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Abstract
Large language models (LLMs) have transformed how AI products are built, but their size, cost, and cloud
dependency make them impractical in many production environments. Small language models (SLMs) address
these constraints, yet training them typically requires large labeled datasets that are expensive to produce.
We present an automated platform that turns a natural-language task description and as few as 10–50 labeled
examples into a production-ready SLM expert agent. Our approach uses a teacher LLM to generate synthetic
training data, applies a cascade of rule-based validators to curate that data, and fine-tunes a compact student
model via knowledge distillation. To ensure diversity in the generated data, we model controllable properties
of examples as latent variables within a Bayesian framework, sampling from a posterior informed by seed data
before conditioning generation. Across two teacher-student pairings evaluated on 10 datasets, distilled 3–4B
parameter students consistently match or exceed 70–120B parameter teachers while being 20–30× smaller.
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1. Introduction

Large language models have become the default building block for AI-powered products. However,
deploying LLMs in production comes with significant constraints. In industries such as defense,
cybersecurity, fintech, and robotics, data often cannot leave the organization’s perimeter. Latency
budgets are tight, compute is limited, and inference costs at scale can be prohibitive. Small language
models solve all of these problems: they can run on private infrastructure, respond in milliseconds,
and cost a fraction of cloud LLM inference. The challenge is that off-the-shelf SLMs rarely meet the
accuracy bar required for production use.

Fine-tuning can close this gap, but conventional approaches require thousands of labeled examples,
which are expensive and time-consuming to produce. In many enterprise settings, domain experts can
provide a task description and a handful of representative examples, but not a full training corpus.

We present a platform that bridges this gap by automating the entire pipeline from minimal inputs to
a deployed expert agent. Given a plain-English task description and 10–50 seed examples, our system
(1) generates diverse synthetic training data using a teacher LLM, (2) curates that data through a cascade
of rule-based validators, and (3) fine-tunes a compact student model on the resulting dataset. The
key technical contribution is a controlled data generation strategy that models properties of examples
as latent variables sampled before generation, preventing the repetitive outputs that plague naive
LLM-based data augmentation.

We evaluate on 10 datasets across five task families and two teacher-student pairings (LLaMA 3.3
70B to LLaMA 3.2 3B, and GPT-OSS-120B to Qwen3-4B). The distilled students consistently match or
exceed their teachers while being 20–30× smaller, suggesting that the approach generalizes well across
common enterprise use cases.
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2. Method

2.1. Problem Setup and Inputs

The distillation pipeline requires three inputs:

• Task description: A plain-English definition of the task, including the expected input/output
format and domain-specific constraints. An existing LLM prompt serves as a good starting point.

• Seed dataset: 10–50 pairs of (input, output) examples that define the target behavior. This is
orders of magnitude less than conventional fine-tuning requires.

• Additional context (optional): Unstructured domain documents, logs, or industry literature that
guide the teacher toward the correct problem space during data generation.

2.2. Synthetic Data Generation

The core challenge in synthetic data generation is producing examples that are both diverse and realistic.
A naive approach of prompting an LLM to “generate more examples like these” tends toward repetitive,
modal outputs. We address this by treating data generation as a structured sampling problem: we model
controllable properties of examples as latent variables, update their distribution based on seed data, and
sample from the resulting posterior before conditioning generation.

Controllable properties. We represent each controllable aspect of the data as a component of a
latent vector 𝜃. These properties define the “shape” of each example before it is generated. Table 1 lists
the controllable properties used in the generation process.

Table 1
Controllable properties used to guide synthetic data generation.

Property Description Example values

Length Target text length short, medium, long
Topic Subject matter or domain area billing inquiry, tech. support
Difficulty Complexity of the task instance simple, moderate, complex
Target class Which class or tool to generate (task-specific)

Three-step generation process. We treat synthetic data generation as a probabilistic inference
problem with the following three steps:

Step 1: Prior distribution 𝑝(𝜃). We begin with a broad prior distribution over all controllable properties.
This prior represents initial beliefs about what kinds of examples are plausible before observing any
seed data, and constitutes a hyperparameter of the method.

