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Abstract

Large language models excel at structured data extraction but are impractical for edge
deployment due to computational requirements. We present Maaza, a series of task-
specialized micro language models (135M-360M parameters) fine-tuned for JSON
extraction, and EdgeJSON, a benchmark of 787 validated examples across 24 real-world
schemas. Our key finding: fine-tuned micro models outperform larger zero-shot models on
structured tasks. Maaza-MLM-135M (135M parameters, 270MB) achieves 24.7% exact-
match accuracy, outperforming Qwen2.5-0.5B (500M parameters) by 1.7x despite being
3.7x smaller. Maaza-SLM-360M (360M parameters) achieves 55.1% accuracy,
outperforming the baseline by 3.8x. We demonstrate that task-specific fine-tuning provides
greater performance gains than parameter scaling for structured data extraction, with
practical implications for edge Al deployment. Our experiments reveal a capacity threshold
around 300M parameters for complex multi-field schemas. All models, datasets, and code
are open-sourced under Apache 2.0 at huggingface.co/CycleCoreTechnologies.

(Word count: 168 words)

1 Introduction

Modern language models have demonstrated impressive capabilities across reasoning,
knowledge retrieval, summarization, and code synthesis. Yet the majority of progress has
centered on ever-larger architectures-70B, 130B, and even 400B parameters-optimized for
cloud-scale environments. In contrast, many real-world applications demand the opposite:
models that run cheaply, locally, and reliably on edge devices such as Raspberry Pi boards,
low-power CPUs, offline enterprise machines, and even in-browser WebGPU runtimes.
These deployments typically require models to process unstructured text and emit
machine-consumable structured output, such as JSON objects, function-call arguments, API
payloads, or database-ready tuples. Despite the prevalence of structured workflows in
industry-from invoice parsing to support ticket triage to IoT event logging-edge-oriented
structured-output benchmarks remain scarce, and the behavior of small models under
strict schema constraints is poorly understood.

Consider a concrete scenario. A field technician uses a ruggedized tablet powered only by a
mobile CPU; the device ingests status messages from sensors and must extract structured



records in real time. Or a legal intake application deployed on a client’s laptop must
summarize emails into JSON records without uploading private data to the cloud for
regulatory reasons. In these cases, running a 7B-70B parameter model is infeasible due to
memory and energy constraints, and relying on remote APIs is undesirable (cost, latency,
privacy, availability). Instead, these applications require models in the 100M-500M range,

capable of sub-100 ms inference and dependable schema compliance. Unfortunately,
publicly available small language models (SLMs) often perform poorly on such tasks in

zero-shot mode: they hallucinate keys, drop fields, produce invalid JSON, or lose
consistency across nested structures.

This tension-deployability vs. capability-raises a fundamental question:

Can small, task-specialized models outperform larger zero-shot models on
structured extraction tasks relevant to edge deployment?

Surprisingly, despite the massive growth of SLM research (e.g., TinyLlama, Gemma 2B, Phi-
3-mini, SmolLM2 1.7B), there is little systematic study of structured-output performance at
sub-500M parameter scales, and almost no dedicated benchmarks that measure schema
exactness, field-level F1, or JSON correctness. Moreover, prior work evaluating SLMs
overwhelmingly focuses on academic tasks such as MMLU, GSM8K, or HellaSwag. These
tasks do not reveal the behavior of models when strict syntactic constraints are required.
For edge applications-where JSON must be valid, complete, and semantically aligned-
traditional benchmarks are an inadequate proxy.

Our Work: Task Specialization Beats Parameter Scaling

In this paper, we present Maaza, a family of task-specialized micro and small language
models fine-tuned for structured JSON extraction. Our key finding is striking: a 135M-

parameter fine-tuned model outperforms a 500M-parameter zero-shot model-despite
being 3.7x smaller.

