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Abstract. A novel data augmentation method – paraphrastic concept embeddings – is 
presented, designed to address the problem of insufficient labeled data in Azerbaijani natural 
language processing (NLP). This method generates high-quality paraphrastic sentences by 
encoding semantic concepts into a continuous vector space and decoding them into diverse 
textual realizations. This approach is the first to utilize concept-level paraphrasing for the 
Azerbaijani language, yielding substantial improvements in applied tasks. The theoretical 
foundations of the method, including its mathematical formulation and implementation within 
NLP pipelines, are proposed. In text classification experiments, the method outperforms 
standard augmentation techniques in accuracy and robustness. The method does not require 
external lexical resources, making it especially useful for low-resource languages. It scales for 
various types of tasks, including sentiment analysis, entity extraction and text generation. It is 
concluded that the proposed approach significantly advances the level of Azerbaijani NLP and 
has the potential to be extended to other low-resource languages.
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Аннотация. Представлен новый метод аугментации данных – парафразные концепту-
альные векторные представления, – предназначенный для решения проблемы нехватки 
размеченных данных в азербайджанской обработке естественного языка. Метод генери-
рует качественные парафразные предложения, кодируя семантические концепты в не-
прерывное векторное пространство и декодируя их в разнообразные текстовые формы. 
Это первый подход, использующий концептуальное парафразирование для азербайд-
жанского языка, обеспечивая заметные улучшения в прикладных задачах. Предложены 
теоретические основы метода, его математическая модель и интеграция в конвейеры 
обработки данных. В экспериментах по классификации текста метод превосходит стан-
дартные техники аугментации по точности и устойчивости. Метод не требует внешних 
лексических ресурсов, что делает его особенно полезным для малоресурсных языков. 
Метод масштабируется для различных типов задач, включая анализ тональности, извле-
чение сущностей и генерацию текста. Делается вывод, что предложенный подход суще-
ственно продвигает уровень обработки естественного азербайджанского языка и имеет 
потенциал расширения на другие малоресурсные языки.

Ключевые слова: обработка естественного языка, малоресурсный язык, аугментация 
данных, парафразные векторные представления, контекстные векторные представле-
ния, классификация текстов
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Introduction

Natural language processing (NLP) for low-resource languages faces a fundamental challenge: the 
lack of sufficient annotated data to train robust models. This paucity of data hinders effective training 
of text processing systems [1]. In some cases, older rule-based NLP methods remain in use out of 
necessity, but these can only be applied to very specific tasks [2].

Transformer-based models like BERT [3] have advanced language understanding, but require large 
amounts of labeled data to perform well. In low-resource settings such as Azerbaijani, data augmen-
tation offers a practical solution by generating synthetic examples to improve model robustness [1]. 
Specifics of the language are important for augmentation. In this paper, the Azerbaijani language is used 
for experiments.

The new augmentation technique is proposed, by which paraphrases of input sentences are gen-
erated by first mapping them to a semantic concept space and then decoding back to language using 
neural networks. The findings show that the proposed method significantly improves model perfor-
mance over existing methods.
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Related work

Data augmentation is crucial for improving the performance of a wide variety of NLP models in 
low-resource settings [1, 4–8]. Augmentation methods can be categorized into lexical substitution, 
back-translation/paraphrasing and neural generation [4]. Methods like EDA [9] use synonym replace-
ment, insertion and deletion [1]. These rely on resources like WordNet [10], which are unavailable for 
many low-resource languages. In [11], significant results were achieved for the relatively low-resource 
Italian language by replacing specific parts of speech. While EDA is straightforward and effective for 
small datasets [9], it can alter the original meaning of sentences, leading to inconsistencies and resulting 
in ungrammatical sentences.

