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Abstract

On-device Al deployment presents a set of unique challenges that are fundamentally different from those
of cloud-based systems. These challenges necessitate specialized optimization approaches. The
deployment must strike a balance between user experience and stringent resource constraints, including
privacy preservation, energy efficiency, thermal management, and memory limitations. This article
introduces a cost-informed decision framework for selecting and optimizing Al models for mobile and
edge computing environments. We use a systematic scorecard methodology to evaluate models across six
critical dimensions: task complexity scoring, compute resource utilization, energy budget analysis,
memory footprint efficiency, latency performance, and throughput scalability. The framework addresses
the fundamental challenge of determining optimal model architectures and configurations to deliver
maximum user value per unit of energy while operating on resource-limited devices. Through practical
case studies spanning wake-word detection, keyboard prediction, assistive vision, and on-device co-pilot
applications, the article demonstrates how different optimization strategies, including neural network
quantization, knowledge distillation, early exit mechanisms, and specialized hardware acceleration, can
be systematically applied to achieve deployment viability across diverse computational and energy
constraints. The implementation strategies encompass model architecture optimization, dynamic resource
allocation, memory and storage optimization, hardware acceleration integration, energy management, and
quality assurance techniques that collectively enable sustainable on-device Al deployment while
maintaining optimal task performance and user experience quality across varying operational conditions.

Keywords: On-Device Al, Neural Network Quantization, Mobile Al Optimization, Energy-Efficient
Inference, Edge Computing Constraints

[I] Introduction

The proliferation of Al capabilities on mobile and edge devices has fundamentally transformed user
expectations for intelligent, responsive applications. Unlike cloud-based Al systems, which can leverage a
large pool of computational resources, on-device Al operates within stringent physical and economic
constraints that directly affect model selection decisions. The challenge extends beyond simply fitting
models within available memory or compute budgets. On-device deployment for real-time applications
necessitates optimizing for the intricate interplay among user experience, energy efficiency, thermal
management, and privacy preservation. For example, the MobileNets architecture demonstrates this
challenge through its innovative use of depthwise separable convolutions, which reduces computational
cost by a factor of 9X compared to standard convolutions while maintaining comparable accuracy for
mobile vision applications [1].

Traditional model selection approaches that prioritize accuracy metrics alone are insufficient for on-
device deployment scenarios. The MobileNets framework addresses this limitation by introducing a width
multiplier parameter that enables models to trade accuracy for latency, achieving up to a 4.2% reduction
in accuracy while delivering a 2.6X speedup on ARM processors [1]. The unique constraints of mobile
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hardware necessitate a holistic evaluation framework that considers the total cost of ownership for Al
models throughout their operational lifecycle. Pruning and quantization techniques have emerged as
critical optimization strategies, with magnitude-based pruning capable of achieving 90% sparsity while
maintaining model performance within acceptable bounds [2]. On-device inference cost encompasses not
only computational resources but also battery drain, thermal impact, and the opportunity cost of allocating
limited device resources to specific Al tasks. This complexity underscores the need for a comprehensive
evaluation framework.
Modern neural network optimization demonstrates significant potential for resource efficiency through
systematic compression approaches. Quantization methods can reduce model size by 75% through the use
of 8-bit integer representations, while maintaining competitive accuracy across various deep learning
tasks [2]. These compression techniques directly address the fundamental constraint of mobile
deployment, where storage limitations and memory bandwidth restrictions create bottlenecks for model
execution. The economic implications extend beyond immediate computational costs to include the
broader system-level impact of Al workloads on device performance and user experience quality.
Our cost-informed model choice framework for on-device deployment addresses this fundamental
question: given the constraints of a target device and the requirements of a specific Al task, what model
architecture and configuration will deliver optimal user value per unit of energy consumed? We present a
systematic scorecard methodology that evaluates models across six critical dimensions, incorporating
insights from efficient architectures, such as MobileNets, and optimization techniques, including pruning
and quantization. The framework can be applied across diverse on-device Al workloads, with a key focus
on maintaining the essential balance between computational efficiency and task performance
requirements. This balance is crucial for ensuring that user experience is not compromised while the
system remains sustainable.

