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A HYBRID MODEL FOR AUTHORSHIP ATTRIBUTION OF ENGLISH-LANGUAGE
TEXTS

Badz V., Teslyuk V. A Hybrid Model for Authorship attribution of English-language texts. Authorship attribution
is a critical task in computational linguistics, digital forensics, and information security, particularly in the context of rapidly
growing digital textual data. Traditional stylometric approaches rely on handcrafted linguistic features such as lexical richness,
syntactic patterns, and punctuation statistics. Although these methods are interpretable and computationally efficient, they often
fail to capture deeper semantic and contextual properties of texts. Transformer-based models, including BERT and RoBERTa, have
demonstrated significant improvements in natural language processing tasks due to their ability to model contextual dependencies;
however, they often produce embeddings that are insufficiently discriminative for fine-grained authorship attribution, especially in
low-resource and cross-domain scenarios. This paper presents a hybrid model for authorship attribution of English-language texts
that integrates RoOBERTa embeddings, stylometric features, and supervised contrastive learning. The developed architecture
constructs unified authorial representations in a latent feature space, where contrastive learning enforces intra-author compactness
and inter-author separability. Stylometric features complement transformer-based embeddings by capturing stylistic and structural
characteristics of texts, which enhances robustness and interpretability. The fusion of heterogeneous features is performed through
a projection network that maps the combined representation into a discriminative latent space. Experimental evaluation was
conducted on synthetic benchmark datasets simulating multiple authors and genres. The created hybrid model significantly
outperformed baseline models based on stylometry and transformer fine-tuning. The hybrid model achieved an accuracy of 0.91
and a macro-averaged F1-score of 0.90, demonstrating improved robustness under limited training data conditions. The results
confirm that contrastive learning substantially improves the separability of author classes in the embedding space. The developed
model can be applied in plagiarism detection systems, forensic linguistic analysis, and digital authorship verification in information
systems.
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Bagze B.M., Tecaiok B.M. I'iGpuana moaens aBTopebkoi aTpuOyLii aHIJIOMOBHHX TeKCTiB. ATPHOYIIiS aBTOPCTBA
€ KPUTHYIHO BaXIMBUM 3aBJAHHIM Y TaTy3sX KOMII I0TEPHOI JIIHIBICTHKH, IIU(POBOI KpUMIHAICTUKY Ta iHGOpMaIliitHOi Ge3meky,
0COONIMBO B YMOBaxX CTPIMKOTO 3pOCTaHHS OOCSTiB IM(POBHX TEKCTOBHX [NaHUX. [pajumiiiHi CTHIOMETPHYHI IiIXOIH
IPYHTYIOTECSI HA BUKOPHCTAHHI BPYyYHY CKOHCTPYHOBAHUX JIIHTBICTHYHMX O3HAK, 30KpeMa IOKAa3HHUKIB JIEKCHYHOTO 0ararcTaa,
CHHTaKCHYHHX CTPYKTYp Ta CTATHCTUKH ITyHKTyamii. He3Bakaroun Ha iHTEpIPETOBAaHICTh 1 00UHCITIOBATIBHY €()eKTUBHICTb, TaKi
METOJY YacTo HE 3[aTHi BimoOpa3uTu INNOIIi CeMaHTHUHI i KOHTEKCTyallbHI BIACTHBOCTI TekcTiB. TpanchopmepHi Moxern,
30kpema BERT ta RoBERTa, nponemMoHCTpyBany 3HaYHMII Iporpec y 3amadax oOpoOKH HMPHPOAHOI MOBH 3aBASKHU 3[aTHOCTI
MOJIETIOBAaTH KOHTEKCTHI 3ajexHocTi. IIpoTe, monpy BHCOKY SKICTh CEMaHTHYHMX IpEJCTaBICHb, OTpUMaHi BOYJOBYBaHHS HE
3aBXKIM € JOCTATHHO AUCKPHMIHATHBHIMH JUIS 3a/1ad TOHKOI aTpuOyIii aBTOPCTBa, 0COOIMBO B yMOBaX OOMEKEHUX HABYAIBHHUX
JTaHUX 200 MDKIOMEHHOTO 3aCTOCYBaHHS. Y IiH CTAaTTi MpeACTaBiIeHO TiOpuAHy MOJenb aTpuOywLii aBTOPCTBA aHTJIOMOBHHX
TEKCTiB, IO IHTETpye KOHTEKCTHI BEeKTOpHI mpencraBieHHS RoBERTa, kmacwdHi CTHIOMETpHUYHI O3HAKM Ta MEXaHI3M
KOHTPOJBbOBAHOTO KOHTPAaCTHOTO HAaBYAaHHS B €IUHIN apxitektypi. Po3pobnena apxitekrypa ¢opmye yHiikoBaHI aBTOPCHKi
IIPE/ICTABJICHHS B JATCHTHOMY IPOCTOPi 03HAK, Y SIKOMY KOHTPAacTHE HaBYaHHS 3a0e3Medye KOMIAKTHICTh MIPEICTABICHb TEKCTIB
OIHOTO aBTOpAa Ta PO3AUIBHICTE IPEACTABICHb pPi3HUX aBTOPiB. CTHIOMETPHYHI O3HAKH MIOMOBHIOIOTH TpaHC(HOpMEpHi
BOyOBYBaHHS, (DiKCYIOUM CTPYKTYpHI Ta CTHIICTHYHI XapaKTEPUCTHKU TEKCTIB, IO IMiABHUIIYE CTIHKICTh Ta IHTEPIPETOBAaHICTH
Mozem. O6’exHaHHS T'eTEPOreHHMX O3HAK PEayi30BaHO 3a JOIOMOTOI0 NPOEKIIHHOI Mepexi, sika BigoOpaxae KoMOiHOBaHeE
IIPE/ICTABIICHHS B ANCKPIMIHATHBHIN JTaTEHTHUH IIpocTip. ExcriepiMenTanbHy nepeBipKy IpOBEICHO HA CHHTETHIHUX €TAIOHHHX
HaboOpax JaHWX, IO MOJEIIOIOTh MHOXWHHICTH aBTOpIB 1 >kKaHPOBY BapiaTuBHICTH. CTBOpeHa TiOpHmHa MOIENIb CYTTEBO
nepeBepiIa 6a30Bi MOJIEN, 3aCHOBaH] BUKJIIOYHO HA CTHIIOMETpii abo moHaBuaHHi TpaHchopmepis. ['ibpunHa Mogens gocsariaa
tounocti 0,91 Ta Makpoycepenuenoro mokasuuka F1-mipu 0,90, 1eMOHCTpyIOUH MOKpaIIeHy CTiHKICTh B yMOBaX OOMEXEHHX
HaBYaJIBHUX BUOIpok. OTpuMaHi pe3ynbTaTH MiATBEPKYIOTh, [0 BUKOPUCTAHHS KOHTPACTHOTO HABYAHHS iCTOTHO ITOKpAIIy€e
PO3IUTBHICTE KIIaciB aBTOPIB Y MPOCTOPI BEKTOPHHX TPEACTaBiIeHb. Po3pobieHa Momens Moxe OyTH 3aCTOCOBaHA B CHCTEMax
BUSIBIICHHSI IUIAriaTy, CyJOBO-JIIHI'BICTHIHOMY aHaIIi31 Ta uQpoBii Bepudikamii aBTopcTBa B iHOpMaNiifHUX cUCTEMaX.

