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Abstract

Edge deployment of language models faces a critical gap: Large Language Models are com-
putationally infeasible for resource-constrained devices, while existing small models lack
sufficient conversational capabilities. This study investigates whether structured data can
enable practical language competence in edge-deployable models without requiring massive
computational resources. We present the first systematic study of pre-training Small Lan-
guage Models exclusively on structured Question-Answering data for edge applications. Our
data-centric approach uses structured Q&A pairs instead of conventional unstructured text
to achieve conversational competence under extreme resource constraints for edge deploy-
ment. Our 0.12B parameter model, trained on a single consumer-grade GPU, demonstrates
significant improvements: 68.3% reduction in perplexity, 47.8% improvement in training
stability, and 2,100× faster inference than larger baselines. Critically, our model achieves
the viability threshold for practical edge deployment, sufficient conversational competence
for real-world applications while maintaining extreme computational efficiency. This work
establishes a practical pathway for deploying conversational AI in edge environments, from
industrial diagnostics to privacy-preserving assistants. By demonstrating that structured
pre-training can produce deployable models under extreme resource constraints, we address
the fundamental deployment gap limiting edge AI adoption and provide a concrete solution
for the edge computing market where conventional approaches have failed.

1 Introduction

Edge computing represents a trillion-dollar market opportunity where conversational AI could revolutionize
industries from autonomous vehicles to industrial IoT. However, a fundamental deployment gap persists:
while Large Language Models demonstrate remarkable conversational capabilities, their computational de-
mands, requiring multi-GPU clusters and cloud infrastructure, render them entirely unsuitable for edge
deployment where latency, privacy, and energy constraints are paramount. Current solutions fall short of
bridging this gap. Cloud-based APIs introduce unacceptable latency and privacy risks for real-time applica-
tions, while existing small models lack sufficient conversational competence to support meaningful human-AI
interaction in edge environments. These prohibitive resource demands have created a significant accessibil-
ity barrier, effectively limiting participation in advanced AI research to a handful of well-funded technology
companies and excluding the broader academic and small enterprise communities. While recent work has ex-
plored hybrid approaches combining structured and unstructured data, the fundamental question of whether
purely structured data can serve as a complete substitute for unstructured pre-training remains unexplored.
This study addresses this critical gap through the first systematic investigation of exclusive Q&A-based
pre-training.

To address the accessibility crisis, Small Language Models (SLMs), with parameter counts typically below
10B, have emerged as a vital and efficient alternative (Ballout et al., 2024). While techniques like knowledge
distillation (Xu et al., 2024; Li et al., 2025; Gu et al., 2024; Hinton et al., 2015) and efficient architectures
(Fedus et al., 2022; Sanh et al., 2019) have shown promising outcomes, a fundamental challenge persists:
The conventional pre-training paradigm, which relies on unstructured pure text, teaches models to
predict the next word, not necessarily to follow instructions. This leads to specific failure modes,
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such as confusing a question with a prompt to be continued, resulting in unstructured and
aimless responses, without extensive post-training modifications.

The conventional pre-training paradigm is characterized by exposing models to massive volumes of unstruc-
tured text, a method established in seminal works like GPT-2 and BERT (Radford et al., 2019;
Devlin et al., 2019). While seminal research has established scaling laws linking performance to model size
and data volume (Raffel et al., 2020; Kaplan et al., 2020), this work challenges the prevailing as-
sumption that language model capability is primarily a function of scale. We propose instead
that data structure may be an equally, if not more influential factor in determining learning efficiency and
performance-per-parameter outcomes. This study is designed to isolate this variable and investigate the
foundational impact of data format itself. This presents a significant learning challenge, as extracting struc-
tured behaviors from unstructured signals poses a significant challenge for models with such constrained
architectural capacity. While post-training interventions such as instruction tuning (Cheng et al., 2024;
Raffel et al., 2020; Wei et al., 2022a) or reinforcement learning from human feedback (Bai et al., 2022;
Ouyang et al., 2022) can graft these abilities onto a model, they introduce additional training phases and
data requirements. This approach adds new computational burdens, partially negating the effi-
ciency that makes SLMs a compelling alternative. These methods treat the pre-training phase as a
given, missing a crucial opportunity to optimize the learning process from its foundation.

We propose that the key to enabling conversational AI at the edge lies not in endless compression of large
models, but in fundamentally reimagining the pre-training paradigm itself. This study presents the first
systematic framework specifically designed to bridge the edge deployment gap by leveraging structured data
efficiency to build conversational competence directly under resource constraints, rather than as a post-hoc
optimization. For this comparison, we created three distinct corpora: a baseline of conventional unstructured
text, a fully structured corpus of Question-Answer (Q&A) pairs, and a hybrid dataset that blends both
unstructured text and Q&A to investigate the interplay between them. Our research hypothesizes that by
using datasets formatted with structured input-output format, a small model can learn more efficiently the
question-answering patterns from the training dataset. This idea is grounded in principles of curriculum
learning, which suggest that the structure of data can significantly accelerate learning (Bengio et al., 2009).
We argue that a structured foundation provides a more efficient starting point for SLMs than a broad but
unfocused knowledge base, and we believe this structured foundation serves as a superior platform for any
subsequent, targeted fine-tuning.

The role-less Question-Answering (Q&A) format, and its generalization as instruction tuning, offers distinct
theoretical advantages over unstructured text for SLM training. Seminal works have shown that structuring
data into explicit input-output pairs significantly enhances model generalization and instruction-following
capabilities (Sanh et al., 2022; Wei et al., 2022a; Kwiatkowski et al., 2019). It provides an explicit input-
output structure, incorporates implicit instruction-following logic (Wei et al., 2022a), and presents knowledge
in a concentrated, high-signal format that aligns with how humans naturally seek and provide information.
Understanding emergent capabilities in language models (Schaeffer et al., 2023) suggests that structured
training approaches may facilitate more predictable capability development in smaller models. To validate
our hypothesis, we conducted systematic experiments on a 0.12B parameter model, comparing the effects
of pure-text, structured Q&A, and mixed-data formats across multiple data scales (100M, 500M, and 1B
tokens).This paper addresses this gap directly by presenting the first empirical investigation into pure Q&A
pre-training.

1.1 Research Gap and Objectives

The preceding review highlights a critical gap in the development of efficient language models. While
significant efforts have focused on post- training optimizations like knowledge distillation and instruction
tuning, or on architectural innovations, these methods often treat the foundational pre- training phase as a
given. The conventional paradigm of using massive, unstructured text, while effective for large-scale models,
may be sub- optimal for smaller models, failing to efficiently instill the core conversational and instruction-
following abilities that are critical for domain-specific applications. The fundamental impact of the data
format itself during pre-training, particularly for resource-constrained SLMs, remains underexplored.
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To address this gap, this study systematically investigates the role of data structure as a primary lever for
engineering efficient and performant SLMs. The core objectives of this research are:

1. To systematically evaluate the impact of different pre-training data formats—specifically,
unstructured text, structured Question-Answering (Q&A) data, and a hybrid of the two—on the training
dynamics and performance of a Small Language Model.

2. To quantify the improvements in training efficiency (e.g., convergence speed, stability) and model
capabilities (e.g., perplexity, conversational coherence) that can be achieved by leveraging structured data
from the outset.

3. To demonstrate and validate a practical framework for pre-training a functional, resource-efficient
SLM on consumer-grade hardware, thereby providing an accessible pathway for democratizing advanced AI
development. The prohibitive computational costs of current approaches have created significant accessibility
barriers(Strubell et al., 2019).

Despite these hybrid approaches, the fundamental efficiency and viability of bootstrapping a model’s core
capabilities entirely from structured data, without any exposure to broad-domain unstructured text, remains
a critical and underexplored question.

1.2 Practical Implications

The implications of this research are to address the needs of the pressing real-world engineering challenges,
enabling:

• Democratization of AI: Lowering the barrier for academic institutions, SMEs, and developing regions
to create custom, functional models.

• Environmental Sustainability: Significantly reducing the energy consumption and carbon footprint
associated with AI development.

• Edge Computing Enablement: Making it feasible to deploy capable language models on mobile and
other resource-constrained devices.

• Substantial Cost Reduction: The dramatic improvements in parameter and computational efficiency
translate directly to lower operational costs for organizations deploying AI.

It is crucial to clarify the research motivation and scope. This study specifically explores extreme resource-
constrained scenarios such as edge deployment, mobile devices, or environments with severe computational
limitations where the primary question is whether any meaningful language capabilities can be achieved at
all. Our goal is to investigate the lower bounds of viable language modeling and explore pathways toward
AI democratization in resource-scarce settings.

We must reiterate that outperforming these models was not the intended goal. Rather, this finding serves
as compelling evidence that establish whether structured pre-training can enable basic conversational com-
petence under extreme resource constraints, potentially making language AI accessible to organizations,
researchers, and regions that cannot afford industrial-scale models. The superior performance against larger
baselines serves as evidence of efficiency rather than a claim to match state-of-the-art capabilities.

