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Article Info. Abstract

Natural language generation systems sometimes struggle to model long-range semantic connections and maintain

Article history: contextual consistency, especially when applied to linguistically sophisticated literary corpora. Traditional recurrent neural
. architectures are good at modeling sequential patterns but typically fail to preserve higher-level thematic and stylistic
Received information in text production. The current paper proposes a semantic-aware hybrid framework based on Word2Vec
03 January 2026 embedding representations, ++K-Means semantic clustering, and Bidirectional Long Short-Term Memory (Bi-LSTM)
. sequence learning to improve contextual coherence and next-word prediction performance. In the proposed architecture,
Revised the model learns to obtain semantic context vectors from clustered embedding spaces and to fuse them with sequential
06 June 2026 hidden representations for better language modeling. This study examines the system on three benchmark datasets from
English corpora of both literary and general domains: the Nietzsche corpus, Shakespeare plays and WikiText-2.

Accepted Experimental results show that the proposed semantic-aware recurrent architecture consistently outperforms the standard
15 June 2026 statistical and neural baseline models. The model achieves prediction accuracies of 67.4%, 61.3%, and 63.1% on the
. Nietzsche, Shakespeare, and WikiText-2 datasets, respectively, while reducing perplexity values and enhancing linguistic

}3) 8?31263026 coherence. A more detailed analysis of the robustness test, semantic error evaluation, and ablation experiments confirm

that semantic clustering effectively can improve contextual consistency, stylistic preservation, and semantic continuity.
The results demonstrate that combining clustering-based semantic abstractions with recurrent sequence modeling is an
effective, computationally lightweight approach to context-aware text synthesis for both literary and general-domain
applications.
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1. Introduction

The field of Natural Language Generation (NLG) has become increasingly relevant in Artificial Intelligence with the emergence of deep
learning, particularly for chatbots and automatic summarization [1]. However, it remains a significant challenge to generate text that reflects
the styles of diverse authors, maintains thematic coherence, and demonstrates semantic richness. Neural sequence modeling has replaced
traditional language modeling techniques to address the problems of data scarcity and difficulty in capturing nuanced meanings [2].

Recurrent neural networks (RNNs) extended the interpretation of sequential data and enhanced language modeling by propagating context
information over time through recurrent hidden states. However, vanilla RNNs suffer from problems storing information due to vanishing and
exploding gradients [3]. For this purpose, extended Long Short-Term Memory (LSTM) networks have been constructed that use gating
techniques to retain relevant context across extended sequences [4]. Bidirectional LSTM (Bi-LSTM) models improve sequence encoding by
considering both past and future contexts. This led to the invention of early neural NLG systems based on LSTM, which were very successful
in several areas [5].

LSTM-basedLSTM-based models have made some advancements, but still struggle with linguistically demanding texts. They tend to focus on
surface patterns without identifying salient traits, and their outputs, while technically correct, are semantically inconsistent, stylistically
unfaithful, and thematically shallow. This is particularly evident in the realm of literary datasets, where language is often used in abstract
thinking, metaphors, and antiquated phrases [6, 7].

Distributed word representations, such as Word2Vec and other embedding models, have been created that considerably improve semantic
modeling. Words are represented as vectors in a continuous space that captures lexical and semantic commonalities [8]. Word embeddings help
to overcome the sparsity problem, generalize better and give more informative lexical representation than the usual one-hot encodings. This is
why embeddings have become a common feature of neural language models. However, such embeddings are naturally static, context-free, and
thus limited in their ability to encode changes in meaning across diverse settings [9].
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Nomenclature and Symbols

f, Fused Feature Representation Ck Semantic Cluster Centroid

L Cross-Entropy Loss C Set of Semantic Clusters

D Vector Concatenation sim(-) Cosine Similarity Function

n Learning Rate 0 Trainable Model Parameters

PPL Perplexity K Number of Semantic Clusters

ACC Prediction Accuracy T Sequence Length

BLEU Bilingual Evaluation Understudy ROUGE-L  Longest Common Subsequence Metric
METEOR Semantic Evaluation Metric SPI Style Preservation Index

Bi-LSTM Bi-Directional Long Short-Term Memory e Word Embedding Vector

Clustering in embedding space is one of the most important techniques for extracting latent semantic structure in high-dimensional vector
representations [10]. Clustering techniques are used to discover hidden conceptual information, such as thematic relevance, contextual affinity,
emotional traits, and semantic dependencies among words, by grouping semantically related keywords [11]. Such higher-level semantic
representations are an efficient means of eliminating redundant variants and improving feature expressiveness for downstream language
processing applications. Clustering approaches have been found useful in several applications such as subject identification, semantic retrieval,
conversational modeling, and intelligent text analysis systems [12]. However, in most existing natural language production systems, clustering
is used only in the initial steps of data preparation. The generation of adaptive, sequence-aware semantic context vectors from clustering
structures and their direct integration into recurrent deep learning systems have rarely been addressed. Therefore, the potential of clustering-
driven contextual guidance for improved dynamic sequence modeling remains largely unexplored in present NLG systems [13].

