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Abstract

Domain-specific Named Entity Recognition
(NER) often requires data augmentation due
to the scarcity of annotated corpora. Guidance
Data Augmentation (GDA), a method utilizing
Large Language Models (LLMs) to decompose
sentences into abstract components, can lead to
over-abstraction, resulting in undefined entity
tags and sentences lacking domain-specific vo-
cabulary. In this work, we propose Reflective
GDA (R-GDA), a framework that introduces a
multi-agent feedback loop to enhance augmen-
tation quality. R-GDA incorporates two dis-
tinct agents: a Guidance Refiner (GR), which
assesses the initial abstraction to prevent over-
generalization, and an Augmentation Calibra-
tor (AC), which validates the final generated
sample for domain-fidelity and tag integrity.
On the SciERC and NCBI-disease datasets,
R-GDA improves F1-Score, validating its ef-
fectiveness. Concurrently, it achieves low
BERTScore in most cases, indicating greater
sentence diversity. For the FIN dataset, it
achieves performance comparable to the GDA
baseline. R-GDA consistently prevents errors
regarding domain-specific tags, demonstrat-
ing that the reflective feedback mechanism en-
hances data fidelity by mitigating critical gen-
eration errors.

1 Introduction

In specialized domains such as healthcare and fi-
nance, accurate identification of domain-specific
vocabulary and terminology is crucial for reliable
information extraction (Durango et al., 2023; Ah-
mad et al., 2023; Kocaman and Talby, 2022, 2021).
Healthcare systems require precise recognition of
medical entities including disease names, drug
compounds, and clinical procedures from unstruc-
tured clinical notes (Liu et al., 2024; Luo et al.,
2018), while financial institutions depend on accu-
rate identification of specialized financial terms for
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Figure 1: Comparison between data augmentation us-
ing LLM, Guidance LLM-based data augmentation and
reflective-guidance LLM data augmentation

compliance and risk assessment (Alvarado et al.,
2015). Named Entity Recognition (NER) becomes
particularly challenging in these specialized do-
mains where standard vocabularies are insufficient
and domain-specific entities exhibit unique linguis-
tic patterns.

Recent advances in Large Language Models
(LLMs) have prompted investigations of their ap-
plication for domain-specific NER tasks, yet stud-
ies reveal substantial limitations (Hu et al., 2024).
LLMs exhibit difficulties in recognizing domain-
specific entities due to limited exposure to spe-
cialized terminologies during pre-training, result-
ing in contextual misunderstandings and bound-
ary detection errors (Hu et al., 2024). Developing
domain-specific NER systems faces critical chal-
lenges including the scarcity of high-quality an-
notated corpora, which demand expert knowledge
and substantial resources (Durango et al., 2023).
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To address these data scarcity issues, researchers
have increasingly explored LLM-based data aug-
mentation approaches. LLM-based augmentation
methods such as AugGPT have demonstrated effec-
tiveness in few-shot scenarios (Dai et al., 2025;
Zhang et al., 2024). Recently, Guidance Data
Augmentation (GDA) introduced a promising ap-
proach that decomposes sentences into abstracted
context, structure, and entity roles to generate var-
ied sentences while maintaining context-entity re-
lationships (Kang et al., 2024). However, existing
GDA methods suffer from over-abstraction issues
where domain-specific characteristics are lost dur-
ing the abstraction process, resulting in undefined
entity tags and generic sentences lacking special-
ized vocabulary. When domain-specific entities
are abstractly generalized, the regeneration pro-
cess may produce semantically irrelevant tokens or
assign incorrect entity boundaries, compromising
augmented training data quality.

This study proposes Reflective Guidance Data
Augmentation (R-GDA), an iterative multi-agent
framework that addresses these limitations through
specialized feedback mechanisms. Building on
GDA’s theoretical foundation (Kang et al., 2024),
our approach introduces two complementary agents
that operate in feedback loops to ensure both
abstraction quality and augmentation fidelity for
domain-specific NER training. As illustrated in Fig-
ure 1, R-GDA extends the traditional GDA pipeline
by incorporating reflective evaluation and refine-
ment stages that systematically improve augmenta-
tion quality. Our framework comprises:

• Guidance Refiner (GR): Prevents over-
generalization during abstraction by evaluat-
ing context quality, keyword detection, struc-
tural relationships, entity role clarity, and
token-entity mapping accuracy using a sys-
tematic scoring framework.

• Augmentation Calibrator (AC): Validates
domain suitability of generated sentences
through comprehensive assessment of domain
alignment, semantic consistency, entity role
integrity, and tag format validation.

Through iterative refinement, each agent per-
forms multiple evaluation rounds until achieving
target thresholds or providing specific improvement
guidance for progressive quality enhancement. Un-
like the linear data flow in naive DA and standard
GDA approaches shown in Figure 1a and Figure 1b,

our R-GDA framework (Figure 1c) establishes a
feedback loop mechanism that ensures quality con-
trol at each augmentation stage. We demonstrate
three key contributions: (i) maintaining domain-
specific semantic consistency while ensuring struc-
tural diversity; (ii) generating high-quality aug-
mented data that preserves specialized vocabulary
and entity patterns; and (iii) establishing a quantita-
tive multi-agent quality assurance framework that
systematically validates domain suitability through
comprehensive evaluation criteria.