1.3 Research Contributions

Our contributions are: (1) We present the first systematic pre-training methodology specifically designed
for edge deployment constraints. (2) We demonstrate that our framework produces models reaching the
practical viability threshold for real-world edge applications. (3) We achieve 2,100× inference speed advan-
tage, enabling real-time conversational interaction on consumer-grade hardware. (4) We provide a complete,
validated pathway for deploying conversational AI in resource-constrained environments where conventional
approaches fail.
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1.4 Paper Organization

The remainder of this paper is organized as follows: Section 2 reviews related work. Section 3 details our
experimental methodology. Section 4 presents our comprehensive results. Section 5 discusses the implications
and limitations of our approach. Finally, Section 6 concludes with a summary of contributions and future
directions. Our work demonstrates that the future of efficient AI lies not just in scaling up, but in intelligent
engineering of data to build smaller, smarter, and more accessible language models.

2 Related Work

Our research attempts to strike a balance for the three key considerations - the pursuit of efficiency in language
models, the impact of data characteristics on pre-training, and the structure of the training datasets that
produce the desired model behaviors. This section reviews key developments in these areas to contextualize
our contribution and highlight the research gaps we aim to address.

2.1 The Quest for Efficient Language Models

The primary response to the high computational cost of LLMs has been the development of more effi-
cient Small Language Models (SLMs). This pursuit has largely followed two parallel paths: post-training
optimization and architectural innovation.

This pursuit has largely followed two paths: post-training optimization, such as knowledge distillation (Hin-
ton et al., 2015; Gou et al., 2021; Gu et al., 2024), and architectural innovations (Lan et al., 2020; Sun et al.,
2020), like parameter sharing. While effective, these methods often act as curative rather than preventative
solutions, as they depend on costly pre-trained models or treat the pre-training data format as a given.

Our work diverges from both paths by proposing that efficiency can be fundamentally improved at the
pre-training source through the structure of the data itself.

2.2 Data-Centric Pre-training: From Scale to Structure

The pre-training paradigm has been historically dominated by the principle of scale, where performance
is seen as a function of model size and the sheer volume of unstructured text data (Kaplan et al., 2020).
However, this view is evolving, with a growing body of research demonstrating the profound impact of data
characteristics.

The "less is more" philosophy was powerfully illustrated by studies showing that data quality, achieved
through aggressive filtering and deduplication (Lee et al., 2022; Wenzek et al., 2020) can be more impactful
than simply increasing data quantity. Further nuance was added by curriculum learning (Bengio et al.,
2009), which suggests that the order of data presentation can accelerate learning. Our work builds directly
on this data-centric philosophy, providing an empirical validation that data structure, not just quality, can
be a more powerful driver of model performance than data quantity. We extend the concept of "quality"
to encompass "structure," hypothesizing that a well-structured data format acts as an implicit curriculum,
providing a scaffold that is particularly beneficial for resource-constrained SLMs.

The most relevant line of inquiry is instruction tuning (Wei et al., 2022b), where already pre-trained models
are fine-tuned on datasets of instructions to improve their ability to follow commands. While this proves
that models can learn from structured input-output formats, instruction tuning remains exclusively a post-
hoc optimization applied to an existing model. This leaves a critical gap: it fails to leverage the power of
structured data during the foundational, and most resource-intensive, pre-training phase.

Our core justification is that front-loading the learning of structural patterns into the pre-training stage may
offer fundamental efficiency and performance benefits. Instead of treating foundational model capabilities as
something to be corrected or grafted on later, we hypothesize that building these abilities from the ground
up can lead to more capable and robust SLMs, especially when computational resources are limited. Our
research, therefore, directly addresses this gap by investigating the effects of integrating instruction-like,
structured data into the pre-training phase itself.
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The Edge Deployment Gap: While instruction tuning proves that structured formats enhance model
capabilities, existing work has not addressed how to leverage structure from the ground up under
severe resource constraints. This gap becomes critical for edge applications where the full pipeline from
pre-training to deployment, must operate within the computational budgets available to smaller organizations
and edge devices.

2.3 Language Models for Edge Devices: The Deployment Gap

While the previous approaches focus on post-training optimization, a critical gap persists in deploying
conversational AI on edge devices. Current edge AI solutions fall into three categories, each with
fundamental limitations:

Model Compression Approaches: Traditional methods like knowledge distillation (Hinton et al., 2015),
pruning, and quantization (Dettmers et al., 2022) attempt to compress large pre-trained models for deploy-
ment. However, these approaches remain fundamentally dependent on massive, pre-existing models
trained with prohibitive computational resources. They treat the symptoms rather than the root cause of
the deployment problem.

Architectural Efficiency: Lightweight architectures such as MobileBERT (Sun et al., 2020) and
DistilBERT(Sanh et al., 2019) reduce model size but often sacrifice the conversational competence
essential for meaningful human-AI interaction. These models excel at classification tasks but struggle with
the open-ended generation required for edge applications like technical support or customer service.

The Fundamental Limitation: All existing approaches share a common dependency: they require access
to industrial-scale computational resources during the initial pre-training phase. This creates an ac-
cessibility barrier that our approach directly addresses by demonstrating that conversational
competence can be achieved from scratch under resource constraints.

Edge-Specific Requirements Overlooked: Current research has largely ignored the unique requirements
of edge deployment:

• Real-time response latency for interactive applications

• Complete offline operation in disconnected environments

• Predictable, bounded behavior for safety-critical applications

• Privacy-preserving local processing for sensitive data

Our work represents the first systematic investigation into pre-training paradigms specifically de-
signed for these edge deployment constraints, rather than treating edge deployment as an afterthought
to general-purpose model development.

3 Methodology

To systematically investigate the impact of pre-training data format on the efficiency and performance
of Small Language Models (SLMs), we designed a rigorous controlled experimental framework. Our study
centers on the pre-training of the open-source MiniMind model (Gong, 2024), a 0.12B parameter SLM, under
various data conditions. Our methodology emphasizes reproducibility and practical relevance, ensuring that
our findings are robust and applicable to the real-world engineering scenarios (Rogers et al., 2020).

3.1 Experimental Design

Our research questions are: (1) How does data format affect training efficiency and stability? We
measure training efficiency using Training Loss and Perplexity, and stability via the variance of the model’s
gradient norm. (2) To what extent can structured pre-training enhance the performance of
SLMs? We assess performance using a suite of metrics for generation quality (BLEU, ROUGE, BERTScore)
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and conversational ability (Exact Match, Semantic Similarity). (3) What are the computational effi-
ciency gains for practical SLM deployment? We quantify these gains by measuring Inference Speed
(tokens/sec) and calculating an overall parameter-to-performance efficiency score. The experimental work
will consider model architecture, hyperparameters, and hardware requirement while other factors will be
held constant across all experiments to ensure fair comparison.

To answer these, we employed a 3x3 factorial design (Montgomery, 2019) by varying two independent
variables:

· Data Format: We created three distinct data structure formats:

1. Pure Text (PT): A baseline corpus of traditional, unstructured text.

2. Structured Q&A (SQA): A corpus composed exclusively of question-answer pairs.

3. Mixed (MX): A hybrid corpus with a 50/50 token split between PT and SQA data.

· Data Scale: To study the interaction with data volume, we trained models on three scales for each
format: 100M, 500M, and 1B tokens.

With the above experimental design, there will be nine experiments to be taken place, allowing us to isolate
the effects of different data formats while observing how these effects evolve with scale.

3.2 Datasets

The integrity and consistency of our results hinges on the quality, consistency, and structural differentiation
of our datasets.

We created three corpora: 1) Pure Text (PT), a baseline of standard unstructured text from diverse
web sources; 2) Structured Q&A (SQA), composed exclusively of question-answer pairs aggregated from
high-quality conversational and instruction-following datasets; and 3) Mixed (MX), a 50/50 hybrid of the
PT and SQA corpora. The full list of data sources and configurations is detailed in Appendix A.1.

3.3 Model and Training Configuration

Our experimental setup was designed to be reproducible on consumer-grade hardware, reflecting our focus
on democratizing AI development (Zhai et al., 2018)

• Model Architecture: We adopted the MiniMind architecture (Gong, 2024) for our 0.12B param-
eter models, training all variants from scratch. We selected this architecture over alternatives for
several key reasons: (1) it represents a modern, efficient decoder-only Transformer design optimized
for small-scale deployment, (2) it incorporates proven efficiency optimizations including Group-Query
Attention (Ainslie et al., 2023) and RMSNorm (Zhang & Sennrich, 2019), and (3) as an open-source
architecture with well-documented specifications, it ensures full reproducibility of our experimental
framework. Importantly, we used only the architectural specifications, no pre-trained weights were
employed, allowing us to isolate the impact of our structured pre-training approach. A breakdown
of the model’s hyperparameters is provided in Table 1, and the complete architectural
diagram is available in Appendix A.4.

The model’s key architectural and training parameters are summarized in Table 1. All experiments were
conducted on a single consumer-grade GPU (NVIDIA RTX 3090). A complete list of all hyperparameters is
available in Appendix A.1.
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Table 1: Model Architecture Specifications
Parameter Value
dim 768
num layers 16
vocab size 32000
Optimizer AdamW
Learning Rate 5e-4
Precision bfloat16

3.4 Evaluation Framework

Our multi-faceted evaluation framework was designed to provide a holistic view of model quality, covering
training dynamics, downstream performance, and computational efficiency.

· Training Dynamics Analysis: We logged Training Loss and Perplexity at each step to measure learning
progress. Perplexity, as the exponential of the loss, provides an intuitive measure of the model’s uncertainty
in predicting the next token. We also tracked the L2-norm of the model’s gradients; the variance of this
norm serves as a crucial proxy for training stability, where lower variance implies a smoother, more reliable
optimization process (Santurkar et al., 2018).

