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Abstract
Large Language Models (LLMs) have enabled scalable synthetic data generation, yet their effective adaptation to
low-resource languages remains underexplored. We introduce an LLM-based generate and annotate paradigm to
create synthetic datasets for low-resource NLP classification tasks. The framework employs a smaller model for text
generation and a stronger model for automatic annotation. Using Farsi Natural Language Inference (NLI) as a case
study, we construct a large-scale synthetic dataset of 100,000 labeled instances. We provide a systematic empirical
analysis of annotation quality, label-distribution effects, and training regimes. We compare GPT-4o-mini, Aya-23-35B,
and DeBERTa as annotators and examine how annotation variability propagates to downstream performance.
Our results show that a warm-up phase with synthetic data consistently outperforms data mixing and reversed
ordering. Notably, open-source annotation (Aya-23-35B) achieves comparable downstream performance to the
proprietary model (GPT-4o-mini), with significant cost implications for deploying pipelines in low-resource settings.
The dataset and code are publicly available at https://huggingface.co/datasets/Solmazp/text2entail.
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1. Introduction

The success of Large Language Models (LLMs)
in NLP tasks depends heavily on access to large-
scale labeled training data—a resource that re-
mains scarce for the majority of the world’s lan-
guages (Joshi et al., 2020). This scarcity is partic-
ularly acute for tasks such as Natural Language
Inference (NLI), where data creation and annotation
require fine-grained linguistic judgement (Gururan-
gan et al., 2018; Pavlick and Kwiatkowski, 2019).
Farsi, spoken by over 110 million people, highlights
the scale of this gap: the largest available Farsi
NLI dataset contains fewer than 10,000 examples
(Amirkhani et al., 2023; Khashabi et al., 2021), com-
pared to 570,000 examples for English SNLI (Bow-
man et al., 2015). The resulting digital divide limits
the applicability of NLP advances to speakers of
low-resource languages (Okolo and Tano, 2023;
HAI, 2025).

One approach to address data scarcity in low-
resource languages is cross-lingual transfer learn-
ing, in which multilingual models trained on high-
resource languages are adapted to lower-resource
settings. Models such as mBERT, XLM-R, mBART,
mT5, BLOOM, XGLM (Wu and Dredze, 2020; Con-
neau et al., 2020; Liu et al., 2020; Xue et al.,
2021; BigScience Workshop, 2023; Lin et al., 2022)
are well-known examples. Although these models
demonstrate reasonable zero-shot cross-lingual ca-
pabilities for some low-resource languages, their
skewed pretraining data toward high-resource lan-
guages often necessitates task-specific fine-tuning
to close performance gaps (Lauscher et al., 2020;
Ahuja et al., 2022; Qin et al., 2025). This creates

Figure 1: Synthetic data generation pipeline for
classification tasks with two textual inputs. An LLM,
guided by task instructions, generates input pairs
(x1, x2) from raw text. A second LLM, prompted
with judgment instructions, labels the pairs, produc-
ing annotated triplets (x1, x2, y) for training.

a circular dependency: fine-tuning is needed to
close the gap, but fine-tuning requires the very la-
beled data that is unavailable. Even instruction-
following multilingual models such as BLOOMZ,
mT0, and Aya (Muennighoff et al., 2023; Aryabumi
et al., 2024; Singh et al., 2024) inherit this limita-
tion: their development required high-quality mul-
tilingual instruction data that is expensive to cre-
ate for low-resource languages, and their perfor-
mance remains substantially below their English
equivalents (Lai et al., 2023; Abaskohi et al., 2024).
One widely adopted approach for data creation is
back-translation. Many multilingual datasets, such
as XNLI, XQuAD, and MASSIVE (Conneau et al.,
2018; Artetxe et al., 2019; FitzGerald et al., 2022)
are derived through translations of established En-
glish datasets. While these resources provide valu-
able benchmarks, they often introduce artifacts that
severely affect the generalization ability of the mod-
els (Artetxe et al., 2020).

A more scalable and authentic alternative is to
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generate training data directly in the target lan-
guage. AI-powered synthetic data generation has
emerged as a promising paradigm to address the
data scarcity bottleneck (Liu et al., 2024; Long et al.,
2024; Nadǎş et al., 2025). Within this paradigm,
a common approach is to leverage an LLM both
as a generator to produce task-relevant text and
as a weak annotator. However, the area is under-
explored for low-resource languages. Our work is
conceptually inspired by TrueTeacher (Gekhman
et al., 2023), which demonstrated that annotating
model-generated outputs with an LLM teacher pro-
duces higher quality synthetic training data than
rule-based perturbation of human-written text. How-
ever, TrueTeacher was designed specifically for
binary factual consistency evaluation in English
summarization. We generalize this teacher-based
annotation idea into a task-agnostic pipeline for
paired-text classification, and instantiate it for three-
way NLI in low-resource Farsi. LLMs’ natural gener-
ation errors yield diverse non-entailed hypotheses
without explicit negative-example prompting, reduc-
ing annotation cost while preserving label diversity.
Our contributions are:

• We propose a cost-effective and task-agnostic
framework for synthetic data generation in
paired-text classification tasks, and release
a 100K Farsi NLI dataset as a concrete output.

• We conduct a systematic comparison of hetero-
geneous annotator types —proprietary (GPT-
4o-mini), open multilingual (Aya-23-35B), and
task-specialized (DeBERTa) —and show that
open-source annotation achieves comparable
downstream performance to the proprietary
model.

• We demonstrate that a synthetic → gold warm-
up regime consistently outperforms data mix-
ing and reversed ordering and identify a satu-
ration point of 10K–20K examples, providing
concrete design guidelines for low-resource
synthetic data pipelines.