Our comprehensive experiments on three
domain-specific NER datasets validate the R-GDA
framework. Results show R-GDA outperforms
the standard GDA baseline, improving the F1-
score by up to 0.0396 while simultaneously gen-
erating higher-quality data, as evidenced by low
BERTScores in most cases. Ablation studies con-
firm that both the GR and AC agents are crucial
to this success. The framework also shows reli-
ability and effectiveness in low-resource settings,
demonstrating its practical utility.

2 Related Works

This research is grounded in three key areas: LLM-
based data augmentation techniques, data abstrac-
tion methods for enhanced reasoning, and LLMs
as evaluators of generated content. We review the
relevant literature in each area, highlighting the
foundations upon which our approach builds.

2.1 LLM-based Data Augmentation

Large language models have been leveraged to
generate synthetic training data, reducing reliance
on human annotation. Self-Instruct introduced
a pipeline where an LLM produces its own
instruction-output pairs for self-fine-tuning, achiev-
ing near state-of-the-art instruction-following per-
formance (Wang et al., 2023). Building on
this, WizardLM employed Evol-Instruct to itera-
tively rewrite seed instructions into more complex
queries, automatically creating diverse datasets (Xu
et al., 2024). Models fine-tuned on such LLM-
generated data demonstrate performance compet-
itive with human-curated instructions, validating
the effectiveness of LLM-based augmentation.

2.2 Data Abstraction for Reasoning

In complex reasoning tasks, encouraging LLMs to
abstract problems before solving them improves
accuracy. Step-Back prompting guides models to
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Figure 2: Illustration of prompt flows for guidance data augmentation in NER tasks using feedback agents.

first derive high-level concepts from input ques-
tions, then use these abstractions to inform step-
by-step reasoning (Zheng et al., 2023). By focus-
ing on sentence-level abstraction and defining the
reasoning scope, the model reduces errors from
overly detailed chains-of-thought. Empirical re-
sults show that PaLM-2 with Step-Back prompting
achieves substantial accuracy gains on physics and
timeline reasoning tasks, highlighting abstraction’s
role in enabling interpretable and effective problem-
solving.

2.3 LLMs as Evaluators

Recent work explores using LLMs to evaluate or
critique generated content in place of human judges.
Reinforcement Learning from AI Feedback (RLAIF)
uses LLMs as reward providers, achieving per-
formance on par with RLHF (Lee et al., 2023).
Similarly, Constitutional AI employs principle-
guided LLMs to automatically judge and refine
responses (Bai et al., 2022). Beyond training-time
feedback, LLMs serve as metrics for text genera-
tion quality—GPTScore evaluates text by prompt-
ing models to rate along desired criteria (Fu et al.,
2024), while G-EVAL uses GPT-4 with chain-of-
thought rubrics, showing higher correlation with
human judgments than traditional metrics (Liu
et al., 2023). These approaches illustrate the grow-
ing trend of using LLMs to audit and improve the
outputs of other LLMs.

Using insights from these earlier studies, our ap-
proach addresses the limitations of over-abstraction
in existing GDA methods by incorporating multi-
agent feedback mechanisms that systematically re-
fine and validate both the abstraction quality and
the augmented samples.

3 Reflective Guidance Data Augmentation
with Multi-Agent Feedback

In this study, we propose an R-GDA framework
that addresses the limitations of over-abstraction
of existing GDA approaches through a system-
atic multi-agent feedback mechanism. As illus-
trated in Figure 2, the workflow begins with the
Seed Data Generator module, which samples la-
beled seed instances from the training data and
produces the initial augmented candidates. These
candidates are subsequently refined through three
core components: (1) Guidance Refiner, which
evaluates and refines abstraction quality to prevent
over-generalization while preserving domain char-
acteristics, (2) Augmentation Calibrator, which val-
idates the domain suitability and entity integrity of
generated augmented samples, and (3) Iterative
Refinement Loop, which coordinates both agents
through multiple evaluation rounds to ensure pro-
gressive quality enhancement.

3.1 Guidance Refiner (GR)

The Guidance Refiner (GR) prevents over-
abstraction during the process by evaluating guid-
ance quality across multiple dimensions. In prac-
tice, this issue manifests as excessive generaliza-
tion of domain-specific terminology and the genera-
tion of entity types outside the defined schema—for
instance, producing hallucinated labels such as AR-
TICLE or STATUS instead of the target NER tags
(e.g., PER, LOC, ORG, and MISC). Such errors
directly degrade the utility of augmented data for
downstream NER models. In our framework, guid-
ance corresponds to "summarizing" and "structur-
ing" the input sentence with respect to the required
NER entity types and domain-specific information.
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To align with this goal of summarization and struc-
turing, we draw on text summarization evaluation
methodologies (Isonuma et al., 2021; Lindemann
et al., 2023) and comprehensive quality assessment
frameworks (Güney et al., 2024), the GR ensures
that abstracted information maintains domain speci-
ficity while providing clear, schema-adherent aug-
mentation directions.

The evaluation is based on a 100-point scoring
rubric with weights empirically derived to prioritize
key aspects of abstraction quality for NER. The
detailed evaluation criteria for the GR are presented
in Figure 8 in the appendix.

3.2 Augmentation Calibrator (AC)
The Augmentation Calibrator (AC) validates do-
main suitability and entity integrity of generated
samples. Based on semantic consistency evalua-
tion principles from summarization research and
text quality assessment frameworks (Güney et al.,
2024), the AC evaluates whether the augmented
sentence preserves the roles that entities play in
the sentence, the overall sentence structure, the
contextual information needed for domain-specific
interpretation, the use of specialized vocabulary,
adherence to the target NER tagging requirements,
and sufficient lexical and structural diversity.

