizing energy usage without sending personal routines
to the cloud. On a larger scale, SLMs could be also seen as enablers of locally tuned
and democratically aligned intelligence that can better serve urban equity and efficiency
goals [44].

By processing data at the source, Edge Al provides a “Privacy-by-Design™ archi-
tecture [45], essential for meeting the data regulations in many countries. Sensitive in-
formation, such as medical records or financial transactions, never leaves the device,
eliminating the risk of interception during cloud transit. Since data is processed locally,
there is no centralized data center for hackers to target, significantly lowering the im-
pact of large-scale breaches. Local processing by SLMs also eliminates the 50-200ms
“round-trip” delay typical of cloud servers. Usually SLMs can deliver sub—5ms latency,



26 Joachim J. Wiodarz

which is very important for time-sensitive applications. Additionally, the performance
then remains stable, regardless of network congestion or server load.

Shifting tasks from cloud LLMs to local SLMs can reduce the inference costs by up
to 90% (from ~$0.50 in the cloud to ~$0.05 on-device) [46, #7)]. Local processing can
also drastically reduce the volume of raw data sent over networks, lowering recurring
telecommunication and data storage expenses. It could also ensure more reliability in
environments where internet connectivity is impossible or unreliable, e.g. within coal
mines.

Specialized SLMs could be optimized for standard hardware, allowing companies to
scale Al without expensive and power hungry GPU clusters. Local inference reduces
the massive energy demands and carbon footprints associated with running large-scale
data centers. SLMs consume much less power than un-optimized much bigger models,
also allowing battery-powered IoT devices to operate for days rather than hours. It is es-
pecially important in field operations, enabling robust performance in remote areas, e.g.
for emergency responders in disaster zones, or industrial workers on factory floors with
spotty Wi-Fi. Smart home devices and medical wearables could therefore continue to
function during internet outages, maintaining essential safety and monitoring services.

6 Hardware platforms for edge AI with SLMs

While the advancements in software and in the algorithms for SLMs are undoubtedly
noteworthy, it is essential to recognize that the hardware platforms supporting these
technologies hold equal, if not greater, importance. This is particularly true given the
rapid progression in hardware capabilities, which often outpaces significantly the im-
provements made in software [48]. The choice of a device depends on various factors
such as computational requirements, power constraints, cost, and environmental condi-
tions, with options ranging from very low-power microcontrollers to high-performance
GPUs and specialized NPUs. The decentralized model of operation eliminates the ne-
cessity for continuous cloud connectivity, thereby providing advantages such as reduced
latency, improved privacy, and decreased bandwidth expenses. Single-Board Comput-
ers (SBCs), hosting different CPUs and sometimes equipped with GPUs or NPUs, of-
ten serve as Edge Al platforms, facilitating the execution of artificial intelligence algo-
rithms on compact and energy-eflicient devices. Another choice could be repurposed
Thin-Client Computers (TCCs), equipped often with surprisingly efficient hardware at
a fraction of the cost of specialized industrial buildups. Refurbished older models typi-
cally cost only a fraction of the price of similar new equipment.

In resource-constrained embedded Al systems, microcontrollers (MCUs) are in-
creasingly employed. Quite often they are enhanced with hardware accelerators such
as dedicated Neural Processing Units (NPUs). These components enable the local ex-
ecution of complex tasks, including vision and voice recognition. Unlike conventional
MCUs, Al-optimized variants maintain a delicate balance between low power consump-
tion and high computational capability, facilitating the operation of lightweight models
such as TinyML [5]. Typically, MCUs exhibit a higher level of specialization, making
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them more “tailored” for specific applications when compared to single-board comput-
ers (SBCs) or Thin-Client Computers (TCCs).