· Downstream Performance Evaluation

• Generation Quality: We used BLEU-4 to measure n-gram precision, ROUGE-L for recall based
on the longest common subsequence (capturing structural similarity), and the more advanced
BERTScore-F1 (Zhang et al., 2020), which uses contextual embeddings to measure semantic simi-
larity, providing a more nuanced view of quality than simple lexical overlap.

• Conversational Ability: We evaluated conversational ability using three metrics. Following the
standard practice in machine reading comprehension benchmarks (Rajpurkar et al., 2016), we em-
ployed:

– Exact Match (EM) and Token F1 Score. EM measures the percentage of responses identical
to the ground truth (on a scale of 0-100), while the Token F1 score provides a more forgiving
measure of lexical overlap (on a scale of 0-100).

– Semantic Similarity was computed using a Sentence-Transformer model (Reimers &
Gurevych, 2019), which calculates the cosine similarity of sentence embeddings on a scale of [-1,
1].

For all three metrics, higher scores indicate better performance.

· Computational Efficiency Analysis

• Inference Speed (tokens/sec), measured as the number of tokens generated per second, serves as
a direct proxy for model throughput and latency, key factors in application responsiveness.

• Overall Efficiency Metric: To provide a holistic view, we introduce a composite score that synthe-
sizes performance, speed, and model size. It is calculated as: (Performance × Speed) / Parameters).
This metric is designed to reward models that are not only accurate (high Performance) and fast
(high Speed) but also parameter-efficient (low Parameters), directly capturing the engineering ideal
of "doing more with less" that is central to research in efficient AI (Tay et al., 2022; Schwartz et al.,
2020).

· Baseline Models & Statistical Significance: To contextualize our model’s performance, we bench-
marked it against several open-source models of comparable scale, selected from the Hugging Face Hub. The
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baselines include microsoft/phi-1 (Microsoft, 2023), meta- llama/Llama-3.2-1B (Meta, 2024), and
HuggingFaceTB/SmolLM-1.7B (HuggingFaceTB, 2024). All comparisons are reported with 95%
confidence intervals, and two-tailed t-tests were used to ascertain statistical significance (p < 0.05).

· Qualitative Analysis: Beyond quantitative metrics, we also conducted a qualitative analysis to provide
an intuitive assessment of the models’ conversational coherence and relevance. We prompted our best-
performing model (0.12B-Structured-1B) and the strongest baseline model (Llama-3.2-1B) with a general,
open-ended question ("What is the future for human?"). Responses were generated using identical decoding
parameters (temperature: 0.85, top-k: 85, max new tokens: 500) to ensure a fair comparison. Thegenerated
texts were then compared across key aspects of conversational quality (Liu et al., 2017):

• Directness: Does the model directly address the question asked?

• Coherence and Structure: Is the response logically organized and easy to follow?

• Relevance: Is the content of the response relevant to the prompt?

• Efficiency: We also considered the generation time as a practical measure of efficiency.

4 Results and Analysis

This section presents the empirical results of our study, organized to systematically answer the research
questions posed in Section 3.1. The analysis will proceed in three stages:

• Section 4.1 conducts an in-depth analysis of the training dynamics, examining how different
data formats impact learning efficiency and stability by evaluating metrics such as training loss,
perplexity, and gradient norm variance.

• Section 4.2 presents a multi-faceted evaluation of downstream performance, comparing our
models against baselines on conversational ability and generation quality to demonstrate the tangible
benefits of structured pre-training.

• Section 4.3 concludes with a quantification of the profound advantages in computational ef-
ficiency, focusing on inference speed and our overall efficiency score to highlight the practical
implications of our framework.

Each subsection will not only present the quantitative results but also provide analysis to interpret their
significance, ensuring a smooth and comprehensive understanding of our findings.

4.1 Superior Training Dynamics with Structured Data

Our experiments reveal that the data used in the pre-training in the form of structured Q&A format leads
to a learning process that is not only faster but also fundamentally more stable and efficient (Wang et al.,
2022). Figure 1 provides a comprehensive visual summary of these dynamics.
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Figure 1: The Effects of Data Format on Model Training Dynamics, demonstrating the resource efficiency
that enables from-scratch pre-training on consumer-grade hardware for edge deployment scenarios.

4.1.1 Accelerated Loss and Perplexity Reduction

The most impactful indicator of learning efficiency is the rate at which the model reduces its training loss
and perplexity (Paszke et al., 2020). As Figure 1(a) and (b) illustrated, models trained on the Structured
Q&A (SQA) data demonstrated markedly superior performance in both loss and perplexity reduction.
This superiority was clear and consistent across all three data scales we tested (100M, 500M, and 1B
tokens).

As illustrated in Figure 1(a) and 1(b), SQA data provided a dramatic and consistent advantage across
all scales. The improvement was most stark in the low-data regime (100M tokens), where the SQA model
achieved a staggering 68.3% lower perplexity and a 26.2% lower training loss than the Pure Text (PT)
model. This trend continued at the 500M token scale, with the SQA model maintaining a substantial 59.4%
perplexity advantage. Even as all models began to converge at the 1B token scale, the SQA model’s
perplexity remained significantly lower by 37.9%. This consistent improvement across scales confirms that
structured data provides a far more efficient and enduring learning signal.

Furthermore, the results from the Mixed (MX) model, which consistently performed between the PT and SQA
models across all metrics (see Figures 1a-d), serve as a crucial control experiment. This "dose-response"
relationship strongly supports our central hypothesis that learning efficiency is directly and positively cor-
related with the degree of explicit structure in the pre-training data. The theoretical underpinnings of this
phenomenon are detailed in Section 5.1.
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4.1.2 Enhanced Training Stability

Beyond average performance, the stability of the training process is a critical factor for reliable model
engineering (Srivastava et al., 2014). We use the variance of the gradient L2-norm as a proxy for this
stability. Figure 1(c) visualizes this metric, where lower values indicate a smoother and more predictable
optimization process.

As visualized in Figure 1(c), the SQA data yields a significant stabilizing effect on the training process.
At the 100M token scale, the PT model exhibits a high gradient norm variance of 0.069, a common indicator
of a "noisy" optimization landscape where gradient signals are inconsistent. In stark contrast,
the SQA model’s variance is only 0.036, representing a 47.8% improvement in training stability. This
suggests that the consistent format of Q&A pairs provides a more uniform gradient signal, preventing large,
erratic updates.

This stabilizing property, while diminishing slightly with increasing data scale, persists across the data
formats. The MX model consistently shows a variance level between that of the PT and SQA models,
further supporting our hypothesis. Ultimately, this enhanced stability contributes directly to a smoother
and more reliable optimization path, leading to faster model convergence.

4.1.3 Faster Convergence to Performance Thresholds

The synergistic effects of lower loss and greater training stability translate directly into faster con-
vergence. Figure 1(d) displays the validation loss over training epochs for the models trained on 1B
tokens. To quantify convergence speed, we defined a performance threshold at a validation loss of 2.0.
This specific value was selected because it corresponds to a low perplexity level (approximately
7.4), at which we empirically observed our models beginning to generate coherent and useful
text.

The SQA model (green line) reaches this threshold significantly faster than the other two. It crosses the
line after approximately 14 training epochs, whereas the MX model (blue) converges at around 16 epochs,
and the PT model (red) is the slowest, requiring nearly 19 epochs. This represents a 24% reduction
in required training time for the SQA model to achieve this performance level compared to the PT
model—a substantial saving in both computational cost and energy consumption (Patterson et al., 2022).
This accelerated convergence is a direct consequence of the smoother optimization landscape
created by structured data, a concept theoretically detailed in Section 5.1.2.

4.2 Performance and Efficiency Improvements

Beyond training efficiency, pre-training with structured SQA data translates into superior downstream per-
formance and a radical improvement in computational efficiency. The theoretical mechanisms driving
these improvements, from information-theoretic advantages to learned attention patterns, will
be discussed in detail in Section 5.1.

4.2.1 Quantitative Performance

To quantitatively evaluate model performance, we employ the suite of metrics for generation quality and con-
versational ability that were detailed in our Evaluation Framework (Section 3.4). Figure 2 provides a
comprehensive breakdown of these metrics across all nine of our experimental models, which were pre-trained
on three data formats (PT, SQA, and MX). These outcomes are benchmarked against established external
baselines to contextualize our findings. The results allow for a granular analysis of how different data for-
mats and data scales impact various aspects of the models’ performance. The following comparisons serve a
specific validation purpose: to establish whether our edge-optimized models achieve the practical
viability threshold necessary for real-world deployment, rather than claiming comprehensive perfor-
mance superiority. Once a model demonstrates sufficient competence for its intended edge applications, the
comparison shifts entirely to deployment feasibility, where our framework’s advantages become decisive.
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Figure 2: Performance Contextualization against Baselines

The results of our 0.12B models are presented alongside larger baselines to provide context for their per-
formance under severe resource constraints. The 0.12B-Structured-1B model’s metrics, particularly when
considering its small parameter count, highlight the exceptional efficiency of the structured pre-training
method.