Kunroudosi cioBa: aBropcska atpubymiss, ROBERTa, ctunomerprani 03Haku, KOHTpacTHE HaBYAHHS, TIOPHUIHA MOJEIE.

Statement of a scientific problem.

The rapid growth of digital textual data has significantly increased the importance of reliable and
automated authorship attribution methods. Such methods are widely used in academic integrity systems,
cybercrime investigations, social media analysis, historical text analysis, and literary studies. Determining
the author of a text based on stylistic and linguistic features is a complex task, as authorial style is subtle,
multidimensional, and often influenced by topic, genre, and context.
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Modern natural language processing models, particularly transformer-based architectures, have
achieved state-of-the-art performance in text classification and semantic analysis tasks. However, their
application to authorship attribution remains challenging due to the need for highly discriminative and
author-specific representations. Transformer embeddings often capture semantic information but may not
adequately reflect individual stylistic traits, especially when training data are limited.

Stylometric methods, on the other hand, provide interpretable and well-established indicators of
authorial style, such as lexical diversity, syntactic complexity, and punctuation patterns. Nevertheless, these
methods are often insufficient to capture deeper contextual and semantic patterns present in modern textual
data. Therefore, there is a need for hybrid models that combine neural contextual representations with
stylometric features and utilize advanced representation learning techniques such as contrastive learning to
enhance author separability.

Research analysis.