2. Related works

LLMs have increasingly been used to generate and
annotate training data, from early instruction-tuning
approaches such as Self-Instruct (Wang et al.,
2023) and Alpaca (Taori et al., 2023) to broader
task-specific dataset construction (Viswanathan
et al., 2025; He et al., 2024; Chiang and Lee, 2023;
Gunasekar et al., 2023) and annotation (Zheng
et al., 2023; Li et al., 2024b). However, ensuring
the quality of synthetic data remains a critical chal-
lenge. LLMs may produce hallucinations, inconsis-
tencies, or factual errors (Liu et al., 2024; Li et al.,
2024a). The reliability of LLMs as annotators is

further complicated by sensitivity to prompt varia-
tions, biases inherited from pretraining, and sub-
stantially degraded performance on low-resource
languages (Pavlovic and Poesio, 2024). Therefore,
data generated using LLMs can be noisy, especially
in low-resource languages where models exhibit de-
graded performance. Prior work has demonstrated
that noisy supervision can improve performance
in low-data regimes (Xie et al., 2020; Song et al.,
2022; Blum and Mitchell, 1998), but these findings
typically assume either random label noise or an-
notators with high baseline accuracy. It remains
unclear whether this generalizes when the anno-
tator itself exhibits degraded performance in the
target language. We directly examine this through
a systematic empirical comparison of proprietary,
open multilingual, and task-specialized annotators,
analysing how annotation variability propagates to
downstream model performance.

3. Method

Our proposed framework generates synthetic data
for any text classification task involving two input
texts, such as NLI, summary verification, question-
answer verification, translation quality estimation,
etc. Figure 1 provides an overview of the proposed
pipeline.

First, we use an LLM as a generator to generate
pairs of texts Dgen where each pair consists of a
preceding text (xp) and a succeeding text (xs). In
the case of the NLI task, xp will be a premise and
xs will be its candidate hypothesis; in the case of
summary verification, xp will be a document and xs

will be its candidate summary. In our framework, a
generator LLM creates candidate pairs by selecting
good-quality source texts for (xp) and generating
appropriate successors (xs) for the task at hand.
Then by using an LLM as a judge, each pair in
Dgen will be annotated with the help of task-specific
instructions and generate a labeled dataset Dlab,
where,

Dlab = {(xp, xs, y) | (xp, xs) ∼ Dgen, y ∼ p(y | xp, xs)}

An annotator LLM generates the label y for a given
pair of input texts x = (xp, xs) according to the
instruction.

This approach offers two key benefits. First, scal-
able data generation and labelling: by leverag-
ing LLMs for both generation and annotation, the
pipeline enables efficient creation of large-scale
datasets at low cost, which is particularly valuable
for low-resource languages where manual anno-
tation is expensive and scarce. Second, task-
aligned negative sampling: when generated sam-
ples are labeled as negative based on a criterion
(instruction), they serve as meaningful negative ex-
amples that reflect real-world failure modes (e.g.,



hallucination, irrelevance). These curated negative
samples can support contrastive learning or reward-
based training by helping models distinguish valid
inferences from invalid inferences.

4. Case Study: Data Generation for
Farsi NLI

Natural language inference (NLI) is a pairwise input
task where, given a premise p and a hypothesis h,
the objective is to predict if the premise entails, con-
tradicts, or is neutral towards the hypothesis. Farsi
is a low-resource language, and it has limited re-
sources for NLI. One of the NLI datasets for Farsi is
the ParsiNLU benchmark dataset (Khashabi et al.,
2021), which contains 2.7K manually crafted sam-
ples, split into training, validation, and test sets.
This data was constructed via two complementary
strategies: (i) manually authoring examples from
Persian (Farsi) sources with a focus on naturally
inferential sentence pairs (e.g., those containing
discourse markers like “but”); and (ii) translating
and post-editing samples from the English MNLI
dataset. The FarsTail dataset (Amirkhani et al.,
2023) is another existing resource of 10k exam-
ples derived from multiple-choice questions, using
a semi-automatic procedure analogous to the Sci-
Tail dataset (Khot et al., 2018). While these corpora
represent important progress for Farsi NLI, their lim-
ited scale constrains their effectiveness for training
robust and generalizable inference models.

Using the pipeline described in Section 3, we first
generated premise–hypothesis pairs (Dgen) and
subsequently labeled them with a stronger LLM
annotator to obtain the final NLI dataset (Dlab).

4.1. Premise and Hypothesis Generation

We begin our generation process of NLI data by
selecting high-quality samples as premises. The
premises are drawn from the Farsi portion of the
XLSum dataset (Hasan et al., 2021), ensuring that
they are human-written and exhibit a natural linguis-
tic distribution. Since the input texts in XLSum are
significantly longer than the samples in the gold
standard ParsiNLU dataset, we apply a filtering
process to extract shorter samples with a length
distribution similar to that of the gold dataset. Then
we generate summaries of selected premises by
using an LLM generator as their corresponding hy-
potheses. Here, our fundamental assumption is
that the correct summaries of premise samples will
be their entailment hypotheses and incorrect sum-
maries will be their contradictory or neutral hypothe-
ses. For hypothesis generation we use mT5-base
model, a multilingual variant of the T5 model (Raffel
et al., 2020), fine-tuned on Farsi human-annotated

summarization data (Farahani et al., 2021)1. This
domain adaptation enhances fluency and stylistic
alignment with native Farsi text.

While directly prompting a large language model
to generate hypotheses for different classes is a
straightforward approach, using mT5-base is com-
putationally more efficient and scalable, allowing
for cost-effective generation of large quantities of
data. We deliberately avoided selecting the best-
performing summarization model: its natural gener-
ation errors serve as a valuable source of contradic-
tory and neutral hypotheses. Conversely, too weak
a generator produces incoherent hypotheses that
the annotator LLM cannot reliably label, introduc-
ing noise that degrades overall dataset quality. Our
choice, therefore, reflects a trade-off: the model
is sufficiently strong to produce fluent, informative
hypotheses, yet imperfect enough to maintain a
controlled error rate that yields diverse non-entailed
cases.