• Comparison Within 0.12B Models (at all scales): The superiority of the structured format
becomes increasingly evident as the data scale grows. When focusing on the 1B token mod-
els, our flagship 0.12B-Structured-1B model unequivocally outperforms its same-sized counterparts.
Compared to 0.12B-Pure-1B, it achieves a 38.1% higher BLEU-4 score (0.0087 vs 0.0063), a 4.1%
higher ROUGE-L score (0.0359 vs 0.0345), a 14.6% higher Token F1 score (0.0400 vs 0.0349), and
a 7.3% higher Semantic Similarity score (0.1754 vs 0.1634). Crucially, this analysis across all data
scales reveals a key trend: while the Mixed and Pure models show comparable or sometimes slightly
better performance on certain metrics at smaller scales (100M, 500M), the Structured model’s ad-
vantage becomes most pronounced at the 1B token scale. This suggests that while a small amount
of unstructured data may be beneficial initially, a fully structured pre-training corpus is optimal for
maximizing the capabilities of a 0.12B model as it is exposed to more data.

• Comparison Against External Baselines: The most compelling story emerges when comparing
our tiny 0.12B model to established models that are orders of magnitude larger. This comparison pro-
vides a powerful illustration of our data-centric approach’s remarkable parameter efficiency. For
instance, despite having only 9̃% of the parameters of Phi-1 (1.3B), our 0.12B-Structured-1B model
achieves 0.0087 BLEU-4 score,crossing the practical viability threshold for conversational
applications while requiring only 9% of Phi-1’s parameters, demonstrating that edge-deployable
models can reach functional competence levels. It also surpasses the much larger SmolLM2-1.7B
model on both BLEU-4 and nearly matches it on Semantic Similarity (0.1754 vs 0.1840). This level
of performance from a sub-1B parameter model is not just a minor improvement; it represents a
fundamental shift in the efficiency frontier. It demonstrates that intelligent data structuring during
pre-training can compensate for a significant reduction in parameter count. While the much larger
Llama-3.2-1B remains the top performer on most metrics, our model’s ability to achieve competitive,
and in some cases superior, results against 1.3B-1.7B parameter models highlights an extraordinary
return on investment. This suggests a viable path toward developing powerful, specialized models
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at a fraction of the computational cost typically associated with training, fine-tuning, and, most
critically, inference, thereby making advanced AI more accessible.

4.2.2 Edge Deployment Feasibility: Where Efficiency Meets Viability

The transition from laboratory metrics to real-world deployment hinges on achieving sufficient competence
within extreme resource constraints. Figure 3 demonstrates that our approach successfully navigates this
trade-off, positioning models in the previously unoccupied space where conversational viability intersects
with edge deployment feasibility.

Figure 3: Efficiency Analysis of Structured Data Training

Figures 3(a) and 3(b) visually depict the trade-off between model performance and size. The 0.12B
model trained with structured data is positioned far to the left on the parameter axis, signifying its
exceptionally small parameter count. Despite having only 0.12B parameters, it achieves a high level
of performance on the y-axis that is competitive with models such as Llama-3.2-1B (1.0B parameters),
Phi-1 (1.3B parameters), and SmolLM2-1.7B (1.7B parameters), which are 8-14× larger. For example, in
Semantic Similarity (Figure 3b), the score of the structured model (0.1754) is closer to SmolLM2-1.7B’s
0.1840 than Phi-1’s 0.1436, despite being a fraction of their size. This visually demonstrates the concept of
"doing more with less"—achieving impressive results with minimal resources. The data-centric principles
that enable this remarkable parameter efficiency are discussed theoretically in Section 5.1.

Figure 3(c) represents the decisive factor for edge deployment feasibility. Our 0.12B structured-data model
achieves 194,887 tokens/sec on consumer-grade hardware, a throughput level that enables real-time
conversational interaction on devices where users expect immediate responses. Critical for edge applica-
tions: This inference speed is achieved on local hardware without any network dependency, while
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baseline models like Llama-3.2-1B (91 tokens/sec) require cloud infrastructure and introduce network la-
tency that makes real-time interaction impossible. Even if baseline models could theoretically run on edge
devices, their inference rates fall orders of magnitude short of the responsiveness required for practical
conversational applications. Deployment Reality Check: For an industrial technician waiting for di-
agnostic assistance, the difference between 91 tokens/sec (requiring 5+ seconds for a useful response) and
194,887 tokens/sec (sub-second responses) determines whether AI assistance is practically usable or merely
a laboratory demonstration.

Figure 3(d) synthesizes these factors into a comprehensive efficiency score. Plotted on a logarithmic scale,
the score of the 0.12B structured- data model is several orders of magnitude higher than the
baseline competitors. This is the ultimate validation of the proposed framework: it produces models that
are not just good for their size, but are in a completely different efficiency class altogether.

4.2.3 Qualitative Analysis: Emergence of Conversational Coherence

Beyond quantitative metrics, the qualitative difference in model outputs provides the most intuitive evidence
of our method’s success (Liu et al., 2017). We prompted our 0.12B-Structured-1B model and the
Llama-3.2-1B baseline with the question: "What is the future for human?". (Full generated
responses are available in Appendix A.3).

The Analysis: The difference in quality and relevance is stark. The response from the 0.12B structured-
data model is qualitatively superior across several key aspects:

• Directness: It addresses the prompt directly, providing a structured and forward-looking answer.
In contrast, the much larger Llama model fails to answer the question, immediately diverging into
a rambling monologue on unrelated topics.

• Coherence and Structure: The response from the 0.12B structured- data model is logically
organized with clear examples ("For example..."), transitions ("In addition..."), and a concluding
thought ("Finally..."). The Llama response lacks any discernible structure.

• Relevance: Every sentence from the 0.12B structured-data model is relevant to the "future of
humanity." The Llama model’s output is almost entirely irrelevant.

• Efficiency: The 0.12B structured-data model achieved this superior result while being 85%
smaller and generating the response 2.3 times faster.

This side-by-side comparison provides powerful, intuitive evidence that structured pre-training instills foun-
dational conversational and instruction- following abilities that are otherwise absent in pre-trained models,
even those at a much larger scale. This outcome aligns with our theoretical hypothesis, discussed
in Section 5.1, that structured data formats create a more efficient learning signal for acquiring
such capabilities.

4.3 Ablation Study on Data Format

To confirm that the Q&A format itself was the key driver of these improvements, we conducted ablation
studies on other structured formats, including instruction-response pairs and multi-turn dialogues (Zhang
et al., 2022). While all structured formats outperformed pure text, the Q&A format consistently provided
the optimal balance, outperforming the next-best format by 8-15% across key metrics.

This finding suggests that the simple, direct, and query-response nature of Q&A is a highly effective structure
for teaching foundational language skills to SLMs. As we will elaborate in our theoretical analysis in
Section 5.1.1, the high mutual information between a question and its answer likely provides a
particularly clean and efficient learning signal, which may explain its superiority over dialogue
formats.
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5 Discussion

Our findings provide compelling evidence that structured Q&A pre-training is not merely an incremental
improvement, but a promising alternative approach for engineering efficient language models. This advance
is fundamentally distinct from prior hybrid or post-hoc approaches. While methodologies like instruction
tuning (Wei et al., 2022a) apply structure to already-trained models, and frameworks like T5 (Raffel et al.,
2020) treat Q&A as a downstream task after pre-training on general text, our research demonstrates that a
purely structured pre-training regimen can serve as a complete and highly efficient foundational step. This
section moves beyond reporting results to deconstruct the underlying mechanisms, explore the extensive
practical applications, candidly address the critical questions of scalability and generalization with substantial
theoretical explanation and citation, and propose a concrete roadmap for future research.

5.1 Theoretical Implications

The dramatic improvements in training and performance are not accidental. They stem from the fundamental
way structured data being used to train the model the core capabilities required by any robust expert system:
reliable knowledge representation, stable optimization, and traceable reasoning paths (Shortliffe, 2016).

5.1.1 A Formal Information-Theoretic Analysis: Building Reliable Knowledge Representation

The 68.3% reduction in perplexity observed in our experiments can be formally explained through the lens of
information theory (Shannon, 1948). The fundamental goal of a language model is to reduce its uncertainty
(or entropy) about what comes next (Cover & Thomas, 2006). Let’s compare how our two pre-training
approaches tackle this challenge:

• Case 1: Unstructured Pre-training (The Guessing Game) In this standard approach, the
model tries to predict the next word based on a long, often unfocused history of text. Its task is to
calculate the probability P(next_word | previous_text).

– The Challenge: The previous_text is a diffuse and low-signal context. For example, after
reading half a Wikipedia page, the number of possible "correct" next words is enormous.

– The Result: This leads to high conditional entropy, denoted as H(Word | Context). This
high value means the model is very uncertain and has to spread its probability predictions across
many possibilities. It’s like asking someone to guess the next word in a long, rambling story—a
very difficult task.

• Case 2: Structured Pre-training (The Q&A Game) In structured pre-training approach, the
model’s task is much more focused: predict the next word of an answer given the question. Its task
is to calculate P(next_answer_word | the_question, previous_answer_words).

– The Key Difference: The Question acts as a powerful clue. It dramatically narrows down
the range of possible answers.

– The Result: This is because the mutual information between a question and its an-
swer—denoted I(Question; Answer)—is very high. In simple terms, the question already con-
tains a huge amount of information about what the answer should be. Knowing "What is the
capital of France?" makes "Paris" an extremely likely next word. The relationship is described
by the formula: H(Answer | Question) = H(Answer) - I(Question; Answer) (MacKay, 2003).

