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Deep learning models excel in various Natural Language Processing (NLP) tasks, but their performance (excluding ap-
proaches like zero-shot learning or few-shot learning) relies on ample data, posing challenges in fields with limited datasets.
To address the poverty in the size of training data, a number of approaches could be taken, such as multi-task learning and
data augmentation. Aiming to leverage Large Language Models (LLMs), we propose a data augmentation algorithm. It subtly
alters sentences by inserting random words and utilizes LLMs to find the most fitting replacements within their embedding
space. Taking inspiration from Prompt Tuning, the focus shifts from optimizing the input prompt to updating the inserted
tokens’ embedding vectors by maximizing the conditional generation probability. This allows for vast sample generation
while implicitly benefiting from the knowledge within LLMs. The results from our extensive set of experiments on various
benchmark text classification tasks show a substantial improvement over the non-augmented outcomes.
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1 Introduction

Today’s digital landscape is overflowing with text data (Melsbach et al. 2025), a key component of many Natu-
ral Language Processing (NLP) applications (Kesgin and Amasyali 2024). At the intersection of artificial intelli-
gence (Al) and computational linguistics, NLP is the bedrock of how computers and humans interact through
language (Luz 2022; Tsujii 2011). This technology is vital for numerous language-based tasks, such as translation,
summarization, and question answering, all of which enable computers to process and generate language with
remarkable efficiency. NLP underpins many of the daily-use applications we rely on, from virtual assistants to
real-time translation services. Yet, the efficacy of NLP models is intrinsically linked to the availability of exten-
sive, high-quality, annotated datasets (J. Chen et al. 2023b; A. Mumuni and F. Mumuni 2022; Z. Wang, J. Zhang,
et al. 2025; Q. Xie et al. 2020b; S. Yu et al. 2024). Acquiring such datasets is often expensive and tedious, posing
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significant challenges, particularly for under-resourced languages and specialized domains (Ding, Qin, L. Liu,
et al. 2022; Onan 2023).

As a strategic response to data scarcity, Data Augmentation (DA) enhances existing corpora by generating
linguistically diverse and semantically coherent variants, thereby improving model robustness, generalization,
and performance across a wide range of tasks (J. Chen et al. 2023b; Ding, Qin, R. Zhao, et al. 2024; Feng et
al. 2021a). Methods such as contextual replacement (Kobayashi 2018), back-translation (Sajjadi et al. 2016), and
neural style transfer (Gatys et al. 2015) have demonstrated consistent gains in applications including text classifi-
cation (Cubuk, Zoph, Mané, et al. 2019), information extraction (Nguyen et al. 2020), and sentence representation
learning (Thakur et al. 2020). This makes DA especially critical for training data-intensive deep learning models,
where insufficient data can lead to overfitting and poor out-of-domain performance (Cheng et al. 2019; Cubuk,
Zoph, Mane, et al. 2019; Dosovitskiy et al. 2016; Miyato et al. 2021).

Our research focuses on DA for text classification within NLP, proposing a novel embedding-space method for
tasks such as sentiment analysis and subjectivity classification. Unlike conventional approaches that generate
surface-level text variants using Large Language Models (LLMs), our technique operates in the latent space by
introducing a small set of learnable artificial tokens into the input representation. This strategy is motivated by
findings that even minor perturbations can significantly influence model predictions (Balashankar et al. 2023).
To preserve label integrity, our method is explicitly designed to be label-aware: the embeddings of the artificial
tokens are optimized to maximize the likelihood of the original class label under the perturbed input. By avoid-
ing surface-form generation, our approach sidesteps the risks of semantic drift and hallucination associated with
LLM-based augmentation (L. Cao et al. 2024; Sun et al. 2025), while enhancing model generalization and classi-
fication accuracy—contributing to more robust and reliable NLP systems (H. Chen, Han, et al. 2022; Kwon and
Y. Lee 2023; Onan 2023).

The core of our approach is a conditional generation mechanism that dynamically integrates the inserted
tokens into the original text. Unlike traditional methods that rely on predefined rules or extensive preprocessing,
our model updates the embeddings of these new tokens, allowing them to blend naturally with the surrounding
context. This ensures that the augmented sentences remain semantically and syntactically coherent, preserving
the integrity of the original label and context.

LLMs are particularly well-suited for this task. From a data perspective, using LLMs for DA offers a powerful
strategy for overcoming the limitations of manually curated datasets. These models can facilitate the creation
of high-quality synthetic data that, in certain instances, can surpass the value of human-generated data (Ding,
Qin, R. Zhao, et al. 2024; Peng et al. 2023). This capability makes LLMs an ideal choice for generating diverse and
realistic augmented examples, which is crucial for improving the robustness and generalization of NLP models.

Our methodology utilizes the capabilities of LLMs to maintain the contextual semantics of the original text
while simultaneously introducing diversity into the training dataset. This integration of tokens is accomplished
by optimizing their embeddings within the LLM’s latent space, ensuring alignment with the surrounding context
to uphold linguistic coherence. In contrast to conventional data augmentation techniques that depend on rule-
based transformations or fixed substitutions, our approach dynamically adapts to the subtleties of the input text,
facilitating a more flexible and robust augmentation process.

Additionally, the label-awareness inherent in our technique marks a significant advancement in DA practices.
By conditioning the updates of embeddings on the target label, the augmented samples generated are specifi-
cally designed to enhance the model’s comprehension of the task at hand. This label-conditioned augmentation
not only improves the model’s generalizability but also reduces the likelihood of introducing noise that could
negatively impact performance.

Another advantage of our method is its scalability. The random token insertion mechanism can be modified
to create multiple augmented versions of the same input, yielding an almost limitless supply of training samples.
This scalability is especially beneficial in low-resource contexts, where acquiring labeled data can be particularly
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challenging. By enriching the dataset with high-quality, contextually coherent samples, our technique effectively
addresses issues related to data scarcity without necessitating extensive human annotation efforts.

In conclusion, our proposed DA technique represents a transformative shift in strategies for NLP tasks. By
leveraging the strengths of LLMs, it combines contextual fidelity, label-awareness, and scalability to generate
augmented data that significantly enhances model performance across various text classification benchmarks.
This innovative approach paves the way for new research opportunities and applications, particularly in areas
where data availability poses a significant constraint.

For the evaluation of our proposed method, we have employed multiple benchmark datasets for text clas-
sification tasks. These datasets, widely recognized and utilized in the field, provide diverse and representative
samples that allow for a comprehensive assessment of our method’s performance. This procedure is done using
a pre-trained LLM which implicitly has a deep understanding of language itself (Aparna et al. 2025; Jamal et al.
2024). The main contributions of this research can be summarized as follows:

I. Proposing a novel prompt-tuning-style DA framework, which is inspired by the idea of “Prompt Tuning”
(Lester et al. 2021) and “Automatic Prompt Construction” (Yousefi Jordehi et al. 2024).
II. Employing LLMs to introduce a new method of Transfer Learning in DA by tapping into the language
knowledge embedded within them.
III. Generating new samples in the embedding space rather than finding exact words in vocabulary.
IV. Conducting experiments on text classification benchmarks, we outperformed standard fine-tuning meth-
ods by using our generated augmented data in conjunction with the original training data.
V. Establishing a new state-of-the-art (SOTA) record or reaching very close to the current SOTA in various
benchmarks.

The remainder of this paper is organized as follows. Section 2 reviews related work on DA in NLP, situating
our contribution within both traditional and LLM-based approaches. Section 3 introduces the proposed method
in detail, outlining the stages of artificial token insertion and label-aware perturbation realization. Section 4
describes the experimental setup, datasets, and implementation details, followed by Section 5, which presents
and analyzes the results. Section 6 reports ablation studies, including robustness and sensitivity analyses. Finally,
Section 7 concludes the paper with a summary of contributions and directions for future work.

2 Related Work

This section provides a structured overview of the DA landscape in NLP, situating our work within the broader
research trajectory. We first survey traditional and non-LLM-based methods, which range from simple word-
level heuristics to sophisticated techniques leveraging contextual embeddings and structural recombination. We
then analyze the paradigm shift brought about by LLM-based augmentation, where large language models act
as generators, rewriters, and curators of synthetic text. While powerful, these methods inherit fundamental chal-
lenges related to semantic drift, computational cost, and the statistical irregularities of generated text. Finally, we
detail the positioning of our contribution: a latent-space augmentation framework that circumvents surface-
text generation altogether. By repurposing a frozen LLM as a contextualizer rather than a generator, our method
offers a parameter-efficient, semantically grounded, and statistically robust alternative that addresses key limi-
tations of both classical and contemporary approaches.