The constraint of sequential models is that neural sequence modeling hybrid strategies incorporate the contextual or semantic information [14].
Two ways that can selectively attend to relevant tokens are attention mechanisms and syntactic features [15]. Transformer-based systems with
self-attention have achieved outstanding performance on natural language generation challenges but require large datasets and substantial
computational resources. They are less appropriate for controlled investigations aiming at mild semantic enrichment in recurrent frameworks
[16]. They decline in data-poor or specialized-language domains.

There is a growing demand for research on context-aware NLG designs that effectively integrate semantic abstractions with sequential
modeling. Embedding methods do not provide systematic semantic guidance, and standard LSTMs are unable to emphasize semantically
relevant parts of sequences [17]. The dynamic application of clustering methods combined with interpretable semantic abstractions in text
generation is rarely employed [18]. Furthermore, the performance of semantically enriched recurrent models on complex datasets of literary
texts, as well as their robustness to noise and diverse data sizes, remains an open question [19].

RNNs are useful for deep learning language production systems, since they can model sequential dependencies and employ shifting hidden
states to improve context and fluency [20]. But at larger distances, they are destroyed due to gradient instability. LSTM networks' gating
strategies better capture long-term dependencies, govern the flow of information, and perform better on tasks like text synthesis and machine
translation [21].

Bi-LSTM architectures analyze sequences in both directions, which boosts their performance on challenging language tasks and helps them
better absorb contextual information. Sequential techniques still cannot capture deeper semantic patterns [22]. This can result in work that is
neither cognitively sophisticated nor thematically coherent.

Distributed word representations are among the most significant breakthroughs in language modeling. Methods such as Word2Vec embed
words into dense vectors in multi-dimensional spaces and enable models to learn fine-grained syntactic and semantic links, thereby alleviating
the sparsity problem of classical representations [23]. But these embeddings are static and hence cannot reflect changes in meaning depending
on context [24].

Many research efforts are moving towards hybrid strategies that combine sequential modeling with additional semantic components to address
the limitations of neural models [25-27]. Such approaches take into account not just the sequence of words but also other factors, such as
grammatical structures and contextual cues [28, 29]. This is due to the greater efficiency and interpretability of the attention processes. Also,
clustering-based algorithms have been proposed to detect latent semantic structures in large text corpora, uncovering patterns that improve the
coherence, consistency, and intelligibility of the output text [30].

Clustering is widely used for exploratory analysis and topic recognition, but it is poorly integrated into neural prediction pipelines. The benefits
of integrating this semantic information, obtained through clustering, with recurrent neural models for next-word prediction have not been
examined in detail [31, 32].

In this paper, a hybrid context-aware text generation system that generates semantic context vectors using Word2Vec embeddings and ++K-
Means clustering is proposed. This study injects these vectors into a Bi-LSTM model. This is an attempt to improve sequential modeling through
explicit semantic abstraction, enabling the model to learn high-level themes and local interactions in text production. This study offers a
lightweight, context-aware NLG framework by directly embedding semantic abstractions into recurrent modeling pipelines, helping bridge the
gap between sequential learning and semantic understanding.

2. Materials and Methods

This study proposes a unique framework that extends the semantic context extraction by using recurrent neural architectures to increase the
coherence, contextual consistency and accuracy of the resulting text sequences. The proposed method comprises five crucial phases: data
collection and preparation, text preprocessing and development of text embeddings, extraction of a semantic context vector via clustering,
construction of an RNN-LSTM network, and model training and performance evaluation. The textual data is cleaned and turned into distributed
vector representations to capture the semantic links among words. The study then uses clustering algorithms to obtain semantic context vectors
that capture high-level contextual information for sequence learning. The recovered semantic representations are then incorporated into the
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RNN-LSTM architecture to improve contextual dependency modeling in text production. Finally, the performance of the proposed system is
evaluated by several assessment measures for prediction performance and generation quality. Fig. 1 displays the overall workflow of the
suggested methodology.
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Fig. 1. Overall workflow of the proposed context-aware text generation framework
2.1. Datasets description

The experimental datasets required for this investigation were obtained from Kaggle public datasets to ensure repeatability, transparency, and
availability for subsequent research. To thoroughly evaluate the proposed context-enhanced RNN-LSTM architecture, the study selected three
benchmark textual corpora: the Friedrich Nietzsche corpus [33], the Shakespeare Plays corpus [34], and the WikiText-2 dataset [35]. The study
carefully selected these datasets to include a diverse mix of linguistic features, literary forms, and contextual challenges, to evaluate the model's
ability to handle semantic dependencies, stylistic variation, and long-range context in text generation tasks.