Similar to the GR, the validation uses a 100-
point scoring system with empirically calibrated
weights to prioritize domain content preservation
and semantic integrity. The complete rubric for
the AC is shown in Figure 9 in the appendix. The
full prompts for each generation step (Seed, Guid-
ance, and GDA Composer) are also available in
Appendix A.

3.3 Iterative Refinement Loop
The iterative refinement mechanism, as formalized
in Algorithm 1, coordinates both GR and AC agents
through systematic evaluation rounds, ensuring pro-
gressive quality enhancement until the target thresh-
olds are achieved or maximum iteration limits are
reached. This process prevents infinite loops while
maintaining quality standards through structured
feedback incorporation.

As detailed in Algorithm 1, the refinement pro-
cess begins with initial input evaluation using the
specified agent type (GR for guidance refinement or
AC for augmentation calibration). Each evaluation
round generates both a numerical score (0–100)
and detailed textual feedback identifying specific
improvement areas. The loop terminates when the

Algorithm 1: Iterative Refinement Loop
Require :input: Initial guidance or

augmented data
Require :type: GR (Guidance Refiner) or

AC (Augmentation Calibrator)
Ensure :Refined output after up to 3

rounds or if score ≥ 90

1 output← input;
2 score← 0 ; // Initialize score to

enter the loop
3 round← 0;
4 repeat
5 round← round+ 1;
6 (score, feedback)←

EVALUATE(output, type);
7 if score < 90 and round < 3 then
8 output←

REFINE(output, feedback);
9 end

10 until score ≥ 90 or round = 3;
11 return output;

score reaches a target threshold or a maximum num-
ber of rounds is completed.

The termination conditions balance quality as-
surance with computational efficiency: the process
concludes when either the target quality threshold
(90 points) is achieved or the maximum iteration
limit (3 rounds) is reached. In our pilot experi-
ments, we evaluated performance across various
thresholds (85, 90, and 95). Lowering the threshold
to 85 reduced refinement rounds but led to a higher
tag error rate and degraded downstream NER per-
formance. Conversely, a threshold of 95 or higher
frequently resulted in samples failing to reach the
target within the three-round limit, incurring un-
necessary API costs without yielding proportional
performance gains. Based on these observations,
we established 90 as the optimal threshold to bal-
ance augmentation quality, computational cost, and
tagging integrity.

The iterative mechanism enables cumulative
quality improvements through multiple refinement
cycles, where each round builds upon previous
feedback to address residual quality issues. This
progressive enhancement approach is particularly
crucial for domain-specific NER tasks, where main-
taining the balance between abstraction generality
and domain specificity requires careful calibration
across multiple evaluation perspectives.
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4 Experimental Setup

In this section, we outline the experimental setup
designed to evaluate the effectiveness of the R-
GDA framework in domain-specific NER data aug-
mentation.

4.1 Datasets

The dataset configuration for training and evaluat-
ing the proposed R-GDA framework was designed
following the experimental protocol established in
the original GDA study (Kang et al., 2024), ensur-
ing direct comparability with baseline methods. In
selecting datasets for our experiments, we focused
on data from specialized domains characterized
by the specificity and expertise required in their
entities, necessitating specialized knowledge for
effective data augmentation.

We utilized three datasets representing distinct
specialized domains: SciERC (Luan et al., 2018),
NCBI-disease (Doğan et al., 2014), and FIN (Sali-
nas Alvarado et al., 2015). These domains are char-
acterized by the expertise and specialized knowl-
edge required for their entities, which is also nec-
essary for effective Data Augmentation (DA). To
ensure experimental consistency with the baseline
GDA approach (Kang et al., 2024), we maintained
identical dataset configurations and augmentation
ratios across all experiments.

For each dataset, we randomly extracted 200
seed data instances from the original training set
to serve as the foundation for data augmentation.
Following the established protocol (Kang et al.,
2024), we performed data augmentation to generate
600 additional samples, resulting in a total training
dataset of 800 instances per domain. This 1:3 ratio
of seed data to augmented data was consistently
applied across all three datasets (SciERC, NCBI-
disease, and FIN) to ensure fair comparison and val-
idate the generalizability of our approach across dif-
ferent specialized domains. The augmented dataset
composition enables comprehensive evaluation of
how R-GDA performs under data-scarce conditions
typical of specialized domain applications.

4.2 Models

Data Augmentation LLMs Within our proposed
R-GDA framework, we employed three state-of-
the-art large language models to ensure compre-
hensive evaluation across different architectural ap-
proaches: GPT-4o (OpenAI, 2023), Gemini 2.5-
Flash (DeepMind, 2025), and Claude-3.7 Son-

net (Anthropic, 2025). All models were config-
ured with a temperature parameter set to the de-
fault value of 1.0 to maintain consistent generation
behavior across experiments. To prevent the influ-
ence of differences in language understanding and
ensure fair comparison, the same LLM version was
used for both abstraction and augmentation output
generation during the guidance data augmentation
process.

The selection of these three models represents
different paradigms in LLM architecture and train-
ing methodologies: GPT-4o represents the latest ad-
vancement in OpenAI’s GPT series with enhanced
multimodal capabilities, Gemini 2.5-Flash provides
Google’s optimized approach for efficient process-
ing, and Claude-3.7 Sonnet offers Anthropic’s con-
stitutional AI approach. This diverse model selec-
tion enables comprehensive validation of R-GDA’s
effectiveness across different LLM architectures
and training paradigms.