2.1 Traditional and Modern Data Augmentation without LLMs

DA in NLP has long developed independently of large language models, relying on heuristic, structural, and
representation-driven methods that directly manipulate surface text or latent features. Classical techniques such
as synonym substitution, insertion, deletion, and token shuffling (Wei and Zou 2019; Woolsey et al. 2025; X.
Zhang et al. 2015) provided simple and broadly applicable ways to expand datasets, but they frequently risked
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semantic drift when applied to polysemous or domain-specific terms. Back-translation (Sennrich et al. 2016)
introduced a sentence-level alternative by translating into a pivot language and retranslating to the source, pro-
ducing paraphrases that improved classification robustness across domains, with later refinements incorporating
multiple pivots or controlled noise to enhance diversity (Fabbri et al. 2021; Q. Xie et al. 2020a; A. W. Yu et al. 2018).
More recently, domain-aware rule-based approaches have extended these ideas; for instance, H. Chen, Dan, et al.
(2024) proposed contextual random replacement and targeted entity replacement to improve Chinese medical
Named Entity Recognition (NER), showing that carefully constrained replacements yield measurable gains in
specialized applications. Similar attempts to increase semantic richness under limited data conditions include
variance-oriented masking, where Yao et al. (2024) introduced M4DA to generate label-consistent augmentations
by selecting high-variance tokens, demonstrating clear improvements in class-imbalanced text classification.

As pre-trained encoders and contextual embeddings gained prominence, augmentation methods shifted to-
ward embedding-driven and context-aware strategies. Embedding-based word replacement (Rizos et al. 2019;
W.Y. Wang and D. Yang 2015) expanded lexical variety by leveraging distributional similarity, while contextual-
ized masked prediction with Bidirectional Encoder Representations from Transformers (BERT) improved fluency
by conditioning replacements on sentence context (Kobayashi 2018; X. Wu et al. 2019). Structural composition
also became important: TreeMix (L. Zhang et al. 2022) recombines syntactic subtrees from constituency parses to
produce syntactically diverse yet coherent sentences, and AttentionMix (Lewy and Mandziuk 2023) uses BERT
attention weights to guide token-level mixing, balancing diversity with semantic preservation. Representation-
level augmentation followed in this trajectory, as exemplified by AugCSE (Z. Tang et al. 2022), which integrates
multiple augmentation types into a contrastive framework to improve the quality of sentence embeddings and
their transferability across tasks. Parallel work explored adversarial perturbations (Ebrahimi et al. 2018), gradient-
guided token substitutions, and noise injection strategies (Y. Li et al. 2017; Z. Xie et al. 2017) as regularizers to
improve model resilience to minor textual variation.

Another line of research explores the use of fine-tuned language models for controlled text generation in data
augmentation. Bayer, Kaufhold, Buchhold, et al. (2023) propose a method that employs a Generative Pre-trained
Transformer-2 (GPT-2) model, fine-tuned on the target dataset and guided by a specific prefix, to generate syn-
thetic training samples. To ensure label consistency, their approach incorporates a document embedding filter to
remove generated instances that are semantically misaligned with their intended class. This work demonstrates
the effectiveness of combining generative models with filtering mechanisms to produce high-quality augmented
data for text classification.

At the task and domain level, augmentation pipelines have been designed to exploit structural constraints and
domain knowledge. In legal contract classification, Duffy et al. (2025) showed that combining rule-based trans-
formations with lightweight generative methods led to dramatic F1 improvements even when training data was
reduced by up to 75%. In information retrieval, Moon et al. (2025) proposed frequency-based token deletion strate-
gies that adapt deletion probability to both passage- and corpus-level statistics, producing more informative and
balanced training corpora for dense retrieval. Revisiting the value of simple approaches, Parmar (2025) demon-
strated that ensembles of synonym swaps, insertions, deletions, and back-translation provide consistent im-
provements in classification tasks under data scarcity, reinforcing the enduring utility of lightweight techniques.
Furthermore, Cegin et al. (2025) systematically compared traditional augmentation with LLM-based paraphras-
ing, finding that established strategies often match or outperform LLM-generated augmentations when sufficient
seed data is available, while being far cheaper, faster, and environmentally sustainable. Collectively, these lines
of research show that even without LLMs, data augmentation continues to evolve through domain adaptation,
structural recomposition, embedding manipulation, and contrastive regularization, forming a robust method-
ological foundation for semantic preservation, diversity, and robustness that informs and complements more
recent LLM-based approaches.
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2.2 LLM-Based Data Augmentation

The rapid development of LLMs such as Generative Pre-trained Transformer-3 (GPT-3), Generative Pre-trained
Transformer-4 (GPT-4), and Large Language Model Meta Al (LLaMA) has opened a new paradigm for data
augmentation in NLP (Sun et al. 2025), shifting the focus from surface-level manipulations and contextual sub-
stitutions to controllable generation of semantically coherent and context-rich synthetic data. Unlike heuristic
or embedding-driven methods that operate primarily on existing corpora, LLM-based augmentation relies on
prompt engineering, in-context learning, and task conditioning to produce novel samples that expand training
distributions in both lexical and structural dimensions (Achiam et al. 2023; Brown et al. 2020; Touvron et al.
2023; M. Wang et al. 2024). These capabilities have been particularly impactful in low-resource and few-shot
learning scenarios, where even modest amounts of high-quality synthetic data can substantially improve gener-
alization (Balkus and Yan 2024; Dai et al. 2025; Gera et al. 2022; R. Zhang et al. 2023).

Recent comparative studies highlight both the promise and limitations of this approach. Pavlyshenko and
Stasiuk (2025) contrasted traditional augmentation techniques such as synonym replacement, contextual em-
beddings, and abstractive summarization (the Lambada method) with LLM-driven augmentation using GPT-4,
LLaMA-3, and Mistral, showing that while LLM-based methods can boost classification accuracy, simpler ap-
proaches sometimes rival or surpass them when carefully aligned with task structure and model architecture. In
the context of imbalanced classification, H. Zhao et al. (2024) demonstrated that generating new samples from
scratch using ChatGPT is often more effective than rewriting existing ones, particularly in technical domains
where preserving specialized terminology is critical; however, they also observed that rewriting tends to induce
semantic drift by replacing domain-specific expressions with generic alternatives. A hybrid strategy that bal-
ances generated and rewritten data was found to improve robustness while mitigating distributional artifacts,
further underscoring the importance of prompt specificity and controllability.

A distinct approach to LLM-based data augmentation is demonstrated by Ubani et al. (2023), who use large
language models in a zero-shot, instruction-driven manner to generate synthetic data for low-resource text
classification. Their method involves crafting imperative prompts that explicitly instruct the LLM to generate a
specified number of sentences for each class (e.g., ’Generate 20 sentences where a human tells a digital assistant
to add music to a playlist®). This approach is evaluated in a few-shot scenario with only 10 labeled examples per
class, and the generated data is shown to have low similarity to the original training set, suggesting it mitigates
memorization risks. This work highlights the potential of using direct, class-specific instructions to guide LLMs
for targeted data synthesis.

Other lines of work focus on semantic enrichment and preprocessing before generation. Chi et al. (2024) pro-
posed a framework for financial short-text classification where input texts are first enriched with label-correlated
contextual information before augmentation, thereby reducing noise and ambiguity in the resulting synthetic
data. Similarly, Meguellati et al. (2025) reframed augmentation as an explanation-driven process, using LLMs to
clean noisy inputs and attach contextual triggers or rationales that improve classification performance without
substantially expanding the dataset. These approaches highlight a growing trend in which LLMs act not only
as generators but also as rewriters and explainers, with the goal of enhancing semantic consistency rather than
maximizing diversity.

Another prominent strand leverages LLMs for cross-lingual or domain-conditioned augmentation. Rahman
and Siddiq (2025) applied translation and retranslation of code comments across multiple languages, filtering
paraphrases with semantic similarity models such as Sentence-BERT to preserve meaning while increasing lin-
guistic diversity, though diminishing returns were observed as the number of pivot languages grew. Y.-L. Chung
et al. (2025) scaled augmentation to millions of claim-generation pairs across English, German, and Spanish
by iteratively prompting LLMs to produce supports, refutes, and not-enough-info statements validated against
Wikipedia passages, yielding improvements in knowledge-intensive reasoning tasks but also raising questions
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about quality assurance and calibration at scale. More domain-focused applications include Arslan et al. (2025),
who generated idiom corpora with GPT-4, showing cost and time advantages but documenting persistent gaps
in semantic fidelity relative to human-authored data, and Almorjan et al. (2025), who fine-tuned GPT-3.5 with
domain-specific indicators of compromise to synthesize labeled social-media comments, producing realistic and
controllable task-specific data while facing the challenge of distributional artifacts from surface-level generation.