The corpus comprises approximately 2.1 million textual tokens and almost 18,742 unique vocabulary entries from Friedrich Nietzsche's
philosophical writings. The corpus is characterized by intricate intellectual phrasing, metaphorical language and abstract ideas. Thus, it provides
a useful benchmark for evaluating the ability of language generation algorithms to detect complex semantic relations and maintain logical
coherence across long sequences of text. On the other hand, the Shakespeare Plays dataset comprises over 24,000 lexical types and
approximately 3.4 million tokens from renowned theatrical works such as Othello, Macbeth, and Hamlet. The collection is described with
emotionally loaded language patterns, dramatic dialogue styles and lyrical idioms. Hence, it provides a suitable setting to study the possibility
of deep learning architectures for reproducing style, emotional context, and sequential consistency in the generation of literary works.

The third dataset, WikiText-2, contains 33,278 distinct words and approximately 2 million tokens, collected from diverse Wikipedia articles
across different expertise areas. WikiText-2 contains a large variety of topics and informative, generic language patterns compared to the literary
corpora. The dataset is useful for examining the potential generalization of the proposed framework to additional textual domains, to ensure the
contextual continuity and semantic purity of the sequence development.

2.2. pre-processing

Before training the proposed RNN-LSTM architecture, a robust multistage preparation pipeline was established to ensure the quality and
reliability of the textual input required for sequential learning. The main aim of this preprocessing system is to convert unstructured textual
corpora into semantically coherent, ordered sequences for neural language modeling applications. The preprocessing strategies not only reduce
noise and redundancy but also improve the model's contextual consistency and next-word prediction accuracy during training. The initial phase
of preprocessing comprises text cleaning and normalization. In this step, the corpora were cleaned by removing unnecessary textual elements
such as punctuation marks, numerical values, special characters, HTML elements and non-alphabetic symbols. These noisy parts are removed,
leaving only meaningful textual information for subsequent processing phases. This cleaning process helps to reduce the training data
mismatches and the superfluous vocabulary complexity

After cleaning, all texts are converted to lowercase for better embedding uniformity and vocabulary homogeneity. This normalization method
significantly reduces vocabulary sparsity by treating words with different capitalization patterns, e.g., "King" and "king", as the same lexical
elements. Thus, the semantic representation of words is more robust and computationally more efficient for buildingfor building embeddings
and learning sequences. Then, the text is normalized and segmented into discrete lexical units using word-level tokenization methods.
Tokenization converts unstructured streams of text into well-structured sequences of tokens that are easily understood by deep neural
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architectures. At this level, the vocabulary is a bit extensive, but the sequential linkages between the words remain intact. The resulting token
sequences are then used as the primary input representation for the proposed recurrent neural network model, enabling effective contextual
learning and sequential dependency extraction.

2.3. Word embedding and vector representation

After the preparation stage, the Word2Vec embedding approach was used to convert the cleaned text sequences to dense numerical
representations for deep sequential learning. Word embeddings are vector representations of words such that related words in terms of contextual
meaning are close to each other in the vector space. This representation allows neural circuits to encode grammatical links, contextual
associations, and semantic similarities more effectively than earlier sparse encoding schemes.

The study trained several Word2Vec models independently for each dataset to retain the semantic traits and stylistic trends peculiar to each
corpus. The proposed framework allows embeddings to be trained directly on the Friedrich Nietzsche and Shakespeare corpora, thereby enabling
the learning of domain-specific linguistic structures, philosophical terminology, literary expressions, and contextual writing styles that are not
well represented by generalized pre-trained embeddings. This dataset-specific embedding strategy enhances contextual learning for text
generation and increases the model's capacity to capture complex semantic information.

To maintain trial consistency and a fair comparison of performance, the study trained Word2Vec with a fixed set of hyperparameter
combinations across all datasets. The obtained embedding vectors were used as the input representation layer in the proposed RNN-LSTM
architecture to model sequences efficiently and incorporate semantic context. The hyperparameters used to generate the embeddings are detailed
in Table 1.

Table 1. Configuration settings for training custom word embedding models

Hyperparameter Category Configuration Value
Embedding Vector Size 200 Dimensions
Context Window Radius 5 Tokens

Minimum Token Occurrence 3 Instances
Embedding Architecture Skip-Gram Model
Negative Sampling Rate 10 Negative Samples

Training Iterations 15 Epochs

The study adopted the distributed embedding strategy, a powerful approach for generating compact semantic representations that is
computationally efficient for sequential language modeling tasks. The selected embedding method is an effective way to capture semantic
regularities and lexical relations with relatively lightweight architectures, as opposed to transformer-based contextual encoders (BERT or
ELMo), which require significant computational resources and much larger training corpora. This makes it extremely useful for controlled
experimental situations including recurrent neural frameworks and semantic augmentation methods. Also essential is the interoperability of the
embedding technology with clustering-based semantic analysis. Clustering algorithms can reveal coherent semantic structures with high
stability, as the generated vector spaces preserve crucial geometric and semantic relations between words. These properties allow us to derive
representative semantic context vectors that can effectively help later neural sequence modeling techniques. The clustering operations and
contextual feature learning are further enhanced in robustness by preserving semantic continuity in the embedding space. Furthermore, the
selected skip-gram training mechanism is well-suited for learning informative representations for uncommon, stylistically distinct and context-
sensitive vocabulary items that are often present in literary collections such as Shakespearean dramatic works and Nietzsche's philosophical
writings. This property is vital for retaining the semantic richness in complex literary-language production tasks. However, highly
contextualized transformer models tend to be more sophisticated in construction, which may not be compatible with lightweight recurrent
systems for interpretable semantic augmentation.