Evaluation Model for NER Task For the evalu-
ation phase, we utilized pre-trained language mod-
els, specifically BERT (Devlin et al., 2019) (bert-
base-uncased), following the evaluation protocol
established in the original GDA study (Kang et al.,
2024). A comparative study was conducted to an-
alyze the training effects of different DA methods
across the three specialized domain datasets. The
evaluation model was trained using a combination
of 200 seed data instances and 600 augmented sam-
ples generated through the respective DA methods,
maintaining consistent training conditions across
all experimental configurations.

Evaluation Metrics Performance evaluation em-
ploys a dual-metric approach to comprehensively
assess both the effectiveness and diversity of aug-
mented data: F1-score serves as the primary metric
for evaluating NER task performance. This metric
measures the model’s ability to correctly identify
and classify domain-specific entities when trained
on augmented data. A higher F1-score indicates
that the augmented data effectively captures the
essential patterns and characteristics needed for ac-
curate entity recognition, thus demonstrating the
quality of the augmentation method in preserving
task-relevant information. BERTScore evaluates
the augmented sentences themselves by measuring
their semantic similarity to the original seed data.
Unlike the F1-score which assesses downstream
task performance, BERTScore directly quantifies
the diversity of generated augmentations. Lower
BERTScore values indicate reduced similarity be-

4942



Model Method Config
F1-Score (↑) BERTScore (↓)

SciERC NCBI-disease FIN SciERC NCBI-disease FIN

- EDA - 0.5434 0.8062 0.7953 0.986 0.987 0.981

GPT-4o

Naïve DA - 0.5308 0.7697 0.8520 0.921 0.944 0.985
GDA - 0.5159 0.7875 0.8544 0.831 0.861 0.813

R-GDA GR+AC 0.5380 0.7889 0.8483 0.713 0.756 0.759
w/o AC 0.5212 0.7825 0.8131 0.790 0.801 0.768
w/o GR 0.5283 0.7736 0.8382 0.789 0.818 0.792

Gemini-2.5 Flash

Naïve DA - 0.5263 0.7727 0.8412 0.897 0.901 0.921
GDA - 0.5067 0.7921 0.8498 0.812 0.853 0.821

R-GDA GR+AC 0.5463 0.8182 0.8474 0.719 0.750 0.783
w/o AC 0.5294 0.8035 0.8387 0.821 0.815 0.832
w/o GR 0.5418 0.8112 0.8417 0.835 0.852 0.861

Claude-3.7 Sonnet

Naïve DA - 0.5217 0.7615 0.8313 0.910 0.924 0.945
GDA - 0.5103 0.7736 0.8335 0.831 0.860 0.803

R-GDA GR+AC 0.5321 0.7628 0.8320 0.817 0.756 0.814
w/o AC 0.5187 0.7612 0.8311 0.852 0.823 0.825
w/o GR 0.5160 0.7487 0.8209 0.876 0.855 0.827

Table 1: Performance comparison of different methods on three NER datasets with F1 and BERT scores. All
experiments were conducted three times with different random seeds, and we report the average scores. The highest
performance for each model is highlighted in underline, and the highest performance across all models is indicated
in bold.

tween augmented and seed sentences, signifying
higher linguistic diversity in the augmented dataset.
This diversity is crucial for training robust NER
models that can generalize beyond the limited pat-
terns present in the original seed data.

This dual-metric approach enables comprehen-
sive assessment of the quality-diversity trade-
off, where optimal augmentation methods should
achieve high F1-scores (maintaining task effective-
ness) while obtaining low BERTScores (ensuring
diverse training samples).

5 Experimental Results

In this section, we introduce the experiments de-
signed to validate the effectiveness of the R-GDA
framework in enhancing domain-specific NER data
augmentation quality. The objectives of our experi-
ments are as follows:

• Demonstrate the superiority of multi-agent
feedback by comparing R-GDA performance
against baseline GDA and Naïve DA methods
across three specialized domain datasets.

• Evaluate the individual contributions of GR
and AC agents through ablation studies to ver-
ify the effectiveness of each component.

• Analyze the augmentation quality improve-
ments by measuring both task performance
(F1-score) and diversity metrics (BERTScore)
across different LLM architectures.

• Investigate the relationship between seed data
size and augmentation effectiveness to vali-
date the reliability of the proposed framework
under varying data scarcity conditions.

5.1 Performance Comparison Across Methods
and Models

To evaluate the R-GDA framework’s capacity for
quality data augmentation, it is essential to com-
pare our proposed method against established base-
lines, ranging from the rule-based EDA(Wei and
Zou, 2019) to LLM architectures, across multiple
domain-specific datasets. As shown in Table 1,
the R-GDA method with both GR and AC agents
demonstrates strong performance in generating di-
verse yet domain-accurate augmented samples. We
further verify the robustness of the gains in Table 1
using paired bootstrap significance tests; details
are provided in Appendix B. The complete R-GDA
framework achieved lower BERTScores in most
configurations, indicating the highest augmenta-
tion diversity while maintaining domain specificity.
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Figure 3: Performance Comparison: GDA vs R-GDA across different seed data sizes.

Notably, R-GDA with Gemini-2.5 Flash achieved
the highest F1-scores of 0.5463 on SciERC and
0.8182 on NCBI-disease datasets, outperforming
baseline methods.