Building on these empirical advances, recent comprehensive surveys have systematized the landscape of LLM-
based augmentation. Chai et al. (2025) categorize over sixty methods along dimensions of strategy, granularity,
and evaluation. Complementing this, Ding, Qin, R. Zhao, et al. (2024) propose a unified taxonomy based on data
perspectives: (1) Data Creation (generating synthetic datasets via few-shot prompting), (2) Data Labeling (using
LLMs to annotate unlabeled data), (3) Data Reformation (paraphrasing or counterfactual generation), and (4) Co-
Annotate (LLM-human collaboration). This framework clarifies the functional roles of LLMs and highlights their
use beyond mere generation.

A key insight from these surveys is the growing application of LLM-based DA in low-resource and multi-
lingual settings. Z. Wang, P. Wang, et al. (2024) demonstrate that LLMs can generate high-quality training data
for under-resourced languages, significantly improving performance in tasks like sentiment analysis and named
entity recognition where labeled data is scarce. Their method leverages multilingual LLMs (e.g., mT5, BLOOM)
to generate and translate data, enabling cross-lingual transfer without human annotation.

Complementing these, H. Chen, Han, et al. (2022) introduce DOUBLEMIx, a hidden-space augmentation method
that combines MixUp (H. Zhang et al. 2017) with manifold interpolation. Rather than generating surface-level
text, DOUBLEMIX creates synthetic training examples by interpolating between input embeddings and their cor-
responding labels in the latent space. This approach avoids the pitfalls of surface-form generation—such as hallu-
cination, semantic drift, and decoding overhead—while promoting smoother decision boundaries and improved
generalization. Their results show consistent gains across six benchmark datasets, particularly in low-resource
settings.

In contrast to DoUuBLEMIX, which generates new training signals by interpolating between the original input
and its perturbed versions (e.g., via synonym replacement or back-translation), our method preserves the original
input sequence entirely. Instead of modifying or blending existing samples, we enrich the input by inserting
a small number of learnable artificial tokens at random positions. The embeddings of these tokens are then
optimized to maximize the likelihood of the correct label, effectively creating a label-aware perturbation in the
embedding space. This approach does not require generating perturbed variants of the data, avoids any form of
interpolation, and introduces minimal structural change to the input. By focusing on learning a compact set of
task-specific soft prompts within the frozen LLM, our method offers a more targeted, parameter-efficient, and
semantically stable form of latent-space augmentation.

Finally, Feng et al. (2021b) and J. Chen et al. (2023b) provide comprehensive empirical surveys of data augmen-
tation in NLP, summarizing token-level, sentence-level, adversarial, and hidden-space methods. They conclude
that while augmentation generally improves robustness, its effectiveness is highly dependent on task, model,
and data regime, underscoring the need for principled, evaluation-driven frameworks.

Taken together, the literature on LLM-based augmentation demonstrates a spectrum of roles for LLMs, rang-
ing from generators of fully synthetic instances and paraphrases, to rewriters that restructure or enrich existing
inputs, to explainers that attach rationales or contextual triggers, and to curators that filter, relabel, or validate
candidate outputs. These methods consistently deliver benefits in data-scarce and fine-grained classification
scenarios, but they come with practical trade-offs in controllability, efficiency, privacy, and quality assurance.
Their reliance on prompt engineering and validation heuristics reflects both their flexibility and fragility. Never-
theless, LLM-based augmentation marks a major advance over earlier paradigms by enabling task-conditioned,
semantically rich data generation at scale, setting the stage for complementary methods—such as latent-space
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augmentation—that seek to preserve the benefits of contextual sensitivity while mitigating the drawbacks of
surface-form generation.

2.3 Positioning of This Work

While recent advances in LLM-based data augmentation have demonstrated impressive performance gains—
often achieved through paraphrasing, explanation generation, or full synthetic sampling—they share a funda-
mental dependency on surface-form text generation. This dependency necessitates extensive prompt engineer-
ing, autoregressive decoding, and laborious post hoc filtering to ensure semantic fidelity and label consistency.
These methods treat the LLM primarily as a generator or rewriter of natural language, and their effectiveness
hinges on careful control of stochastic outputs, mitigation of vocabulary bias, and quality assurance via down-
stream heuristics. Consequently, they face persistent challenges in label preservation, computational effi-
ciency, and scalability. These challenges are particularly acute in low-resource, domain-specific, or privacy-
sensitive settings, where uncontrolled generation can introduce noise, semantic drift, or distributional artifacts.

A growing body of work highlights deeper, more fundamental concerns regarding the linguistic authenticity
of LLM-generated text. Despite achieving high fluency, synthetic samples often deviate from core statistical
regularities inherent to human language, such as Zipf’s law (governing word frequency distributions), Heaps’
law (describing vocabulary growth), and Mandelbrot’s multifractal scaling properties (Z. Wang, G. Xu, et al. 2024).
These deviations reflect a systemic deficit in long-range correlations and structural complexity, suggesting that
even semantically coherent outputs may lack the rich, self-similar organization of natural discourse. To mitigate
this, frameworks such as ZGPTDA (Z. Wang, G. Xu, et al. 2024) have proposed quality-aware augmentation
using fuzzy logic and Z-numbers to model both the truth (i.e., conformity to scaling laws) and the reliability of
generated samples. While such approaches can improve downstream task performance by filtering statistically
atypical outputs, they introduce significant computational overhead and remain entrenched in the inherently
flawed generate-then-correct paradigm, which relies on costly decoding and external validation.

In stark contrast, our proposed method circumvents the need for the LLM to emit any surface text whatso-
ever. Instead, we operate entirely within the latent representation space of a frozen encoder-decoder architecture.
Our core innovation involves the introduction of a small set of artificial tokens whose embedding vectors are
optimized to induce label-preserving perturbations within the input’s representation. By learning only these
token embeddings—while keeping the entire pre-trained model fixed—we reframe data augmentation as a con-
trolled, deterministic intervention within the embedding manifold. This approach entirely avoids the stochastic-
ity, prompt sensitivity, and decoding variability that are intrinsic to generative methods.

This design confers several distinct advantages:

« Immunity to Statistical Artifacts: Since no text is generated, our method is inherently immune to
violations of linguistic scaling laws and other statistical anomalies that plague synthetic text. There is
no need to assess conformity to Zipfian distributions or fractal complexity, as our pseudo-samples exist
exclusively within the semantic representation space.

Semantic Grounding: Augmentation is performed within a context-aware, semantically grounded rep-
resentation space, ensuring that perturbations respect both local syntactic structures and global semantic
meaning.

Parameter Efficiency and Privacy: The approach is highly parameter-efficient, as the vast majority of
the network (the LLM itself) remains completely frozen. Only a minimal number of new token embeddings
are learned. This avoids the computational cost and catastrophic forgetting risks of full model fine-tuning
and eliminates privacy risks associated with generating and storing new text—making it particularly suit-
able for sensitive or regulated domains.
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Furthermore, by strategically enriching neighborhoods around existing samples within the embedding mani-
fold, our method effectively densifies sparse regions of the decision boundary. This enhances model robustness
to adversarial perturbations and improves generalization, especially in data-scarce regimes. It is therefore partic-
ularly effective for applications involving fine-grained classification, imbalanced datasets, and specialized
lexicons—precisely the scenarios where generative augmentation often fails due to semantic drift or overgen-
eralization.

Thus, whereas prior work leverages LLMs as generators, rewriters, or curators of text—each role entailing
significant trade-offs between diversity, fidelity, and computational cost—our research repurposes the LLM as a
fixed contextualizer. We exploit its frozen representational capacity not to produce language, but to define a rich,
structured space in which augmentation becomes a precise, label-aware operation. In doing so, we move beyond
the limitations of the generate-filter paradigm and propose a new direction: augmentation as latent-space
sculpting, guided by task semantics rather than surface fluency.

Our contribution represents a conceptual and practical shift in data enrichment for NLP—away from explicit
text generation and toward implicit representation engineering. It complements both traditional and LLM-based
methods by offering a more efficient, stable, and theoretically sound alternative that preserves the benefits of
deep contextual sensitivity while eliminating the core liabilities of surface-form synthesis. This literature fur-
ther motivates our novel, scalable, and label-aware method for embedding-space data augmentation that com-
plements and extends previous DA paradigms in NLP.