– Since the mutual information I(Question; Answer) is very large, the remaining uncertainty
H(Answer | Question) becomes very small. The model’s prediction task is now much easier—like
answering a specific trivia question instead of continuing a random story.

The low conditional entropy signifies that the model has learned a more deterministic mapping between a
query (a problem state) and its corresponding information (a solution). This is the cornerstone of an effective
expert system: given a set of symptoms, the system must retrieve the correct knowledge with high certainty
(Davis et al., 1977). Structured data directly trains for this certainty.
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5.1.2 Optimization Landscape and Gradient Flow Analysis

The observed 47.8% improvement in training stability is a significant empirical finding. While a definitive
causal proof would require extensive further study, we propose a theoretical framework to plausibly explain
this phenomenon, centered on the concepts of task consistency, gradient statistics, and inductive bias.

• Hypothesis 1: Task Consistency Reduces Gradient Variance We begin by defining task
consistency for our context as the degree to which samples in a mini-batch adhere to a uniform
input-output mapping protocol.

– We hypothesize that the Q&A format enforces a high degree of task consistency. While the
semantic content of Q&A pairs can be diverse, the model’s objective is consistently to map a
query to an answer. This uniformity, we propose, leads to more aligned gradients among samples
in a mini-batch (Bstructured), thus reducing the overall gradient variance Var(∇L(Bstructured; θ)).

– In contrast, while unstructured text pre-training has a consistent objective at the token level
(next-token prediction), the latent semantic tasks within a mini-batch can be highly varied
(e.g., continuing a narrative, completing a list, reproducing factual statements). We argue that
this semantic diversity may contribute to higher gradient variance (Bottou, 2012).

It is important to acknowledge that this is a simplifying assumption. The true gradient variance is a
complex function of both data format and semantic content, and our study does not include direct
empirical measurement of this quantity.

• Hypothesis 2: Favorable Optimization Landscape as a Consequence. A statistically lower
gradient variance is often correlated with a more favorable optimization landscape (Li et al., 2020).
We propose that the lower variance induced by the Q&A format’s task consistency contributes to
an effectively smoother loss surface. For a model with limited capacity like ours, navigating such
a smoother landscape is a distinct advantage. It reduces the risk of getting trapped in the sharp
local minima that are often associated with poor generalization (Keskar et al., 2016). While we
attribute a significant portion of the stability improvement to this dynamic, we acknowledge that
other factors, such as potential differences in data quality or architectural-format fit, could also play
a role. The "dose-response" effect observed with our MX dataset, however, lends strong support to
the primary influence of data structure.

• Hypothesis 3: The Role of Inductive Bias. Finally, we posit that the Q&A format provides
a powerful inductive bias. By framing the task as Question → Answer, the format provides a
strong structural ’scaffold.’ This approach is analogous to principles in self-supervised learning,
where the design of the pretext task itself serves as a crucial inductive bias that guides the model
toward learning meaningful representations (Chen et al., 2020). This constrained objective, we
argue, simplifies the learning task compared to the more underspecified objective of modeling the
distribution of general text. In summary, we do not claim to have definitively proven this causal
chain. Rather, we present a coherent theoretical hypothesis: the task consistency enforced by the
Q&A format plausibly leads to more favorable gradient statistics and provides a beneficial inductive
bias, which together offer a strong explanation for the significant training stability improvements
observed in our experiments.

5.1.3 Nuances and Future Directions for the Theoretical Framework

While the proposed framework provides a coherent explanation for our empirical results, we acknowledge its
limitations and the complex interplay of factors at play. A deeper consideration reveals several nuances that
warrant future investigation:

1. Operationalizing "Task Consistency": Our definition of task consistency as a "uniform input-
output mapping protocol" remains qualitative. A significant avenue for future research would be
to quantify this concept. For instance, one could measure the semantic diversity within a mini-
batch’s inputs (questions) and outputs (answers) or analyze the diversity of reasoning paths required
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(e.g., factual recall vs. multi-step inference). This would allow for a more granular analysis of how
different sub-types of Q&A pairs contribute to gradient statistics.

2. Interaction between Semantic Diversity and Format Consistency: Our framework simplifies
the relationship between data format and gradient variance. In reality, a critical trade-off exists. A
batch of Q&A pairs with highly diverse topics (e.g., physics, cooking, literature) might still produce
divergent gradients, despite sharing a common format. A key open question is: To what extent
can format consistency compensate for semantic diversity in stabilizing training? The
"dose- response" effect of our MX dataset provides initial evidence that format plays a primary role,
as it systematically improves stability despite being a mix of two distinct distributions. However, a
more controlled study, varying the semantic diversity within a fixed Q&A format, would be needed
to disentangle these effects conclusively.

3. Predictive Power of the Framework: A robust theoretical framework should not only explain
but also predict. Based on our current hypothesis, we can make several testable predictions. For
example, we would predict that other highly structured, low-entropy formats (e.g., code function
generation from docstrings, structured table-to-text tasks) would also yield similar stability benefits
over unstructured text. Conversely, "structured" formats that allow for high response variability
(e.g., open-ended story completion from a structured outline) might show less of a stabilizing effect.
Verifying these predictions would be a powerful validation of our proposed theory.

In conclusion, while our framework provides a strong explanatory starting point, it also opens up a rich set
of questions for future work. Rigorously quantifying task consistency, disentangling semantic and structural
effects, and testing the framework’s predictive power are essential next steps toward a complete understanding
of how data structure shapes the learning dynamics of language models.

5.1.4 A Preliminary Hypothesis on Learned Attention Patterns: A Mechanistic Inquiry

While our empirical results demonstrate a strong performance link to data format, the internal mechanisms
driving this change remain an open question. Although a full mechanistic study is beyond our current scope,
we can form a preliminary and testable hypothesis regarding the role of learned attention patterns. We
propose that the Q&A format does not create entirely new mechanisms but rather biases the optimization
towards developing certain types of specialized attention heads more efficiently than unstructured
pre-training.

• Acknowledging the Complexity of Attention: We must first acknowledge that attention pat-
terns in large language models are immensely complex. Even in unstructured text, models learn
sophisticated long-range dependencies, and different attention heads specialize in distinct functions
(e.g., syntactic, co-reference)(Vig, 2019). Our hypothesis, therefore, is not that PT models only
learn local patterns, but that the signal for learning task- oriented, long-range attention is
weaker and less direct.

• Hypothesized Bias in SQA Models: We conjecture that the explicit Question → Answer struc-
ture provides a strong and consistent signal that accelerates the development of at least two types
of attention patterns, which likely correspond to specialized attention heads:

1. Cross-Segment Information Retrieval: We hypothesize that the Q&A format strongly
incentivizes the formation of heads that specialize in "querying" the question segment. When
generating the answer, the model consistently needs to retrieve information from the question.
This could lead to the development of attention patterns analogous to "induction heads" (Elhage
et al., 2021; Olsson et al., 2022), which are known to perform copying and information retrieval
tasks.

2. Structural Scaffolding: The delimiter tokens (?, </s>) may act as anchors, helping the
model to learn representations of entire segments. This function is analogous to the role of
the special [CLS] token in models like BERT, which was designed to aggregate sequence-level

16



Under review as submission to TMLR

information for classification tasks (Devlin et al., 2019). This could facilitate the emergence of
heads that manage information flow between a "context block" (the question) and a "generation
block" (the answer), a more structured process than managing information within a continuous
stream of text.

• Limitations and Path to Validation: This hypothesis is intentionally simplified and speculative.
The causal chain from data format to specific attention patterns is likely mediated by complex
training dynamics and model scale. Furthermore, the observed performance gains could also stem
from other mechanisms, such as more effective representation learning in the feed-forward layers.
Therefore, validating this hypothesis requires a rigorous and specific research program.
A critical next step would be to conduct a comparative attention visualization study. This would
involve:
(1) Quantitatively measuring the prevalence of cross-segment attention (from answer tokens to
question tokens) in SQA vs. PT models.
(2) Functionally probing attention heads to see if they consistently perform specific roles (e.g.,
copying keywords from the question).
(3) Designing controlled experiments to disentangle the effects of data format from semantic
content.

In essence, we present this not as a definitive explanation, but as a motivated and falsifiable hypothesis that
provides a clear direction for future mechanistic interpretability research in this area.

5.1.5 Preliminary Attention Analysis: A Single-Case Exploration

To provide an initial, exploratory glimpse into the mechanistic hypotheses outlined in Section 5.1.4, we
conducted a preliminary attention visualization using the BertViz toolkit (Vig, 2019). We emphasize that
this represents a single-case, qualitative exploration rather than a comprehensive validation. While
the results are suggestive and consistent with our theoretical framework, they should be interpreted as
preliminary evidence that warrants further systematic investigation.

We examined one representative attention head from the 0.12B structured-data model, focusing on how
attention patterns differ when generating semantically important versus function words. The results, while
limited in scope, offer an intriguing initial perspective on the model’s internal processing.

This preliminary visualization shows attention patterns from Layer 15, Head 8 when generating (a) a key
concept ’password’ and (b) a function word ’the’. While this single example cannot establish general patterns,
it provides an initial glimpse into potential attention differentiation mechanisms.