6.1 Edge A1 SBCs

The Raspberry Pi SBCs [39], particularly the Raspberry Pi 4 and Raspberry Pi 5, to-
gether with the respective Computing Modules (CM), have emerged as a popular choice
for Edge Al buildups due to their affordability, versatility, and extensive community
support [50]. These devices can easily serve as a cornerstone for accessible Edge Al,
ranging from simple hobbyist projects to platforms capable of handling generative Al
workloads. It is worth mentioning that the dot product (DotProd) and half-precision
floating point (FP16) arithmetic instructions, introduced in the ARMvS8.2 CPU family
ISAs [51], could provide the mathematical efficiency needed for modern transformers
running e.g. on Raspberry Pi 5. The usage of FP16 allows the CPU to process twice
as many data points per clock cycle when compared to FP32, while using the same
SIMD (Single Instruction, Multiple Data) registers. Moreover, since FP16 weights are
half the size of FP32, one can fit twice as many weights into the CPU cache, drastically
reducing the time CPU spends waiting for data to be processed. Unlike 8-bit integers,
FP16 maintains enough dynamic range to run models like Llama 3.2 or Gemma 3 with
virtually zero accuracy loss when compared to their cloud-based versions. The DotProd
instruction performs a 4-way 8-bit integer dot product and accumulates the result into
a 32-bit integer in a single instruction. For quantized models (INT8), DotProd provides
a theoretical 4x speedup over standard integer math. This is the primary reason why
a Raspberry Pi 5 (ARMVS.2) is significantly faster than a Raspberry Pi 4 (ARMv8.0)
for Al tasks at similar clock speeds. Because the hardware executes these operations in
fewer cycles, it also reduces the “energy-per-token,” which is especially important for
battery-operated edge devices. For example, this allows the Raspberry Pi 5 to run 4-bit
quantized SLMs like Phi-3.5 Mini at 10-15 tokens per second, making the difference
between “laggy” text (~2 tps) and “real-time” text (10+ tps) generation.

While early SLM use on Raspberry Pi relied solely on the CPU, the platform can
now utilize dedicated Neural Processing Units (NPUs) to achieve better performance.
The newest Raspberry Pi Al HAT+ 2, launched in January 2026, features the Hailo-
10H chip, delivering up to 40 TOPS of performance [52]. Unlike previous versions, the
AI HAT+ 2 includes 8GB of dedicated RAM, allowing it to handle SLMs and Vision-
Language Models (VLMs) independently of the main Raspberry Pi board. However,
intensive SLM workloads would require an active cooler to prevent thermal throttling.

The NVIDIA Jetson Nano SBC offers a significant step up in processing power, par-
ticularly for GPU-accelerated tasks, though at a higher cost and power consumption
[53, 54]. The NVIDIA Jetson Nano is considered a foundational, but nowadays legacy
platform for edge Al. While it still offers valuable learning opportunities for computer
vision, its limited memory and outdated software stack make it impractical for running
modern SLMs effectively. Even when highly optimized and quantized, they require
nowadays more memory for the model weights, tokenizer, and KV cache, often leading
to system crashes or severe performance degradation (swap thrashing). The NVIDIA



28 Joachim J. Wiodarz

Jetson Nano SBC uses a 128-core NVIDIA Maxwell™ GPU architecture from 2019.
This architecture lacks the Tensor Cores found in newer generations (like Orin or Thor)
that are essential for accelerating the matrix multiplication operations that dominate
SLM inference. NVIDIA Jetson Orin Nano / Orin Nano Super are the official succes-
sors, offering significantly more Al performance and memory options (8GB/16GB).
Through a “Super Mode” software update in JetPack 6.2, it delivers up to 67 TOPS (up
from 40 TOPS) and a 1.7x performance boost for SLMs [55].

NVIDIA Jetson AGX Thor is the current high-end platform for advanced robotics,
providing massive compute power for complex agentic Al workflows. Launched in late
2025/early 2026, it is now the premier platform for robotics and humanoid Al Powered
by the NVIDIA Blackwell™ GPU architecture, it delivers up to 2070 FP4 TFLOPS of
Al compute over 7.5x the performance of the previous Orin generation [56], but at the
cost of a disproportionate price increase.