++

[IT] On-device AI Constraints and Requirements

On-device Al deployment introduces a unique set of constraints that differ significantly from those of
cloud-based or server-side Al systems. Understanding these constraints is crucial for developing effective
model selection frameworks that strike a balance between user experience and system sustainability. The
deployment of efficient neural networks on mobile platforms requires careful consideration of
computational overhead and model optimization techniques that can maintain performance while
reducing resource requirements. These fundamental differences necessitate specialized optimization
approaches that address the multi-dimensional constraint space of mobile computing environments, where
traditional cloud-based optimization strategies prove inadequate for resource-constrained scenarios. Our
framework is designed to maintain this balance, ensuring that user experience is not compromised while
the system remains sustainable.

Privacy and data locality requirements are a primary driver for on-device Al deployment, eliminating the
need to transmit sensitive user data to external servers and addressing growing concerns about privacy
and regulatory requirements. This constraint mandates that models be sufficiently capable of performing
inference locally while maintaining acceptable accuracy levels. Neural network quantization emerges as a
critical technique in this context, with 8-bit quantization capable of reducing model size by approximately
four times while maintaining inference performance within 1% of that of full-precision models across
various deep learning architectures [4]. The privacy benefit comes at the cost of reduced model
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complexity, as devices cannot leverage large-scale distributed computing resources or real-time model
updates from cloud services. Modern quantization approaches demonstrate particular effectiveness in
addressing these constraints, with post-training quantization methods enabling deployment of complex
models on resource-limited devices without significant accuracy degradation.
Offline availability and network independence create additional architectural constraints that significantly
influence model design decisions. Unlike cloud-based systems, on-device Al must function reliably in
scenarios with limited or no network connectivity, requiring self-contained models that incorporate all
necessary knowledge and processing capabilities locally. This requirement influences model architecture
decisions, favoring approaches that can deliver robust performance without relying on external
dependencies. Effective data augmentation techniques become crucial for improving model generalization
in offline scenarios, as augmentation strategies achieve accuracy improvements of 5-15% across various
computer vision tasks, while reducing overfitting tendencies that could compromise offline performance
[3]. The offline constraint also influences the choice between specialized single-task models versus more
general-purpose architectures that must handle diverse scenarios without external knowledge bases.
Thermal management and sustained performance constraints create dynamic operational challenges that
directly impact the execution characteristics of models. Mobile devices implement aggressive thermal
throttling to prevent overheating, which can dramatically reduce available computational resources during
extended Al workloads. Models must be designed to maintain acceptable performance even when
processing units are operating at reduced frequencies, requiring architectural choices that gracefully
degrade under resource constraints. Quantization techniques offer substantial benefits in thermal
management scenarios, as reduced-precision arithmetic operations generate significantly less heat while
maintaining computational throughput, thereby enabling sustained inference performance under thermal
constraints [4]. This constraint particularly affects sustained inference tasks, such as real-time language
processing or continuous vision applications, where thermal buildup can lead to significant performance
degradation over time.
Energy budget and battery life impact considerations represent critical constraints that influence every
aspect of on-device Al design decisions. Battery capacity remains a fundamental limitation for mobile
devices, making energy efficiency a primary concern for on-device Al applications. The energy cost of Al
inference directly competes with other device functions, necessitating careful optimization to prevent a
negative impact on overall user experience. Quantization techniques offer substantial energy benefits by
reducing memory bandwidth requirements and simplifying arithmetic operations, with 8-bit integer
operations consuming approximately 25% of the energy required for equivalent 32-bit floating-point
computations [4]. Memory hierarchy and storage constraints create complex optimization challenges that
affect both model architecture and deployment strategies. Compressed models enable faster loading times
and reduced memory footprint requirements, which are essential for multi-application scenarios.
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On-Device Al Deployment Constraints
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Fig 1: On-Device Al deployment constraints
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Table 1: On-device Al Constraint Categories and Optimization Strategies [3, 4]