Step 2: Posterior update 𝑝(𝜃 ∣ 𝐷). When we observe the small seed dataset 𝐷, we extract the values for
all properties in 𝜃 from each example using an LLM and update the prior:

𝑝(𝜃 ∣ 𝐷) ∝ 𝑝(𝐷 ∣ 𝜃) 𝑝(𝜃) (1)

This posterior captures which property combinations are both realistic and representative given the
observed seeds.
Step 3: Conditional generation. For each synthetic example, we first sample properties 𝜃(𝑗) from the

posterior 𝑝(𝜃 ∣ 𝐷), then convert the sampled values into natural-language mutation instructions (e.g.,
“moderate” complexity becomes “The generated example should be of moderate complexity”), and
finally prompt the teacher LLM with the task description, a few randomly selected seed examples, and
the mutation instructions. The teacher generates a new example x(𝑗) conditioned on all three inputs:

x(𝑗) ∼ 𝑝(x ∣ 𝜃(𝑗)) (2)



By conditioning generation on samples from 𝑝(𝜃 ∣ 𝐷), we ensure synthetic examples remain faithful
to the distributional characteristics observed in the seeds without over-indexing on those examples,
because of the broader prior. Based on benchmarking, we currently default to using complexity as the
primary controllable property, as we found that adding more mutation dimensions can degrade results
in some cases.

Task-specific adaptations. While the core framework remains consistent across tasks, each task
type requires specific adaptations:

• Classification: The target class is used as a controllable property. For each generation, we sample
seed examples for both the target class and non-target classes, helping the model understand
class boundaries.

• Open-book QA: Components are sampled from a user-provided knowledge database, and the
teacher generates (context, question, answer) triplets grounded in that context.

• Closed-book QA: Generation mirrors open-book QA, but the context is removed after generation,
leaving only (question, answer) tuples. This forces the student to internalize knowledge during
fine-tuning.

• Tool calling: The target tool is used as a controllable property. The teacher generates examples
conditioned on the full tool catalog, with seed examples for both target and non-target tools.

• Information extraction: A two-phase approach first generates diverse synthetic contexts, then
produces extraction pairs (input text to structured output) for each context.

Generation volume. We target approximately 10,000 synthetic examples per task. Benchmarking
across generation volumes (5k, 10k, 15k) showed 10k offers better results than 5k and comparable results
to 15k, making it the optimal time-quality tradeoff.

2.3. Data Validation

Generated data is not always high-quality. Following the approach discussed in Self-Instruct [1], we
apply a cascade of rule-based validators to filter synthetic examples before they enter the training set.
Examples that pass all validators are appended to the curated dataset; examples that fail any validator
are discarded.

Length validation. Examples too short or too long relative to the seed distribution are rejected. We
compute length statistics from the seeds and reject examples outside an acceptable range (below the
5th or above the 95th percentile of seed lengths).

Format validation. Examples starting with non-alphanumeric characters are rejected as likely
malformed. This catches common failure modes such as leading punctuation, markdown formatting
tokens, or special characters.

Similarity validation. We reject examples that are either too similar to existing data (near-duplicates)
or too dissimilar (off-distribution). For each generated example x, we compute a novelty score:

𝜑(x) = max
𝑖

ROUGE-L(x, a𝑖) (3)

where anchors 𝐴 = seeds ∪ previously accepted synthetic examples. We enforce a novelty window
𝜏min ≤ 𝜑(x) ≤ 𝜏max, where examples with 𝜑(x) > 𝜏max are rejected as near-duplicates and examples
with 𝜑(x) < 𝜏min are rejected as off-distribution. Default thresholds are 𝜏max = 0.9 and 𝜏min = 0.1. The
anchor set grows as examples are accepted, so later generations are compared against all previously
validated data.



Schema validation. For tasks with structured outputs, we validate that generated outputs conform
to the expected schema, checking for correct types, required fields, enum constraints, and unexpected
keys. This is particularly important for information extraction and tool calling tasks.

2.4. Model Training

Using the curated dataset (seed + validated synthetic), we specialize the student model using supervised
fine-tuning (SFT) with LoRA [2] for parameter efficiency. For classification, we treat the problem as
text generation: the model receives the input text and learns to generate the class name as output,
leveraging the model’s pre-trained understanding of class concepts.

Training uses a standardized configuration across tasks: 4 epochs, learning rate 5 × 10−5, LoRA rank
64, LoRA alpha 64, targeting the q_proj and v_proj modules. These defaults were tuned via grid search
across all benchmark tasks.

3. Experiments

3.1. Setup

Baselines. We compare four reference points under the same preprocessing, seed split, and evaluation
harness:

• Teacher (reference): The teacher LLM evaluated with a fixed prompt and 𝑘-shot examples drawn
only from the training split.

• Trained Student (ours): The student model trained on seed + curated synthetic data.
• Seed Student: The student model trained only on the initial seed set, without synthetic data
augmentation.

• Base Student (lower bound): The student model prompted with the task description but no
fine-tuning.