6.2 Edge AI TCCs

Repurposing PC terminal hardware, including thin client computers (TCCs) and point-
of-sale systems, is increasingly recognized as a sustainable and cost-effective alternative
to single-board computers (SBCs) or specialized industrial computers [57]. These de-
vices often feature surprisingly capable processors and substantial amounts of RAM,
making them well-suited for Edge Al deployments. This approach not only extends the
devices’ lifespan but also contributes to reducing electronic waste.

The trend of utilizing such devices as “Edge Al Gateways” has gained traction, par-
ticularly as they are commonly available in corporate surplus markets. Typically fanless
and durable, these systems offer greater performance than microcontrollers while re-
maining more affordable than NVIDIA Jetson kits. For an extensive overview, including
the devices indicated below, please refer to the ParkyTowers online service [58].

Thin clients from reputable brands such as HP (t-series), Dell (Wyse), or Lenovo
(e.g., the ThinkCentre M-series) are exceptionally well-suited for the requirements of
SLMs. It is advisable to opt for newer models that feature either the AMD Ryzen Em-
bedded or Intel Elkhart Lake or newer chip families, as these processors incorporate ad-
vanced instruction sets, including AVX2, which significantly enhance the matrix calcu-
lations necessary for SLM applications. Unlike many Single Board Computers (SBCs),
thin clients generally include SODIMM slots, allowing for straightforward expansion
up to 16GB or even 32GB of RAM. This capability facilitates the execution of more
substantial 7B or 14B models, such as Phi-4 or Llama 3.2 3B, which may otherwise fail
to run on platforms like the Raspberry Pi 5. Additionally, thin clients typically offer a
wider array of I/O interfaces compared to SBCs, further enhancing their versatility and
functionality in professional settings.

For instance, the HP Pro t640 Thin Client is powered by the AMD Ryzen™ Em-
bedded R1505G processor, which boasts 2 cores and 4 threads with a maximum boost
frequency of 3.3 GHz, and is also equipped with Radeon™ Vega 3 Graphics. It of-
fers exceptional performance, particularly when upgraded to 16GB or 32GB of RAM
(DDR4). This compact, fanless device is designed for continuous operation, provid-
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ing enterprise-grade durability. Furthermore, the default M.2 flash memory can be up-
graded to a higher-capacity NVMe SSD, allowing for the storage of multiple models
and vector databases. The integrated AMD Radeon™ Vega 3 Graphics also facilitates
light GPU acceleration for Al applications, enhancing overall processing capabilities.
Two of the four integrated USB ports support speeds up to 10 Gbps (USB 3.2 Gen 2).

The newer HP Pro t550 Thin Client from the same family features an Intel Celeron™
J6412 processor, a part of the Intel Elkhart Lake family, which includes four cores
and four threads, capable of reaching a burst frequency of up to 2.6 GHz. This model
is enhanced by the integration of Intel GNA 2.0 (Gaussian & Neural Accelerator),
an ultra-low-power Al co-processor specifically designed for continuous, “always-on”
background operations [59].

Distinct from traditional GPUs and CPUs, the GNA is optimized for low-precision
integer arithmetic, rendering it highly efficient for particular Small Language Model
components. In the context of the HP Pro t550, the GNA functions primarily as a
“gatekeeper” or “pre-processor”, effectively conserving energy and CPU resources. It
is capable of monitoring for specific trigger phrases or recognizing human speech pat-
terns with minimal power consumption, utilizing microwatts. The more power-intensive
Celeron™ CPU cores are then only activated when a valid command is identified.