After the embedding training phase, the resulting vector spaces displayed clearly defined semantic clusters and contextually significant
separations of lexical elements. In the recommended approach, the following clustering-based context-extraction step relied heavily on semantic
structures. Table 2 presents the statistical properties of the final embedding models obtained during training.

Table 2. Quantitative analysis of the trained word embedding representations

Text Corpus Unique Vocabulary Mean Embedding Average Semantic Neighbor Embedding Outlier
Terms Magnitude Similarity Ratio
Nietzsche Corpus 18,742 3.91 0.68 2.4%
Shakespeare Corpus 24,615 3.88 0.72 3.1%
WikiText-2 Corpus 33,278 3.95 0.70 2.8%

Semantic outliers correspond to embedding vectors whose magnitudes differ substantially from the global statistical distribution, generally
associated with low-frequency lexical items.

This study describes the main reasons for selecting the Word2Vec framework as the main embedding approach. First, the embedding approach
allows for computationally efficient distributed vector representations of lexical entities while preserving important semantic relations among
lexical elements. Deep contextual representations can be generated by architectures such as BERT and ELMo, though they often require larger
datasets, greater processing capacity, and more advanced training methods. In contrast, Word2Vec is better suited to recurrent neural
architectures for controlled semantic enhancement experiments and provides a lean, efficient technique for learning semantic representations
from large textual corpora.

Second, the learned embedding space greatly enhances the effectiveness of clustering-based semantic analysis with consistent geometric and
linear semantic links between words. The stable nature of these vector representations enables the reliable discovery of coherent semantic
groupings using clustering algorithms such as k-means.
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Third, the skip-gram training technique for learning embeddings is well-suited to acquiring informative representations of rare, stylistically
unique, and context-sensitive lexical items, which are common in literary corpora such as the works of Friedrich Nietzsche and Shakespeare.
There is domain-specific vocabulary, metaphorical structures and unusual formulations in literary collections that require consistent semantic
representation learning. For recurrent systems that require efficient semantic enrichment with low computational overhead, lightweight
embedding approaches are a more feasible alternative than transformer-based contextual methods.

The embedding training approach resulted in vector spaces with stable lexical groupings and clear semantic distinctions. The proposed
methodology included an additional clustering-based context extraction stage built on top of these semantic structures. Table 3 presents the
exact parameters of the setting of the ++K-Means clustering procedure.

Table 3. Configuration parameters of the semantic clustering process

Clustering Parameter Selected Configuration
Number of Semantic Clusters 50
Centroid Initialization Strategy ++K-Means
Maximum Optimization Iterations 300
Similarity Distance Metric Euclidean Distance
Random Initialization Seed 42

The extracted semantic organization in the embedding space is summarized quantitatively in Table 4.

Table 4. Representative semantic clusters extracted from the embedding space

Cluster Label Dominant Semantic Category Representative Lexical Terms Intra-Cluster Cohesion Score
SC-12 Emotional and Expressive Language “love”, “grief”, “tears”, “joy” 0.83
SC-27 Philosophical and Abstract Concepts “truth”, “power”, “will”, “spirit” 0.79
SC-33 Human Communication and Interaction “speak”, “answer”, “hear”, “call” 0.81
SC-41 Temporal and Sequential References “before”, “after”, “now”, “then” 0.77
SC-49 Motion and Dynamic Actions “rise”, “fall”, “stand”, “move” 0.84

The study employed cosine similarity on Word2Vec embeddings, together with ++K-Means clustering to identify words near cluster centers,
and semi-automatically generated cluster titles. This manual review approach is often employed in semantic clustering studies. Furthermore,
the language was clearer and more uniform in style, and the LSTM model was better able to identify deeper meanings through clustering-based
context extraction.

2.4. RNN-LSTM architecture

The proposed text-generating approach is based on a multi-layer RNN-LSTM architecture that includes an embedding input layer, a
bidirectional LSTM for sequence learning, a dropout layer for regularization, a dense output layer for prediction, and a context concatenation
mechanism. It relies on initial word embeddings derived from Word2Vec representations of Shakespeare's and Nietzsche's works to provide
greater contextual flexibility. The context concatenation layer produces better writing across genres by combining the Bi-LSTM outputs with a
semantic context vector. The bidirectional LSTM captures data from both directions. It enhances the contextual understanding (Fig. 2).