To generate summaries, we adopt the standard
T5-style prompt formulation, structured as: "sum-
marize:"{input_text}. This prefix-based
conditioning follows the original T5 design, where
tasks are specified via textual prefixes, making the
framework readily extensible to other text-to-text
tasks 2. We configure generation with a maximum
output of 100 tokens and employ beam search
(beam size=2) to reduce variability and mitigate
hallucination. However, we observed that over
90% of the generated summaries began with a
news agency name (e.g., ISNA news wrote:), even
when such attributions were absent in the origi-
nal text, indicating a bias inherited from pretrain-
ing on journalistic corpora. To mitigate this issue,
we implemented a post-processing step to identify
and remove these prefixes while preserving the se-
mantic integrity of the summaries. Figure 2 shows
that the generated synthetic data (Dgen) exhibits
a more pronounced right-skewed distribution for
both premises and hypotheses, indicating longer
and more variable sentence lengths compared to
the ParsiNLU training set. A detailed lexical com-
parison of synthetic and gold datasets across all
dataset sizes, including vocabulary overlap and
Type-Token Ratio analysis, is provided in Appendix
A.

4.2. Labeled Data Generation
Premise-hypothesis pairs generated in the pre-
vious section are labeled as Entailment, Contra-
diction, or Neutral by using a stronger annotator
LLM to generate labeled NLI synthetic data. We

1Reported metrics ROUGE-L: 39.96, BERTScore:
79.54, average generation length: 48.72 tokens.

2For example, QA can be prompted as "ques-
tion:" {question} " context:" {context}



Figure 2: Distribution of sentence lengths for
premise (left) and hypothesis (right) in the synthetic
and gold training datasets.

chose one of the best-performing general-purpose,
cost-effective language models, GPT-4o-mini, as
our primary annotator LLM for label generation3.
However, to assess the robustness of our pipeline
across different annotator types, we validated our
approach using two additional labelers: Aya-23-
35B, an open-weight multilingual LLM, and De-
BERTa, a smaller task-specialized NLI model. We
use the GPT-4o-mini model with zero-shot prompt-
ing and without using any demonstration for the
labelling. The model is prompted to evaluate the
entailment between the premise and the hypoth-
esis by responding with a categorical judgment.
The generation is constrained by choosing only the
specified tokens, in this case, the class labels: En-
tailment, Contradiction, or Neutral 4. We set the
temperature to zero to ensure deterministic outputs,
minimising randomness in the model’s responses.
Additionally, we limit the maximum tokens gener-
ated to 5 to enforce concise, single-label answers,
ensuring that the model strictly adheres to the re-
quired categorical response format without gener-
ating unnecessary text. We used English prompts,
as they were observed to perform better, confirming
the findings of (Dey et al., 2024; Abaskohi et al.,
2024) that demonstrate that English prompts per-
form better:

3We include a GPT-4-class annotator for context
against public Persian benchmarks (e.g., ParsBench
shows accuracy of ≈ 85%); among such models, GPT-
4o-mini offers a cost- and latency-efficient option while
retaining strong benchmark capability, making it practical
for large-scale labeling.

4Constraint sampling is a technique to filter the logits
vector to keep only the tokens that meet the constraints
(Huyen, 2025)

Annotation prompt

System prompt: You are a helpful assistant that
evaluates whether a hypothesis can be inferred
from a premise. Answer using only one of the
following labels: Entailment, Contradiction, or
Neutral. Do not explain.
User prompt: Premise: {context} Hypothesis:
{summary}

The same prompt was used for Aya-23-35B,
enabling a controlled comparison under identical
prompting conditions. To assess annotation quality,
we applied each annotator to the ParsiNLU train set.
GPT-4o-mini achieved 77% accuracy, Aya-23-35B
achieved 75%, and DeBERTa-NLI achieved 74%,
indicating broadly comparable performance across
annotators.

We labeled more than 100K data samples, but
the synthetic dataset exhibited severe class imbal-
ance (65,492 Entailment, 32,865 Neutral, 18,331
Contradiction). To prevent majority-class bias in
downstream training, we balanced this dataset to a
target size of 50K through stratified random down-
sampling. All experiments reported in this paper
use this balanced 50K subset; the full 100K dataset
is released publicly to support broader future use.
We randomly sampled approximately 16K exam-
ples from each class without replacement, using a
fixed random seed to ensure reproducibility. We an-
notated the same premise-hypothesis pairs using
Aya-23-35B and DeBERTa, creating three paral-
lel datasets with identical inputs but different label
assignments. Table 1 presents the label distribu-
tions across all annotators alongside the ParsiNLU
benchmark. To mitigate the effect of class imbal-
ance during training, we apply a weighted loss func-
tion across all experiments. Detailed analyses of
hypothesis fluency, annotator disagreement pat-
terns, and computational cost and pricing consider-
ations are presented in Appendix B, Appendix C,
and Appendix D respectively.

Entailment Neutral Contradiction
GPT-4o-mini 16,665 16,665 16,665
Aya-23-35B 25,799 16,199 7,997
DeBERTa 20,700 18,135 11,160
ParsiNLU (train) 275 241 234
ParsiNLU (validation) 104 87 78
ParsiNLU (test) 608 559 501

Table 1: Label distribution across synthetic and
gold datasets. GPT-4o-mini shows the balanced
subset after downsampling. Aya-23-35B and De-
BERTa retain their natural distributions; class im-
balance is addressed during training via weighted
loss.

https://huggingface.co/spaces/ParsBench/leaderboard


5. Experimental setup

This section describes the models, training proce-
dures, evaluation metrics, and experimental design
used to assess the impact of synthetic data on Farsi
NLI performance.