Another popular augmentation strategy is back-translation, when a sentence in the source lan-
guage is taken, translated into a pivot language (often English) and then translated back to the source 
language using a translation system [1]. This process can produce a paraphrased version of the original 
sentence. Back-translation can be successfully used for text augmentation [12]. It has the advantage 
of generating fluent sentences (given a decent translator) and introducing variation in expression. 
Back-translation was applied to Azerbaijani using a combination of the Facebook mBART50 model 
and Google Translate [1], and notable gains in text classification accuracy were reported. Effective-
ness of back-translation for augmentation depends on the availability of machine translation systems 
for the language pair in question – in this case, Azerbaijani and English. Furthermore, neural ma-
chine translation might introduce subtle meaning shifts or overly literal phrasing in the back-translated 
output. For a low-resource language, the translation system itself may not be highly reliable, which can 
limit the quality of augmented data.

A recent embedding-based method, RPN [13], introduces an augmentation approach by direct-
ly perturbing word embeddings with noise. The core idea of RPN is to apply controlled random 
noise to individual word vectors within a sentence, thereby simulating semantic variability without 
altering the text itself. RPN lacks a decoding mechanism and thus cannot generate real textual 
paraphrases. This makes it impossible to evaluate the grammaticality or semantic fidelity of the 
augmented data.

Generative adversarial networks (GANs) [14] have been explored for text augmentation by gener-
ating synthetic examples in feature space. However, due to the discrete nature of textual data, GAN-
based methods are less effective for generating coherent, grammatical sentences [15, 16].

Mixup-based methods, such as senMixup, interpolate sentence embeddings to synthesize new 
training samples without requiring explicit text generation, improving regularization in classification 
tasks [17]. In this method, interpolated sentence vectors are directly fed into a classifier and are not 
decoded back into natural language, as there is no decoder component in the original architecture. 
While this improves robustness and acts as an effective data-level regularizer, it fails to produce ex-
plicit, diverse or fluent text, limiting its utility in scenarios that require real language augmentation.

Paraphrase methods use bilingual pivoting by aligning English phrases through a shared foreign 
language, paraphrase candidates are identified [18]. Later, resources like the Paraphrase Database 
(PPDB) [19] provided millions of English paraphrase pairs, enabling training and evaluation of para-
phrase models. PPDB was used to learn paraphrastic sentence embeddings – vector representations, 
where paraphrases are close in space [20]. The method of Paraphrastic Concept Embeddings (PaCE) 
is based on the idea that numerical vectors in natural language processing encode the meaning of text 
such that semantically similar utterances (including paraphrases) have similar vector embeddings. 
The method is used to improve embedding quality by accounting for multiple ways of expressing 
the same idea (paraphrases) and for semantic alignment – ensuring that different formulations of a 
concept have close vectors. It has been applied, for example, in sentiment analysis tasks [20]. How-
ever, it has not previously been used for generating new meaning-preserving paraphrases. This em-
bedding-based view of paraphrasing server as the basis of PaCE augmentation. The method enables  
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expansion of training corpora for NLP models. However, most resources are English-centric, limiting 
direct use for Azerbaijani due to the lack of a large paraphrase corpus.

In sum, NLP augmentation methods range from simple word swaps to advanced paraphrasing  
models. For Azerbaijani, due to limited native resources, most work has relied on translation or lexical 
edits [1]. PaCE offers a new direction: it trains a model to learn semantic relationships and generate par-
aphrases from a concept embedding space, extending ideas from paraphrastic embeddings and bilingual 
pivoting using modern representation learning tailored to Azerbaijani.

Methodology

The PaCE augmentation pipeline consists of two main components:
1)  a concept embedding model that encodes sentences into a semantic vector space,
2)  a paraphrase generation mechanism that decodes or transforms vectors in this space back into 

novel sentences.
In contrast to traditional word-level methods like synonym replacement and back-translation, 

PaCE operates directly on semantic concepts, which allows generating more semantically coher-
ent and linguistically accurate paraphrases. The training procedure for the concept embeddings, the 
mathematical formulation of the paraphrastic similarity objective and the integration of this augmen-
tation into the end-task model training are also discussed.