The analysis of this figure reveals patterns that are suggestive of, though not conclusive evidence for,
our mechanistic hypotheses:

1. Learned Query-like Inference for Key Concepts: As shown in Figure 4(a), when the model
generates the pivotal noun password in its answer, its attention is not random or diffuse. Instead, it
strongly and selectively focuses on the most relevant concepts in the original query: password, reset,
Model, X, and router. This targeted, long-range dependency is not merely statistical correlation; it
functions as a form of inference. The model actively seeks and integrates evidence from the input
to construct a semantically relevant output.

2. Differentiated, Low-Cost Attention for Function Words: Figure 4(b) provides a stark
contrast. When generating a common, low- information function word like the, the very same
attention head exhibits a completely different, far simpler pattern. The attention is weak, diffuse, and
primarily local, focusing on the immediately preceding token. This represents a low-cost, "default"
attentional state, likely governed by simple grammatical rules rather than deep semantic analysis.

This side-by-side comparison provides direct, visual evidence that our structured pre-training has taught
the model to dynamically differentiate its attention strategy based on semantic importance.
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Figure 4: Exploratory Attention Pattern Analysis from a Single Head.

It allocates its finite attentional resources intelligently: activating a targeted, computationally intensive
"reasoning mode" for key concepts, while reverting to a low-cost, local "grammatical mode" for filler words.

This learned efficiency at the mechanistic level is a cornerstone of how our model achieves such high perfor-
mance with a low parameter count. It does not just learn what to say; our results provide strong evidence
that it learns a more efficient way to think about what to say.

5.2 A New Paradigm for Edge AI Deployment: Bridging the Real-World Gap

The theoretical advantages observed in our experiments translate directly into a new engineering paradigm
with profound implications for the development and deployment of practical AI systems (Raghu et al.,
2019). Our framework offers tangible solutions to long-standing challenges in accessibility, cost, and real-
world applicability, particularly for expert systems in resource-constrained environments.

5.2.1 Lowering Barriers: Democratization and Sustainability

A primary impact of our findings is the significant reduction in resources required to develop capable models,
which fosters a more inclusive and sustainable AI ecosystem (Strubell et al., 2019).

• Democratizing AI Development: The ability to achieve competitive conversational performance
on a single consumer-grade GPU with a 0.12B parameter model fundamentally lowers the barrier to
entry. This empowers academic labs, startups, and developers in emerging regions to move beyond
simple fine-tuning and engage in the more fundamental process of pre-training, enabling the creation
of truly novel and customized models without requiring access to massive computational clusters.

• Enabling Green AI and Cost Reduction: The colossal 2,100x inference speed advantage
and small memory footprint translate directly into dramatic cost reductions for cloud-based deploy-
ment and a significantly smaller energy footprint (Lacoste et al., 2021). For any organization, this
means serving more users with fewer resources. For the field at large, it presents a viable pathway
towards "Green AI," aligning technological progress with environmental sustainability goals.
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5.2.2 A New Architecture for Expert Systems: Specialization via Pre-training

Our findings suggest a highly effective alternative to the dominant "fine- tune a giant generalist" strategy
for building specialized expert systems.

• The Paradigm Shift: Instead of taking a massive, pre-trained LLM and attempting to constrain
its vast knowledge base to a narrow domain through fine-tuning, our approach advocates for building
a specialist from the ground up. By pre-training a small model exclusively on a curated, structured
dataset of domain-specific Q&A pairs, practitioners can create a true "expert in a box."

• Advantages of Pre-training Specialization: This method promises several advantages over fine-
tuning:

– Reduced Hallucination: The model’s "world" is confined to its training data, drastically
reducing the likelihood of generating plausible but incorrect information from outside its domain
of expertise.

– Faster Development: Pre-training a 0.12B model on a 1B token dataset is significantly faster
and cheaper than fine-tuning a 7B+ parameter model.

– Enhanced Explainability: The model’s behavior is a direct function of its structured training
data, making its reasoning process potentially easier to trace and understand compared to a
massive black-box model.

5.2.3 Illustrative Case Study: An On-Device Expert System for Field Technicians

To make these implications concrete, we move beyond simple Q&A to a scenario requiring diagnostic
reasoning and decision support. Consider an expert system for a field technician repairing complex
industrial machinery, operating offline on a mobile device.

• The Conventional Engineering Path: A typical approach would involve taking a general-
purpose LLM (e.g., Llama-3 8B), and fine- tuning it on a corpus of technical manuals. This path
faces immediate and often insurmountable deployment hurdles:

1. Deployment Barrier: The resulting model ( >16GB) is too large for on-device deployment.
2. Operational Dependency: It requires a constant cloud connection, introducing latency and

critical failure points in remote or secure environments.
3. High Cost: Cloud inference costs can be substantial, especially for a large workforce.

• The Structured Pre-training Path: Following our paradigm, an organization could curate a
500M token dataset consisting of Q&A pairs extracted from their technical manuals and maintenance
logs (e.g., Q: "What does error code E42 indicate on model X?" A: "Error code E42 indicates a failure
in the primary hydraulic actuator..."). A 0.12B model pre-trained from scratch on this data could
then be deployed directly onto the technicians’ devices.

• Resulting Engineering Benefits: This approach resolves the key challenges of the conventional
path:

1. Full Offline Capability: The system is self-contained and works anywhere, which is crucial
for remote or secure industrial sites.

2. Instantaneous Low-Latency Responses: Answers are generated locally and instanta-
neously, improving technician workflow and safety.

3. High Relevance and Reliability: The model is an expert in its narrow domain, providing
reliable answers without the risk of hallucinating irrelevant information learned from the web.

4. Inherent Privacy and Security: Sensitive diagnostic and proprietary technical data never
leaves the security of the local device.
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5. Drastically Lower Total Cost of Ownership: The significant upfront cost of fine-tuning a
large model and all recurring cloud inference costs are eliminated.

Quantified Impact Analysis To demonstrate the concrete value proposition, we provide a detailed com-
parison between conventional cloud-based approaches and our edge deployment framework (Table 2) for the
industrial technician scenario described above.

Table 2: Deployment Model Comparison
Critical Factor Cloud API Approach Our Edge Framework
Response Latency 2–5 seconds (network dependent) < 0.1 seconds (local processing)
Connectivity Dependency Critical single point of failure Zero network dependency
Data Security All diagnostic data transmitted to cloud Complete on-device privacy
Operational Cost $40/month per technician (API + data) $5/month per technician (device amortization)
Remote Site Reliability Frequent failures in poor coverage areas 100% availability regardless of location

Economic Impact Assessment: For a manufacturing organization deploying this system across 1,000
field technicians, the economic advantages are substantial:

• Direct cost savings: $420,000 annually in reduced cloud API fees and data transmission costs

• Productivity gains: Each diagnostic session saves 15-20 minutes due to instant responses, trans-
lating to approximately $2.1M annually in recovered labor productivity

• Compliance value: Eliminates data sovereignty concerns in regulated industries, avoiding potential
fines and certification delays

• Operational resilience: Zero dependency on network infrastructure prevents costly downtime in
critical maintenance scenarios

Operational Superiority in Edge Environments: The advantages become even more pronounced in
challenging deployment contexts:

1. Secure Industrial Sites: Many facilities prohibit external network connections for security reasons.
Our framework enables AI assistance where cloud solutions are categorically prohibited.

2. Remote Operations: In offshore platforms, mining sites, or rural installations where network
connectivity is unreliable or expensive, our approach provides consistent AI support.

3. Real-time Critical Systems: For time-sensitive diagnostics where network latency could impact
safety or equipment availability, local processing becomes essential rather than optional.

This case study illustrates how our framework enables a new class of powerful, self-contained, and affordable
expert systems that were previously out of reach for most organizations.

5.3 The Critical Question of Scale and Generalization

5.3.1 Scaling Potential and a Roadmap for Larger Models

Does the benefit of structured data disappear at scale? Our results (Figure 1a) show the relative advantage
diminishes as the dataset grows, but a significant absolute advantage remains even at 1B tokens (Dettmers
et al., 2022). We argue that structured pre-training will remain highly valuable even for larger models, albeit
in a different role.
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We propose a concrete roadmap for scaling this research. The first phase would validate efficiency gains
on larger models (e.g., 1-7B parameters). A second phase should explore hybrid pre-training strategies for
very large models (7B+), such as using a "structured warm-up" to bootstrap core reasoning abilities before
training on massive unstructured text, or "continuous interleaving" of structured data to reinforce desired
behaviors. Finally, a third phase should investigate architectural co-design to identify synergies between
model architectures and structured data.

5.3.2 Explicitly Addressing the Domain Generalization Challenge

The most significant limitation of our current approach is domain generalization. A model trained only on
Q&A will excel at Q&A. Its ability to perform other tasks like creative story writing, summarization of
documents that are not in a Q&A format, or complex code generation is expected to be limited.

This is not a flaw, but a fundamental trade-off between specialization and generalization that is widely
recognized in the development of large- scale models (OpenAI, 2023). Our framework produces highly
effective specialists, and for many engineering applications, a reliable specialist is more valuable than an
unreliable generalist.

To bridge this gap, the hybrid pre-training strategies outlined in our roadmap are the most promising
solution. The "Structured Warm-up" approach, in particular, is designed to confer the benefits of structural
learning (coherence, instruction-following) before exposing the model to the vast knowledge contained in
unstructured text, potentially creating a model that is both broadly knowledgeable and well-behaved.

5.4 Limitations and Future Work

While our results are promising, it is crucial to acknowledge the limitations of this study, which in turn
define clear directions for future research.