We used two mT5-based models (mT5-base
and mT5-small) trained on the ParsiNLU train-
ing dataset as our baseline NLI models follow-
ing ParsiNLU benchmarks (Khashabi et al., 2021).
While we acknowledge more capable models exist
(e.g., reasoning-enhanced LLMs), we deliberately
selected smaller models without specialized rea-
soning capabilities as our baseline models to iso-
late the impact of synthetic data quality from the
influence of advanced model capabilities 5.

mT5 is a text generation model; in its standard
formulation, label prediction requires the decoder
to generate class names as free text. This creates
a risk of invalid outputs outside the predefined label
space—we observed instances where the model
produced erroneous outputs like "entaildiction", a
non-existent word that appeared to be a blend of
"entailment" and "contradiction". This behavior re-
vealed limitations in sequence generation for label
prediction, especially when target labels such as
"entailment", "neutral", or "contradiction" spanned
multiple sub-word tokens6. To mitigate this, we use
mT5 for classification by adding a classification
head on top of the encoder. Although this design
sacrifices the model’s full capacity, it aligns better
with the nature of the task and yields more stable
predictions7.

We trained new instances of the baseline archi-
tecture from scratch under four regimes: (1) fine-
tuning only on the synthetic dataset, (2) pretrain-
ing on ParsiNLU gold-standard data followed by
fine-tuning on synthetic data, (3) fine-tuning on a
merged dataset of synthetic and ParsiNLU gold-
standard data, and (4) pretraining on synthetic data
followed by fine-tuning on ParsiNLU gold-standard
data.

We fine-tuned the baseline models on the
ParsiNLU training dataset for a maximum of 10
epochs using a weighted loss function. Hyperpa-
rameter configurations are provided in Appendix E.

5Exploration of larger instruction-tuned models re-
mains valuable future work, particularly for measuring
capability scaling effects and synthetic data utility in low-
resource settings.

6The challenge might arise from the large vocabu-
lary size of the model (250k tokens), which leads to soft
output distributions: the model must select among all vo-
cabulary items rather than only among three valid class
labels, increasing the likelihood of near-equal probabili-
ties and misclassifications.

7mT5-small has 300M parameters, while mT5-
base has 540M. The encoder-only versions contain
172M and 390M parameters, respectively.

The best checkpoint was selected based on ROC-
AUC (One-vs-Rest) on the validation set8. To con-
trol for variance due to stochastic initialization, we
ran training with five different random seeds and re-
ported the average of these five values as the corre-
sponding baseline score. All training regimes used
the same hyperparameter settings as the baseline
model. Each of these models was evaluated on
the same ParsiNLU test dataset used for baseline
evaluation. We report the ROC-AUC, accuracy,
and weighted-F1 scores for all dataset by training
regime model combinations in Table 2.

6. Results and discussion

The impact of synthetic data on downstream per-
formance varies with factors such as the choice of
annotator LLM and the size of the synthetic dataset.
In this section, we analyze how these factors influ-
ence the effectiveness of synthetic data. In Sec-
tions 6.1, 6.2 and 6.3 we restrict our analysis to the
synthetic data labeled using GPT-4o-mini. This con-
trolled setting allows us to analyze scaling behavior
without conflating it with annotator variability. We
selected GPT-4o-mini as a strong and cost-efficient
LLM annotator, consistent with the design goals of
our pipeline, and in Section 6.4 we compare the
impact of different LLM annotators.

6.1. Synthetic Data Size
We began with a subset of 5,000 synthetic samples
and incrementally added more, generating datasets
of varying sizes. We trained and evaluated models
using each synthetic dataset. Figure 3 presents the
performance of mT5-small (top row) and mT5-base
(bottom row) models across three training strate-
gies and increasing synthetic data sizes (from 5k
to 50k). We found that the cumulative gain from
synthetic data is very high when the dataset size is
less than 10K (a steep increase in performance),
and after that, the gain is moderate (the perfor-
mance curve is increasing slowly). Compared to
mT5-small, the larger mT5-base model shows a
clear performance plateau; however, on mT5-small,
the performance is still increasing. This pattern sug-
gests that the benefit derived from synthetic data
tends to saturate more quickly for larger models
as compared to smaller models. We hypothesize
that this saturation reflects two complementary fac-

8In multi-class classification, ROC-AUC (One-vs-
Rest) computes a separate ROC curve for each class
against the rest, providing a threshold-independent and
class-sensitive performance measure. This allows us to
assess how well models discriminate each class inde-
pendently, making it particularly suitable for selecting the
most generalizable checkpoint across diverse training
configurations.



Training Regime mT5-small mT5-base

ROC ACC W-F1 ROC ACC W-F1

ParsiNLU (Gold) 0.603 ± 0.031 0.341 ± 0.004 0.287 ± 0.041 0.621 ± 0.077 0.381 ± 0.099 0.353 ± 0.129
ParsiNLU → Synthetic 0.741 ± 0.011 0.504 ± 0.017 0.498 ± 0.008 0.782 ± 0.013 0.564 ± 0.014 0.562 ± 0.014
Synthetic (GPT-4o-mini) 0.744 ± 0.006 0.480 ± 0.002 0.496 ± 0.016 0.777 ± 0.020 0.529 ± 0.026 0.519 ± 0.030
Synthetic + ParsiNLU 0.744 ± 0.041 0.500 ± 0.015 0.490 ± 0.019 0.761 ± 0.028 0.548 ± 0.046 0.542 ± 0.049
Synthetic → ParsiNLU 0.800 ± 0.051 0.564 ± 0.005 0.564 ± 0.005 0.812 ± 0.005 0.611 ± 0.008 0.612 ± 0.007

Table 2: Performance comparison across training regimes for mT5-small and mT5-base using 50K
GPT-4o-mini–annotated synthetic samples. Scores are reported as mean ± 95% CI. Best results per
model size are in bold. For reference, GPT-4o-mini zero-shot on the ParsiNLU test set achieves 0.75
accuracy and 0.74 macro-F1, representing an upper-bound estimate.