PaCE Model

A concept is defined as the abstract semantic content shared by a set of paraphrastic sentences. 
Formally, consider two sentences s1 and s2 in Azerbaijani that are paraphrases of each other (denoted  
s1 ≈ s2). They express the same concept (meaning) using different wording. The goal is to learn an en-
coder function E(s) that maps any sentence s to a vector z = E(s) in a continuous concept embedding 
space Z. For any pair of sentences s1, s2 that are true paraphrases, their embeddings should be close. 
Conversely, sentences with different meanings should be well-separated in this space. In essence, each 
distinct concept corresponds to a region or cluster in the embedding space and all paraphrases of that 
concept will lie in that region.

Model Architecture
To implement E(s), a sequence-to-sequence autoencoder architecture is adopted. The encoder is a 

neural network (in this case, a transformer encoder similar to BERT’s encoder [3]) that produces a 
fixed-size vector representation of the input sentence. The decoder is another neural network (a trans-
former decoder) that attempts to reconstruct the original sentence from the embedding. The combined  
encoder-decoder is first trained as an autoencoder on Azerbaijani text data: given a sentence s, the 
encoder produces z = E(s), and the decoder generates ś = D(z), which is trained to match s. This  
ensures that E(s) retains enough information to reconstruct the sentence, effectively learning a la-
tent representation of the sentence. However, a standard autoencoder alone does not guarantee that 
paraphrastic sentences map to similar embeddings. Therefore, an additional training signal using par-
aphrase pairs is introduced. The full architecture is illustrated in Fig. 1–3, which decomposes the 
PaCE process into modular components.

Paraphrastic pair training
A set of paraphrase pairs {(pi, qi)}, where pi ≈ qi (sentence pi is a known paraphrase of qi), is lever-

aged. Such pairs can be obtained through various means in a low-resource setting: one approach is to use 
back-translation or bilingual pivoting on available parallel corpora to produce candidate paraphrases (for 
example, translate an Azerbaijani sentence into English and back, obtaining a paraphrase). A paraphrase 
corpus for training was curated by translating a subset of Azerbaijani sentences into English and back into 
Azerbaijani using a high-quality neural translator, and then manually filtering for true paraphrase equiv-
alence. During training, for each paraphrase pair (p, q), the encoder is encouraged to produce similar  
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Fig. 1. Encoder-decoder autoencoder used to train the PaCE space.  
Given a sentence s, the encoder outputs z = (s), which the decoder then reconstructs as ś = D(z)

Fig. 2. New sentence embeddings z′ are generated by sampling near  
z – either by noise injection or by retrieving a nearby neighbor in embedding space.  

These embeddings are decoded back into paraphrased sentences x′

embeddings E(p) and E(q). This can be done with a contrastive loss or a Siamese network setup: 

the distance                              for each paraphrase pair is minimized, while for non-paraphrase pairs 

(p, t) the distance could optionally be maximized or a margin used. In practice, a contrastive loss 
Lpara defined as:

is used, which pulls paraphrase embeddings together (it was found that explicitly pushing away  
non-paraphrase pairs was not necessary when combined with the autoencoder objective and the inher- 

ent separation of distinct sentences). The autoencoder reconstruction loss                                                 

(where L is a token-level cross-entropy between output ś =                        and original) runs in paral-
lel. The combined training objective is:

( ) ( )
2

E p E q−

( ) ( )
( )

2

2,
,para
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where λ is a weighting factor that balances reconstruction fidelity and paraphrase clustering. λ is chosen  
based on validation performance; it controls how strongly paraphrase similarity is enforced in the em-
bedding space.

By training with this objective, the encoder E learns a vector space Z where sentences are em-
bedded according to their semantic content. After training, if E(s1) and E(s2) are close, s1 and s2 are 
expected to be paraphrases. E(s) is referred to as the PaCE model.

Paraphrase generation by concept embeddings
Once the concept embedding model E (and decoder D) is obtained, it is used to generate new sen-

tences for data augmentation. Fig. 4 illustrates the overall PaCE augmentation pipeline. Starting with a  
labeled dataset, each sentence x is passed through the encoder E to produce a semantic embedding z.  
To generate paraphrases, nearby points z′ are sampled around z using two methods: adding Gaussian  
noise or retrieving a nearest neighbor from existing embeddings. The first method encourages diversity;  
the second retrieves high-quality paraphrases if similar examples exist. Each z is decoded by the de-
coder D into a candidate paraphrase x′. A two-stage filter then ensures quality.