3 Proposed Method

In this section, we present a detailed explanation of our proposed method, breaking it down into distinct stages to
facilitate understanding. Each stage is carefully designed to address specific aspects of the methodology, ensuring
clarity and coherence in its implementation.

3.1 Perturbations Insertion

A dataset D is typically partitioned into training (2 "), development (2"), and test (2'*") subsets, although
in some cases only a training and test split is provided. Our proposed DA is applied exclusively to lrain,

We begin by selecting a subset of M samples from @™ where M < N and N denotes the total number of
training instances. This subset serves as the operational scope for our augmentation method. The algorithm then
proceeds by systematically applying a defined transformation procedure to each of the M selected samples'.

For a given sentence s = (wy, ws, ..., W), we insert a set of K artificial tokens at randomly selected positions
within the sequence. Formally, this involves generating a sequence of K distinct indices, sampled uniformly from
the possible token positions, indicating where the artificial tokens are to be injected.

Consequently, we denote the augmented sentence as s* = wy, Wy, ..., W, . The K artificial tokens are ini-
tially chosen from the lexicon of the LLMs, symbolized as 7”. This study departs from the “soft prompt-tuning”
method of Lester et al. (2021) by introducing the novel concept of mid-sentence prompts, where prompts can be
strategically placed at any desired location within the text.

We are inspired by the significant research of Yousefi Jordehi et al. (2024), who developed a prompt construc-
tion technique that locates learnable prompts in the embedding space to improve opinion mining tasks. However,
we diverge from their approach by extending the identification of prompt words to every preferred position (i.e.,
index) within a sentence. Additionally, we differ from their methodology by focusing on generating new sam-
ples in the embedding space to increase the number of data points (i.e., sentences) as a novel DA technique,

'When augmenting data to a larger size (M > N), we only need to vary the indices generated in each augmentation run. Essentially, we
achieve this by applying “sampling with replacement” method. Consequently, we can generate as much data as necessary to reach the
desired amount M.
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rather than identifying a specific prompt for a given task. While our primary strategy involves random token
insertion, we recognize that position can influence how artificial embeddings interact with the surrounding con-
text. Inserting tokens at the beginning may bias sentence-level semantics, while mid-sentence placement allows
perturbations to blend more naturally into the structure. To avoid overfitting to any single strategy, we employ
random placement across the sequence, which distributes perturbations throughout the embedding space and
maximizes diversity. In Section 6.2, we further analyze the effect of token position and demonstrate that mod-
erate values of K with varied placement preserve syntactic coherence and yield consistent performance gains.
The overall procedure of our system is shown in Figure 1.

We are also different from other previous DA conditional generation techniques which involve producing
supplementary text using a language model that is conditioned on a specific label. Once the model is trained to
reconstruct the original text based on the provided label, it can subsequently generate new text instances (Anaby-
Tavor et al. 2020; Kumar et al. 2019; Niu and Bansal 2018).

Although random insertion may appear to disrupt surface syntax, the frozen LLM contextualizer interprets
artificial tokens as latent perturbations rather than grammatical elements. As a result, sentence coherence is
preserved at the representational level, even when tokens are placed at positions that would otherwise break
syntax in surface text.

3.2 Perturbations Realization

In this work, we employ the Text-to-Text Transfer Transformer (T5) sequence-to-sequence model (Raffel et al.
2020) as the foundational LLM for realizing perturbations within input sentences. Our approach involves opti-
mizing the embedding vectors of a small set of artificially inserted tokens that act as controlled perturbations.
Crucially, during training, only the embeddings of these artificial tokens are updated through back-propagation,
while all other model parameters—including the entire LLM—remain frozen. This selective optimization lever-
ages the rich linguistic and semantic knowledge already encoded in the frozen model, enabling the injected
tokens to integrate seamlessly into the existing sentence structure and meaning without compromising the orig-
inal context.

Our method operates within a conditional generation framework, a core principle in modern machine
learning where an output is produced based on a specific input. Formally, this can be expressed as maximizing
the conditional probability Pry(output | input).

In our case, the “input” is the original sentence with the inserted artificial tokens (the modified sequence), and
the “output” is the desired ground-truth label. Label-awareness is incorporated directly into the optimization
objective. Specifically, the embeddings of the artificial tokens are updated so as to maximize the conditional
likelihood of the ground-truth label given the perturbed input. This means that gradients flow only through the
artificial tokens with respect to the label-specific loss, ensuring that the learned perturbations are explicitly tied
to preserving and reinforcing the correct label. In this way, augmentation is not merely stochastic noise injection,
but a label-conditioned intervention in the representation space.

Unlike embedding-based replacement methods, our approach does not decode optimized vectors back into
discrete vocabulary tokens. Instead, the artificial embeddings are retained as continuous vectors and directly
integrated into the LLM’s latent space. This design eliminates the risk of producing semantically irrelevant or
out-of-vocabulary tokens, since no surface decoding is performed at any stage of augmentation. The augmented
samples therefore remain label-consistent and semantically grounded by construction, without requiring post-
decoding filtering.

This targeted approach is highly effective because it focuses the model’s objective on maintaining the original
label. Unlike traditional fine-tuning where the entire model’s parameters (6) are updated, our approach strictly
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Fig. 1. A conceptual view of our methodology, shown here for a single training pair. The numbers and words depicted are
purely illustrative and do not correspond to actual decoded tokens. In practice, the artificial tokens exist only as learned
embeddings in the latent space and are never converted back into surface words. This representation is provided solely to
visualize the overall augmentation process.

confines parameter updates to the embedding vectors of the artificial tokens. This creates a limited parameter
subspace for optimization, allowing us to learn specific perturbations without altering the core model.

By isolating the optimization to these new tokens, we achieve a powerful, yet efficient, form of learning. The
model learns to adjust the embeddings of the artificial tokens, effectively “blending” them into the sentence in a

way that allows the final modified sequence to be correctly classified with its original ground-truth label. This
ensures that:

« Label-Awareness is Maintained: The learned perturbations are directly tied to the desired outcome
of correct classification, preventing the model from introducing changes that would alter the original
sentence’s label.
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« Core Model Integrity is Preserved: We avoid unnecessary modifications to the core LLM, preventing
catastrophic forgetting and ensuring the model’s general language capabilities remain intact.

« Computational Efficiency: Limiting the updated parameters significantly reduces computational costs
and training time compared to full fine-tuning.

In essence, conditional generation provides the perfect mechanism for our technique, allowing us to pre-
cisely control the augmentation process and learn meaningful, label-preserving perturbations without retraining
the entire large language model. This targeted and efficient approach is what makes our method both effective
and scalable for data augmentation.

Concretely, for each training instance, the perturbations correspond to a tensor in lRKXd, where K is the
number of artificial tokens and d the embedding dimension of the LLM. For a total of M augmented samples, the
overall trainable parameter space forms RM*Kxd hjg parameterization is illustrated schematically in Figure 1
and Algorithm 1, which detail the process of embedding optimization and integration into the input sequence.

Our approach introduces a novel and effective paradigm for latent-space augmentation, distinct from existing
methodologies. Unlike DouBLEMIX, which generates synthetic training signals through interpolation between
an original input and its perturbed variants—created via operations such as synonym replacement or back-
translation—our method preserves the integrity of the original input sequence without modification. Rather
than altering or combining existing samples, we enhance the input by injecting a small set of learnable artificial
tokens at random positions. The embeddings of these tokens are then optimized to maximize the conditional
likelihood of the true label, thereby introducing a label-aware perturbation within the embedding space. This
strategy eliminates the need for generating auxiliary perturbed data, avoids interpolation altogether, and ensures
minimal disruption to the input structure, offering a more direct and controlled form of augmentation.

Unlike approaches that attempt to decode learned vectors back into discrete vocabulary words, our method
exclusively leverages the contextualized latent representations of these embeddings. This strategy circumvents
the intrinsic limitations of mapping to single words, which often fail to capture fine-grained semantic nuances
and may exhibit low similarity to any vocabulary token. In effect, the artificial embeddings serve as purposeful,
structured perturbations that enrich the representational neighborhood around each training instance, enhanc-
ing model robustness through expanded diversity.

While drawing on the paradigm of conditional generation, our approach fundamentally differs from adversar-
ial perturbations (Niu and Bansal 2018) and class-conditioned decoders (Anaby-Tavor et al. 2020) by restricting
learning solely to token embeddings within a frozen model framework. This restriction achieves controlled,
label-aware diversity and aligns well with recent empirical findings on the quality and novelty of augmented
samples (J. Chen et al. 2023a).