It is a modest fusion process but it works. This allows the network to consider not just "what is next" in the sequence but also "what is most
important". In fact, this tends to yield more accurate, contextually appropriate forecasts. Eq. 1 presents a mathematical expression for this
chemical.

H = [HLSTM [ Ceontext ] (1)
where the total feature representation is improved, and the cluster-averaged vector enriches semantics.

The concatenated embeddings are then fed via a dropout regularization layer with a dropout rate of 0.20 to improve generalization and reduce
overfitting especially for thematically packed corpora. It randomly drops neurons during training to form robust, transportable patterns.

The proposed architecture terminates with a fully connected dense layer with a softmax activation function, converting the final integrated
feature representation into a normalized probability distribution over the vocabulary. This layer computes the probability of each candidate
token being the next word in the generated sequence. This prediction process can be mathematically formulated as Eq. 2.

P(W;y4q | sequence ) = Softmax(W - H' + ¢) )

W denotes the trainable weight matrix, H' represents the fused hidden representation obtained from the recurrent and semantic context
integration stages, and ¢ corresponds to the bias vector.

The main architectural and training settings of the proposed framework are summarized in Table 5, including the embedding dimensions, Bi-
LSTM structural parameters, the size of the semantic context fusion vector, dropout regularization settings, and the dimensional characteristics
of the output prediction layer.
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Fig. 2. Proposed multi-layer RNN-LSTM architecture

Table 5. Hyperparameter specification for neural model optimization

Training Component Assigned Setting
Objective Function Categorical Cross-Entropy
Optimization Algorithm Adam Optimizer
Initial Learning Rate 0.001
Mini-Batch Size 128 Samples
Maximum Training Epochs 100 Epochs
Early Stopping Strategy Enabled
Dropout Regularization Rate 0.20

2.5. Evaluation metrics

Context-sensitive Evaluation Metrics. The design of RNN-LSTM was based on accuracy and category cross-entropy loss. Accuracy measures
the model's ability to forecast future tokens. This reflects the model's dependence on semantic context and sequential patterns. On the other
hand, minimizing cross-entropy loss leads to better learning, faster convergence, improved generalization, and a holistic evaluation framework.

The predictive capability of the proposed architecture was quantitatively evaluated using classification accuracy, as defined in Eq. 3:

1M N
ACC =¥, 8(1.t) 3)
f]- denotes the predicted token at position j, t; represents the corresponding ground-truth token and §(-) is the indicator function that returns 1
when the prediction is correct and 0 otherwise.

To further evaluate the confidence and the uncertainty of the language model, the study used the cross-entropy objective function provided in
Eq. 4 and the perplexity metric in Eq. 5. The cross-entropy loss is given by:

J = —Xk=1 alog (qr) 4

qx denotes the reference probability distribution for class k q; indicates the predicted probability distribution and C corresponds to the
vocabulary size.
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The perplexity score was then obtained through exponential transformation of the loss function according to Eq. 5:

PPX = eJ 3)

To evaluate semantic continuity and contextual consistency within the generated sequences, a coherence metric was calculated using adjacent
embedding similarity as expressed in Eq. 6:

1

COH = 2 BT2E sim(uy, uy40) ©)
u, and u,;, denote embedding representations of consecutive words and sim(+) refers to cosine similarity.

In addition to semantic coherence, stylistic fidelity was quantified using the Style Preservation Measure (SPM) defined in Eq. 7:

SPM = sim(zyy, , Zeer ) @)

Zsyn Tepresents the embedding vector of the synthesized text and z.; corresponds to the reference authorial representation.

Lexical overlap and semantic similarity were assessed between generated and reference texts using common Natural Language Generation
(NLG) metrics such as BLEU, ROUGE-L and METEOR. The BLEU formulation is given in Eq. 8:

BLEU =y - exp (Zf=1 amln spn) (®)

y denotes the brevity penalty, a,, represents the weighting coefficient, and s, indicates modified n-gram precision.

The ROUGE-L metric was computed according to Eq. 9:

LCS(4,B)
14|

ROUGE — L = )

LCS(4, B) is the longest common subsequence between the generated sequence A and the reference sequence B.
Similarly, the METEOR score was calculated using Eq. 10:

METEOR = & x (1 — 1) (10)

@ denotes the harmonic alignment score and A corresponds to the fragmentation penalty factor.
3. Results and Discussion

The results indicate that as the proportion of training data increases, the proposed architecture improves prediction accuracy and reduces loss
and confusion values. On the full dataset, the model achieved 67.4% accuracy on the Nietzsche corpus, 61.3% on the Shakespeare corpus, and
63.1% on the WikiText-2 dataset. Across all datasets, performance improved from 25% to 100% training consumption, demonstrating good
scalability of learning without early saturation. The Nietzsche corpus shows the strongest prediction performance due to the structural coherence
of the writing style. Shakespeare's works have a lengthier convergence time due to the grammatical complexity and archaic language.
Meanwhile, the competitive performance on WikiText-2 suggests that the proposed framework can be used to solve a range of problems beyond
the generation of literary texts (Fig. 3).
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Fig. 3. Prediction accuracy and loss behavior across progressive training data utilization levels