The method consists of the following stages:
•  encoding sentences into semantic vectors,
•  identifying their underlying concept,
•  perturbing the vector to obtain a new point with similar meaning,
•  decoding this into a paraphrased sentence,
•  verifying semantic similarity and grammatical correctness.
The proposed method differs from prior approaches by explicitly modeling paraphrastic similarity in 

a learned semantic space, rather than relying on surface-level edits or translation-based transformations. 
Unlike synonym substitution, which often breaks grammaticality in morphologically rich languages, or 
back-translation, which introduces uncontrolled variations, PaCE generates fluent paraphrases with pre-
served meaning through concept-level perturbations.

Fig. 3. Each generated paraphrase x′ is checked for semantic similarity to the original  
and for grammatical correctness. If both conditions pass, it is added to the augmented dataset with the same label

,total AE paraL L L= + λ
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Fig. 4. PaCE augmentation pipeline: encoding, sampling, decoding, filtering and dataset expansion

First, cosine similarity between                                    must exceed a threshold (θ = 0.8) to retain se-
mantic meaning.

Second, grammaticality is checked using a RoBERTa-based perplexity filter trained on Azerbai-
jani. We compute pseudo-perplexity scores using a RoBERTa [21] model fine-tuned on Azerbaijani 
corpora. Given that RoBERTa is a masked language model (MLM), we adopt the pseudo-perplexity 
approach [22], where each token in a sentence is masked individually and the model predicts the 
masked token based on its context. The average log-likelihood across all tokens provides a pseu-
do-perplexity score, which serves as a proxy for grammaticality. Sentences with scores exceeding a 
predefined threshold are filtered out to ensure grammatical correctness.

Only paraphrases passing both checks are added to the augmented dataset with the same label y. 
This enriched dataset is then used to train the final classifier.

Implementation details
The models were built using the PyTorch deep learning framework and HuggingFace Transformers  

library for ease of implementation. The concept embedding model’s encoder and decoder were initialized 
from a multilingual pre-trained model (mBART50) which is trained for many-to-many translation in-
cluding Azerbaijani; this provided a strong starting point for Azerbaijani encoding/decoding. This model 
was fine-tuned on Azerbaijani autoencoding and paraphrase objectives. This cross-utilization of a trans-
lation model for paraphrasing is an example of transfer learning and it aligns with the idea of bilingual 
pivoting – the mBART model’s latent space already has some notion of aligning Azerbaijani with other  

( ) ( )( )cos ,E x E x′



Intelligent Systems and Technologies, Artificial Intelligence

53

languages, aiding concept space learning. The classifier model for evaluation was a RoBERTa-based 
Azerbaijani language model (pre-trained on news data [1]) fine-tuned on the specific classification 
task. All hyperparameters (such as learning rates, noise levels, thresholds) were optimized on a devel-
opment set.

By encapsulating this methodology as a software toolkit, a reusable augmentation module for Azer-
baijani NLP tasks is contributed. The entire PaCE pipeline – from concept embedding training to da-
taset augmentation – represents a form of software support for computing systems handling language 
data. It is essentially an add-on component that can integrate with existing NLP training workflows, 
providing a mathematical and algorithmic enhancement to the data processing stage.

Experiments and results

The effectiveness of PaCE augmentation is evaluated on a text classification task in Azerbaijani.
Dataset
For the experiments, a publicly available Azerbaijani news classification dataset, AZERNEWS, de-

rived from the Azertac news agency corpus [1] is used. It consists of news article sentences labeled by 
category.

Dataset statistics
The subset used in the experiments contains 10000 labeled instances in total. The distribution is 

somewhat imbalanced: Politics (3500 sentences), Economy (2800), Sports (1700), Culture (2000). A 
class-balanced evaluation set was maintained to fairly assess performance across categories. The data 
was split into 8000 training examples, 1000 validation and 1000 test. The average sentence length is 
about 15 words (with significant variance, as news sentences can range from short headlines to longer 
explanatory sentences).