[III] Multi-dimensional Scorecard Framework

The scorecard framework evaluates on-device Al models across six critical dimensions that collectively
determine their suitability for specific deployment scenarios. Each dimension captures a fundamental
aspect of on-device performance and resource utilization, enabling systematic comparison and
optimization of model choices. The framework addresses the basic challenge of optimizing deep neural
networks for resource-constrained environments, where traditional accuracy-focused evaluation metrics
prove insufficient for real-world deployment decisions. Contemporary mobile Al deployment necessitates
sophisticated evaluation methodologies that consider the intricate interplay between computational
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efficiency, energy consumption, and user experience quality across various hardware configurations and
usage scenarios.
Task complexity scoring represents the foundational dimension that evaluates both the inherent difficulty
of the Al task and the quality requirements for acceptable user experience. This dimension assesses
whether a model's capability level appropriately matches the complexity of the target application, with
quantization techniques demonstrating remarkable effectiveness in maintaining task performance while
reducing computational requirements. Recent advances in neural network quantization have demonstrated
that 8-bit quantization can achieve model size reductions of up to 75% while maintaining accuracy
degradation of less than 2-3% for most computer vision and natural language processing tasks [5]. For
simple tasks, such as wake-word detection, lightweight models may provide adequate performance. In
contrast, complex tasks like real-time language translation require more sophisticated architectures that
can benefit from advanced quantization strategies. The scoring methodology incorporates accuracy
requirements, robustness to input variations, and the consequences of model errors on user experience.
Mixed-precision quantization approaches enable fine-grained optimization that balances accuracy
preservation with resource efficiency.
Compute resource utilization evaluation focuses on how efficiently models utilize available processing
resources across the heterogeneous computing environment of modern devices. The assessment considers
FLOPS requirements, memory bandwidth utilization, and the ability to leverage specialized hardware
accelerators, with quantization providing substantial computational efficiency improvements through
reduced-precision arithmetic operations. Models are scored based on their computational density and their
ability to maintain consistent performance across different hardware configurations and power states.
Neural network quantization techniques enable significant reductions in computational overhead, with
integer-only inference achieving a 3- 5x speedup compared to floating-point implementations while
consuming substantially less energy per operation [6]. The framework particularly emphasizes the
importance of hardware-aware optimization strategies that can effectively leverage specialized processing
units, with quantized models demonstrating superior compatibility with mobile neural processing units
and edge computing accelerators.
Energy budget analysis encompasses both immediate power consumption during inference and the
cumulative impact on battery life over typical usage patterns. This evaluation examines dynamic power
consumption across various processing units, idle power overhead for maintaining models in memory,
and the energy cost associated with model loading and initialization. The framework accounts for the non-
linear relationship between computational intensity and power consumption, particularly relevant for
thermally constrained scenarios where sustained Al workloads can significantly impact device
performance. Quantization techniques provide substantial energy efficiency benefits, with 8-bit quantized
models demonstrating 4-8x reduction in energy consumption compared to 32-bit floating-point
implementations across various neural network architectures [5]. Advanced quantization strategies enable
sustainable on-device Al deployment by minimizing the energy cost per inference while maintaining
acceptable task performance levels.
Memory footprint and loading efficiency scoring evaluate both static model size and dynamic memory
usage during inference, with quantization enabling dramatic storage and bandwidth reductions essential
for mobile deployment scenarios. Latency and real-time performance evaluation extend beyond simple
inference time to consider complete response pipelines, with quantized models achieving inference
speedups of up to four times that of full-precision implementations [6]. Throughput and scalability
assessment consider concurrent processing capabilities. At the same time, composite scoring
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methodology combines individual dimension scores using a weighted aggregation that reflects specific
application priorities. It enables systematic optimization decisions across the multi-dimensional constraint

space.
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Table 2: Scorecard Framework Evaluation Dimensions and Optimization Strategies [5, 6]
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[IV] Application Case Studies

This section demonstrates the practical application of our scorecard framework across four representative
on-device Al workloads, each presenting distinct constraint profiles and optimization priorities that
illustrate the framework's versatility and effectiveness. The case studies emphasize the crucial importance
of tailored optimization strategies for various application domains, with energy-efficient accelerator
architectures and compressed neural networks proving essential for achieving deployment viability across
diverse computational and energy constraints. Each application scenario presents unique trade-offs among
accuracy, latency, energy consumption, and memory utilization, necessitating specialized model selection
and optimization approaches.

