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Abstract

This doctoral research proposes a practical framework for deploying small-scale generative
AI models on low-resource edge devices. The core problem addressed is the computational
incompatibility between generative models and devices with limited memory and no dedicated
graphics processor.

Unlike existing research that focuses on large language models requiring expensive hard-
ware [1, 2, 3], this work explicitly targets resource-constrained researchers. All experiments are
designed to run on standard consumer laptops using free or low-cost cloud services. The pro-
posed methodology combines three lightweight compression techniques: unstructured pruning,
post-training quantization, and self-distillation, drawing from recent advances in tiny machine
learning for edge intelligence [4, 5].

Expected outcomes include significant compression ratios with acceptable accuracy retention
on standard benchmarks. All code, compressed models, and experimental results will be open-
sourced, enabling reproduction by researchers worldwide with minimal budgets.

Keywords: Edge AI, Model Compression, Small-Scale Generative Models, Low-Resource
Computing, Reproducible Research

1 Introduction

Generative artificial intelligence has witnessed remarkable advances in recent years. Models
such as GPT, BERT, and their variants have achieved state-of-the-art performance in natural
language understanding and generation tasks. These models have transformed how researchers
approach language-related problems.

However, these impressive capabilities come at a significant computational cost. Even rela-
tively small models require substantial memory, while typical edge devices such as smartphones
and Raspberry Pi have limited resources and no dedicated graphics processing unit. This creates
a fundamental barrier to deploying generative AI locally [6].

The problem becomes more acute in developing countries, where access to high-end com-
puting hardware is severely limited. Many universities operate with standard consumer laptops
with moderate memory and integrated graphics only. Cloud-based AI raises concerns regarding
data privacy, network latency, and energy consumption [8].

The present research proposes a lightweight compression framework designed specifically
for researchers with limited hardware resources. Unlike most existing work that targets large
language models requiring expensive GPU clusters [1, 2, 3], this research focuses exclusively on
small-scale generative models and uses only compression techniques that can run on standard
consumer hardware.
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2 Problem Statement

Most existing compression research suffers from two fundamental problems that make it inac-
cessible to researchers with limited hardware resources.

The first problem is excessive hardware requirements. Studies using large language mod-
els require expensive GPU clusters costing thousands of dollars [3], placing them beyond the
budget of individual researchers and small laboratories.

The second problem is lack of reproducibility. Even when research targets smaller models,
many papers provide code that cannot run on standard laptops or free cloud services, requiring
significant technical expertise and additional investment.

This research directly addresses this gap by designing a compression framework that works
entirely within the constraints of standard consumer hardware, using free cloud services only as
optional supplements. Recent work in tiny machine learning for embedded systems [5, 4] has
demonstrated the feasibility of such an approach.

3 Research Questions

This research seeks to answer the following questions.

Research Question 1: What is the maximum achievable compression ratio for small-scale
generative models using lightweight techniques that run on standard consumer hardware?

Research Question 2: How does the order of applying pruning, quantization, and distillation
affect generation quality when computational resources are limited?

Research Question 3: Can standard consumer hardware combined with free cloud services
reproduce compression results reported in high-end GPU research?

4 Literature Review

4.1 Pruning Techniques

Han and colleagues introduced deep compression, demonstrating that neural networks can be
significantly pruned without substantial accuracy loss. Subsequent work applied pruning to
BERT models, achieving smaller variants. Comprehensive surveys on model compression tech-
niques [1, 7] highlight pruning as one of the most effective structural optimization methods
for language models. However, such work has primarily focused on discriminative rather than
generative models.
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4.2 Quantization Methods

Gholami and colleagues provided a comprehensive survey of quantization methods. Post-
training quantization requires minimal computational overhead and can be performed on stan-
dard hardware, making it attractive for low-resource researchers [2]. However, quantization can
affect generation quality, especially for longer texts. Recent advances in edge-cloud collabora-
tive compression [8] have shown promising results for bandwidth-efficient deployment.

4.3 Knowledge Distillation

Hinton and colleagues proposed knowledge distillation, where a smaller student model learns
from a larger teacher. Self-distillation, where the same model serves as both teacher and student,
offers a lightweight alternative requiring no additional hardware. The survey by Gladys et al.
[7] provides an extensive review of distillation techniques for building expert small models.