Fig. 4 illustrates the robustness analysis of the proposed design under various noise situations. As the injected noise level increased from 10%
to 30%, the prediction accuracy gradually decreased, and perplexity values increased across all investigated datasets. The results reveal the
detrimental effect of noise on the model's capacity to maintain semantic consistency and to predict sequences. At the highest perturbation level
(30%), the accuracy loss for the Shakespeare corpus was around 13.5%, and for the Nietzsche dataset, somewhat greater at 14.8%. The suggested
framework shows reasonably consistent predictive behaviour and therefore robustness in noisy textual conditions, despite the observed
performance drops.
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Fig. 4. Performance degradation under progressive noise perturbation levels

Fig. 5 shows the effect of embedding dimensionality on the predictive performance of the proposed context-aware RNN-LSTM framework
across the datasets under study. The experiments demonstrate that the prediction accuracy across all corpora improves as the embedding
dimension increases from 50 to 300. Higher-dimensional embeddings are more effective at capturing semantic information because they encode
more lexical and contextual information in the vector space. Ultimately, this enhances the model's ability to learn complex semantic linkages,
contextual associations, and long-range word dependencies.

Embedding Dimensionality Effect on Model Performance
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Fig. 5. Effect of embedding vector dimension on semantic learning performance

The speed improvements are particularly obvious when going from micro to medium-sized embeddings, e.g., up to 200 dimensions. However,
the rate of performance growth immediately diminishes at this point, indicating that the main semantic features of the datasets are already well
represented by the medium-dimensional embedding spaces. This suggests that large embedding dimensions may contribute to the computational
complexity without improving the quality of language modeling

Among the tested corpora, the best prediction quality was achieved in the Nietzsche dataset. This is owing to the structured semantic patterns,
philosophical consistency, and relatively consistent writing style visible in Nietzsche's writings, which encourage more steady contextual
learning. Conversely, the Shakespeare corpus has somewhat poor accuracy due to its very passionate literary style, difficult grammatical
structures, and antiquated language. These linguistic features also make sequential modeling and next word prediction more challenging.

Despite these challenges, particularly the diversity of general-domain material in the WikiText-2 corpus, the suggested architecture achieved
competitive results across all datasets. The experimental results reveal that larger embedding representations can significantly improve semantic
understanding and contextual learning within the proposed clustering-enhanced RNN-LSTM text generation paradigm.

Table 6 presents the experimental results of the proposed context-aware RNN-LSTM framework, demonstrating consistent linguistic quality
across all evaluation datasets. Experiments show that the model effectively preserves contextual coherence, grammatical consistency, and
semantic continuity in text generation across both literary and general-domain corpora. The Friedrich Nietzsche corpus received the highest
ratings for both local and global coherence among the datasets investigated. This enhanced performance is mainly due to the greater semantic
consistency of Nietzsche's writings and the more orderly style of philosophical writing. The repetition of design, together with the repetition of
theme patterns and logically connected phrase structures, helps the model learn the context more successfully, enabling it to keep the consistency
of long-range semantic linkages in the output sequences. In contrast, the coherence scores for the Shakespeare data set were far worse.
Shakespearean literature is characterized by syntactically complex phrase patterns, highly emotive dramatic exchanges, and archaic vocabulary,
which lead to inferior performance. These linguistic features also impose additional difficulties on the neural language generation process by
impeding sequence prediction and context modeling. Even as the complexity of the literary corpora increased, the proposed architecture
maintained constant performance on the WikiText-2 dataset, which contains a variety of general-domain textual content from several knowledge
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domains. The sequences produced demonstrated sufficient semantic coherence and grammatical consistency across a range of topics and writing
styles. The above results, with grammar evaluation exceeding 84%, further indicate the effectiveness of the recommended semantic context
integration technique in preserving the linguistic stability and syntactic correctness of the final text across a wide range of textual domains.

Table 6. Linguistic coherence and syntactic quality assessment of the generated text

Evaluation Criterion Nietzsche Corpus Shakespeare Corpus WikiText-2 Corpus
Sentence-Level Coherence 0.83 0.79 0.81
Document-Level Semantic Consistency 0.71 0.67 0.69
Grammatical Accuracy Rate 86.2% 82.4% 84.7%

The Style Preservation Index (SPI) evaluates the degree of preservation of the original author's writing style in the generated text. Shakespeare
scored approximately 0.66, and Nietzsche came in at 0.71. These results indicate that many of the author's stylistic traits are preserved in the
context-aware model. But the machine is less skilled at Shakespearean works, which feature more complex stylistic traits, such as iambic meter
and archaic language. Semantic error analysis shows that the most common faults in the model are semantic substitution errors (33%) and
wrong verb tenses (19%). These issues usually stem from long-range dependencies, which RNN-based models are often unable to capture
accurately. The rare word misprediction (11%) implies a problem with vocabulary sparsity, notably in the Shakespeare corpus. Fig. 6
demonstrates that the least common error is context drift (7%). However, it suggests that models may be unable to preserve topic continuity
across longer text sequences.