Our work is inspired by the emerging paradigm of automatic prompt construction (Yousefi Jordehi et al. 2024),
where a small set of parameters (a prompt) is learned to condition a frozen LLM for a downstream task. How-
ever, we extend this idea in a significant way: rather than learning a prompt that is prepended to the input, we
learn the embeddings of artificial tokens that are injected into the input sequence itself. This allows the pertur-
bation to be distributed throughout the input, creating a more integrated and context-sensitive augmentation.
By focusing on learning a compact set of task-specific soft prompts within the frozen LLM, our method offers
a more targeted, parameter-efficient, and semantically stable alternative to both surface-level generation and
hidden-space interpolation.

Importantly, our framework is highly flexible and can be adapted to diverse encoder-decoder architectures
within the LLM domain, making it broadly applicable.

Mathematically, the training update for the learnable artificial token embeddings is formulated as the mini-
mization of the standard encoder-decoder loss. The process begins by selecting M samples from the training set
@train por each sample, K insertion positions ¥ = {i, ..., ig} are randomly sampled and recorded. During the
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training phase, the model processes the original input sequence by dynamically inserting the current state of
the K artificial token embeddings py, ..., px at these pre-stored positions, forming the augmented embedding
sequence s’,. The forward and backward passes are then executed as follows:

h, = Encoder(s’,)
y = Decoder(h,)
pi < pi —NVp,Z(y. 1), Vie{l,..,K}

where s’, is the sequence of embeddings with the artificial tokens inserted, p; are the embeddings being
optimized, 7 is the learning rate, and £ is the loss function comparing the model output y to the target t.

This optimization process continues until the training loss converges below a predefined threshold. At this
point, the learning phase for the artificial tokens is complete. The final, optimized embedding vectors {p1, ..., px }:
along with their corresponding insertion positions {-%;} for each of the M augmented samples, are stored as a
compact augmentation module. Crucially, it is these learned embedding vectors—not discrete tokens—that are
preserved. This avoids the ill-posed problem of decoding a continuous vector back into a single, potentially
semantically impoverished word, which may not adequately represent the learned perturbation.

In the subsequent downstream fine-tuning stage, this stored module is applied: for each of the M selected
training samples, the original input sequence is retrieved, and the learned embedding vectors p; are directly
inserted at their pre-recorded positions .; within the embedding space.

From an implementation perspective, the embedding layer of the encoder is modified such that gradient up-
dates are applied exclusively to the K artificial token embeddings. All other parameters, including the entire
LLM and the embeddings of the original vocabulary, remain frozen. For initialization, the artificial token em-
beddings p; are set to the embedding vectors of randomly selected tokens from the model’s vocabulary. This
strategy, as demonstrated in prior work, leads to more stable and effective optimization compared to random
initialization, as it starts the learning process from a point that is already well-aligned with the LLM’s internal
embedding space. Regarding parameter scaling, within this perturbation-centric prompt-tuning-style learning
architecture, the number of trainable parameters scales linearly with the number of augmented samples, specif-
ically as O(M - K - d). Since both the embedding dimension d and the number of artificial tokens K per sample
remain fixed constants, this results in an efficient and manageable parameter update space even as the amount
of augmented data M grows.

Overall, this procedure—summarized in Algorithm 1—provides a controlled, scalable, and semantically grounded
approach to generating diverse, label-consistent augmentations by optimizing implicit latent-space perturba-
tions rather than explicit text transformations.

3.3 Strategic Random Token Insertion for Enhanced Diversity

Our algorithm’s approach of inserting tokens at random and varied positions within sentences is a deliberate
design choice aimed at achieving two primary objectives: maximizing data diversity and thoroughly ex-
ploring the embedding space. This strategy is particularly motivated by the well-documented importance of
diversity in prior research on NLP and DA (Z. Liu et al. 2021; A. Mumuni and F. Mumuni 2022; Z. Wang, P. Wang,
et al. 2024; Y. Yu et al. 2022), where it has been shown to be a critical factor for improving model performance.
By introducing tokens at unpredictable locations, our method generates a wide array of syntactically and
semantically distinct sentence variations. This contrasts with rule-based or predefined insertion strategies that
might lead to repetitive or predictable augmentations. We believe this approach provides a robust foundation for
future research. While the current method relies on strategic randomness, we believe that further experiments
could be conducted to explore the impact of incorporating specific rules or constraints to guide token insertion.
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Algorithm 1 Label-Aware Embedding-Space Augmentation via Soft Prompt Tuning

Require: Training dataset @ = {(x®, y(i))}i]il, number of artificial tokens K, number of samples to aug-
ment M (where M < N), learning rate 7, pre-trained encoder-decoder LLM fj = Decoder o Encoder with
frozen parameters

Ensure: Optimized embeddings for artificial tokens &,;; = {p1,..., P} and a set of insertion indices for each

augmented sample

: Phase 1: Sample Selection and Position Recording

. Randomly select a subset & C @ of M samples.

: Initialize artificial token embeddings &1 = {p1, ..., px} (e.g., from standard normal distribution).

: Initialize an empty list D, to store tuples of (original input, label, insertion indices).

: for each sample (x,y) in & do

Sample K distinct insertion positions ¥ = {iy, iy, ..., ix} uniformly at random from {1, ..., len(x) + 1}.

Store the tuple (x, y, ) in 9aug~

: end for

: Phase 2: Embedding Optimization

: Initialize an optimizer (e.g., Adam) with learning rate 7 to update &,.

: for each epoch do

12: Shuffle D,

13: for each batch B = {(x;, y;, Ij)} € Dy do

14: Reconstruct Augmented Input:

Start with the original token sequence x;.
For each k € {1, ..., K}, insert the embedding vector pj at position iy € .%}.
Let s’; be the resulting sequence of embeddings.

_
_- O

15: Encode: hg) = Encoder(s’;).
16: Decode: y(j) = Decoder(hgj)).
17: Compute loss: & = @ 2 Z(yD, j)-
18: Compute gradients: Vg 7.
19: Update embeddings:
pi<pi—nVpZ, Vie{l,.. K}
20: end for
21: end for

22: Output: Final &,y = {py,..., px} and the stored insertion indices {.;} for use in downstream tasks.

For instance, future work could investigate a hybrid approach that combines random token placement with
linguistic-aware rules, potentially leading to even more effective and targeted data augmentation.

Furthermore, inserting tokens at random positions enables our algorithm to scatter augmented examples
across different regions of the embedding space. Each unique insertion point, combined with the dynamic
integration of the new tokens, creates a distinct perturbation to the original sentence’s embedding. This explo-
ration of the embedding space helps prevent models from overfitting to a narrow range of data patterns. Instead,
it encourages them to learn more resilient and broadly applicable representations, as they are exposed to a wider
distribution of relevant examples. This strategic randomness ultimately contributes to the development of more
robust and high-performing NLP models.
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3.4 Extension to Unlimited

Our algorithm has the capability to generate an arbitrary amount of data. Let’s expand upon the concept out-

lined in subsection 3.1. For a fixed K and sentence x, the selection of indices can be performed in (|x(i)|+1)
different ways. Additionally, each artificial token can be initialized with a word from the vocabulary, leading to
the multiplication of the number of ways by the vocabulary size of LLM, denoted as |7’|. Moreover, K can be
any positive number, even exceeding the length of the sentence. In theory, the total number of augmented items
producible by our method is unlimited and it is given by:

N " K
lim Z-(|xP]+1) = oo
K i§1| |-(Jc[+1)

Yet, in practical scenarios, generating an unlimited number of augmented samples is neither necessary nor
advantageous. Our experiments (see Section 6.2) show that moderate values of M (in the range of a few thousand)
are sufficient to achieve significant performance gains, while excessively large amounts of augmented data may
introduce redundancy without yielding further improvements.

3.5 Training Mechanism

Several recent methods have proposed structured ways to integrate LLM-generated data. DAuG and DRAW are
two such strategies: DAUG involves concatenating the original dataset & with the LLM-augmented dataset D,
to form a new training set Dyey, = D U Dy, which is then used to train the final classifier (Z. Wang, G. Xu,
etal. 2024). DrRaw takes a different approach by using the augmented data 9, to train a separate model, whose
outputs (e.g., soft labels or embeddings) are then used to guide the training of the main model on the original
data 9, often through knowledge distillation or consistency regularization.