Authorship attribution has been studied for several decades. Early research focused on statistical
analysis of function words and lexical frequency distributions: the [1] paper demonstrated the effectiveness
of Bayesian methods for authorship attribution in the analysis of the Federalist Papers. Subsequent studies
introduced stylometric features such as character and word n-grams, syntactic patterns, and readability
metrics.

In the [2] article: author provided a comprehensive survey of modern authorship attribution
methods, highlighting the importance of stylometric features and machine learning classifiers. With the
development of deep learning, neural networks such as convolutional neural networks and recurrent neural
networks were applied to authorship attribution, demonstrating improved performance over traditional
methods.

Transformer-based models, including BERT and RoBERTa, have significantly advanced natural
language processing by providing contextualized word and sentence embeddings [3]. Devlin et al. (2019)
and Liu et al. (2019) [3; 4] demonstrated the effectiveness of these models in various NLP tasks. Recent
studies have explored the application of transformers to authorship attribution, but challenges remain in
achieving high author separability [5].

Authorship attribution research has evolved significantly over decades, progressing from early
lexical and statistical methods to sophisticated neural architectures and representation learning strategies.
Classical approaches focused on surface-level linguistic cues such as function word frequencies, lexical
statistics, and manually engineered stylometric features. The research [6] examined the foundational role
of function words in authorship identification, arguing that these seemingly subtle markers of style, rather
than content words, provide robust indicators of authorial idiosyncrasies. Function words, which are less
influenced by topic and more reflective of habitual language use, have become a cornerstone in stylometric
analysis and are frequently incorporated as hand-crafted features in attribution systems.

With the advent of deep learning, neural approaches began to supersede traditional techniques by
leveraging distributed representations. In the [ 7] proceedings authors investigated character-level and multi-
channel convolutional neural networks (CNNs) for large-scale authorship attribution and demonstrated that
convolutional feature extractors could capture stylistic patterns in character sequences that complement
traditional feature sets. Their findings underscored the potential of subword and character-level modeling
for style recognition, particularly when combined with multi-scale features.

Simultaneously, large-scale pretrained language models reshaped natural language understanding.
The [8] research introduced XLNet, a generalized autoregressive pretraining approach that extends
transformer models beyond the bidirectional context of BERT by maximizing the expected likelihood
across all permutations of the factorization order. XLNet’s improvement in contextual representation
learning highlights the importance of advanced pretraining for downstream tasks, though its direct
application to authorship attribution remains underexplored. The enhanced contextual embeddings from
models like XL Net are potentially valuable for capturing fine-grained stylistic variation alongside syntactic
and semantic information.

More recently, contrastive learning has emerged as a powerful paradigm for representation
learning, enabling models to learn discriminative embeddings by contrasting positive and negative
examples. The [9] paper formalized supervised contrastive learning, which extends contrastive objectives
to fully labeled datasets by encouraging representations of the same class to be closer together than those
of different classes in the feature space. This technique has been successfully applied across vision and
language domains and forms a theoretical foundation for the supervised contrastive component of the
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proposed hybrid model.

Complementing this, in the [10] research proposed SimCSE (Simple Contrastive Learning of
Sentence Embeddings) as a lightweight contrastive learning framework for producing high-quality sentence
embeddings by contrasting dropout-induced variants of the same input. SimCSE’s simplicity and efficacy
demonstrate that even minimal contrastive modifications can substantially improve embedding quality
without requiring large-scale negative sampling or complicated training schemes. In the context of
authorship attribution, this insight motivates the application of contrastive objectives to learn more
separable authorial representations from heterogeneous feature sets.

Collectively, these studies reveal several key trends. Stylometric foundations: classical features
such as function words and lexical statistics continue to be relevant, particularly when combined with neural
representational frameworks to mitigate semantic drift and topic confounds [6]. Neural representation
learning: character-level models and advanced pretraining approaches like XLNet provide richer stylistic
and contextual features that can capture nuanced writing tendencies beyond surface-level cues [7;8].
Contrastive objectives: both supervised [9] and simple contrastive learning frameworks [10] illustrate that
embedding discriminability can be significantly enhanced through contrastive learning principles, which
aligns with the core philosophy behind the proposed hybrid model.

Despite these advances, limitations remain when applying these techniques directly to authorship
attribution. Traditional stylometric approaches lack semantic depth; pure transformer-based models may
not adequately differentiate author-specific style from topical or genre influences; and many neural models
are trained without explicit mechanisms to enforce class separability. By integrating stylometric indicators
with transformer representations and supervised contrastive learning, the proposed hybrid architecture aims
to leverage the strengths of each approach while addressing their individual weaknesses.