Using our new EdgeJ]SON v3 benchmark (787 validated examples across 24 schemas), we
show:

e Afine-tuned 135M model (Maaza-MLM-135M) achieves 24.7% JSONExact vs. 14.6%
for Qwen2.5-0.5B (zero-shot) — 1.7x better despite being far smaller.

e Afine-tuned 360M model (Maaza-SLM-360M) achieves 55.1% JSONExact and 0.78
field F1, —» 3.8x better than the same 500M zero-shot baseline.

e Fine-tuning improves SmolLM2-135M from 1.9% — 24.7% JSONExact - 13x
improvement using only 629 training examples, trained on a single RTX 4080 in under
2 minutes.

These results demonstrate that task specialization via fine-tuning can dramatically
outperform simple parameter scaling. The finding is particularly significant because
structured extraction-unlike free-form generation-requires exact key-value emission,
stable formatting, and strong resistance to hallucination. Larger models often generate
fluent but structurally invalid responses; smaller fine-tuned models exhibit more
consistent behavior.



A Capability Boundary at “300M Parameters

Our results also reveal a capacity threshold for structured extraction. Models below ~200M

parameters reliably solve simple schemas (2-4 fields) but fail on complex schemas (8+
fields, nested objects, or multi-party structures). Maaza-MLM-135M performs well on

simple schemas (44.7% JSONExact) but collapses to 0% on complex schemas-even with
fine-tuning. In contrast, Maaza-SLM-360M breaks this “zero wall,” achieving 4.0%
JSONExact on complex schemas-a small number, but scientifically significant. It empirically
confirms that:

Structured extraction exhibits an abrupt capability transition between 200M and
400M parameters-well before traditional benchmarks show such phase shifts.

This motivates our proposed taxonomy, based on observed transitions in structured
extraction capability:

e NLM (Nano LMs): <10M parameters - routing, filtering, tagging
e MLM (Micro LMs): 10M-250M - simple/medium structured extraction

e SLM (Small LMs): 250M-1.5B - reliable structured extraction
e LLM: >1.5B - general-purpose reasoning

While NLMs will be explored in future work, our present results show clear behavioral
separations between MLMs and SLMs for JSON extraction. We note that these boundaries
may shift with different architectures, training methods, or task domains.

1.2 Our Insight: Task-Specialized Micro Models Compete with Larger General
\Y [eT [][S

The prevailing assumption in language modeling research is that bigger models dominate-
especially on complex tasks. This assumption holds across conventional reasoning
benchmarks (e.g.,, MMLU, GSM8K), but structured extraction reveals a different story. We
find that scaling alone does not guarantee schema correctness or JSON reliability.

In edge deployments, the critical metric is not perplexity or few-shot reasoning; it is
validity of machine-consumable output. For instance:

e Asupport triage system must emit{ "priority": "high", "category": "billing"
}.

e Atransaction extractor must align fields exactly: amount, counterparty, date,
currency.

e Alog parser must output valid JSON even when partial or noisy text is provided.

Large zero-shot models often hallucinate fields, alter ordering, or generate extraneous
explanation text. In contrast, a task-specific micro model, even at 135M parameters, can
emit structurally perfect objects when properly trained. This reverses the expected
parameter-performance relationship for structured tasks and reinforces the need for



domain-specific training, particularly for models intended for real-time, cost-sensitive
deployments.

Thus our core insight is:

For structured extraction tasks, fine-tuned micro models offer a superior
accuracy-size-latency trade-off compared to larger zero-shot models.

This insight aligns with emerging trends in edge Al deployment, where reliable, compact
models are more valuable than flexible but unwieldy large models.

1.3 Contributions

This paper makes four primary contributions:
1. EdgeJSON: A benchmark for structured extraction on edge devices

We introduce EdgeJSON v3, a 24-schema dataset with 787 validated examples, designed to
test structured-output performance across simple, medium, and complex extraction tasks.

Each example includes a natural-language prompt, schema, validation rules, and expected
JSON output. Metrics include JSONExact, field-level F1, and schema compliance, capturing
structural correctness rather than linguistic fluency.