Our training strategy follows a two-step process. First, the model is fine-tuned on the original training dataset
QAN t6 establish a baseline level of performance. Then, we augment the training set by introducing label-aware
perturbations through the insertion of learnable artificial tokens into selected samples. This expanded dataset,
D18, is used for further fine-tuning, enabling the model to learn from a richer and more diverse set of examples.

This approach, supported by prior research on the effectiveness of augmented data generated from labeled
samples for supervised learning (Wei and Zou 2019), helps the model generalize better not only to the original
training data but also to a wider distribution of data encountered in real-world scenarios.

4 Experiments

We conduct extensive experiments and compare the performance between standard fine-tuning (i.e., using the
non-augmented training set only) and training using our proposed approach?.

4.1 Datasets

To evaluate the effectiveness of our proposed method, we employ a diverse collection of widely used benchmark
datasets for text classification. These datasets vary in domain, task type, label cardinality, and size, enabling a
comprehensive assessment of model performance under different conditions. They are standard resources in the
NLP literature and have been frequently used in studies on DA and low-resource learning. A summary of key
statistics is provided in Table 1.

For text-to-text tasks’, we define a dataset 9 as:

D = {(xD,y NN, (1)

2This research leverages established and publicly available benchmark datasets to ensure transparency and replicability.
3Since we are using a sequence-to-sequence model, we design a text-to-text paradigm.
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where x@ = (wy,Ws, ..., w,) is an input text sequence and y(i) is the corresponding output. In classification,
y(i) represents the label (e.g., “positive”, “location”, or “joy”), allowing the model to learn a direct mapping from
natural language input to textual output (Youssef et al. 2025).

We now describe each dataset in detail, adhering to standard preprocessing and data splits from prior work
to ensure reproducibility.

Customer Reviews (CR). (Hu and B. Liu 2004) is a binary sentiment classification dataset consisting of 3,775 cus-
tomer reviews of various products, labeled as positive or negative. Due to the absence of a predefined train/test
split, we follow common practice and evaluate performance using 10-fold cross-validation.

Subjectivity (Subj). (Pang and L. Lee 2004) is a binary classification task that distinguishes subjective sen-
tences (expressing personal opinions) from objective ones (factual statements). It contains 10,000 sentences
drawn from movie reviews and product descriptions. As with CR, no standard split exists, so we apply 10-fold
cross-validation.

Movie Reviews (MR). (Pang and L. Lee 2005) is a binary sentiment classification dataset of 10,662 single-
sentence movie reviews, labeled as positive or negative. We use the standard split of 7,108 training and 3,554
test samples, consistent with recent studies Karl and Scherp (2023), J. Tang et al. (2015), and Zeng et al. (2022).

TREC. (X.Liand Roth 2002) is a question-type classification dataset containing 5,952 questions categorized
into six coarse-grained types (e.g., person, location, number). The dataset is split into 5,452 training and 500 test
samples, following the standard evaluation protocol Karl and Scherp (2023) and Y. Lin et al. (2021).

Reuters-8 (R8) and Reuters-52 (R52). are topic classification datasets derived from the Reuters-21578 corpus. R8
contains 7,674 documents across 8 categories (5,485 train, 2,189 test), and R52 contains 9,100 documents across
52 categories (6,532 train, 2,568 test). We use the standard splits from Karl and Scherp (2023), M. Lin et al. (2024),
Q. Liu et al. (2025), and Z. Zhang et al. (2025).

Ohsumed. (Y.Lin et al. 2021) is a biomedical text classification dataset based on MEDLINE abstracts, covering
23 disease categories. We use the standard split of 3,357 training and 4,043 test documents Y. Lin et al. (2021),
Q. Liu et al. (2025), and Ragesh et al. (2021).

GoEmotions. (Demszky et al. 2020) consists of 58,000 Reddit comments annotated with 27 fine-grained emo-
tion categories. For single-label classification, we filter out neutral and multi-labeled samples, resulting in 29,425
instances. The dataset is split into 23,485 training, 2,956 validation, and 2,984 test samples, following Demszky
et al. (2020), Q. Liu et al. (2025), and Z. Zhang et al. (2025).

MPQA. (Wiebe et al. 2005) is a widely used corpus for opinion mining and sentiment classification. We use the
binary polarity classification task, consisting of 10,606 sentences labeled as positive or negative. As no standard
train/test split is defined, we evaluate using 10-fold cross-validation, consistent with prior work Bayer, Kauthold,
and Reuter (2022) and B. Li et al. (2022).

4.2 Implementation Details

To provide a balanced evaluation across diverse text classification tasks, we selected the T5 model as our foun-
dational encoder—decoder architecture. Compared to extensively fine-tuned variants such as FLAN-T5 (H. W.
Chung et al. 2022), the base T5 model offers robust language inference capabilities while reducing the risk of
inheriting biases from task-specific pre-training, making it a neutral and reliable choice for this study. All im-
plementations were carried out in Python using the PyTorch framework (Paszke et al. 2019), with model train-
ing and inference executed on an NVIDIA Tesla T4 GPU and an Intel(R) Xeon(R) CPU @ 2.00GHz (dual-core,
39,424 KB cache), with 12 GiB of RAM, running Ubuntu 22.04 LTS. We relied on the Hugging Face Transformers
library (Wolf et al. 2020) for access to pretrained checkpoints and streamlined integration. The codebase corre-
sponding to this work will be openly released upon publication of the paper to enable reproducibility and will
be made available at this repository.
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Table 1. Dataset statistics. #Docs: Total number of documents; #Classes: Number of classes; #Train: Training set size; #Val:
Validation set size (if defined, otherwise 10% of training data is used for validation); #Test: Test set size (10-fold cross-
validation is used if no standard test set exists, denoted as CV).

Dataset #Docs #Train #Val #Test #Classes
R8 7,674 5,485 - 2,189 8
R52 9,100 6,532 - 2,568 52
MR 10,662 7,108 - 3,554 2
GoEmotions 29,425 23,485 2,956 2,984 27
Ohsumed 7,400 3,357 - 4,043 23
TREC 5,952 5,452 - 500 6
MPQA 10,606 - - Ccv 2
CR 3,775 - - Ccv 2
Subj 10,000 - - cv 2

A key design choice in this work is the use of a significantly larger set of benchmark datasets compared to
many recent studies on data augmentation, including work by Cegin et al. (2025). By evaluating on nine well-
established datasets spanning sentiment analysis, subjectivity detection, topic categorization, biomedical classi-
fication, question answering, and fine-grained emotion detection, we ensure that our findings are both broad and
reliably verifiable. This comprehensive evaluation enables more rigorous conclusions about the generalizability
of the proposed augmentation method.

For datasets lacking predefined development splits, we reserved 10% of the training data for validation. Where
no standard train/test division was available, we followed prior work and employed 10-fold cross-validation.
Since all datasets are publicly available and widely used in NLP research, no human annotators were involved
in this study. Training was performed using stochastic gradient descent with shuffled mini-batches.

We used the base variant of T5 throughout all experiments. Hyperparameters, including learning rate and
batch size, are summarized in Table 2. Consistent with prior studies on these benchmarks, accuracy was chosen
as the primary evaluation metric. To ensure fair comparison between settings, the number of training epochs
was adjusted relative to dataset size, and proportionally reduced when augmented data increased the overall
training set volume.

For fine-tuning, we adopted a simple “answer:” prefix prompt, without exploring alternative prompting strate-
gies, to isolate the contribution of our augmentation method. The fine-tuning learning rate was set to 3 x 1074,
while the perturbation realization stage optimized artificial token embeddings at a higher learning rate of 2x1071.
These settings were tuned on the development set for each dataset. In addition, we systematically explored
a range of hyperparameters for the augmentation process: the number of artificial tokens per sentence K €
{1,2,3,4,5,6,7, 8} and the number of augmented samples M € {100, 250, 500, 1000, 2000, 4000, 8000}. The best-
performing configurations for each dataset, reported in Table 3, were selected based on development set accu-
racy.

5 Results Analysis and Discussion

In this section, we analyze the empirical performance of our proposed DA method across a diverse set of bench-
mark datasets. The goal is to assess both the overall effectiveness of the approach compared to standard fine-
tuning, and its robustness under different hyperparameter settings. We first present the quantitative results ob-
tained on nine widely used text classification datasets, highlighting improvements in accuracy and consistency.

Journal of Artificial Intelligence Research, Vol. 85, Article 22. Publication date: February 2026.



