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This distinction is crucial in the context of edge intelligence, as training is rarely performed 
on edge devices due to their limited computational resources. Instead, training is typically 
conducted on powerful cloud data centers, whereas inference is executed locally on edge 
devices to leverage proximity to data and achieve low-latency performance. By balancing these 
processes across the edge-cloud hierarchy, edge intelligence can optimize the deployment and 
execution of DNNs while addressing the constraints of resource-limited environments. 

This dissertation focuses on on-device, or local, inference—the execution of pre-trained 
DL models directly on edge devices such as smartphones, IoT devices, or embedded systems. 
This approach enables real-time decision-making and processing without relying on continuous 
cloud connectivity. By performing inference locally, edge devices can deliver intelligent 
functionalities, such as object detection, voice recognition, and predictive maintenance, while 
addressing key challenges like latency, privacy, and bandwidth limitations. 

2.4.1 Benefits 
The ability to run AI models directly on edge resources provides several advantages over 
traditional cloud-based inference, particularly in terms of latency, privacy, energy efficiency, 
and continuous operation. 

Low Latency and Real-Time Decision-Making. One of the most significant advantages of 
on-device inference is the ability to process data with ultra-low latency. Since all computations 
occur locally, there is no need to transmit data to a remote cloud server, eliminating network 
delays. This is particularly important for applications that require real-time decision-making. 
For instance, in self-driving cars, object detection and path planning must be executed within 
milliseconds to ensure safe navigation, making cloud-based inference impractical due to latency 
constraints. Similarly, in AR applications, interactive elements must be rendered 
instantaneously to provide a seamless user experience. 

Enhanced Privacy and Data Security. By keeping all computations local, on-device inference 
significantly reduces the risk of data breaches and unauthorized access. Unlike cloud-based AI, 
where sensitive user information is transmitted and stored on external servers, on-device 
processing ensures that personal data remain confined to the device itself. This is crucial in 
applications such as facial recognition, fingerprint authentication, and health tracking, where 
maintaining user privacy is a top priority. Industries such as healthcare and finance benefit from 
this approach, as regulations often require data protection and compliance with stringent 
security protocols. 

Energy Efficiency and Reduced Bandwidth Usage. On-device inference also plays a vital 
role in optimizing energy consumption, particularly in battery-powered devices such as 
smartphones, wearables, and IoT sensors. Cloud-based inference often involves frequent 
communication with remote servers, which not only increases network bandwidth usage but 
also drains battery life due to continuous data transmission. By running compact AI models 
locally, devices can reduce power consumption, extending their operational lifespan. This is 
particularly beneficial for IoT applications deployed in remote environments, where energy 
efficiency is essential for long-term autonomous operation. 

Offline Functionality and Reliability. Another major advantage of on-device inference is its 
ability to function without internet connectivity. Many AI-powered services depend on cloud 
access to process requests, making them unreliable in areas with poor network coverage or 
intermittent connectivity. On-device AI allows applications to run continuously, even in offline 
environments, ensuring robustness and reliability. This is critical in industrial automation, 
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imperative to account for such intricacies when assessing the efficacy of AI frameworks 
intended for deployment in resource-constrained settings. 

3.8 Conclusion 
This research underscores the paramount significance of optimizing the on-device execution of 
DNNs to meet the evolving demands of today's AI applications. The presented framework, 
CARIn, aims to spearhead progress in this direction. While the challenges of device 
heterogeneity, runtime adaptation, and multi-DNN execution persist, CARIn provides a novel 
and comprehensive solution towards alleviating them. The integration of an expressive multi-
objective optimization framework and the introduction of RASS as a runtime-aware MOO 
solver manage to enable efficient adaptation to dynamic conditions while adhering to user-
specified SLOs. RASS stands out for its ability to foresee upcoming runtime issues and generate 
a set of configurations which enable rapid, low-overhead adjustments in response to 
environmental fluctuations. 
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Table 4.5 Impact of Quantization on CPU 

Model 
Latency Speedup RAM RAM Reduction 

FP16 DR8 FFX8 FP32 FP16 DR8 FFX8 
BERT Tiny 0.97× 0.97× 0.42× 4.7 0.41× 0.89× 1.28× 
ELECTRA Tiny 0.99× 0.99× 0.39× 5.1 0.18× 0.91× 1.13× 
XDistil-L6-H256 0.99× 1.62× 1.51× 26.2 0.32× 2.54× 3.03× 
MiniLM-L3 1.05× 1.86× 1.64× 30.4 0.28× 2.84× 2.54× 
MobileBERT 1.03× 1.72× 1.85× 89.4 0.59× 2.93× 3.16× 
XDistil-L6-H384 0.99× 1.82× 1.75× 52.9 0.37× 3.07× 3.27× 
MiniLM-L12 1.02× 1.89× 1.77× 95.2 0.47× 3.41× 3.47× 
RoBERTa Tiny 0.99× 1.65× 1.81× 65.0 0.37× 3.34× 3.94× 
ELECTRA Small 1.01× 1.53× 1.82× 44.7 0.51× 3.01× 3.01× 
DistilBERT 1.06× 2.27× 2.32× 191.9 0.46× 3.31× 3.51× 
DistilGPT2 - - - 585.2 - - - 
GPT2 Small 0.98× - - 673.0 0.59× - - 

4.3.3 Accelerators 
Based on the data presented in Table 4.4, execution on NPUs does not yield significant benefits. 
Therefore, the analysis focuses on calculating the latency speedup achieved by the GPU and 
DSP processors for floating-point and fixed-point models, respectively. These speedups are 
calculated in comparison to the best CPU configuration for each model, based on 
multithreading and the use of the XNNPACK delegate. Although the GPU delegate generally 
results in a drop in accuracy for most models, examining GPU acceleration remains valuable 
due to its potential for performance improvements. Table 4.6 outlines the achieved speedups 
for each model, with the exception of GPT2, which was found to be incompatible with the 
available accelerators. 

Table 4.6 Accelerator Latency Speedup 

Model 
Samsung A71 Samsung S20 FE 
GPU DSP GPU 

BERT Tiny 0.08× 0.44× 0.06× 
ELECTRA Tiny 0.09× 0.49× 0.06× 
XDistil-L6-H256 0.86× 0.83× 0.90× 
MiniLM-L3 0.69× 0.72× 1.06× 
MobileBERT 0.97× 0.92× 1.06× 
XDistil-L6-H384 1.24× 0.86× 1.20× 
MiniLM-L12 1.22× 0.92× 1.29× 
RoBERTa Tiny 1.19× 0.87× 1.91× 
ELECTRA Small 1.37× 0.85× 1.56× 
DistilBERT 1.22× 0.71× 2.77× 

As anticipated, the DSP fails to deliver any meaningful acceleration due to its limited 
compatibility with the models. Consequently, the focus shifts to the GPU for performance 
evaluation. Note that the use of quantization does not impact the GPU's performance, as all 
model variants are executed using fp16 arithmetic. This means that the GPU is able to accelerate 
only floating-point models, whereas integer models benefit more from CPU acceleration, as 
demonstrated in Table 4.5. Lastly, Table 4.7 provides a summary of the increase in memory 
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detection rates, and efficient operation on resource-constrained devices. Deployments on edge 
hardware further affirm its practical applicability, demonstrating sub-millisecond inference 
latency and a minimal memory footprint. Future work may explore extending the approach to 
other sequential data domains and further optimizing the system for a broader array of IoT 
environments. 
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