Across all tested models (GPT-4o, Gemini-2.5
Flash, and Claude-3.7 Sonnet), R-GDA showed
improved or competitive performance compared
to the baseline GDA method in most experiments.
The ablation studies reveal that both GR and AC
agents contribute meaningfully to the overall per-
formance: configurations without AC (w/o AC)
and without GR (w/o GR) consistently showed de-
graded performance compared to the complete R-
GDA framework, confirming the necessity of both
feedback mechanisms for optimal augmentation
quality.

5.2 Augmentation Quality Analysis with
Varying Data Ratios

The proposed R-GDA method was assessed by
measuring performance improvements under dif-
ferent seed data size configurations compared to
the baseline GDA approach. As shown in Figure 3,
R-GDA demonstrates noticeable performance im-
provements when augmented data constitutes a
higher proportion of the training set. Across all
three datasets (SciERC, NCBI-disease, and FIN),
the R-GDA method exhibited more gradual and
stable performance improvements as seed data size
increased, indicating that the augmented data gener-
ated by R-GDA maintains higher quality compared
to GDA.

This result suggests that our proposed method
generates higher-quality augmented data compared
to baseline approaches. The consistent perfor-
mance curves across different seed data ratios
demonstrate that R-GDA produces high-quality

augmented samples that effectively complement
the original training data. When augmented data
comprises a larger portion of the training set, R-
GDA’s advantage becomes more pronounced, vali-
dating the framework’s effectiveness in generating
domain-appropriate samples that preserve special-
ized vocabulary and entity patterns while ensur-
ing structural diversity necessary for robust model
training.

5.3 Qualitative Analysis of Augmentation
Quality

To further understand the performance improve-
ments demonstrated by R-GDA, we conducted a
qualitative analysis of the augmented samples gen-
erated by different methods. Table 2 illustrates a
representative example from the SciERC dataset,
revealing critical differences in tagging quality be-
tween GDA and R-GDA approaches. Additional
examples from the NCBI-disease and FIN datasets,
which show similar patterns of tag hallucination
by GDA and its prevention by R-GDA, are avail-
able for review in Appendix C. The examples in
Appendix C show that R-GDA, compared to GDA,
reduces tag hallucinations while providing greater
semantic diversity in the expanded sentences.

The baseline GDA method often generates en-
tity tags not defined in the dataset schema, a phe-
nomenon we term "tag hallucination." As shown in
Table 2, GDA introduces erroneous "Effect" tags in
the SciERC dataset. This issue arises when the ab-
straction process loses domain-specific constraints.

In contrast, R-GDA’s Augmentation Calibrator
(AC) validates tag format compliance, ensuring
adherence to the original tag set. The prevention
of such tagging errors contributes to R-GDA’s im-
proved performance, as the noise from erroneous
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Seed data (SciERC)
Sentence: With a simple two-point calibration, these effects can efficiently be suppressed.
NER Tags: [’O’, ’O’, ’O’, ’B-Method’, ’I-Method’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’]

Method
Augmented Data

Sentences NER Tags

GDA
A controlled multi-stage annealing pro-
cess is optimized to effectively reduce
residual stress within advanced alloys.

[’B-Method’, ’I-Method’, ’I-Method’,
’I-Method’, ’O’, ’O’, ’O’, ’O’, ’O’, ’B-
Effect’, ’I-Effect’, ’I-Effect’]

Quantum tunneling current suppression
circuitry is implemented to mitigate
electron leakage in nanoscale devices.

[’B-Method’, ’I-Method’, ’I-Method’,
’I-Method’, ’O’, ’O’, ’O’, ’O’, ’B-Effe
ct’, ’I-Effect’, ’I-Effect’]

R-GDA
(GR+AC)

With an optimized temperature compen-
sation, sensor drift can be alleviated.

[’O’, ’O’, ’O’, ’B-Method’, ’I-Method’,
’O’, ’O’, ’O’, ’O’]

A rapid power spectral density analysis
allows for efficient reduction of mea-
surement noise.

[’O’, ’O’, ’B-Method’, ’I-Method’, ’I-
Method’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’,
’O’]

Table 2: Comparison of augmented samples generated by GDA and R-GDA methods for a seed sentence from the
SciERC dataset using Gemini-2.5 Flash. Bold tags indicate erroneously generated entity types that do not exist in
the original SciERC annotation schema.
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Figure 4: Distribution of refinement iteration counts for each model across the SciERC, NCBI-disease, and FIN
datasets. The bars show the number of data points accepted after 0, 1, 2, or 3 rounds of refinement.

tags in GDA-generated samples can otherwise de-
grade model performance, particularly at higher
augmentation ratios.

5.4 Analysis of Refinement Cost and
Efficiency

Figure 4 illustrates the trade-off between refine-
ment efficiency, cost, and performance. Gemini-
2.5 Flash provides the optimal balance; its ex-
tremely low per-round cost (Appendix D) allows
the R-GDA framework to iteratively refine its out-
puts to achieve the highest F1-scores, making it
ideal for cost-sensitive applications. In contrast,
GPT-4o exhibits higher initial quality, requiring

the fewest refinement iterations. This makes it a
strong choice when minimizing API calls is the
primary goal, despite its higher cost. Claude-3.7-
Sonnet proved less cost-effective, requiring more
iterations at a higher cost for comparable perfor-
mance.