Wake-word detection systems must operate continuously with minimal battery impact while maintaining
high accuracy for activation phrases and low false positive rates for background audio. Our scorecard
analysis reveals that task complexity requirements are moderate, focusing on temporal pattern recognition
in audio signals rather than complex semantic understanding. Energy-efficient accelerator architectures,
such as Eyeriss, demonstrate remarkable power efficiency for convolutional operations, achieving 67.2
GOP/s/W with a power consumption of 278 mW, making them highly suitable for always-on audio
processing applications [7]. Energy budget considerations dominate the scoring, as wake-word detection
systems must operate continuously without significantly impacting battery life. The analysis reveals that
specialized compact models with dataflow optimizations provide optimal value, with Eyeriss-style
architectures enabling continuous operation through minimized memory access costs and optimized
energy consumption patterns, which are essential for battery-powered wake-word detection systems.
Keyboard prediction applications require real-time text generation with minimal latency to maintain
natural typing flow while adapting to individual user patterns without compromising privacy. The
scorecard framework reveals that task complexity is moderate but requires personalization capabilities
that benefit from efficient inference architectures. Latency requirements are critical, with acceptable
performance requiring sub-100ms response times even under thermal throttling conditions. Sparse neural
network architectures demonstrate significant advantages for text prediction tasks, with the EIE
accelerator achieving 102 GOP/s/W efficiency through the exploitation of weight sparsity and
compressed storage formats that reduce memory bandwidth requirements [8]. Memory footprint
considerations favor models that can efficiently cache user-specific patterns while maintaining reasonable
startup times. Compressed neural networks enable faster loading and reduce memory access overhead,
which is essential for responsive keyboard prediction systems.

Assistive vision applications, such as real-time scene description or object recognition for accessibility
purposes, present significant computational challenges while requiring high accuracy for user safety and
utility. Task complexity scoring reflects the need for robust visual understanding across diverse
environmental conditions and lighting scenarios. The Eyeriss architecture demonstrates exceptional
suitability for convolutional neural networks used in vision applications, delivering 67.2 GOP/s/W energy
efficiency through optimized dataflow that minimizes energy consumption per operation [7]. Compute
resource utilization becomes a primary bottleneck, with specialized accelerators enabling efficient use of
processing resources while maintaining consistent performance under thermal constraints. The energy
budget impact is substantial due to continuous camera operation and intensive image processing
requirements, requiring architectures that can sustain high throughput with minimal power consumption.
On-device copilot applications integrate natural language understanding, context awareness, and task
execution capabilities while maintaining privacy and offline functionality. These applications present the
most complex scorecard profile, with high task complexity requirements spanning multiple Al domains.
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The EIE architecture's support for compressed sparse neural networks provides significant advantages for
copilot applications, achieving 189x and 13x improvements in energy efficiency and area efficiency,
respectively, compared to conventional processors [8]. The memory footprint becomes critical as copilot
systems must maintain multiple specialized models. Compressed neural networks enable the deployment
of sophisticated Al capabilities within resource constraints through efficient sparse matrix operations and
optimized memory access patterns.

M
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Type Complexity | Constraint | Requirement Priority P
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ke- E ti Datafl
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Table 3: Application Case Studies Constraint Profiles and Optimization Priorities [7, 8]

[V] Implementation Strategies and Optimization Techniques

The successful deployment of cost-optimized on-device Al models requires systematic implementation
approaches that address the multidimensional constraints identified in our scorecard framework. This
section presents practical strategies for optimizing model performance across the identified dimensions
while maintaining an acceptable level of user experience quality. The implementation challenges of on-
device Al necessitate sophisticated optimization techniques that can deliver efficient inference while
operating within the stringent resource constraints of mobile and edge computing environments.