Before augmentation, basic text preprocessing was performed: all text was lowercased (Azerbaijani 
is typically written in Latin script with special characters like ə, ı, etc., which were preserved) and some 
typical OCR or spelling errors found in the dataset were corrected.

Models and training

Baseline classifier
As the baseline model for classification, a pre-trained multilingual RoBERTa model that had been 

further tuned on Azerbaijani news [1] was used. This model, referred to as Az-RoBERTa, is an en-
coder-only transformer model capable of producing contextualized embeddings for Azerbaijani text. 
A classification layer was added on top of Az-RoBERTa to predict the news category label. This base-
line already leverages transfer learning (from unlabeled news data via RoBERTa pre-training), which is 
known to improve performance in low-data regimes. However, it is expected that data augmentation can 
further improve results by providing additional labeled variations.

Augmentation strategies compared
The following training setups are compared:
a. No Augmentation (Baseline) – training on the original 8k training sentences only.
b. Synonym Augmentation – a lexical augmentation method akin to EDA [9] is applied, replacing 

1–2 nouns or adjectives in each sentence with synonyms. Since Azerbaijani lacks a WordNet, a small 
synonym dictionary was built from a bilingual English-Azerbaijani dictionary: English WordNet syno-
nyms were mapped to their Azerbaijani translations where possible. This provided a limited resource to 
replace some words (for example, “böyük” could be replaced with “iri” for “big/large”). One augment-
ed sentence per original was generated with this method.

c. Back-Translation Augmentation – the Facebook mBART50 model is used to translate each Azerbai-
jani sentence to English and back to Azerbaijani generating one paraphrase per sentence.

d. PaCE Augmentation – using the concept embedding method, up to 2 paraphrases per sentence are 
generated as described in Fig. 4.
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All augmented datasets (b, c and d) roughly double the amount of training data (to ~16k instanc-
es, except synonym augmentation which resulted in slightly fewer augmentations for some sentences 
where no synonym was found). The Az-RoBERTa classifier is trained on each augmented training set 
with the same hyperparameters as the baseline for a fair comparison.

Model performance was evaluated on the held-out test set of 1000 instances, using accuracy and 
macro-averaged F1 score as the primary metrics. Accuracy measures overall correctness, while mac-
ro-F1 gives equal weight to each class, which is important given the class imbalance. We also report 
per-class precision and recall to understand where improvements are coming from. All results are aver-
aged over three training runs with different random seeds to ensure robustness; we report the mean and 
standard deviation. We perform statistical significance testing (paired t-test) between the baseline and 
PaCE-augmented model to verify if improvements are significant.

The results of text classification across four categories are presented in Table 1. The baseline model 
(without augmentation) already achieves decent accuracy, considering the use of a pre-trained model. 
However, augmentation methods yield clear improvements. Augmentation using PaCE shows the best 
results, significantly outperforming both synonym-based and back-translation augmentation.

Table  1
Classification performance with different training data augmentations

Training data Accuracy (%) Macro-F1 (%) Politics F1 Economy F1 Sports F1 Culture F1

No augmentation (8k) 76.8 ± 0.5 74.3 ± 0.6 78.1 72.5 69.0 77.5

+Synonym augment (EDA) 79.4 ± 0.7 76.1 ± 0.8 80.0 75.0 71.2 78.5

+ Back-translation 81.0 ± 0.6 78.0 ± 0.5 82.3 77.4 74.1 78.2

+ PaCE augment 84.5 ± 0.4 81.7 ± 0.5 85.9 80.5 78.3 82.0

As shown in Table 1, performance is consistently improved by augmenting the data over the 
no-augmentation baseline. Synonym replacement provides a modest boost of around 2.6% in accu-
racy, which indicates that even simple lexical variety helps the model generalize better. Back-trans-
lation performs better, with about 4.2% accuracy gain over baseline, likely because the paraphrases 
generated are more diverse and contextually richer than the limited synonym sets. The proposed 
PaCE augmentation delivers a further jump, achieving 84.5% accuracy, approximately 7.7% higher 
than the baseline and 3.5% higher than back-translation. The macro-F1 score shows a similar trend, 
with PaCE > back-translation > synonym > baseline. These improvements are found to be statistically 
significant (p < 0.01 for PaCE vs baseline, and p < 0.05 for PaCE vs back-translation, under a paired 
t-test across the three runs).