Additionally, the GNA can serve as a neural filtering hardware device, adept at elim-
inating background noise, such as that generated by fans or traffic, to deliver a “clean”
signal to the model, subsequently enhancing accuracy. Another potential application
includes continuous biometric monitoring, where the GNA can execute compact neural
networks for tasks like speaker identification or heart-rate analysis directly from sen-
sors without placing undue stress on the main system. It is important to note that the
GNA 2.0 requires models to be quantized to INTS8 format. The Intel Open VINO™ Neu-
ral Network Compression Framework (NNCF) can be utilized to convert models like
Phi-3 Mini or TinyLlama into this optimal format [60].

6.3 Edge AI MCUs

Microcontrollers have emerged as essential components in the realm of Edge Al, fa-
cilitating the execution of artificial intelligence algorithms on low-power devices [5].
This capability for localized processing enables immediate decision-making with min-
imal latency, enhancing user privacy and lowering energy consumption in comparison
to traditional cloud-based solutions.

In practical applications, these devices are proficient in managing specialized func-
tions such as predictive maintenance. For example, by analyzing data related to vibra-
tions or temperature, they can identify potential equipment failures in industrial settings
before they escalate. Furthermore, microcontrollers support computer vision applica-
tions, enabling gesture recognition and defect detection through the utilization of op-
timized models like MobileNet [62]. In the consumer sector, they are an integral part
of voice-activated keyword spotting in smart home devices and the monitoring of vital
signs in healthcare wearables, which can detect various irregularities, such as heart ar-
rhythmias. Agriculture also reaps the benefits of these technologies, as microcontrollers
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facilitate the monitoring of soil quality and the identification of pests via field-deployed
cameras.

The hardware supporting these diverse applications varies based on performance re-
quirements and also budget considerations. Products like the STMicro STM32 series
are designed for high-performance image processing and demanding machine learning
tasks, typically incorporating dedicated hardware accelerators [63]. For more econom-
ically sensitive IoT initiatives, the ESP32-S3 [64] provides Al-extended instructions at
a more accessible price point, while Texas Instruments (TT) chips prioritize low-latency
performance for high-speed controls [65].

To effectively bridge the divide between Al models and MCU hardware, specialized
development tools are essential. Frameworks such as LiteRT for Microcontrollers [67],
known also as TensorFlow Lite for Microcontrollers, empower developers to compress
and quantize models, ensuring compatibility with the limited memory constraints of
microcontrollers. Additionally, manufacturer—specific utilities such as the STM32Cube
Al Studio [66], facilitate the direct conversion of neural networks into optimized C
code, simplifying the deployment of advanced intelligence even on the most compact
hardware setups.

When choosing the right hardware for AI on microcontrollers, the decision largely
depends on the specific requirements of the project. Factors such as the need for high-
performance vision capabilities, integrated wireless connectivity, or ultra-low power
consumption for extended battery life usually play pivotal roles here.

For tasks demanding intensive processing, such as real-time image recognition and
video processing, the STMicroelectronics STM32N6 [6§] stands out as a premier op-
tion due to its dedicated Neural-ART Accelerator, with an impressive 600 GOPS of
computing power. Likewise, the Renesas RASMSS, equipped with a Cortex-M85 core
and Helium extensions, efficiently manages complex mathematical operations inher-
ent to machine learning, surpassing older conventional designs [09]. For projects with
a particular focus on gesture recognition or low-power vision applications, the Grove
Vision Al Module V2, which integrates an ARM Cortex M55 alongside a micro NPU
[[70], excels in delivering high frame rates while consuming minimal power.

In the case of applications to smart home technology or mutually connected IoT
devices, the Espressif ESP32-S3 presents a commendable balance of cost-effectiveness
and Al vector instructions, making it a preferred choice within the Arduino community.
More specialized IoT solutions, such as the Silicon Labs EFR32MG24, come equipped
with an integrated Matrix Vector Processor tailored for AI workloads and seamless com-
patibility with modern smart home protocols like Matter [[71]. For high-performance
wearables and audio processing applications, the Nordic nRF54 Series [[72] offers a ro-
bust multi-core architecture capable of handling demanding Al tasks without sacrificing
stable Bluetooth connectivity.