6 Conclusion

R-GDA utilizes two reflective agents, a Guid-
ance Refiner (GR) and an Augmentation Calibra-
tor (AC), within an iterative loop to improve the
quality of LLM-generated data. The feedback pro-
cess is designed to curb over-generalization, elim-
inate spurious tags, and increase syntactic variety
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without sacrificing domain-specific terminology,
which contributes to improved performance on
downstream NER tasks. Our experiments show
the performance gains from R-GDA are more pro-
nounced when augmented data constitutes a larger
portion of the training set. The framework’s con-
sistent performance across diverse LLM architec-
tures (GPT-4o, Gemini-2.5 Flash, and Claude-3.7
Sonnet) demonstrates its model-agnostic applica-
bility for various domain-specific NER scenarios.
While our approach improves augmentation qual-
ity, its limitations include the computational over-
head from iterative refinement and the use of fixed
scoring thresholds. Beyond NER, the framework
illustrates the potential of using score-driven critics
with generative models for reliable data augmen-
tation. Future work will explore adaptive scoring
policies, extensions to other tasks such as relation
extraction and summarization, and dynamic thresh-
old adjustments to optimize the balance between
computational efficiency and augmentation quality.

Limitations

In this study, the evaluation was confined to three
specialized datasets, excluding standard bench-
marks like BC5CDR, and was conducted using
a general-purpose encoder without verifying per-
formance on domain-specific models like SciBERT.
Furthermore, the study lacks a comparison against
other contemporary feedback methodologies, such
as self-verification or hybrid approaches. From
a practical standpoint, the framework introduces
significant computational overhead and relies on
fixed heuristics that may require tuning. Finally,
the performance is fundamentally dependent on
the LLM-as-judge, for which a robustness analysis
was not conducted. Future work will aim to ad-
dress these limitations by expanding the evaluation
scope, optimizing the framework’s efficiency, and
rigorously analyzing the robustness of its compo-
nents.
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A Methodology Details and Prompts

This section details the system prompts that struc-
ture the entire data augmentation pipeline. The
figures below sequentially present the prompts for
each key stage: initial seed augmentation (Fig-
ure 5), semantic abstraction via the Guidance Gen-
erator (Figure 6), sentence creation by the GDA
Composer (Figure 7), and the evaluation rubrics
for the Guidance Refiner (Figure 8) and Augmen-
tation Calibrator (Figure 9).

B Paired Bootstrap Significance Tests

To assess whether the performance gains of R-GDA
over GDA are statistically reliable, we conduct
paired bootstrap resampling on the fixed test set for
each experimental setting in Table 1. Specifically,
we resample test sentences with replacement (keep-
ing the sample size equal to the original test set)
and compute the distribution of ∆F1 = F1(R-GDA)
- F1(GDA) over 10,000 bootstrap replicates. We
report two-sided p-values as p = 2 ·min{Pr(∆ ≤
0),Pr(∆ ≥ 0)} and visualize the resulting ∆F1
distributions in Figure 10.

C Additional Qualitative Comparison of
Augmented Samples

This section provides additional qualitative exam-
ples of augmented data generated by the GDA and
R-GDA frameworks. The following tables comple-
ment the SciERC analysis in Section 5.3 by show-
ing results for the NCBI-disease and FIN datasets.
In both cases, the baseline GDA method generates
tags that are not defined in the respective dataset
schemas (highlighted in red), whereas R-GDA con-
sistently adheres to the correct tag set. As pre-
sented in the following tables, these cases illustrate
both reduced hallucinations and more diverse yet
schema-consistent expressions.

D Computational Cost Analysis

This section provides a detailed breakdown of the
input costs associated with a single data augmen-
tation round for both the baseline GDA and our
proposed R-GDA frameworks.

Table 5 outlines the costs for three different large
language models, highlighting the significant cost-
effectiveness of Gemini-2.5 Flash. It is important to
note that these calculations are based solely on the
token count of the static system prompts used in
each step. The actual cost per round will be higher,
as it will also include the tokens from the user-
provided seed sentence and any additional context.
Furthermore, this analysis only covers input costs;
total operational costs will also include the expense
of generating the output tokens, which varies based
on the length and quantity of the augmented data.
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Seed Generation Prompt

### NER_TAGGED_SENTENCE ###
{NER tagged sentence}

You are a data augmentation expert for Named Entity Recognition (NER) tasks.

### ROLES ###
- Given a tokenized sentence with entity annotations, generate 3 augmented versions optimized for NER tasks.
- The number of outputs {num_augmented} is provided.
- Preserve entity roles and structure, regardless of tagging scheme (e.g., BIO, BILOU, span-based, etc.).

### REQUIREMENTS ###
- Ensure grammaticality and natural fluency.
- Use vocabulary consistent with the source domain.
- Vary syntax and word choice while keeping entity semantics intact.
- Match the input format: token list and corresponding entity tags.

Figure 5: The system prompt used to generate initial augmented sentences from a single seed sentence.

Guidance Generator Prompt

### AUGMENTED DATA ###
{augmented_data}

===

You are a semantic abstraction expert for Named Entity Recognition (NER) data.

### ROLES ###
- Given a sentence and its NER-tagged tokens, extract the broader category and semantic structure for data augmentation.
- Focus on identifying the domain category and semantic relationships that can support diverse sentence generation.
- Do not rely on external background knowledge— base all reasoning solely on the sentence itself.

### INTERPRETATION GUIDELINES ###
- **Context**:
Identify the broader domain category or field where this sentence belongs (e.g., medical diagnosis, financial analysis, scientific research, business

communication).
Provide a concise, abstract description of the sentence's domain context.

- **Structure**:
Describe the semantic relationships between key elements (subjects, actions, objects, modifiers) in abstract terms.
Focus on the logical structure that can be applied to generate similar sentences in the same domain.