Figure 3: Comparison of mT5-small (upper row) and mT5-base (lower row) across three training strategies
and varying synthetic data sizes. Shaded regions indicate 95% confidence intervals across five random
seeds. The synthetic → gold strategy (blue) consistently outperforms merged and synthetic-only baselines
across all metrics and data sizes. Steepest gains occur below 10K samples, after which performance
begins to plateau.

tors. First, annotator noise accumulation: as
dataset size grows, the proportion of label errors
introduced by the LLM annotator remains roughly
constant, but their absolute count increases. Be-
yond a certain scale, additional noisy examples
may counteract the signal provided by correctly
labeled ones, diminishing marginal returns. Sec-
ond, model capacity constraints: mT5-small and
mT5-base are relatively compact models whose
representational capacity may be saturated after
exposure to approximately 10K diverse synthetic ex-
amples. This interpretation is supported by the ob-
servation that saturation occurs later for mT5-small
than mT5-base—a smaller model requires more
data to reach its capacity ceiling, while the larger
model extracts available signal more efficiently from
fewer examples. Together, these factors suggest
that simply increasing synthetic data volume yields

diminishing returns beyond a threshold; improving
annotator quality or model capacity would likely
yield greater gains than further data accumulation.
This has a practical implication for cost-effective
pipeline design: for models of this scale, generat-
ing 10K–20K high-quality synthetic examples may
be more valuable than generating 50K–100K nois-
ier ones. A lexical analysis presented in Appendix
A, shows that gold vocabulary coverage exhibits
the same diminishing returns pattern beyond 20K
examples, suggesting the performance plateau is
partly a lexical phenomenon.

6.2. Effect of Training Regime
From our experimental results in Table 2, we ob-
served that warming up the model on synthetic
data, followed by further fine-tuning on gold data



(Synthetic→Gold), achieves the overall best perfor-
mance on all evaluation metrics. Moreover, Figure
3 shows this two-stage strategy (blue) consistently
outperforms the other two (red and green) for all
dataset sizes. To complete the training regime com-
parison, we also evaluated a Gold → Synthetic or-
dering (ParsiNLU → Synthetic) using GPT-4o-mini
labels. This regime consistently underperforms the
Synthetic → Gold ordering across both model sizes,
confirming that synthetic data is most effective as
an initialization signal rather than a fine-tuning tar-
get. Based on this observation, Gold → Synthetic
experiments were not extended to Aya-23-35B and
DeBERTa annotators, as the ordering effect is ex-
pected to generalize across annotator types.

The synthetic-only model lags behind other se-
tups across both model sizes, particularly at smaller
data scales. This suggests limited generalization
when synthetic data is used without any gold su-
pervision. The merged approach is competitive in
the mid-range (10K–30K samples), but plateaus
earlier than the warm-up strategy. This pattern
suggests that combining synthetic and gold data
dilutes the value of gold supervision rather than
compounding it. Notably, the performance gap be-
tween training strategies is more pronounced for
mT5-small, highlighting that smaller models ben-
efit more from structured training regimes (e.g.,
warm-up followed by fine-tuning). These results
underscore the importance of training strategy de-
sign, especially when operating under low-resource
constraints. Beyond accuracy gains, the warm-up
strategy also improved optimization stability. We
observed more stable gradient norms with lower
magnitudes compared to other regimes. This con-
tributed to faster convergence —in many runs, the
best ROC-AUC checkpoint was reached within the
first few epochs of gold fine-tuning.

6.3. Effect of Balancing Label
Distribution

Since the pipeline naturally produces a skewed
label distribution, we compared training on the orig-
inal imbalanced data with class-weighted loss, and
the balanced subset. We trained models by using
this imbalanced dataset along with the ParsiNLU
train dataset and evaluated on the ParsiNLU test
dataset with the same training setting as in previ-
ous experiments. Figure 4 shows the performance
scores using this imbalanced dataset, along with
previous performance scores obtained with the bal-
anced dataset. From the results, we observed that
models trained on imbalanced synthetic data con-
sistently underperform their balanced counterparts
at smaller scales. However, imbalanced training
recovers at larger data sizes, suggesting that class
imbalance has a diminishing negative impact as

overall volume increases. This has practical impli-
cations for data curation strategies in low-resource
settings: optimizing for balance may yield greater
returns than simply scaling volume.

6.4. Effect of Annotator LLM
To evaluate how annotator selection impacts syn-
thetic data quality, we compared three distinct an-
notation strategies: GPT-4o-mini as a state-of-
the-art proprietary model, Aya-23-35B (Aryabumi
et al., 2024) as a leading open-source multilingual
model with Farsi coverage, and a specialized NLI
model based on DeBERTa (Laurer et al., 2022).
This selection enables comparison across model
types (proprietary vs. open-source), scales (35B
vs. smaller specialized), and training objectives
(general vs. task-specific). While GPT-4o-mini pro-
duced balanced labels (by design), Aya-23-35B
and DeBERTa exhibited natural skews toward en-
tailment (62% and 58% entailment rates respec-
tively). These systematic differences likely reflect
variations in model architecture, training data distri-
bution, and multilingual calibration. Inter-annotator
agreement analysis showed 62% agreement be-
tween GPT-4o-mini and Aya-23-35B, and 55%
agreement between GPT-4o-mini and DeBERTa,
indicating substantial variation in labeling strate-
gies. Figure 5 compares downstream performance
across three annotator models (GPT-4o-mini, Aya-
23-35B, and DeBERTa-NLI) under different training
regimes for both mT5-small and mT5-base, using
50K synthetic samples. All annotators improve over
the gold-only baseline when synthetic data is incor-
porated. Differences between annotators are visi-
ble under the synthetic-only and merged regimes.
However, under the synthetic→ParsiNLU warm-up
regime, performance converges across all three
annotators. This suggests that training strategy
has a greater impact on downstream performance
than annotator choice at this scale.

7. Limitations

Our study has several limitations that constrain
the generalizability of findings and suggest im-
portant directions for future work. The proposed
framework generalizes to any paired-text classifi-
cation task—including summarization verification,
question-answering assessment, and semantic
similarity—where annotation distinguishes positive
and negative samples. However, our experiment
was mainly focused on a single task and language.