Task families. We evaluate across five task families to reflect common enterprise patterns: (1) classi-
fication, where input text is assigned to fixed categories (TREC, Banking77, Ecommerce, Mental Health);
(2) information extraction, where structured objects are extracted from unstructured text (PII Redaction,
Documentation); (3) open-book QA, where questions are answered given retrieved documents (Hot-
potQA, Roman Empire QA); (4) tool calling, where the model selects and parameterizes function calls
(Pizza Tool Calling, Git Tool Calling); and (5) closed-book QA, where knowledge is embedded directly
into the model during training (SQuAD 2.0).

Metrics. Classification tasks use accuracy. Information extraction, open-book QA, and closed-book
QA use a binary LLM-as-a-Judge score. Tool calling tasks use exact-match comparison of predicted and
target function calls converted to Python dicts. All results are averaged over 3 runs; standard deviations
are reported where ≥ 0.005.

Model pairings. We report two benchmark sets: (1) LLaMA 3.3 70B teacher with LLaMA 3.2 3B
student (∼23× compression), and (2) GPT-OSS-120B teacher with Qwen3-4B-Instruct-2507 student
(∼30× compression).

3.2. Results

Benchmark 1: LLaMA 3.3 70B teacher, LLaMA 3.2 3B student. Results are shown in Table 2.
The distilled 3B student matches or exceeds the 70B teacher on 9 of 10 benchmarks. The only

exception is Banking77, where the student (0.895) sits within one standard deviation of the teacher
(0.91). The largest gains appear in tool calling, where the trained student exceeds the teacher by 20
points on Pizza Tool Calling and 14 points on Git Tool Calling.



Table 2
Benchmark 1 results. Teacher: LLaMA 3.3 70B; Student: LLaMA 3.2 3B. Bold indicates best score per
row. All values averaged over 3 runs. NA indicates the baseline was not applicable for that task.

Dataset Task Type Teacher (↑) Trained Student (↑) Base Student (↑) Seed Student (↑)

Ecommerce Classification 0.905 0.91 ± 0.01 NA 0.88
TREC Classification 0.85 0.92 ± 0.005 NA 0.81
Mental Health Classification 0.82 0.85 ± 0.01 NA 0.80
Banking77 Classification 0.91 0.895 ± 0.02 NA 0.76
PII Redaction Info Extraction 0.85 ± 0.02 0.87 ± 0.01 0.54 ± 0.03 0.73 ± 0.01
HotpotQA Open-book QA 0.93 ± 0.01 0.95 ± 0.01 0.80 ± 0.01 0.85
Roman Empire QA Open-book QA 0.98 ± 0.01 0.99 ± 0.01 0.91 ± 0.02 0.93 ± 0.01
Pizza Tool Call. Tool Calling 0.50 ± 0.04 0.70 ± 0.03 0.00 0.21 ± 0.01
Git Tool Call. Tool Calling 0.81 ± 0.03 0.95 ± 0.01 0.03 ± 0.01 –
SQuAD 2.0 Closed-book QA 0.57 ± 0.04 0.64 ± 0.03 0.43 ± 0.04 NA

Benchmark 2: GPT-OSS-120B teacher, Qwen3-4B-Instruct-2507 student. Results are shown in
Table 3.

Table 3
Benchmark 2 results. Teacher: GPT-OSS-120B; Student: Qwen3-4B-Instruct-2507. Bold indicates best
score per row.

Benchmark Task Type Teacher (↑) Trained Student (↑) Base Student (↑) Δ

TREC Classification 0.89 0.93 0.51 +0.03
Banking77 Classification 0.92 0.89 0.87 −0.03
Docs Info Extraction 0.82 0.84 0.64 +0.02
Ecommerce Classification 0.88 0.90 0.75 +0.03
HotpotQA Open-book QA 0.93 0.93 0.88 +0.00
Mental Health Classification 0.81 0.82 0.78 +0.01
Roman Empire QA Open-book QA 0.75 0.80 0.65 +0.05
SQuAD 2.0 Closed-book QA 0.52 0.71 0.26 +0.19

The 4B student matches or exceeds the 120B teacher on 7 of 8 benchmarks, with Banking77 again
the only exception at 3 points below the teacher. The most dramatic improvement is on SQuAD 2.0,
where the student exceeds the teacher by 19 points, demonstrating how fine-tuning embeds domain
knowledge more effectively than prompting for closed-book QA tasks.

3.3. Discussion

Several patterns emerge consistently across both benchmark sets.

Synthetic data generation is essential. The gap between the Seed Student and the Trained Student
is large across all tasks, often exceeding 10 points. This confirms that the synthetic data pipeline
provides signal far beyond what the seed examples alone can offer.