In scenarios where prototyping or the development of battery-operated industrial
sensors is required, the Raspberry Pi RP2350 MCU [[73], utilized in the Pico 2 board,
provides extensive community support and a low-cost entry point for exploring TinyML.
For more specialized industrial or medical applications where devices need to function
for years on a single charge, the STM32U5 Series remains the benchmark for ultra-
low power consumption while delivering the necessary performance for fundamental
anomaly detection.



6. HARDWARE PLATFORMS FOR EDGE AI WITH SLMS 31

The STM32 family and the Raspberry Pi Pico series MCUs exemplify two distinct
tiers of embedded Al development. The STM32 ecosystem is expansive, encompassing
a range of products from low-power microcontrollers to high-performance processors
such as the STM32H7. Many of these higher-end models are equipped with dedicated
Neural Processing Units and hardware floating-point units designed specifically to en-
hance the performance of complex inference tasks. ST Microelectronics complements
this robust hardware with advanced software tools, that automate the conversion of stan-
dard AI models into optimized code suitable for production-grade applications.

In contrast, the Raspberry Pi Pico MCU series is aimed at creators and educational
audiences, focusing on simplicity and affordability. The original Pico’s capabilities are
somewhat limited for Al applications, primarily due to its RP2040 chip lacking a hard-
ware floating-point unit. As a result, it must rely on slower software emulation for math-
intensive Al tasks. However, the introduction of the RP2350 MCU chip in the newer
Pico 2 board significantly addresses this limitation by incorporating hardware floating-
point support and digital signal processing instructions, allowing for much more effi-
cient handling of machine learning tasks compared to its predecessor.

In summary, professionals engaged in high-speed vision or industrial sensor devel-
opment will find the STM32 to be a more suitable choice due to its extensive hard-
ware scalability and comprehensive development tools. Conversely, the Pico and Pico
2 serve as excellent platforms for rapid prototyping, hobbyist projects, and educational
contexts, where ease of use through MicroPython and cost-effectiveness are prioritized
over maximum processing performance.

6.4 Edge Al smartphones

Last but not least, the market is witnessing a growing availability of Al-native smart-
phones [61]], intended for the consumer sector. These devices have evolved from tradi-
tional flagship models with supplementary smart features to those where artificial intel-
ligence serves as the core architecture. This transformation is marked by the seamless
integration of specialized hardware, including Neural Processing Units (NPUs), which
enable sophisticated generative models to operate directly on the device. By processing
data locally at the “edge”, rather than depending on cloud servers, these smartphones
deliver significantly enhanced performance and improved privacy. This capability also
facilitates offline functionality, proving invaluable in situations where network connec-
tivity is limited or unavailable.
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7 Future directions

The future of Edge Al is defined by the ongoing shift from “connected devices” to “au-
tonomous devices”. The convergence of 2-bit quantization, specialized NPU hardware,
and agentic workflows is gradually moving the majority of Al workloads from massive
data centers to the palm of the user’s hand. Recent breakthroughs allow SLMs to run
with significantly less memory. This makes it possible to run a high-reasoning param-
eter model on a device with little RAM, like a smartphone or a mid-range IoT gate-
way. These hyper-efficient models allow for “always-on” Al that consumes less power
than a standard LED bulb, enabling solar-powered environmental sensors to “think” for
months without needing a recharge.

It has to be emphasized that computer architecture related issues play a crucial role
in the effectiveness of Edge Al, by harmonizing rapid processing capabilities with the
inherent limitations of local hardware. Given that, these devices do not possess the ex-
tensive resources available to cloud servers, but only specialized components such as
Neural Processing Units (NPUs) or Application-Specific Integrated Circuits (ASICs)
that are designed to perform complex Al computations in parallel. This design signif-
icantly reduces latency and enables real-time decision-making in applications such as
robotics and medical sensors.