We deliberately used smaller models to iso-
late synthetic data effects, but this choice limits
generalizability to modern large language models.
Instruction-tuned models with tens of billions of pa-
rameters may exhibit different scaling behaviors,



Figure 4: Performance of mT5-small(top row) and mT5-base (bottom row) trained on imbalanced and
balanced synthetic datasets across increasing data sizes. Imbalanced training recovers to match balanced
performance at higher data volumes.

potentially benefiting from larger synthetic datasets
or showing less dependence on training regime op-
timization. Different architectural families such as
encoder-only BERT-style models versus decoder-
only GPT-style models may respond differently to
synthetic data, and models pretrained on substan-
tial Farsi corpora may require less synthetic aug-
mentation. Future work should use larger models
to strengthen claims about the impact of synthetic
data on downstream tasks.

Our experiments aimed to evaluate the utility of
synthetic data for low-resource languages, leav-
ing a comprehensive exploration of data curation
strategies to future work. Regarding coverage, the
input data was sourced exclusively from XLSum’s
BBC News corpus, and this constrains output to
journalistic styles. By contrast the gold dataset
includes more diverse linguistic styles. For label
quality, we relied solely on zero-shot prompting. Fu-
ture work should investigate whether prompt enrich-
ment strategies —such as explicit world-knowledge
exclusion instructions, chain-of-thought reasoning,
or few-shot examples —can bring LLM annotation
behavior closer to the human standard and improve
overall label reliability. Using summarization for hy-
pothesis generation, while computationally efficient,
introduces a systematic bias toward Entailment la-
bels. Alternative strategies warrant further inves-
tigation, including adversarial generation in which
models are prompted to produce contradictory or
neutral hypotheses. However, these approaches in-
troduce different trade-offs between computational
cost, annotation reliability, and control over label

balance.

8. Conclusion

We introduced a scalable synthetic data genera-
tion pipeline and demonstrated its effectiveness
for Farsi NLI, a language with limited training re-
sources. Our systematic evaluation yields three
key insights. First, synthetic data substantially im-
proves performance (+23% accuracy) over gold-
only baselines when training regimes are optimized,
with a Synthetic → Gold warm-up strategy con-
sistently outperforming merged or reversed order-
ings. Second, marginal gains diminish beyond
10K–20K examples, suggesting that quality and
training strategy matter more than raw volume for
models of this scale. Third, open-source annotation
(Aya-23-35B) matches proprietary quality (GPT-4o-
mini) in downstream performance. These findings
have practical implications for low-resource NLP.
For researchers working with limited budgets and
data, our results suggest prioritizing: (1) training
regime design over annotator selection, (2) gener-
ating 10K–20K diverse examples over 100K noisier
ones, and (3) leveraging open-source models for
annotation when costs constrain scale. We release
our 100K Farsi NLI dataset to support future re-
search. While our experiments focus on a single
language and model family, the results highlight
broader opportunities for synthetic data generation
in low-resource NLP.



Figure 5: Weighted-F1 comparison across anno-
tators (DeBERTa, Aya-23-35B, GPT-4o-mini) and
training regimes for mT5-small (top) and mT5-base
(bottom) at 50K synthetic samples. Error bars indi-
cate 95% confidence intervals across five random
seeds. Under the Synthetic→ParsiNLU warm-up
regime, all three annotators converge, suggesting
that training strategy matters more than annotator
choice at this setting.
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confirming that additional synthetic examples in-
troduce genuinely new vocabulary. Gold vocabu-
lary coverage—the proportion of gold vocabulary
present in the synthetic data—grows from 62.6%
at 5K to 79.2% at 50K, but with diminishing returns
beyond 20K. This lexical saturation mirrors the per-
formance plateau observed in Figure 3, suggesting
that beyond a certain scale, additional synthetic
examples contribute less novel vocabulary relevant
to the gold distribution. The most frequent tokens
in both corpora are identical high-frequency Farsi
function words, confirming stylistic consistency be-
tween synthetic and gold at the lexical level.

The Type-Token Ratio (TTR) of the synthetic data
decreases monotonically with dataset size (0.135
at 5K to 0.053 at 50K), compared to 0.322 for the
gold premises. This gap is primarily a corpus-size
artifact: with up to 155× more examples, tokens
naturally repeat more frequently in larger corpora.
To isolate the size effect, we computed TTR on a
random size-matched subsample of 749 synthetic
premises, obtaining a TTR of 0.27—moderately
below the gold TTR of 0.322. This modest gap re-
flects the synthetic data’s reliance on a single jour-
nalistic source corpus (XLSum/BBC Farsi), which
introduces a degree of stylistic homogeneity com-
pared to the manually curated gold dataset. De-
spite this, the consistently high gold vocabulary
coverage across all scales confirms that the syn-
thetic data remains broadly aligned with the target
lexical distribution.

Figure 6 complements this aggregate analysis
with per-example vocabulary overlap ratios be-
tween premises and hypotheses, each dataset
split and the gold test vocabulary, grouped by NLI
class. Across all three classes, synthetic distribu-
tions broadly match gold train, validation, and test
distributions in both shape and median, confirming
in-domain lexical consistency. Entailment pairs ex-
hibit higher overlap than neutral and contradiction
pairs across all splits, consistent with the semantic
proximity inherent to entailing premise-hypothesis
pairs. The close alignment between synthetic and
gold distributions across classes provides further
evidence that the proposed pipeline generates lexi-
cally representative data for the target task.

Appendix B. Fluency of Generated
Hypotheses

To evaluate the fluency of the generated hypothe-
ses, we implemented a structured annotation pro-
tocol focused on native-level Farsi linguistic quality.
Through manual evaluation of randomly sampled
hypotheses, we identified common error patterns
in the generated outputs and incorporated these
insights into the prompt refinement process. Each
hypothesis was labeled as either "Fluent" or "Not flu-

Size TTR Unique tokens Gold coverage
Prem. Hyp. Prem. Hyp. Prem. Hyp.