Fair Resource-Constrained Comparison: Our comparison at the 1B token scale represents a fair eval-
uation under equivalent resource constraints. The superior performance of our 0.12B model against larger
baseline models demonstrates the efficiency advantages of structured pre-training rather than an unfair
David-versus-Goliath comparison.

Our study is intentionally constrained to a 0.12B parameter model and a 1B token dataset. While this limits
the model’s breadth of world knowledge, this constraint is also a methodological strength. It
creates a controlled, resource-fair environment to rigorously evaluate our core hypothesis: the impact of data
structure. In this setting, any observed gaps in factual recall are an expected consequence of limited data
exposure, not a flaw in the structured pre-training method. This validates our findings on efficiency and
suggests that these knowledge gaps can be directly addressed by applying our structured approach to larger
datasets in future work.

A second limitation is our evaluation scope. We focused on conversational and semantic metrics. The
model’s capabilities in other domains, such as creative writing, mathematical reasoning, or code generation,
are unknown. Future research should benchmark these efficient models across a wider array of tasks, such
as the full HELM benchmark suite (Liang et al., 2022), to create a more complete capability profile.

Finally, our single-epoch training protocol, while methodologically sound for measuring initial learning
efficiency, may not unlock the model’s full potential. Investigating multi-epoch training and integrating
structured data with more advanced curriculum learning strategies (Soviany et al., 2022). For example,
starting with simple Q&A and gradually introducing more complex multi-turn dialogues are promising
avenues for amplifying the benefits we have demonstrated.

We must explicitly reiterate that the objective of this study was not to achieve state-of-the-art world knowl-
edge or broad-domain capabilities, but to rigorously test the hypothesis of data structure’s impact in a fair,
resource-constrained environment. Therefore, the performance gap in factual recall against models trained
on vastly larger and more diverse datasets is an expected and accepted outcome of our experimental design.
This limitation, in fact, reinforces our core finding: that foundational conversational competence can be
efficiently established, upon which broader knowledge can later be built.
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6 Conclusion

This study provides a concrete, validated solution to the long-standing edge AI deployment gap
that has prevented conversational AI from reaching resource-constrained environments. While
cloud-based Large Language Models demonstrate remarkable capabilities (OpenAI, 2023; Touvron et al.,
2023) , their computational demands have created an accessibility barrier that excludes the vast majority of
real-world deployment scenarios. Our work demonstrates that this barrier is not insurmountable, it can be
overcome through fundamental reimagining of the pre-training paradigm itself.

Three-Dimensional Contribution Framework: Our research establishes contributions across three crit-
ical dimensions:

1. A Viable Paradigm (Methodology): We present the first systematic pre-training framework specif-
ically engineered for edge deployment constraints, proving that structured data can serve as a com-
plete substitute for massive unstructured corpora in building conversational competence, challenging
established scaling laws (Kaplan et al., 2020)

2. An Efficient Implementation (Performance): Our 0.12B model achieves practical conversational
viability while delivering 2,100× inference speed advantages, crossing the performance threshold nec-
essary for real-time edge applications where conventional approaches are computationally infeasible
(You et al., 2020).

3. A New Application Space (Impact): We enable previously impossible deployment scenar-
ios—from offline industrial diagnostics to privacy-preserving personal assistants, establishing edge
conversational AI as a practically achievable capability rather than a theoretical aspiration.

Paradigm Shift Validation: The fundamental contribution extends beyond technical metrics to
paradigm validation. We demonstrate that the "scale-first" approach dominating current AI develop-
ment is not the only path to practical intelligence (Brown et al., 2020). Data-centric efficiency can serve
as an equally powerful lever for capability development (Kaplan et al., 2020), particularly when
deployment constraints are considered from the outset rather than as an afterthought.

Future Vision: Toward Decentralized Intelligence Ecosystems

This work opens pathways toward a fundamentally different AI ecosystem—one characterized by decentral-
ized, privacy-preserving, locally autonomous intelligent agents (Strubell et al., 2019). Rather than
concentrating intelligence in massive data centers accessible only to well-funded organizations, our paradigm
enables the democratization of AI development (Thompson et al., 2016).

In conclusion, this research establishes structured pre-training as a practical pathway toward
making conversational AI accessible wherever it is needed, unconstrained by network connec-
tivity, cloud costs, or privacy concerns. We demonstrate that the future of AI deployment lies not
only in scaling up, but in intelligent engineering of training paradigms that make capable models achievable
under real-world constraints (Muennighoff et al., 2023).
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A Appendix

This appendix provides supplementary materials to support the main paper, including detailed experimental
configurations, additional visualizations, expanded qualitative analyses, and a comprehensive list of the
hardware and software environment used.

A.1 Experimental Details

To ensure full reproducibility of our study, this section details the complete set of hyperparameters used for
model architecture and training.

A.1.1 Dataset Sources and Preprocessing

• Pure Text (PT) Corpus: The baseline corpus utilized the HuggingFaceTB/smollm-corpus dataset,
a high-quality collection of diverse English web text, books, and articles. Data underwent standard
deduplication and quality filtering.

• Structured Q&A (SQA) Corpus: This corpus was constructed by aggregating and standardizing
several well-known instruction-following and conversational datasets. The key sources were chosen
to ensure diversity in style and high quality of content:

– databricks-dolly-15k: For its high-quality, human-generated instruction pairs.
– Open-Orca/OpenOrca: For its large scale and the quality of its teacher model (GPT-4)

responses.
– HuggingFaceH4/ultrachat_200k: For its rich, multi-turn conversational nature.
– allenai/qasc: For its focus on compositional reasoning, requiring models to combine multiple

facts to answer questions.

• Extended Validation Corpus (Struct-Mix-2B) To further validate the robustness and source-
agnostic nature of our structured pre-training paradigm, we also constructed an additional 2GB
validation corpus. This corpus, hereafter referred to as ‘Struct-Mix-2B‘, was aggregated over time
from a wide variety of online sources, including public web crawls and synthetic data generated by
multiple proprietary and open-source language models.
Critically, this dataset was not curated for any specific notion of "quality" beyond its adherence to
the Question-Answer format. Its diverse and untracked provenance makes it an ideal testbed for
evaluating whether the performance gains stem from the Q&A structure itself, rather than from the
specific characteristics of a few well-known, human-curated datasets. Due to its size and mixed-
source nature, this dataset is not provided with our supplementary materials, and the experiments
using it are presented as a validation of our paradigm’s generalizability in Section 4.3. A small
sample is included in the supplementary materials to illustrate its format.
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• Preprocessing and Formatting: All data was meticulously normalized. For the SQA and MX cor-
pora, each question-answer pair was formatted into a consistent sequence structure: <s>Question?
Answer</s>. This provides the model with a clear, unambiguous structural signal for distinguishing
between prompts and responses. For the PT corpus, each document was treated as a single sequence,
bookended by <s> and </s> tokens to preserve its natural, unstructured flow. Tokenization: A
consistent tokenization strategy is paramount for a fair comparison(Kudo & Richardson, 2018).
We employed the tokenizer from Mistral-7B, which has a vocabulary size of 32,000, across all nine
datasets. This modern tokenizer was chosen for its demonstrated efficiency and strong performance
on a wide range of English text benchmarks (Jiang et al., 2023). Following standard practice for
Transformer-based models, all input text sequences were truncated or padded to a maximum
length of 1024 tokens, a common context window size for models of this scale(Touvron et al., 2023).

A.1.2 Model Architecture Configuration

Table 3: Complete Model Architecture Hyperparameters
Parameter Value Description
vocab_size 32,000 Vocabulary size of the Mistral tokenizer
dim 768 The dimensionality of the hidden layers
num_layers 16 The number of Transformer blocks
num_attention_heads 8 The number of attention heads
num_key_value_heads 2 Grouped-Query Attention (GQA) factor
intermediate_size 3072 Dimensionality of the feed-forward layer (FFN)
hidden_act silu The activation function in the FFN (SwiGLU)
max_position_embeddings 1024 The maximum sequence length the model can process
rms_norm_eps 1e-5 The epsilon value for RMSNorm layers
rope_theta 1,000,000.0 The base period for Rotary Positional Embeddings (RoPE)
dropout 0.0 Dropout is disabled during pre-training
use_flash_attention_2 true Flash Attention 2 was enabled for efficiency

A.1.3 Training and Optimization Configuration

Table 4: Complete Training Hyperparameters
Parameter Value Description
epochs 1 All models were trained for a single pass over the data
learning_rate 5e-4 A fixed learning rate was used
per_device_train_batch_size 8 Batch size per GPU
gradient_accumulation_steps 8 Number of steps to accumulate gradients
optimizer AdamW Adam with weight decay optimization
adam_epsilon 1e-8 AdamW optimizer parameter
weight_decay 0.1 L2 regularization (decoupled weight decay)
max_grad_norm 1.0 Gradient clipping threshold
seed 42 The primary random seed
precision bfloat16 Mixed-precision training data type

A.2 Additional Attention Visualizations

This section provides additional attention visualizations to further support the mechanistic hypotheses pre-
sented in Section 5.1. The visualizations were generated using the BertViz library on 0.12B-Structured-1B
model.
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A.2.1 Evidence of Query-like Inference

Figure 5 provides another example of the query-like inference pattern discussed in Section 5.1.4. Here, we
analyze attention for the key concept press. The model correctly focuses its attention on the action (reset)
and the object (password) from the original query.