Prompt engineering is not enough. The Base Student, which uses only the task description without
fine-tuning, performs far below the Trained Student across all tasks. This is especially pronounced in
tool calling, where the Base Student scores near zero.

Students can outperform teachers. This counterintuitive result has two sources. First, the val-
idation pipeline filters out the teacher’s mistakes, so the student trains only on the teacher’s best
outputs. Second, task specialization allows the smaller model to allocate all its capacity to a single



domain, while the teacher is a general-purpose model spreading its capacity across many tasks. This is
analogous to LLM self-improvement techniques, where filtered self-generated data improves model
performance [1, 3, 4].

The approach generalizes acrossmodel families and tasks. Consistent results across both LLaMA
and Qwen student models, paired with different teachers, and across five distinct task families, suggest
the method is not specific to a particular model architecture or task type.

4. Related Work

Knowledge distillation. The foundational framework for transferring knowledge from large to
small models was introduced by Hinton et al. [5]. DistilBERT [6] demonstrated practical transformer
distillation, achieving 40% size reduction while retaining 97% of BERT’s capability. MiniLLM [7]
introduced reverse KL divergence for generative LLM distillation, addressing the problem of students
overestimating low-probability teacher regions. Orca [8] pioneered “explanation tuning,” training
smaller models on rich reasoning traces from GPT-4, with Orca-13B reaching ChatGPT parity on several
benchmarks. Hsieh et al. [9] showed that a 770M T5 model could outperform 540B PaLM few-shot by
distilling both labels and rationales, using only 0.1% of standard fine-tuning data. Our work extends
this line by generating the transfer dataset synthetically rather than requiring a large labeled corpus.

Synthetic data for training small models. Self-Instruct [1] pioneered bootstrapping instruction
data from 175 seed tasks to 52K+ examples, establishing that models can effectively generate their
own training data. Alpaca [10] demonstrated practical implementation, fine-tuning LLaMA-7B on 52K
GPT-generated instructions at minimal cost. WizardLM [11] introduced Evol-Instruct for iteratively
increasing example complexity. The Phi series [12, 13] challenged scaling assumptions by showing that
curated synthetic “textbook-quality” data enables capabilities typically requiring 10× more parameters;
Phi-1 (1.3B) achieved 50.6% on HumanEval using only 7B tokens. LIMA [14] and DEITA [15] further
established that quality dramatically trumps quantity, with LIMA achieving GPT-4 preference parity
using only 1,000 curated examples and DEITA reaching state-of-the-art with 6K samples. Our contri-
bution differs in the explicit modeling of data properties as controllable variables within a Bayesian
framework to ensure diversity, applied specifically to task-specific expert agents.

Model self-improvement and evaluation. Constitutional AI [16] established reinforcement learn-
ing from AI feedback, eliminating human labeling by using AI-generated preference labels. Zheng
et al. [17] systematically validated LLM-as-a-Judge evaluation, showing GPT-4 achieves over 80%
agreement with human preferences. STaR [3] introduced iterative rationale bootstrapping, achieving
performance comparable to 30× larger models. DeepSeek-R1 [4] demonstrated that reasoning abilities
emerge through pure RL with verifiable binary rewards, with distilled versions at 1.5B–70B parameters
retaining strong performance. We use LLM-as-a-Judge for evaluation and plan to incorporate verifiable
reward signals in future training stages.

Parameter-efficient fine-tuning. LoRA [2] provides parameter-efficient fine-tuning by training
low-rank adapter matrices. We use LoRA throughout our pipeline, finding that rank 64 matches full
fine-tuning quality for models in the 3B–8B range while significantly reducing memory requirements.
Zephyr [18] demonstrated that alignment itself can be distilled, combining distilled SFT with distilled
DPO to surpass LLaMA 2-Chat-70B on MT-Bench with just hours of training.

5. Conclusion

We have presented an automated platform for training small language model expert agents from
minimal labeled data. By combining controlled synthetic data generation, cascaded data validation,



and parameter-efficient fine-tuning, we consistently produce 3–4B parameter models that match or
exceed the accuracy of 70–120B parameter teachers across five task families and 10+ benchmarks. The
approach requires only 10–50 seed examples and produces deployment-ready models in hours, making
LLM-level accuracy accessible in environments where cost, latency, privacy, or compute constraints
rule out cloud-based LLMs.

6. Declaration on Generative AI

During the preparation of this work, the author used Anthropic Claude Sonnet (claude.ai) to apply
grammar and spelling checks, paraphrase and reword. After using this tool/service, the author(s)
reviewed and edited the content as needed and take(s) full responsibility for the publication’s content.
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