- **Entity Roles**:
For each named entity, describe the token, its NER tag (including the tag label and tagging scheme), and its semantic role inthe sentence.
Format as: "token (tag_label, tagging_scheme): semantic_role. token (tag_label, tagging_scheme): semantic_role."

Figure 6: The system prompt for the Guidance Generator, which creates a semantic abstraction from a given
sentence.

GDAComposer Prompt

### GUIDANCE_OUTPUT###
{Guidance Outputs}

===
You are a data augmentation expert for Named Entity Recognition (NER) tasks.

### GOAL ###
Generate {num_augmented} unique, well-formed sentences that reflect the abstract meaning and semantic structure of the original sentence, using
the provided interpretation.

### AUGMENTATION INSTRUCTIONS ###
- Each generated sentence must align with the **context** and follow the described **structure**.
- Replace original **entity tokens** with new tokens of the **same NER tag type**, while keeping the entity’s **semantic role**consistent.
- Do not reuse original tokens.
- Use grammatically correct and fluent language.
- Ensure the sentence remains relevant to the context and domain.

Figure 7: The system prompt for the GDA Composer, which generates new sentences based on the refined guidance.
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GR Evaluator Prompt
### AUGMENTED DATA ###
{augmented_data}

### GUIDANCE OUTPUT ###
{guidance_output}
===
You are a strict evaluator for semantic abstractions of NER data. Evaluate based on abstraction quality, not literal accuracy.
Provide concise, actionable feedback for each criterion. Be extremely rigorous in scoring- deduct points for ANY issues, even minor ones.

### EVALUATION CRITERIA ###

1. **Context Abstraction (30 points)**
- Reward: ONLY if the context provides detailed domain analysis but remains compact (1-2 lines shorter than current verbose outputs).
- Penalize: ANY overly verbose descriptions, excessive technical details, or lack of domain-specific characteristics. Deductheavily for

unnecessarily long explanations.

2. **Keyword Detection (15 points)**
- Reward: ONLY if domain-relevant vocabulary identification and semantic relationships between key terms provide clear augmentation direction.
- Penalize: ANY missing domain-specific terminology, failure to capture logical relationships, or insufficient detail for augmentation. Deduct for

incomplete analysis.

3. **Structure Relationship (15 points)**
- Reward: ONLY if grammatical roles and logical structure provide explicit guidance for both Raw Input and Augmented Input cases.
- Penalize: ANY ambiguous structural relationships, unclear augmentation patterns, or failure to address both input types. Deduct for vague

descriptions that don't support both cases.

4. **Entity Explanation (20 points)**
- Reward: ONLY if entity descriptions analyze tokens based on their NER tags and tagging schemes, explaining roles and semantic characteristics

by tag type.
- Penalize: ANY generic entity descriptions, missing tag-based analysis, or lack of semantic role explanation. Deduct heavilyfor incomplete tag-

based token analysis.

5. **Correct Relationship (20 points)**
- Reward: ONLY if token-entity mapping is completely accurate with proper NER tag correspondence and domain-appropriate boundaries.
- Penalize: ANY incorrect associations, mismatched tags, boundary errors, or domain misunderstandings. Deduct for any taggingissues.

### FEEDBACK REQUIREMENTS ###
- Provide SPECIFIC, ACTIONABLE guidance for improving each criterion
- Focus on how to make the abstraction more useful for data augmentation
- Give concrete examples of what should be added, changed, or clarified
- Ensure feedback directly supports the goal of generating diverse, domain-appropriate sentences
- For Context: Guide toward detailed but compact domain analysis
- For Entity Explanation: Emphasize tag-based token analysis and semantic role identification
- For Structure: Ensure analysis supports both Raw Input and Augmented Input cases

Figure 8: The system prompt for the GR Evaluator, outlining the five criteria for assessing the quality of the semantic
abstraction.
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AC Evaluator Prompt

### GUIDANCE_OUTPUT###
{Guidance Outputs}

### PREVIOUS GDA OUTPUT ###
{GDA_output}
===
You are a strict evaluator for NER data augmentation quality. Evaluate each result based on the following criteria.
Provide concise, actionable feedback for each criterion. Be extremely rigorous in scoring- deduct points for ANY issues, even minor ones.

### EVALUATION CRITERIA ###

1. **Domain Alignment (30 points)**
- Reward: ONLY if the augmented sentences capture domain-specific contextual meaning and characteristics while maintaining diverse structural

and lexical compositions.
- Penalize: ANY sentences that deviate from domain context, use inappropriate terminology, or fail to reflect domain-specific patterns. Deduct

heavily for generic expressions that lack domain authenticity.

2. **Semantic Consistency (30 points)**
- Reward: ONLY if core elements (subject, action, object, modifiers) and logical relationships (cause, condition, contrast, etc.) are preserved or

naturally transformed while maintaining domain-specific semantic coherence.
- Penalize: ANY loss of core elements, unnatural relationships, or semantic drift that affects domain understanding. Deduct for logical

inconsistencies or meaning distortion.

3. **Entity Role Integrity (25 points, NER Task Essential)**
- Reward: ONLY if entity types and roles are consistently maintained across all variations, preserving original semantic roles and relationships

within the domain context.
- Penalize: ANY change in entity roles, relationships, or semantic functions that alters the original meaning or domain-specific entity behavior.

Deduct heavily for entity role confusion.

4. **Tag Format Validation (15 points, NER Task Essential)**
- Reward: ONLY if BIO/BILOU tagging format is completely correct with clear entity boundaries and consistent tag applicationacross all

variations.
- Penalize: ANY tagging format errors, boundary issues, inconsistent tag usage, or domain-inappropriate entity segmentation.Deduct for any

tagging irregularities.