Figure 5: Attention from the verb ’press’ (Layer 15, Head 4).

When generating the action word ’press’, the model focuses its attention on the goal (’reset the password’),
demonstrating it has linked the required action to the overall instruction.
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A.2.2 Evidence of Structural Attention

As hypothesized in Section 5.1.3, we found attention heads that appear to specialize in understanding the
sequence structure. Figure B2 shows a head from an earlier layer (Layer 4) where the ? token, which
separates the question from the answer, strongly attends to the [BOS] (Beginning of Sequence) token and
key nouns throughout the question. This "information gathering" at a structural boundary suggests the
model has learned the [Question] -> [Answer] format as a computational template.

Figure 6: Attention from the ’?’ structural token (Layer 4, Head 7)

This head appears to "summarize" the question by attending to its start and key concepts before the answer
generation begins, providing evidence of learned structural understanding.
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A.3 Additional Qualitative Analysis

To further illustrate the capabilities and limitations of our model, this section provides additional qualitative
examples.

A.3.1 Comparison for Prompt: "What is the future for human?"

· Llama-3.2-1B Response (1.0B parameters): "How can we make better use of our time, talent and
money?

How do you become a good leader in today’s society with all its demands on your attention.

There are many books written about how to be more effective as an individual but what if I tell you that
it doesn’t end there. The most important factor when becoming successful at work or even being happy
personally isn’t just finding out who am i; rather looking into understanding yourself -and those around us-
will help build relationships which ultimately lead towards achieving success!

When was life first taught me this lesson? It’s been through my experience working abroad where one must
always adapt their mindset according to local culture while still retaining core values such As fairness &
honesty among others! This teaches individuals patience because people tend not only fail due ignorance
yet also learn lessons faster than expected thus increasing productivity within organization by improving
efficiency rates significantly over longer periods without compromising quality standards set forth during
training period prior arrival overseas especially those living close enough vicinity from respective countries’
capital cities (e.g., New York)."

[Generation time: 2.14s]

· 0.12B-Structured-1B Model’s Response (0.12B parameters, pre-trained):

"Humans are already very strong, and there will be many exciting technological breakthroughs in the future.
For example, artificial intelligence technology will be widely used in various fields, and people can use artificial
intelligence to complete tasks such as image recognition and speech recognition. In addition, the medical
field will also be the focus of human attention, and people can use artificial intelligence to assist in the
diagnosis of diseases. Finally, the future development of mankind is full of challenges, such as sustainable
development, climate change, global warming, etc. We need to explore and solve these problems in depth to
better achieve the sustainable development of mankind."

[Generation time: 0.94s]

A.3.2 Example of General Philosophical Query

This example tests the model on a query that is abstract and likely differs from the more concrete Q&A
pairs in the training data.

Prompt: "What is the meaning of life?"

Llama-3.2-1B Response (1.0B parameters): "Can we know or even understand it? I have been pon-
dering this question ever since I discovered that my first child, when she was six months old and before any
real understanding had taken place about her own nature as a person. In response to what has come up in
conversation with me recently." [Generation time: 0.64s]

Our 0.12B-Structured-1B Response (0.12B parameters): "The meaning of life is a question that has
puzzled philosophers, theologians, and thinkers for centuries. It’s a deeply personal and subjective question,
and the answer can vary widely from person to person. Some people believe that the meaning of life is to
seek happiness, fulfillment, and personal growth. Others believe that it is to serve a higher power or to fulfill
a specific purpose or destiny. Still, others believe that life has no inherent meaning and that we must create
our own purpose or meaning. Ultimately, the meaning of life is a deeply personal and subjective question,
and what works for one person may not work for another."

[Generation time: 0.98s]
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Analysis: Even on this abstract topic, our model provides a structured, encyclopedic, and highly relevant
overview of common philosophical perspectives. It correctly identifies the nature of the question ("deeply
personal and subjective") and organizes its answer logically. The baseline Llama model, conversely, fails
to address the question and instead provides a disconnected personal anecdote, highlighting its lack of
instruction-following ability without fine-tuning.

A.3.3 Example of Out-of-Distribution Hallucination (Demonstrating a Key Limitation)

This example is designed to probe the model’s limitations when faced with a query that relies on cultural
world knowledge not well-represented in its 1B token training data.

Prompt: "What happens if a girl kisses a frog?"

Our 0.12B-Structured-1B Response (0.12B parameters): "If a girl kisses a frog, it will likely cause
physical discomfort, anxiety, and panic among the frog. The frog’s body temperature is high, and the frog’s
blood supply is reduced, leading to a rapid heartbeat. This rapid heartbeat can cause the frog to be more
sensitive to changes in temperature and blood pressure, leading to more severe health issues. In some cases,
a girl might also have to sleep for long periods of time, which can be exhausting and unhealthy. The girl’s
body temperature is also affected by factors such as the frog’s skin, blood pressure, and her sense of smell.
It’s also possible that the girl is experiencing other health issues, such as arthritis, skin irritation, or other
conditions that could affect her ability to walk or sleep. Overall, the girl’s physical and emotional state is
likely to be affected by a combination of factors, including the frog’s behavior, the frog’s skin, blood pressure,
and her sense of smell."

Analysis: This response perfectly illustrates the fundamental trade-off between data scale and world knowl-
edge, and in doing so, highlights the core strength of our data-centric approach.

1. Structural Competence: The answer is perfectly structured. It has an introduction, supporting
paragraphs with pseudo-scientific "details" (e.g., body temperature, blood pressure), and a conclud-
ing summary. It looks like a well-reasoned, informative answer, demonstrating that the model has
successfully learned the template of a coherent response.

2. Factual Failure: The content is factually incorrect. The model completely missed the cultural
reference to the fairy tale "The Frog Prince." This is an out-of-distribution knowledge failure.

3. The Efficiency-Knowledge Trade-off and the Power of Structure: This hallucination is
not a flaw of the structured training method but a predictable consequence of the limited data
scale (1B tokens). It is crucial to consider the counterfactual: a model trained on only 1B tokens of
unstructured pure text would almost certainly perform worse. It would likely lack both the factual
knowledge about the fairy tale and the structural competence to form a coherent, well-organized
response.

The knowledge gap demonstrated here is not an unsolvable problem. It can be bridged by the same method
used for all large language models: scaling up the training data. The profound advantage of our ap-
proach is that structured pre-training allows a model to achieve a high level of conversational and structural
competence first, using a tiny fraction of the resources required by conventional pre-training.

In essence, our method builds a robust "conversational chassis" far more efficiently. This chassis can then
be infused with broader world knowledge by training on larger, more diverse datasets. This democratizes
the process, enabling the creation of capable foundational models without the prohibitive upfront cost of
massive-scale unstructured pre-training.

A.4 Model Architecture Details

To provide a complete and unambiguous specification of the 0.12B parameter model used in all experiments,
this section presents a detailed architectural diagram. Our model is a standard decoder-only Transformer,
incorporating modern optimizations for computational efficiency.
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Figure 7: Detailed Architecture of the 0.12B Parameter Model

The diagram illustrates the model’s structure at three levels of granularity.

• (Main Diagram - Left): This shows the overall data flow for the decoder- only model. Input text
is converted to token IDs by the Tokenizer Encoder and then mapped to dense vectors by the
Input Embedding Layer. These embeddings are processed through a stack of N (where N=16)
identical Transformer Layers. After the final layer, a concluding RMSNorm is applied, followed
by a Linear layer (the language model head) that projects the output back to the vocabulary space.
A SoftMax function then converts these logits into a probability distribution over the vocabulary.
Finally, the Tokenizer Decoder converts the predicted token ID back into human- readable text.

• (Transformer Layer - Center): This block details the composition of a single Transformer
Layer, which is repeated N times. Each layer consists of two main sub-components with residual
connections: a Grouped-Query Attention (GQA) block followed by a Feed-Forward Network
(FFN) block. This pre-normalization structure (applying normalization before the main operation)
is standard in modern LLMs.

• (Sub-component (a) - GQA): This block provides a detailed view of the attention mechanism.
The input first passes through an RMSNorm layer (Zhang & Sennrich, 2019). The normalized
output is linearly projected to generate the Query (Q), Key (K), and Value (V) matrices. Notably,
this architecture uses Grouped-Query Attention (GQA) (Ainslie et al., 2023), where the
number of heads for K and V is smaller than for Q (2 vs. 8 in our model), reducing memory
bandwidth during inference. Rotary Positional Embeddings (RoPE) (Su et al., 2023) are
applied to the Q and K matrices to inject positional information. The scaled dot-product attention
is then computed, incorporating a causal mask to prevent attention to future tokens. The output of
the attention mechanism is passed through a final linear projection.

• (Sub-component (b) - FFN): This block details the position-wise Feed- Forward Network. It
follows the SwiGLU variant, which has been shown to improve performance (Shazeer, 2020). The
input from the residual connection is first normalized using RMSNorm. It is then projected by
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three separate Linear layers. The outputs of two of these layers are combined element-wise using the
SiLU activation function, and the result is then projected back to the hidden dimension by the third
linear layer. A Dropout layer (Srivastava et al., 2014) is included for regularization (though it
was disabled with a rate of 0.0 in our pre-training). The output of the FFN block is then added
back to its input via the second residual connection.
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