Label-Aware Pseudo-Training Sample Generation « 22:17

Table 2. Hyperparameters used in our system: Learning Rate (LR) and Mini-Batch Size (BS).

Model LR BS

Perturbation Realization 2x 107! 8
Fine-tuning 3x107% 16

We then provide a detailed discussion of the findings, including insights from robustness and sensitivity analyses,
and examine how the proposed method preserves semantic integrity while expanding training diversity.

5.1 Analysis of Results

The experimental results, summarized in Table 3, report classification accuracy (%) across benchmark datasets
(R8, R52, MR, Ohsumed, GoEmotions, TREC, MPQA, CR, Subj), averaged over three runs. These datasets span
various tasks, including topic categorization, sentiment analysis, medical document classification, emotion de-
tection, question classification, and subjectivity detection. Asterisks (*) indicate statistical significance via t-test
(p < 0.05) (Dror et al. 2018) for our method compared to the Standard fine-tuning baseline. The primary goal
of this study is to demonstrate improvements over the baseline standard T5 fine-tuning, rather than achieving
SOTA performance against other methods.

The proposed method (“Ours (Best Performance)”) consistently outperforms standard T5 fine-tuning across
all datasets, with statistically significant improvements: +0.68% for R8 (97.52% to 98.2%), +1.5% for R52 (94.3% to
95.8%), +1.07% for MR (90.43% to 91.5%), +0.81% for Ohsumed (64.79% to 65.6%), +0.41% for GoEmotions (64.2%
to 64.61%), +1.7% for TREC (96.5% to 98.2%), +2.0% for MPQA (91.1% to 93.1%), +1.35% for CR (91.0% to 92.35%),
and +0.67% for Subj (96.75% to 97.42%). These gains are achieved with optimal hyperparameters tuned on the
development set: K = 3, M = 4000 for R8, MR, GoEmotions, and MPQA; K = 1, M = 1000 for R52; K = 3, M =
8000 for Ohsumed; K = 4, M = 2000 for TREC; K = 2, M = 4000 for CR; and K = 2, M = 8000 for Subj.

The robustness analysis (Section 6.1) confirms consistent performance, with low standard deviations (e.g., 0.15
for R52 at 95.76%, 0.2 for MR at 92.3%, 0.3 for TREC at 98.0%, 0.5 for Ohsumed at 70.0%) compared to baselines
like random embeddings (e.g., 2.9 for TREC). While the proposed method achieves competitive performance on
several datasets (e.g., 98.2% for R8, 95.8% for R52), the focus remains on improving over the baseline fine-tuning,
which it successfully accomplishes across all tasks, as evidenced by the consistent accuracy gains and statistical
significance.

5.2 Discussion

The proposed method demonstrates significant improvements over standard T5 fine-tuning across nine bench-
mark datasets, as shown in Table 3 (Section 5.1), with gains ranging from +0.41% (GoEmotions) to +2.0% (MPQA).
These improvements stem from the creation of new instances within the embedding space, where vectors, though
not easily interpretable for humans, serve as an intermediary language understandable to LLMs. Consequently,
each new instance acts as a unique encoding, enhancing model generalization. Additionally, DA increases both
dataset size (number of data points) and diversity (variety of data), enabling the model to leverage a broader
range of examples, as evidenced by consistent accuracy gains (e.g., +1.7% for TREC, +1.07% for MR).

When M is large, the training cost of learning K xd dimensional embeddings for each sample could exceed that
of traditional augmentation methods, such as synonym replacement or back-translation. However, the sensitivity
analysis (Section 6.2) demonstrates that moderate M values (1000-4000) achieve peak performance (e.g., 95.8%
for R52 at M = 1000, 98.2% for TREC at M = 4000), avoiding the need for excessively large M. Compared to
traditional methods, the proposed approach offers greater diversity through label-aware optimization, justifying
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Table 3. Classification accuracy (%) on benchmark datasets, averaged over multiple runs where applicable. Bold values
indicate the best performance per dataset. “-” denotes unreported results. Our method achieves state-of-the-art or near-
state-of-the-art performance on sentiment analysis and question classification tasks.

Method R8 R52 MR Ohsumed GoEmotions TREC MPQA CR Subj
Ours 97.52 94.30 90.43 64.79 64.20 96.50 91.10 91.00 96.75
(Standard T5

Fine-tuning)

Ours 98.20* 95.80" 91.50 65.60° 64.61" 98.20" 93.10 92.35 97.42"
(Best

Performance)

Ours K=3 K=1 K=3 K=3 K=3 K=4 K=3 K=2 K=2
(Best M=4000 M=1000 M=4000  M=8000 M=4000 M=2000  M=4000 M=4000 M=8000
Config)

Q. Liu et al. (2025) 98.41 96.50 - 73.34 - - - - 88.59
Z. Zhang et al. (2025) 98.06 96.86 - 72.05 60.38 - - - -
P. Li et al. (2025) - - 83.50 73.34 - - - - -
Z. Wang, Z. Lin, et al. - - 79.82 71.22 - - - - -
(2023)

Qian et al. (2022) 98.21 94.45 - 67.90 58.14 98.00 - - -
Suresh and Ong (2021) 97.64 96.06 - 67.40 63.54 - - - -
Lv et al. (2024) 98.45 95.67 80.32 71.48 - - - - -
Zeng et al. (2022) 98.53  96.35 87.59 - - - - - -
Jin et al. (2024) 97.65 94.78 77.20 66.64 - - - - -
Piao et al. (2022) 96.01 94.31 76.92 70.71 - - - - -
Tonescu and Butnaru - - 93.30 - - 94.20 - - 95.00
(2019)

S. Wang et al. (2021) B B 92.50 - - 97.60 90.80 92.50 97.40
Cer et al. (2018) - - 81.60 - - 98.10 88.10 87.50 93.90
Radford et al. (2017) - - 86.90 - - - 88.50 91.40 94.60
Y. Kim (2014) - - 81.50 - - 93.60 89.60 85.00 93.40
Kiros et al. (2015) - - 80.40 - - 92.20 87.50 81.30 93.60

the computational investment. For instance, the method outperforms fixed and random embedding baselines
(e.g., 98.0% vs. 92.0% and 85.7% for TREC), which use the same number of artificial tokens but lack optimization,
confirming that performance gains stem from meaningful augmentation rather than increased parameter count
(Section 6.1).

The method also addresses potential syntactic disruptions from random token insertion. The sensitivity anal-
ysis shows that moderate K values (1-3) preserve syntactic integrity, with qualitative analysis of augmented
sentences (e.g., TREC, MR) confirming seamless integration of tokens, while higher K values (e.g., 8) lead to
performance drops due to excessive perturbations (Section 6.2). The robustness analysis further supports the
method’s consistency, with low standard deviations (e.g., 0.15 for R52, 0.2 for MR) compared to baselines (e.g.,
2.9 for random embeddings in TREC).
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While the method achieves SOTA performance on GoEmotions, TREC, MPQA, and Subj, its primary goal is
to improve over standard T5 fine-tuning, which it accomplishes across all datasets with statistical significance
(p < 0.05) (Section 5.1). The robustness of results across multiple random seeds, combined with the sensitivity
findings, indicates that the proposed method is reliable, scalable, and effective. Furthermore, by avoiding surface-
form generation, it preserves semantic integrity and reduces risks of semantic drift or hallucination common in
LLM-based augmentation methods.

Overall, the discussion highlights that our augmentation approach not only improves classification accuracy
but also maintains syntactic and semantic coherence, offering a principled alternative to both traditional aug-
mentation and generative LLM-based methods.

6 Ablation Study

To further understand the behavior and effectiveness of our proposed method, we conduct a series of ablation
studies. The purpose of these experiments is to disentangle the contributions of different components, evaluate
robustness across multiple runs, and analyze the sensitivity of key hyperparameters such as the number of
artificial tokens (K) and the number of augmented samples (M). By systematically varying these factors, we aim
to provide deeper insights into why the method works, how stable it is under different conditions, and what
trade-offs arise when adjusting the augmentation configuration.

6.1 Robustness Across Multiple Runs

To assess the consistency of the proposed method, we conducted experiments on the development sets of the
TREC, R52, Ohsumed, and MR datasets, using three different random seeds (0, 1, 2). The proposed method, with
hyperparameters optimized on the development set (K = 3, M = 4000 for TREC and MR; K = 1, M = 1000 for
R52; K = 3, M = 8000 for Ohsumed), is compared against standard fine-tuning, fixed embedding, and random
embedding baselines. Table 4 presents the mean classification accuracy and standard deviation (in parentheses)
across these runs.