5K 0.135 0.102 22,527 9,732 0.626 0.618
10K 0.103 0.073 34,324 13,999 0.686 0.677
20K 0.077 0.052 51,657 20,067 0.738 0.733
30K 0.065 0.043 65,372 24,765 0.764 0.755
50K 0.053 0.034 87,674 32,306 0.792 0.782
Gold (749) 0.322 0.369 5,670 3,274 — —

Table 3: Lexical statistics across synthetic dataset
sizes and gold data. TTR decreases with size as
a natural corpus-size effect. Unique tokens grow
steadily, confirming vocabulary expansion at each
scale. Gold coverage reports the proportion of gold
vocabulary present in the synthetic data.

Category Fluent Non-Fluent
Entailment 39670 16190
Neutral 18110 9308
Contradictions 8520 7499
Total ∼ 67k ∼33k

Table 4: Distribution of labels across fluent and
non-fluent data

ent"—without intermediate categories or additional
explanations. Table 4 shows the fluency distribu-
tion of generated hypotheses per class.

Fluency check prompt

System prompt: You are a helpful assistant to
evaluate the fluency of text written in Persian
(Farsi).
User prompt: For the sentence below:

1. Check if it is grammatically correct, coher-
ent, and sounds natural to a native Persian
speaker. You should check for grammar is-
sues, awkward phrasing, broken structure,
unclear meaning, hallucinated terms, un-
natural repetition, logical errors, etc.

2. Think carefully the meaning of the sentence
before labeling.

3. Label it as either: Fluent or Not fluent. Do
not explain.

4. Do not fix or rewrite the sentence; only label.
Sentence: {hypothesis}

Table 4 presents the distribution of fluent vs. non-
fluent samples across NLI labels. Approximately
67% of generated hypotheses were classified as
fluent, indicating reasonable overall quality. How-
ever, fluency varies systematically by label: Entail-
ment hypotheses are most fluent (71%), followed
by Neutral (66%), with Contradiction hypotheses
showing the lowest fluency (53%). This pattern
directly reflects our generation strategy. The mT5-
base summarization model produces fluent, faithful
summaries when functioning correctly—these nat-



Figure 6: Per-example vocabulary overlap ratio
between each dataset split and the gold test set,
grouped by NLI class. Overlap ratio is computed
as the proportion of tokens in each example shared
with the gold test vocabulary. Synthetic distribu-
tions broadly match gold train, validation, and test
distributions across all three classes, confirming
in-domain lexical consistency. Entailment pairs ex-
hibit higher overlap than neutral and contradiction
pairs across all splits, reflecting the semantic prox-
imity of entailing premise-hypothesis pairs.

urally correspond to Entailment labels. When the
model makes errors (hallucinations, factual mis-
takes, irrelevant content), outputs are both less
fluent and less faithful, yielding Contradiction or
Neutral labels. Thus, generation errors serve a
dual purpose: they provide negative training exam-
ples while simultaneously signaling lower linguistic
quality.

Appendix C. Annotation
Disagreement Analysis

GPT-4o-mini vs Human Agreement. We evalu-
ate GPT-4o-mini annotation quality by comparing
its labels against human annotations on 600 syn-
thetic sentence pairs. The overall agreement be-
tween GPT and human labels is 72.6%, with 436
matched cases and 164 mismatches. To guide the
human annotation process, two annotators were
explicitly instructed to evaluate entailment solely
based on the textual content of the premise and
hypothesis, without drawing on commonsense rea-
soning or external world knowledge. Specifically,
annotators were asked to apply an "according to"
test: given only the premise, does the hypothe-
sis follow? This instruction mirrors the attribution
principle formalized in the AIS framework (Rashkin
et al., 2023), which defines a valid inference as
one a generic reader would affirm when asked "ac-
cording to the source, does this follow?" –explicitly
excluding background knowledge or real-world as-
sumptions beyond the text. Table 5 shows some
of the samples that LLM and humans disagree on.
Manual inspection of disagreement cases reveals
four recurring error patterns:

• Referential ambiguity: GPT over-confidently
resolves underspecified references, such as
ambiguous pronouns (“he”) or unnamed loca-
tions (“Isfahan”), leading to unwarranted en-
tailment predictions.

• World knowledge interference: The model
occasionally draws on external knowledge not
present in the premise, producing labels that
reflect plausible inferences rather than textual
entailment.

• Entailment fuzziness: Subtle lexical substi-
tutions blur the boundary between neutral and
contradiction, leading to borderline misjudge-
ments.

• Agency misattribution: Confusion over
speaker or actor identity causes incorrect en-
tailment assignments when the hypothesis
shifts attribution relative to the premise.

These disagreements are consistent with chal-
lenges reported in human AIS annotation studies,
where annotators similarly struggle with referential
ambiguity and named entity underspecification de-
spite explicit instructions to avoid world knowledge
inference. Note that the human and LLM annotation
protocols were not fully aligned: human annotators
followed a structured AIS-based framework restrict-
ing inferences to textual evidence only, whereas
the LLM received a minimal zero-shot prompt with-
out equivalent framing. This asymmetry likely con-
tributes to the observed disagreements.



Figure 7: Comparison of pairwise confusion
matrices between GPT-4o-mini and other annota-
tors (Aya-23-35B and DeBERTa-NLI) across NLI
classes.

Fluency further moderates agreement: for gram-
matically well-formed premise-hypothesis pairs,
agreement rises to 78.9%, whereas degraded or se-
mantically vague pairs reduce agreement to 62.1%.
This 16.8 percentage point gap indicates that an-
notation noise in the synthetic dataset is concen-
trated in lower-quality generated hypotheses and
that fluency-based filtering could be an effective
post-processing step to improve label reliability.