4.4 Tiny Machine Learning for Edge Devices

Recent research has increasingly focused on deploying machine learning on resource-constrained
hardware [6]. Alozie et al. [4] and El Mrabet et al. [5] have demonstrated that tiny machine
learning (TinyML) can enable AI applications on microcontrollers and IoT devices, providing
a foundation for the present work.

4.5 Research Gaps

Four gaps emerge from this review. First, most compression research targets large models
requiring expensive hardware [1, 2, 3]. Second, existing work rarely considers the specific
challenges of generative models. Third, there is a lack of reproducible benchmarks for consumer
hardware. Fourth, few studies have systematically evaluated the combined effect of pruning,
quantization, and distillation order on generation quality.

5 Proposed Methodology

The research will be conducted in four sequential phases.

5.1 Phase One: Baseline Establishment

Baseline metrics will be established for selected small-scale generative models on target hard-
ware platforms, including edge devices and standard laptops. Metrics will include inference
latency, memory usage, perplexity, and generation quality scores. The methodology follows
best practices identified in systematic reviews of model compression [3].
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5.2 Phase Two: Compression Implementation

Three compression techniques will be implemented sequentially, drawing from established liter-
ature [7, 2]. First, magnitude-based pruning at various levels, followed by fine-tuning. Second,
post-training quantization using native libraries. Third, self-distillation for additional quality
recovery. Data importance driven compression techniques [8] will also be explored.

5.3 Phase Three: Evaluation

Evaluation will be conducted on standard benchmarks including GLUE, SQuAD, and CNN/DailyMail,
plus custom tests for generation quality. Multiple combinations of techniques will be compared,
with results reported using appropriate statistical measures. Performance will be assessed on
both edge devices and standard laptops following TinyML evaluation protocols [4, 5].

5.4 Phase Four: Dissemination

Research results will be submitted to peer-reviewed journals. All code will be open-sourced
with complete documentation to ensure reproducibility.

6 Benchmarking Environment and Evaluation Criteria

6.1 Hardware Platforms

Target hardware includes low-resource edge devices such as Raspberry Pi (similar to setups
reviewed in biological sensing applications [6]), standard consumer laptops, and free cloud
computing tiers. This range ensures the research remains accessible to researchers with limited
budgets.

6.2 Datasets and Metrics

Standard datasets will be used, including GLUE for text classification, SQuAD for question
answering, and CNN/DailyMail for summarization. Custom tests will assess generation co-
herence. Evaluation metrics include compression ratio, memory usage, inference speed, and
generation quality measures. These metrics align with those recommended in comprehensive
surveys [1, 2].

7 Hardware Constraints and Scope

This research is designed for standard consumer hardware without dedicated graphics proces-
sors. Large language models exceeding practical memory limits are explicitly excluded, as the
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goal is reproducible research accessible to low-resource researchers. This approach is consistent
with edge AI principles outlined by Alozie et al. [4].

8 Risk Analysis

Potential risks include cloud service interruptions, compression-related quality degradation,
and hardware unavailability. Mitigation strategies include frequent checkpointing, early stop-
ping mechanisms, and emulation fallbacks. Transparency about limitations will be maintained
throughout.

9 Ethical Statement

This research involves no human participants or personal data. All datasets are publicly avail-
able. Environmental impact will be minimized through carbon-aware scheduling and use of
pre-trained models. All outputs will be openly licensed.

10 Expected Outcomes

This research will produce an open-source compression library suitable for low-resource hard-
ware, a complete reproduction package with documentation, empirical benchmark results across
multiple models and platforms, peer-reviewed publications, and educational materials for resource-
limited settings.

11 Timeline

The research will be carried out over the duration of the doctoral program. The initial period
focuses on literature review and baseline establishment. The middle period is dedicated to
implementing compression techniques and conducting evaluations. The final period focuses on
analysis, writing, and dissemination of results.

Activity Year 1 Year 2 Year 3
Literature review & baseline X
Compression implementation X X
Evaluation & analysis X X
Paper writing & thesis X

Table 1: Summary of research activities by year
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Milestones

Key milestones include completion of baseline results, implementation of the full compression
pipeline, completion of evaluation, submission of research papers, and final thesis submission.
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