- .\ Rare-word

Context " misprediction
0 drift o

Incorrect
article use
Error
Distribution

Semantic
substitution

& Verb tense
mismatch

Fig. 6. Analysis of semantic drift verb inconsistency and lexical prediction errors

Table 7 shows the average similarity between the generated text and reference texts throughout the evaluated datasets. The scores are a bit lower
for the Shakespeare dataset. Shakespeare's language is more difficult to predict due to his complex dialogue, antiquated vocabulary, and unusual
phrasing. Average findings on the WikiText-2 dataset. This indicates that the context-aware RNN-LSTM model can still exhibit considerable
lexical and semantic similarity when used in larger general text datasets. Finally, the results suggest that combining semantic clustering with
sequential modeling improves the quality of the generated text and maintains consistency of context across different text types.

Table 7. Comparative evaluation of text generation quality across benchmark datasets

Evaluation Metric Nietzsche Corpus Shakespeare Corpus WikiText-2 Corpus
BLEU Score 0.42 0.39 0.41
ROUGE-L Similarity 0.57 0.54 0.56
METEOR Performance 0.29 0.26 0.28

The findings of ++K-Means clustering in Fig. 7 show clearly separated semantic regions in the trained Word2Vec embedding space with cluster
centroids in discrete conceptual domains. The scatter projection based on PCA reveals that the embedding training method successfully learned
significant lexical and semantic links and semantically related words formed cohesive cluster structures. Strong coherence within clusters, as
reflected in dense agglomeration around numerous centroids, especially for dominant literary themes such as emotion, abstract reasoning, and
interpersonal interaction, is crucial for reliable semantic context extraction. These findings confirm the fundamental notion that literary corpora
abound with identifiable semantic markers that can be fruitfully exploited to improve the performance of next-word prediction and contextual
language modeling.

66



Mustafa A. H., Journal of Techniques, Vol. 8, No. 2, 2026

A Cluster Centroids

100
o
x [}
— 75 Rl
(= e @
s
G
2
T 50
(=3
3
c x
o 25
c
5
2
v
g9
o
2
5 -25 .
o
2 t &
E .
-50 !
R E5
-75 :
-12 -10 -8 -6 -4 -2 0

Embedding Dimension 1 {PCA projection)

Fig. 7. PCA scatter distribution of semantically coherent word clusters

This interpretation is further reinforced by the cluster distance matrix in Fig. 8, which shows inter-cluster interactions in the embedding space.
In the Nietzsche corpus, the clusters of philosophical reasoning are fairly close to the clusters of abstract conceptual words. In the Shakespeare-
related clusters, those associated with action verbs, conversation markers, and archaic idioms are closer together.

Cluster Distance Matrix (Heatmap 16

Cluster Index

Fig. 8. Distance-based relationship mapping of semantic clusters

Table 8 proposes that the model may achieve better performance than the conventional and neural baseline models on all datasets. Neural
structures introduce sequential dependencies, which significantly improve performance, whereas standard statistical models, e.g., the 5-gram
technique, exhibit high confusion and low prediction accuracy.

Table 8. Comparative performance evaluation between baseline architectures and the proposed semantic-aware framework

Architecture Type Nietzsche (Acc / PPL) Shakespeare (Acc / PPL) WikiText-2 (Acc / PPL)
Statistical 5-Gram Model 24.5%/210.4 21.7%/243.5 23.6% /198.7
Conventional LSTM 49.1% /443 43.5% /579 46.8% / 48.5
GRU Sequential Network 54.6%/36.8 48.2%/49.3 51.3%/41.7
Compact Transformer Architecture 61.9%/24.7 56.1%/36.4 58.7%/29.8

Proposed Context-Aware Semantic

RNN-LSTM 67.4%/21.5 61.3%/32.8 63.1%/26.4

The Transformer-Small model surpassed baseline neural language production models thanks to its self-attention mechanism, which effectively
captures contextual dependencies and long-range word connections in textual sequences. This transformer design enables efficient description
of semantic relationships. It dynamically assigns attention weights to relevant tokens. However, the proposed context-enhanced strategy
consistently improves the overall performance, especially in prediction accuracy, semantic consistency, and reduced contextual ambiguity
during text production. The study reports continuous improvements across both literary and general-purpose corpora, including Nietzsche,
Shakespeare, and WikiText-2. These results show that the proposed methodology can capture higher-level semantic structures, theme
continuity, and sequential language linkages. The design combines semantic context vectors derived from clustering and sequential learning
with a Bi-LSTM to preserve contextual coherence across a range of writing styles and language domains. Moreover, to study the individual
contribution of each architectural component, the study performs a thorough ablation analysis. The purpose of this experiment is to evaluate
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and quantify the influence of the main components of the proposed architecture, including the distributed embedding representation technique,
the Bi-LSTM sequential modelling layer, and the clustering-based semantic context extraction mechanism. This can be done by gradually
deleting or simplifying individual parts. The relative value of each module can be assessed in a methodical manner