In cases when energy efficiency is paramount, architectural innovations like Compu-
tation-in-Memory (CiM) technology [[74] could lower power consumption, by decreas-
ing the energy-intensive transfer of data between processors and memory, which en-
hances the battery longevity in portable electronics. In addition to speed and power
considerations, these architectural designs address the “memory wall’’ challenge by in-
corporating localized caches and high-bandwidth memory solutions that facilitate seam-
less data transfer without overloading the device. This emphasis on local execution also
provides a security advantage, safeguarding sensitive information from potential expo-
sure, by ensuring it remains on the device, thereby mitigating vulnerabilities to external
cyber threats. Contemporary trends, such as heterogeneous computing and the adoption
of flexible instruction sets like RISC-V [[75], empower engineers to customize hardware
for specific applications. This ensures that whether the device is a smart camera or an
industrial sensor, its architecture would be optimized to meet the demands of its specific
Al workload.

The primary benefit of RISC-V in the artificial intelligence sector is its modular
instruction set architecture. This design empowers developers to eliminate unneces-
sary complexity and incorporate custom instructions specifically optimized for tensor
operations and matrix multiplication. Given that modern Al workloads demand sub-
stantial resources, traditional fixed architectures often result in power wastage due to
general-purpose features that do not contribute to deep learning. RISC-V addresses this
inefficiency through a “building blocks’’ approach, allowing developers to combine a
fundamental integer set with the RISC-V Vector Extension to achieve remarkable par-
allel throughput, all without the licensing limitations and stringent design constraints
inherent in proprietary solutions.

In high-performance data centers, RISC-V frequently functions as the management
layer within expansive Al accelerators, coordinating data flow between memory and
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specialized computing units. Companies such as NVIDIA leverage these cores to exe-
cute complex scheduling tasks, ensuring that their primary processing units remain fully
operational. Concurrently, at the edge of the network, RISC-V is slowly becoming the
standard for efficient, low-power inference in devices like smart sensors and wearables.
In these applications, integrating specific Al algorithms directly into the silicon deliv-
ers real-time image recognition and voice processing capabilities while maintaining a
minimal power budget that larger architectures struggle to match.

The transition toward RISC-V is also driven by a quest for architectural indepen-
dence, enabling global technology firms and research institutions to innovate in Al
hardware development without dependence on a single vendor’s direction. This shift
has resulted in a rapidly growing ecosystem, in which software frameworks like Ten-
sorFlow Lite or PyTorch are being fine-tuned also for RISC-V instructions. Nowadays,
we are witnessing the advent of the first RISC-V Al PCs, designed to compete with es-
tablished players by offering comparable tops-per-watt performance for executing large
language models locally.

It is worth mentioning that also the dataflow architecture proposed more than fifty
years ago by Jack Dennis [[7€] seems to be a significant advancement in hardware de-
signs intended to accelerate Al workloads. This architecture is characterized by compu-
tations that are initiated by the availability of data rather than a predetermined sequence
of instructions [[77]. In contrast to traditional processors that operate according to a
linear program counter, dataflow systems “conceptualize’” in a sense the Al models
as directed graphs in which operations are executed automatically upon the arrival of
the respective inputs. This architecture provides remarkable efficiency, particularly for
neural networks, as it facilitates the simultaneous processing of data across multiple
layers of a model through extensive parallelization. By maintaining a continuous flow
of data through a pre-configured pipeline, this approach effectively mitigates the perfor-
mance bottlenecks and excessive energy consumption associated with the well-known
“memory wall’” phenomenon prevalent in conventional CPUs and GPUs. The Hailo
Al accelerators mentioned above in the context of Raspberry Pi SBCs are the promi-
nent real-world implementation of a successful structure-driven dataflow architecture
designed specifically for Edge AI [[78, [79].