In terms of per-category performance, F1 scores across all news categories were improved by PaCE 
augmentation, with the largest gains in the Sports category (+9.3 points over baseline F1) and Econ-
omy (+8.0 points). These two categories had relatively fewer training examples initially, so the ad-
ditional paraphrased examples had a pronounced effect on the model’s ability to recognize varied 
expressions of sports and economic news. For instance, in Sports, the baseline might have learned 
keywords like “qalib gəldi” (“won”) or “oyun” (“game”), but with augmentation, alternative phras-
ings like “məhz qazandı” (“secured victory”) or “qarşılaşma” (“match”) were also seen, reducing 
the model’s reliance on any single phrasing. The Culture category, interestingly, showed a smaller 
improvement (F1 from 77.5 to 82.0) compared to others; this could be because the model already 
performed well on Culture, or because some paraphrases in cultural context (e.g., names of artistic 
works or terms) are harder to generate without loss of meaning, so augmentation helped slightly less. 
Nevertheless, every category saw an increase in F1, indicating that PaCE augmentation is broadly 
effective and not limited to specific content.
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Semantic similarity between original sentences and their PaCE-generated paraphrases was also meas-
ured to ensure that augmentation did not drift from the intended meaning. Using the encoder EE cosine 
similarity, the average similarity was 0.89 for accepted paraphrases (by design it had to be ≥ 0.8), compared 
to 0.95 for the trivial identity paraphrase. For back-translation outputs, an average similarity of 0.83 was 
measured, confirming that PaCE’s filtering indeed produced paraphrases that were closer in meaning to 
the source than unfiltered back-translations. This likely contributed to the classifier’s superior perfor-
mance, as training data augmented with PaCE had less noise (fewer label inconsistencies or off-topic 
sentences).

Overall, the experimental results confirm that PaCE augmentation leads to superior model perfor-
mance on our Azerbaijani classification task. By injecting diverse yet semantically consistent training ex-
amples, the model generalizes better and is more robust to linguistic variations. In the next section, we 
delve deeper into the implications of these results, analyze why PaCE outperforms the alternatives, and 
discuss any limitations observed.

Conclusion

This paper proposed PaCE augmentation, a novel data augmentation method for Azerbaijani NLP. 
The method differs from existing approaches by operating at the sentence level through semantic con-
cept embeddings, ensuring paraphrased outputs maintain full semantic coherence and grammatical cor-
rectness, crucial for morphologically rich languages like Azerbaijani.

The experiments on Azerbaijani news text classification demonstrated that PaCE significantly im-
proves performance, achieving a 7–8% absolute accuracy gain over strong baselines and conventional 
methods like synonym replacement and back-translation. The method consistently enhanced model 
robustness across multiple categories, effectively addressing both data scarcity and linguistic variability.

PaCE’s key novelty is bridging representation learning and data augmentation, enabling controlled 
and meaningful paraphrase generation without external lexical databases or translation tools. This re-
sults in high-quality, natural-language paraphrases inspectable by engineers, unlike vector perturbation 
methods (e.g., RPN). Additionally, PaCE is task-agnostic and thus broadly applicable across various 
NLP applications. A specific mathematical formulation was developed, and a corresponding software 
component implemented. Practically, NLP engineers can readily incorporate PaCE into training pipe-
lines to enhance system performance and precision.

The approach is applicable to other low-resource languages, given minimal paraphrase training data, 
making it valuable beyond Azerbaijani. However, a distinctive advantage for Azerbaijani is the method’s 
natural handling of its complex morphology, ensuring grammatical accuracy in augmented sentences.

In conclusion, PaCE augmentation provides a significant methodological advancement for low-re-
source NLP, particularly for Azerbaijani, encouraging further exploration and broader integration into 
NLP workflows.
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