In the ablation experiment four different architectural configurations have been explored. The first setting is a simple Bi-LSTM architecture,
trained only on sequential token input with no additional semantic clusters. The second one is an enhancement of lexical-unit semantic encoding
using distributed embedding representations. The third configuration includes the semantic context vectors from clustering but not the full
semantic fusion technique used in the final architecture. The final configuration is the entire suggested system, combining Bi-LSTM sequential
learning, clustering-based semantic context fusion, and Word2Vec embeddings into a unified text generation model.

Table 9 shows the contribution of each architectural module to the system's overall predictive performance. The results confirm the significance
of clustering-based representation learning and semantic context fusion in improving contextual consistency, semantic understanding, and
sequence prediction accuracy of the proposed language generation system. The comparative analysis indicates that the Transformer-Small
architecture performs well among the baseline neural language production models, thanks to its self-attention mechanism, which learns
contextual dependencies and long-range word interactions within textual sequences. The transformer architecture efficiently encodes semantic
relationships by dynamically allocating attention weights to relevant tokens. However, the proposed context-enhanced strategy consistently
improves the overall performance, especially in prediction accuracy, semantic consistency, and reduced contextual ambiguity during text
production.

Table 9. Contribution analysis of sequential and semantic components in the proposed framework

Experimental Architecture Nietzsche Accuracy Shakespeare Accuracy WikiText-2 Accuracy
Standalone Bi-LSTM Architecture 52.1% 46.3% 49.2%
Bi-LSTM Enhanced with o o N
Word2Vec Representation 37.8% 302% >4.6%
Bi-LSTM Integrated with Semantic 61.2% 55.0% 58.4%
Cluster Features
Complete Context-Aware Semantic 67.4% 61.3% 63.1%

RNN-LSTM Model

The study continues to improve on both literary and general-purpose corpora, including Nietzsche, Shakespeare, and WikiText-2. These results
show that the suggested methodology can capture higher-level semantic structures, theme continuity, and sequential language linkages. The
design combines semantic context vectors derived from clustering and sequential learning with a Bi-LSTM to preserve contextual coherence
across a range of writing styles and language domains. Moreover, to study the individual contribution of each architectural component, the
study performs a thorough ablation analysis. The purpose of this experiment is to evaluate and quantify the influence of the main components
of the proposed architecture, including the distributed embedding representation technique, the Bi-LSTM sequential modelling layer, and the
clustering-based semantic context extraction mechanism. This can be done by gradually deleting or simplifying individual parts. The relative
value of each module can be assessed in a methodical manner

In the ablation experiment four different architectural configurations have been explored. The first setting is a simple BiLSTM architecture,
trained only on sequential token input with no additional semantic clusters. The second one is an enhancement of lexical-unit semantic encoding
using distributed embedding representations. The third configuration includes the semantic context vectors from clustering but not the full
semantic fusion technique used in the final architecture. The final configuration is the full proposed system, which integrates BILSTM sequential
learning, clustering-based semantic context fusion, and Word2Vec embeddings into a single text generation model.

4. Conclusions

This study proposed a novel neural language generation approach by integrating bidirectional recurrent sequence learning with clustering-based
semantic augmentation to enhance contextual dependency learning and next-token prediction performance. The proposed method employed
distributed lexical representations, semantic grouping strategies, and deep recurrent modeling to jointly model higher-level semantic
compositions within text sequences and short-term syntactic relations. Experiments on the Nietzsche, Shakespeare, and WikiText-2 corpora
showed that the proposed approach outperforms many traditional benchmark methods, including probabilistic n-grams, classical LSTMs, GRUs,
and small transformer models. The results showed that the generated texts had higher semantic continuity and lower perplexity scores, with
prediction accuracies of 67.4%, 61.3%, and 63.1%, respectively. Moreover, the results indicated that semantic cluster integration can
significantly enhance contextual interpretation, theme coherence, and the preservation of writing style in literary and open-domain text
generation tasks. In particular, the framework maintained more cohesive language transitions and improved the overall quality of the sequence
by using semantic-guiding vectors. Also, further demonstrated, through ablation testing, that the integration of semantic context is a major
driver of the observed performance gains. These results are promising, but there are several limitations in handling very rare vocabulary items
and maintaining long contextual dependencies throughout generated sequences. Future work should include effective attention-based or
transformer-based semantic augmentation modules to improve scalability, contextual sensitivity, and stylistic adaptability in sophisticated
neural text generation systems.
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