GPT-4o-mini vs. Aya-23-35B and DeBERTa.
Figure 7 shows pairwise confusion matrices be-
tween GPT-4o-mini and the two other annotators
across NLI classes. Inter-annotator agreement
is 62% between GPT-4o-mini and Aya-23-35B,
and 55% between GPT-4o-mini and DeBERTa.
Both matrices reveal a systematic pattern: dis-
agreements concentrate on the Contradiction class,
where Aya-23-35B and DeBERTa frequently assign
Entailment or Neutral to examples GPT-4o-mini la-
bels as Contradiction.

Appendix D. Resources and pricing

We generated over 100,000 hypotheses in approxi-
mately 6 hours using a single NVIDIA A100 (80GB)
GPU. For synthetic annotation, each labeling re-
quest contained approximately 250 tokens. Anno-
tation prompts were submitted in bulk via OpenAI’s
Batch API, which supports asynchronous process-
ing at a 50% discounted rate (0.15 USD per 1 mil-
lion tokens)9. All requests were completed within
24 hours. Annotation with Aya-23-35B required
roughly 2 hours on two NVIDIA A100 GPUs (without
batch processing), whereas DeBERTa completed
the same 50,000 samples in about 10 minutes on
a single RTX 3060 GPU.

Appendix E. Hyperparameters For
fine-tuning mT5 models

We used a constant learning rate of 1e−4 and a
batch size of 32 for the training. Optimization was
performed using the Adam optimizer with β1 = 0.9,
and β2 = 0.999. For regularization, we applied a
dropout rate of 0.3 on the classification head and
a weight decay of 0.01. We set encoder/decoder
dropout to 0, as preliminary experiments showed a
non-zero value of dropout degraded performance.
To promote stable training of the model and effec-
tive gradient flow, we initialize the linear layers of
the classification head using Xavier uniform initial-
ization (Glorot and Bengio, 2010). All bias terms
are initialized to zero to avoid random shifts in the
activations.

9https://openai.com/api/pricing/

https://openai.com/api/pricing/


Examples

Premise: During the recent economic crisis, he asked the European Commission to take more decisive action, intervene more in
controlling member states’ economies, and at the same time guide countries toward closer integration.
Hypothesis: The President of the European Commission demanded greater intervention in controlling member states’ economies.
Human: Neutral
GPT-4o-mini: Entailment→Reasoning: The premise states that "he asked the European Commission to take more
decisive action" and "intervene more in controlling member states’ economies." This implies that the
President of the European Commission is advocating for greater intervention, which aligns with the hypothesis that he demanded
greater intervention in controlling member states’ economies. Therefore, the hypothesis can be inferred from the premise.
Remark: There’s ambiguity about who "he" is, the hypothesis is plausible, but not entailed or contradicted.

Premise: City officials have stated that railway services will gradually return to normal starting early Wednesday morning, and are
expected to be operating at an acceptable level by the end of the day.
Hypothesis: Isfahan railway services will return to normal starting early Wednesday morning.
Human: Neutral
GPT-4o-mini: Entailment→Reasoning: The premise mentions that "railway services will gradually return to nor-
mal" but does not specify which city’s railway services are being referred to. While it is possible that Isfahan is included, the
information provided does not confirm it, making the hypothesis uncertain.
Remark: The location-specific detail (Isfahan) is not entailed by the premise.

Premise: Jared Kushner said that around $50 billion would be invested in the region as part of this plan, creating many job
opportunities in the West Bank and Gaza.
Hypothesis: Venezuela’s Minister of Energy announced that the country intends to invest $50 billion in the West Bank and Gaza to
create many job opportunities.
Human: Neutral
GPT-4o-mini: Contradiction→Reasoning: The premise states that Jared Kushner mentioned a $50 billion investment in the West
Bank and Gaza, but it does not indicate that this investment is coming from Venezuela’s Minister of Energy. The hypothesis claims
that Venezuela is making this investment, which contradicts the information provided in the premise.
Remark: The model treats differences in named entities or specific details as evidence of contradiction, even when those details are
not mutually exclusive.

Premise: Officials of the Islamic Republic have stated that Iran’s involvement in the Syrian civil war consisted of advisory services,
although some Iranian military personnel sent there have been killed.
Hypothesis: Officials of the Islamic Republic have stated that Iran’s involvement in the Syrian civil war consisted of medical services,
although some Iranian military personnel sent to this war have been killed.
Human: Contradiction
GPT-4o-mini: Neutral→Reasoning: The premise specifically states that Iran’s involvement in the Syrian civil war consisted of
"advisory services" while the hypothesis claims it consisted of "medical services." This is a direct contradiction, as the
type of services provided is different in each statement.
Remark: The premise states Iran’s role was advisory, while the hypothesis claims it was medical—two distinct and mutually exclusive
roles when framed as the main involvement. The confusion arises since the hypothesis doesn’t explicitly deny the advisory role,
making it possible to interpret it as additional information, which could lead some to label it Neutral. This highlights how phrasing and
implied exclusivity can blur the line between Neutral and Contradiction.

Premise: When they say John Kerry’s son-in-law, the U.S. Secretary of State, is of Iranian descent, this cannot be without influence
on his view of Iran and his understanding of our country.
Hypothesis: The U.S. Secretary of State states that when they say he is of Iranian descent, this cannot be without influence on his
view of Iran and his understanding of our country.
Human: Contradiction
GPT-4o-mini: Entailment→ Reasoning: The premise discusses the influence of the U.S. Secretary of State’s Iranian descent on his
views, but it does not state that he himself makes this claim. The hypothesis suggests that the Secretary of State explicitly states this
influence, which is not confirmed or denied by the premise. Therefore, we cannot definitively conclude that the hypothesis is true or
false based on the premise alone.
Remark: There is misattribution of identity and speaker.

Table 5: Representative disagreement cases between human annotations and GPT-4o-mini. Divergences
commonly arise from referential ambiguity, underspecified named entities, and implicit world knowledge
assumptions. These examples highlight the intrinsic ambiguity of NLI and the sensitivity of LLM judgments
to interpretive framing and reasoning prompts.