The proposed method achieves superior performance across all datasets, with mean accuracies of 98.0% (+0.3)
for TREC, 95.76% (+0.15) for R52, 70.0% (+0.5) for Ohsumed, and 92.3% (+0.2) for MR. These results significantly
outperform standard fine-tuning (e.g., 65.48% +0.72 for Ohsumed, 88.75% +0.3 for MR), fixed embeddings (e.g.,
92.0% %0.62 for TREC), and random embeddings (e.g., 85.7% £2.9 for TREC). Notably, the fixed and random
embedding baselines, which incorporate the same number of artificial tokens but lack label-aware optimization,
perform substantially worse, indicating that performance gains arise from the optimization process rather than
merely increasing parameter count. The proposed method also exhibits low standard deviations (0.15-0.5), in
contrast to the higher variability of random embeddings (e.g., 2.9 for TREC), demonstrating robust performance
across different seeds. The chosen hyperparameters balance the number of artificial tokens (K) and augmented
samples (M), ensuring effective augmentation while preserving semantic coherence, as evidenced by perfor-
mance drops at higher K values in the sensitivity analysis.

6.2 Sensitivity Analysis of Hyperparameters K and M

To investigate the impact of the number of artificial tokens and augmented samples on performance, as raised
by the reviewer, we conducted a sensitivity analysis of hyperparameters K (number of artificial tokens) and
M (number of augmented samples) on the development sets of the TREC, R52, Ohsumed, and MR datasets.
Experiments were performed with three random seeds (0, 1, 2) for robustness, reporting mean classification
accuracy and standard deviation across these runs.

The analysis comprises two parts: (1) fixing K € {1, 2, 3} and varying M € {100, 250, 500, 1000, 2000,
4000, 8000}, and (2) fixing M = 500 (tuned on the development set) and varying K € {1, 2,3, 4,5, 6, 7, 8}. Figure 2
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Table 4. Robustness results for the proposed method and baselines on the development sets of TREC, R52, Ohsumed, and
MR. Hyperparameters are tuned for optimal performance on the development set (K=3, M=4000 for TREC and MR; K=1,
M=1000 for R52; K=3, M=8000 for Ohsumed). Results report mean accuracy (%) and standard deviation (in parentheses)
over three runs with random seeds (0, 1, 2). Bold indicates the best performance per dataset.

Configuration TREC R52 Ohsumed MR

Standard Fine-tuning  96.5 (0.4)  94.95(0.3)  65.48 (0.72) 88.75 (0.3)
Fixed Embeddings ~ 92.0 (0.62) 90.2 (0.45)  61.0 (0.67) 88.1 (0.42)
Random Embeddings  85.7 (2.9) 89.1 (0.6) 59.8 (0.83)  87.1(0.5)
Ours 98.0 (0.3) 95.76 (0.15) 70.0 (0.5) 92.3 (0.2)

illustrates the mean accuracy as M increases for fixed K = 1 (solid line), K = 2 (dashed line), and K = 3 (dotted
line). Across datasets, accuracy generally improves with M up to 4000, with K = 3 often achieving the highest
performance (e.g., 98.0% for TREC at M = 4000, 92.3% for MR at M = 4000). For TREC, accuracy peaks at
M = 4000 (98.0% for K = 3) but dips slightly at M = 8000 (97.0% for K = 3). R52 shows stable performance
around 95.0-95.6% across M, peaking at M = 1000 (95.76% for K = 1) or M = 4000 (95.6% for K = 3). Ohsumed
exhibits significant gains for K = 3, reaching 70.0% at M = 8000, while MR peaks at 92.3% (M = 4000, K = 3).
The plateau or slight decline at M = 8000 (e.g., 94.95% for R52, K = 1) suggests redundancy in augmented
samples at higher M.

Figure 3 shows the mean accuracy as K increases for fixed M = 500, compared to the fine-tuning baseline
(dashed line). For TREC, accuracy peaks at 96.8% (K = 3, 6), close to or matching the baseline (96.5% =+ 0.4), but
declines to 96.2% at K = 8. R52 remains stable around 95.0-95.5%, slightly above the baseline (94.95% =+ 0.3), with
a peak at 95.5% (K = 1). Ohsumed peaks at 67.8% (K = 4), surpassing the baseline (65.48% + 0.72), but drops to
67.0% at K = 8. MR achieves a small peak at 89.0% (K = 2), above the baseline (88.75% = 0.3), but declines to
88.0% at K = 8. These results indicate that moderate K values (2—4) yield optimal performance, while higher K
values often reduce accuracy, likely due to excessive perturbations disrupting sentence coherence, as noted by
the reviewer.

These findings highlight the importance of balancing K and M to maximize augmentation diversity while
preserving semantic integrity. Moderate K (2—-4) and M (1000-4000) provide the best trade-off, with K = 3 and
M = 4000 often achieving peak performance across datasets. The method consistently outperforms the fine-
tuning baseline for moderate hyperparameters, particularly for TREC, Ohsumed, and MR, demonstrating the
effectiveness of the proposed augmentation approach when carefully tuned.

7 Conclusion and Future Work

This work introduced a novel data augmentation framework that leverages large language models (LLMs) in
a fundamentally different manner from prior approaches. Instead of generating or rewriting surface text, the
proposed method injects artificial tokens at random positions within the input sequence and optimizes their
embeddings through a prompt-tuning-inspired mechanism. This process enables the generation of label-aware
pseudo-samples directly in the latent space and can be applied to any pretrained language model that provides
contextualized representations and supports embedding-level optimization. By operating at the representation
level, the framework preserves semantic coherence and mitigates common issues associated with surface-level
text generation, such as semantic drift and hallucination.
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Fig. 2. Mean accuracy vs. M for fixed K = 1 (solid line), K = 2 (dashed line), and K = 3 (dotted line) on TREC, R52,
Ohsumed, and MR development sets (averaged over three runs).

Comprehensive experiments on nine benchmark text classification datasets demonstrate that the proposed
approach consistently improves over standard fine-tuning and achieves competitive or state-of-the-art perfor-
mance in multiple settings. The results highlight the effectiveness and robustness of embedding-space augmen-
tation, particularly in low-resource and fine-grained classification scenarios. Notably, our empirical analysis
indicates that the method does not require excessively large models or heavy computational resources to be
effective, making it a practical and scalable solution across a range of experimental settings.

Despite these advantages, the proposed framework entails several practical considerations that should be
taken into account. Similar to conventional fine-tuning strategies, the method requires access to GPU resources
during training. In addition, learning task-specific artificial token embeddings introduces additional computa-
tional overhead beyond standard training, as the optimization process explicitly incorporates a latent-space data
augmentation objective. This overhead may become more pronounced when scaling to large datasets or when
multiple experimental configurations are explored.

Memory usage constitutes another potential limitation of the approach. Storing and managing the learned
embedding vectors associated with artificial tokens may increase memory and storage requirements, particularly
when multiple datasets, label sets, or configuration variants are considered. Exploring efficient strategies for
memory management, such as embedding compression or reuse, represents an important direction for future
investigation.

Beyond these practical limitations, several open research questions remain. In particular, the behavior of
embedding-level augmentation in very short texts, such as tweets or other short user-generated content, has
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Fig. 3. Mean accuracy vs. K for fixed M = 500, compared to the fine-tuning baseline (dashed line), on TREC, R52, Ohsumed,
and MR development sets (averaged over three runs).

not yet been systematically examined. In such scenarios, even small latent perturbations may exert a dispropor-
tionate influence on the resulting representations. Likewise, in multi-class classification tasks with fine-grained
semantic distinctions, the interaction between label conditioning and representation perturbation warrants fur-
ther study to better understand its impact on generalization and robustness across domains.

Additional future directions include extending the framework beyond text classification to tasks such as ma-
chine translation, question answering, and domain-specific or clinical text processing, where labeled data are
often scarce or imbalanced. Further investigation into the role of token placement within the input sequence,
as well as more structured or adaptive insertion strategies, could enhance the diversity and controllability of
the generated pseudo-samples. Finally, systematic comparisons with recent LLM-based data augmentation ap-
proaches that rely on instruction-following or contrastive generation using advanced models would help further
contextualize the strengths and limitations of latent-space augmentation.

In summary, this work presents a new perspective on data augmentation in NLP by framing augmentation as
a latent-space intervention rather than surface-text generation. The proposed framework offers an effective, scal-
able, and semantically stable alternative for label-aware data augmentation, while also highlighting important
practical considerations and open challenges for future research.
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