Model architecture optimization represents the foundation of efficient on-device Al deployment, requiring
a careful balance between representational capacity and computational efficiency. Depth-wise separable
convolutions and inverted residual blocks have proven particularly effective for vision tasks, reducing
parameter counts while maintaining high-quality feature extraction. For natural language processing
tasks, knowledge distillation techniques can compress large transformer models into smaller variants that
retain substantial performance while dramatically reducing computational requirements. DistilBERT
architectures demonstrate exceptional effectiveness for text analysis applications, achieving remarkable
compression ratios while maintaining high accuracy levels for various natural language processing tasks,
including text classification and generation detection [9]. Mixed-precision architectures enable fine-
grained optimization strategies that use higher precision for critical computations while leveraging
quantized operations for routine processing tasks, achieving optimal trade-offs between accuracy and
efficiency for diverse on-device applications.

Dynamic resource allocation strategies enable on-device Al systems to adapt intelligently to varying
resource availability, which can be influenced by thermal throttling, concurrent application usage, and
changing power states. Adaptive inference techniques allow models to dynamically adjust computational
intensity based on available resources, potentially reducing model complexity during resource-
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constrained periods while maintaining acceptable performance levels. Progressive inference approaches
provide preliminary results quickly, while continuing to refine them when resources permit, thereby
improving perceived responsiveness for interactive applications. Early exit mechanisms in deep neural
networks demonstrate significant potential for computational efficiency, with network architectures
achieving substantial inference speedup through strategic placement of intermediate decision points that
enable early termination when confidence thresholds are met [10]. These dynamic optimization strategies
prove essential for maintaining a consistent user experience across varying operational conditions.
Memory and storage optimization techniques address the critical constraints of limited device memory
and storage bandwidth through sophisticated model management strategies. Efficient memory utilization
requires careful consideration of model loading strategies, particularly for applications that switch
between multiple specialized models during operation. Memory mapping techniques can reduce loading
times by maintaining frequently accessed model components in faster storage tiers while streaming less
critical parameters as needed. Model quantization beyond inference optimization can significantly reduce
storage requirements, with post-training quantization techniques achieving substantial compression ratios
with minimal accuracy degradation for many on-device applications.
Hardware acceleration integration strategies leverage the diverse processing capabilities of modern
mobile devices through specialized optimization approaches tailored to different processing units. Neural
processing units typically excel at highly parallel operations with consistent data patterns, making them
ideal for convolutional operations and linear transformations that benefit from specialized acceleration.
Energy management and thermal awareness strategies ensure sustainable on-device Al operation through
proactive resource management that considers both immediate power consumption and long-term thermal
impacts. Early exit mechanisms provide additional benefits for power efficiency by reducing unnecessary
computations [10]. Quality assurance and performance monitoring systems provide essential oversight
mechanisms for maintaining optimal system performance, with lightweight monitoring enabling proactive
optimization without significantly impacting system resources.
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Table 4: Implementation Strategy Categories and Optimization Focus Areas [9, 10]

[VI] Conclusion

This article presents a comprehensive framework for cost-informed model selection in on-device Al
applications, successfully addressing the complex trade-offs between computational efficiency, energy
consumption, and user experience quality inherent in resource-constrained mobile computing
environments. The multi-dimensional scorecard article provides systematic evaluation capabilities that
enable quantitative comparison and optimization of model choices across diverse deployment scenarios,
with validation through representative case studies demonstrating the framework's practical applicability
across wake-word detection, keyboard prediction, assistive vision, and copilot applications. The
implementation strategies emphasize the essential role of integrated, holistic optimization methods that
combine model architecture tuning, dynamic resource management, dedicated hardware acceleration, and
proactive energy control to provide sustainable Al functionality within the limitations of mobile devices.
The findings of the research determine that on-device Al deployment should be accomplished through
advanced optimization methods such as neural network quantization, knowledge distillation, early exit
strategies, and hardware-conscious optimization techniques that together facilitate the deployment of
intricate Al functionalities without violating inherent boundaries on battery capacity, thermal control,
memory hierarchy, and computational resources. The cost-aware model selection is a significant
contribution to making Al functionality accessible on the mobile domain for everyone, ensuring that user
privacy, system performance, and sustainable battery life are not compromised. This approach offers key
guidance to researchers and practitioners designing future intelligent mobile applications that are
resource-efficient within the tight constraints of edge computing.
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