### FEEDBACK REQUIREMENTS ###
- Provide SPECIFIC, ACTIONABLE guidance for improving each criterion
- Focus on how to enhance domain-specific contextual meaning and characteristics
- Give concrete examples of what should be added, changed, or clarified
- Ensure feedback directly supports the goal of generating diverse, domain-appropriate sentences with accurate NER tagging
- For Domain Alignment: Guide toward capturing domain-specific patterns and terminology
- For Semantic Consistency: Emphasize maintaining logical relationships within domain context
- For Entity Role Integrity: Focus on preserving domain-specific entity behaviors and relationships
- For Tag Format Validation: Ensure proper NER tagging that reflects domain entity boundaries

Figure 9: The system prompt for the AC Evaluator, detailing the four criteria for validating the quality and domain-
fidelity of the final augmented sentences.
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Figure 10: Paired bootstrap significance tests for the ∆F1 improvements of R-GDA over GDA across datasets
(NCBI_DISEASE, SCIERC, FIN) and LLM backbones (Gemini, Claude, GPT). Violin plots show the bootstrap
distribution of ∆F1 over 10,000 sentence-level resamples of the test set (sample size preserved); white circles
indicate the mean ∆F1 and black bars indicate the 95% confidence interval. The dashed horizontal line denotes
∆F1=0. Reported p-values are from a two-sided paired bootstrap test.
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Seed data (NCBI-disease)

Sentence: Further investigation of the HEXA gene intron 9 donor splice site mutation frequently found
in non- Jewish Tay- Sachs disease patients from the British Isles.

NER Tags: [’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’,
’B-Disease’, ’I-Disease’, ’I-Disease’, ’I-Disease’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’]

GDA
A study commenced on the genetic variant
found on the CFTR gene related to the
F508del mutation , which is widely
observed in the Caucasian population
presenting with Cystic fibrosis.

[’O’, ’O’, ’B-GENE’, ’O’, ’O’, ’O’,
’B-MUTATION’, ’O’, ’O’, ’O’, ’O’, ’O’,
’O’, ’B-DEMOGRAPHIC’, ’O’, ’O’,
’B-DISEASE’]

Research was initiated on the G2019S
mutation within the LRRK2 gene ,
commonly reported among the Ashkenazi
Jewish individuals suffering from
Parkinson’s disease.

[’O’, ’O’, ’O’, ’O’, ’O’, ’B-MUTATION’,
’O’, ’O’, ’O’, ’B-GENE’, ’O’, ’O’, ’O’,
’O’, ’O’, ’O’, ’B-DEMOGRAPHIC’, ’O’,
’O’, ’B-DISEASE’]

R-GDA
(GR+AC)

Further inquiry into the SCN1A gene
missense variant often implicates it in
Dravet Syndrome among patients from
North America.

[’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’,
’B-Disease’, ’I-Disease’, ’O’, ’O’, ’O’, ’O’,
’O’]

A deeper look at the cystic fibrosis
transmembrane conductance regulator
mutation regularly is a marker for Cystic
Fibrosis in individuals from Northern
Europe.

[’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’,
’O’, ’B-Disease’, ’I-Disease’, ’O’, ’O’, ’O’,
’O’, ’O’]

Table 3: Qualitative comparison for a seed sentence from the NCBI-disease dataset. Erroneously generated tags not
present in the original schema are highlighted in red.

Seed data (FIN)

Sentence: (i) The Borrower shall make the first repayment on the First Repayment Date.

NER Tags: [’O’, ’O’, ’O’, ’O’, ’B-PER’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’]

GDA
The Obligor must finalize the principal
payment no later than the Eleventh of May.

[’B-PER’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’,
’O’, ’O’, ’O’, ’B-DATE’, ’I-DATE’,
’I-DATE’]

Mr. Smith is obligated to make the
repayment on the Tenth of June.

[’B-PER’, ’O’, ’O’, ’O’, ’O’, ’O’, ’O’,
’B-DATE’, ’I-DATE’, ’I-DATE’]

R-GDA
(GR+AC)

(i) The Payer is required to complete the
disbursement on the Closing Date.

[’O’, ’O’, ’O’, ’B-PER’, ’O’, ’O’, ’O’, ’O’,
’O’, ’O’, ’O’]

(i) The Debtor must make the installment
on the Maturity Date.

[’O’, ’O’, ’O’, ’B-PER’, ’O’, ’O’, ’O’, ’O’,
’O’, ’O’]

Table 4: Qualitative comparison for a seed sentence from the FIN dataset. Erroneously generated tags not present in
the original schema are highlighted in red.
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Step Gemini-2.5 Flash GPT-4o Claude-3.7-Sonnet
Seed Data Generation $0.000045 $0.000373 $0.000447
Guidance Generation $0.000071 $0.000590 $0.000708

+ GR $0.000200 $0.001665 $0.001998
GDA Composer $0.000048 $0.000400 $0.000480

+ AC $0.000214 $0.001785 $0.002142
Total Cost (GDA) $0.000164 $0.001363 (+$0.001199) $0.001635 (+$0.001471)

Total Cost (R-GDA) $0.000578 $0.004813 (+$0.004235) $0.005775 (+$0.005197)

Table 5: System Prompt Input Cost Comparison per Round for GDA vs R-GDA, Highlighting the Cost-Effectiveness
of Gemini-2.5 Flash.

4953