The revival of analog computing [80, 81] could provide a critical evolution in hard-
ware designed to overcome the energy and data-transfer limitations of traditional digital
systems [82]. Unlike standard digital processors, which must constantly move informa-
tion between separate memory and logic units, analog devices utilize analog signals
related to physical phenomena which are used to model the problem being solved. This
approach effectively eliminates the “von Neumann bottleneck”, allowing for the pro-
cessing of artificial intelligence tasks with much better energy efficiency and signifi-
cantly lower latency than conventional GPUs or CPUs. It is also possible to use various
metamaterials to build analog computing devices [84], even as reconfigurable metas-
tructures able to perform complex calculations [85]. While digital systems remain supe-
rior for high-precision tasks, modern hybrid analog/digital AI chips have reached a level
of accuracy sufficient for complex pattern recognition [83], making them a cornerstone
of the decentralized AI movement where 80% of inference is projected to happen lo-
cally on devices. This shift not only promises to preserve battery life but also enhances
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data privacy by ensuring that sensitive information is processed at the source rather than
being transmitted to the cloud.

While significant progress has been made, several challenges and opportunities still
remain. Improving SLM performance through novel architectures and training tech-
niques is paramount, as is developing federated learning approaches for training SLMs
collaboratively across multiple edge devices while preserving privacy [86]. As privacy
concerns grow, the way Al models are trained is changing. Instead of sending user
data to the cloud, devices perform “on-device training” to personalize the model. Then
the device sends only the mathematical updates (gradients) back to improve the global
model, ensuring Zero-Knowledge Privacy.

Running language models on microcontrollers necessitates a focus on highly com-
pressed TinyML architectures instead of general-purpose SLMs. The most effective
strategy seems to be here to utilize hardware specialized models, like the STM32 Model
Zoo [87], or develop custom models using frameworks like TensorFlow Lite, which can
subsequently be converted into optimized C code via specialized toolchains, like the
STM32Cube.Al toolchain in the case of STM32 hardware. For applications involving
voice and text processing, developers often employ grammar-based models or special-
ized audio event detection families that are suitable for the constrained SRAM available
on these chips. High-performance models, such as the STM32H?7 series, are usually fa-
vored for their speed here, while the more recent STM32N6 series features a dedicated
hardware NPU that enhances the efficiency of neural network execution. Additionally,
tools like NanoEdge Al Studio [88] facilitate on-device learning and anomaly detection,
empowering users without requiring extensive data science expertise.

The future also involves devices talking to each other to solve problems. If an edge
device doesn’t have the compute power for a complex task, it can “lease” NPU cycles
from a nearby AI PC or a smart vehicle via ultra-low-latency 6G or Wi-Fi 7 connections.
Groups of federated devices can then share their local SLM insights to form a high-
resolution “global view” or “collaborative edge”. It enables “swarm sensing” by a group
of sensors covering a large area - both from above (drones) and from stationary installed
sensors, and then to develop a “swarm intelligence” to deal e.g. with problems in a
massive industrial complex [89]. Allowing SLMs to adapt to new data and tasks without
forgetting previously learned knowledge represents also a significant frontier.

Explainable AI (XAI) for Edge SLMs is crucial for fostering trust and accountabil-
ity, and hardware-software co-design can further improve performance and energy effi-
ciency [90]. Nowadays, Al is having a tremendous impact on many aspects of our life,
including healthcare and engineering, where intelligent systems cannot be considered as
“black boxes” or “infallible oracles”. Explainability could be also treated as an edge-Al
system service [91]], in contrast to being a specific model property implemented locally.
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8 Conclusions

Edge Al powered by SLMs represents a transformative shift in the landscape of artificial
intelligence. By bringing language understanding and generation capabilities directly to
the edge, we can unlock a new era of personalized, real-time, and privacy-preserving ap-
plications. The potential for sustainable environmental monitoring and action, coupled
with the growing feasibility of repurposing existing hardware, underscores the immense
promise of this field. While challenges remain, ongoing research and development ef-
forts are steadily pushing the boundaries of what is possible, paving the way for a future
where intelligent devices are seamlessly integrated into our daily lives.
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