2. Maaza: A family of task-specialized micro and small models

We release two open-source models:

e Maaza-MLM-135M (135M params) A micro-scale model optimized for simple and
medium schemas.

e Maaza-SLM-360M (360M params) A small-scale model that significantly improves
medium-schema extraction and breaks the capacity boundary on complex schemas.

Both models are released under Apache 2.0, with full training scripts and datasets to
maximize reproducibility.

3. Empirical demonstration that fine-tuned micro models outperform larger zero-shot models

Across EdgeJSON, Maaza-MLM-135M achieves 24.7% JSONExact, outperforming Qwen2.5-
0.5B (14.6%) while being 3.7x smaller. Maaza-SLM-360M achieves 55.1%, outperforming

the same 500M baseline by 3.8x. These results show that specialization outperforms scale
on structured tasks.

4. Open methodology and complete reproducibility

All datasets, training configurations, evaluation scripts, and model cards are publicly
available in the CycleCore Maaza repository. Fine-tuning requires only minutes on a single
RTX 4080 using LoRA, enabling broad replicability for researchers and practitioners.



1.4 Results Preview

Table 1 summarizes our core findings.

Model Params JSONExact Field F1 Size

SmolLM2-135M (base) 135M 1.9% 0.024 270 MB
Maaza-MLM-135M 135M  24.7% 0.520 270 MB
Qwen2.5-0.5B (zero-shot) 500M  14.6% 0.195 954 MB
Maaza-SLM-360M 360M 55.1% 0.780 720 MB

Two trends emerge:

1. Fine-tuning transforms a 135M model, boosting accuracy from 1.9% to 24.7% (+13x).

2. Fine-tuned models outperform larger zero-shot models, even with far fewer
parameters.

For practitioners building edge Al systems, these results imply that task-specialized models
may enable applications that would otherwise require cloud inference or prohibitively
large models.

1.5 Paper Organization

Section 2 reviews related work on small language models, benchmarks, edge deployment,
and parameter-efficient tuning. Section 3 introduces the EdgeJSON dataset and evaluation
methodology. Section 4 describes the Maaza model family and training procedure. Section
5 reports quantitative results and scaling analyses. Section 6 discusses implications for
edge deployments and model taxonomy. Section 7 concludes and outlines directions for
nano-scale models (NLMs).

Related Work

A. Small Language Models (SLMs) and Capacity-Efficient LMs

The success of large language models (LLMs) such as GPT-3 and GPT-4 has motivated a
parallel line of work on small language models (SLMs) that aim to retain as much capability
as possible under tight parameter and hardware budgets. Early work on compact
transformers largely focused on distilling BERT-style encoders for mobile or low-latency
scenarios, including DistilBERT [Sanh et al.,, 2019] and TinyBERT [Jiao et al., 2020], which
demonstrated that 4- to 6-layer distilled models can retain 96-97% of BERT's performance
on GLUE while being 40-90% smaller and significantly faster. MobileBERT [Sun et al,,
2020] further showed that a carefully designed bottlenecked architecture can deliver 4.3x
smaller and 5.5x faster BERT variants that run efficiently on phones.



In the generative era, several families of small decoder-only models have emerged.
TinyLlama [Zhang et al., 2024 ] pretrains a 1.1B-parameter LLaMA-style model on roughly
one trillion tokens, showing that with careful data curation and training optimizations, 1B-
scale models can reach strong performance on downstream tasks while being feasible to
train on moderate clusters. SmolLM and SmolLM?2 [Allal et al., 2024 ] push this line further

with a family of decoder-only models at 135M, 360M, and 1.7B parameters. SmolLM2 is
trained on up to ~11T tokens and evaluated across a broad set of reasoning, coding, and

language benchmarks; the authors report that their 1.7B model outperforms other open
small models under 2B parameters while being explicitly designed for cost-effective
deployment on commodity GPUs and edge devices.

Industry models have also embraced the SLM framing. Microsoft’s Phi-3 family [Abdin et
al., 2024; Microsoft, 2024] introduces 3.8B-14B models that combine heavily curated
synthetic and educational data with scaled-up pretraining; the 3.8B “phi-3-mini” model is
advertised as “tiny but mighty,” rivaling GPT-3.5 and Mixtral 8x7B on MMLU and MT-Bench
while being small enough to run on a phone. Google’s Gemma 2 series [Gemma Team,
2024] offers 2B-27B “lightweight, state-of-the-art open models” with architecture tweaks
such as local-global attention and grouped-query attention to improve throughput on
smaller hardware. Meta’'s Llama 3.2 models include text-only 1B and 3B variants explicitly
targeting edge and mobile devices [Meta Al, 2024].

These developments collectively show that models in the ~100M-4B parameter range can
achieve competitive performance on standard benchmarks while being deployable on
laptops, phones, and single-GPU servers. However, most of the reported results still focus
on classical evaluation suites such as MMLU, GSM8K, and coding benchmarks, and thus
primarily measure language understanding and reasoning rather than structured output
reliability (e.g., strict JSON adherence, schema compliance). Our Maaza models live at the
lower end of this spectrum (135M and 360M parameters) and target precisely this
underexplored regime: high-fidelity structured extraction under micro-scale capacity
constraints.

B. Benchmarks for Language Models and Gaps in Structured Output Evaluation

Large-scale benchmarks such as GLUE [Wang et al,, 2018}, SuperGLUE [Wang et al., 2019],
MMLU [Hendrycks et al,, 2021], HellaSwag [Zellers et al., 2019], GSM8K [Cobbe et al., 2021],
and HumanEval [Chen et al.,, 2021] have become standard for evaluating both large and
small language models. These benchmarks predominantly measure multiple-choice
question answering, natural language inference, commonsense reasoning, mathematics
word problems, and functional code generation. Recent technical reports for Qwen2.5
[Yang et al., 2024], Phi-3 [Abdin et al., 2024], and Gemma 2 [Gemma Team, 2024] all report
results on such benchmarks, and SmolLM2 likewise positions its performance relative to
these suites.

More recently, SLM-Bench [Pham et al,, 2025] proposes a comprehensive benchmark
specifically for small language models. SLM-Bench evaluates 20+ SLMs across eleven
metrics that jointly capture correctness, computation, and consumption, and runs them on
four hardware configurations to quantify trade-offs in energy efficiency and throughput.



SLM-Bench is a major step toward holistic evaluation of SLMs, but its task mix remains
centered on standard NLP and reasoning tasks; it does not directly address structured
output constraints such as strict JSON schema adherence, function-calling correctness, or
end-to-end schema compliance.

There is thus a notable gap between existing benchmarks and the needs of edge and
application developers, who increasingly require models that can reliably produce
machine-consumable outputs-for example, JSON objects, database rows, or APl argument
dictionaries-rather than only free-form natural language. While some recent work
measures function-calling correctness or JSON mode reliability for large models in
proprietary evaluations, there is limited open, reproducible benchmarking for small
models on structured extraction tasks.

Our EdgeJSON benchmark is designed to address this gap. It provides a curated suite of 24
JSON schemas spanning simple (2-4 fields), medium (4-8 fields), and complex (8+ fields,
nested and multi-party) structured extraction tasks, with metrics such as JSONExact, field-
level F1, and schema compliance. These metrics explicitly penalize syntactic and structural
errors that would break downstream tools. By evaluating Maaza and baseline models on
Edge]SON, we show that task-specialized micro models can outperform larger zero-shot
models on structured extraction, even when they underperform on traditional text
benchmarks.

C. Edge Al and On-Device LLM Deployment

The push toward edge Al has intensified the need for compact models that can run with
minimal memory, compute, and energy budgets. Early work on resource-efficient NLP
highlighted the trade-off between accuracy and memory/latency in mobile settings [Sun et
al.,, 2020; Sanh et al., 2019; Jiao et al., 2020]. More recent surveys explicitly focus on edge
LLMs. Zheng et al. [2024] and Wang et al. [2025] provide comprehensive overviews of
techniques for designing, compressing, and deploying LLMs on edge devices, covering
model pruning, quantization, distillation, efficient attention mechanisms, and runtime
optimizations.

On the systems side, frameworks such as TensorFlow Lite, ONNX Runtime, and TVM have
made it possible to deploy neural networks on phones, microcontrollers, and embedded
devices. More recently, WebLLM [Zeng et al., 2024] and Transformers.js [Hugging Face,
2024] demonstrate that full LLM inference can be run entirely in the browser using
WebGPU, enabling zero-server, privacy-preserving deployments that still achieve up to
80% of native GPU performance. Commercial vendors are also integrating small models
into browsers and operating systems; for example, Microsoft exposes its on-device Phi-4-
mini model via new Edge APIs for web apps [Microsoft Edge Team, 2025].

Despite this progress, structured-output reliability on edge devices remains underexplored.
Most edge-oriented work either benchmarks throughput and latency of generic chat
models or focuses on classification/regression tasks. There is little published work on
deploying task-specialized micro models that can reliably emit JSON or function-call
outputs on constrained devices such as Raspberry Pi, CPU-only laptops, or in-browser
environments. Our Maaza models are explicitly targeted at this regime: 135M and 360M



parameter models that can run comfortably on a single consumer GPU (and down-scaled to
CPU / browser) while producing high-fidelity structured outputs on EdgeJSON.

D. Fine-Tuning, Distillation, and Parameter-Efficient Adaptation

The idea that small, task-specific models can match or exceed the performance of larger
generic models traces back to early work on knowledge distillation [Hinton et al., 2015].
Subsequent research showed that distilled models like DistilBERT [Sanh et al,, 2019] and
TinyBERT [Jiao et al., 2020] could transfer the capabilities of large pretrained models to
much smaller students, often with minimal performance loss on downstream tasks.
Quantization and pruning further reduce model footprint, as in Han et al.’s “Deep
Compression” techniques [Han et al., 2015] and the quantization method of Jacob et

al. [2018], which inspired 8-bit and 4-bit LLM runtimes.

In the LLM era, parameter-efficient fine-tuning (PEFT) has emerged as the standard way to
adapt large models to new tasks without updating all weights. LoRA [Hu et al., 2021] injects
low-rank adapters into attention and MLP layers, while QLoRA [Dettmers et al., 2023]
combines 4-bit quantization with LoRA to enable full-model adaptation on single GPUs.
These methods have been widely adopted for domain adaptation, instruction tuning, and
tool-use specialization, demonstrating that even a relatively small amount of high-quality
task data can yield large performance gains.

However, most empirical studies focus on large teacher models (7B-70B) and
comparatively large students (1B-7B). There is limited work on fine-tuning micro-scale
models (<500M) specifically for structured extraction. Existing technical reports (e.g,,
Qwen2.5 [Yang et al., 2024], Phi-3 [Abdin et al,, 2024], Gemma 2 [Gemma Team, 2024])
show that instruction tuning improves general downstream performance, but do not
quantify JSONExact or schema compliance.

Our results extend this line of work by showing that LoRA fine-tuning of a 135M model on
only 629 labeled examples yields a 13x improvement in JSONExact (1.9% — 24.7%) on
EdgeJSON, and that this fine-tuned 135M model (Maaza-MLM-135M) outperforms a zero-
shot 500M model (Qwen2.5-0.5B) on the same benchmark (24.7% vs. 14.6%). At 360M
parameters, Maaza-SLM-360M further achieves 55.1% JSONExact and 0.78 field F1, 3.8x
better than zero-shot Qwen2.5-0.5B on JSONExact. These findings empirically support the
claim that, for structured tasks under tight hardware constraints, task specialization via
fine-tuning can be more effective than blindly scaling parameters.

3. The EdgeJSON Benchmark

To systematically evaluate structured data extraction capabilities of small language models,
we introduce Edge]SON v3, a benchmark specifically designed for edge Al deployment
scenarios. Unlike existing benchmarks that focus on reasoning (MMLU, GSM8K) or general
language understanding (HellaSwag), Edge]SON measures models’ ability to produce valid,
schema-compliant JSON output from natural language prompts.








































