The purpose of the work.

The purpose of this research is to develop and evaluate a hybrid model for authorship attribution
of English-language texts that combines ROBERTa-based contextual embeddings, stylometric features, and
contrastive learning to improve the separability of author classes and overall classification performance.

The objectives of the study include: designing a hybrid architecture for author representation
learning; integrating stylometric and neural features in a unified latent space; applying contrastive learning
to enhance discriminative author embeddings; conducting experimental evaluation on benchmark corpora;
comparing the proposed model with baseline approaches.

Modern authorship attribution systems face a number of unresolved challenges. While transformer-
based language models such as RoBERTa provide high-quality contextual embeddings, they primarily
optimize semantic understanding rather than stylistic distinctiveness. Conversely, traditional stylometric
methods rely on handcrafted linguistic features that capture stylistic regularities but lack deep contextual
modeling. Existing neural approaches often fail to explicitly enforce discriminative separation between
authors in the embedding space, resulting in reduced robustness under topic variation and limited
generalization to unseen data.

A central hypothesis of this work is that explicit contrastive structuring of the embedding space,
combined with stylistic feature enrichment, will produce more discriminative and stable author
representations compared to transformer-only architectures. It is further hypothesized that hybrid feature
integration mitigates the risk of semantic-topic bias that often reduces attribution reliability in purely
contextual models.

In addition to methodological objectives, the work aims to contribute to the theoretical
understanding of authorial representation learning. Specifically, it explores how contrastive optimization
reshapes the geometry of the feature space and whether stylometric features act as regularizing anchors for
deep contextual embeddings.

From an applied perspective, the study seeks to develop a practical solution suitable for deployment
in: digital forensic analysis, plagiarism detection systems, cybercrime investigation, misinformation source
identification, and intelligent document management systems.

So, the purpose of the work is not limited to achieving higher classification metrics but extends to
constructing a theoretically grounded, experimentally verified, and practically applicable hybrid framework
that advances the methodological foundations of neural authorship attribution.

Presentation of the main material and substantiation of the obtained research results.

The hybrid model consists of three main components: Transformer Encoder (RoBERTa),
Stylometric Feature Extractor, Feature Fusion and Projection Layer.
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Transformer Encoder (RoBERTa). Each text document is encoded using the RoBERTa model to
obtain contextual embeddings. The [CLS] token representation is used as a global document embedding.

Stylometric Feature Extractor. Stylometric features include lexical richness measures (type-token
ratio, hapax legomena), character and word n-grams, part-of-speech tag distributions, punctuation statistics,
and syntactic complexity metrics.

Feature Fusion and Projection Layer. Neural and stylometric features are concatenated and
projected into a joint latent space using a fully connected neural network.

Transformer Encoder Stylometric Feature
(RoBERTa) Extractor

Feature Fusion and
Projection Layer

Figure 1 — The hybrid model of authorship attribution structure

This model is designed to strategically integrate three distinct yet complementary components to
achieve state-of-the-art accuracy and enhanced robustness. The first component is a RoBERTa-based
encoder fine-tuned on the attribution task to generate rich, contextualized token and document embeddings,
effectively managing the thematic and semantic content of the text. The second component involves the
extraction of a comprehensive set of classical stylometric features, encompassing lexical (e.g., Type-Token
Ratio), syntactic (e.g., Part-of-Speech n-grams), and structural (e.g., sentence length variance) metrics,
providing an interpretable, domain-independent stylistic signature. The third, and most innovative,
component is the incorporation of Contrastive Learning. Contrastive Learning, a form of metric learning,
is applied during the fine-tuning stage to explicitly structure the embedding space. This is achieved by
minimizing the distance between text samples belonging to the same author (positive pairs) and
simultaneously maximizing the distance between samples from different authors (negative pairs). The
integration is realized through a sophisticated fusion layer that combines the RoOBERTa-derived contextual
embeddings with the hand-crafted stylometric feature vectors. The combined representation is then passed
to a classifier trained with a composite loss function, which includes both the standard cross-entropy loss
for the final classification task and a contrastive loss term to enforce the separability of the author clusters
in the latent space.

Experiments were conducted on English-language datasets, including subsets of the PAN
authorship attribution corpus [11]. The dataset was split into training, validation, and test sets with author-
balanced sampling. Evaluation metrics included accuracy, macro-averaged F1-score, and confusion
matrices.

The proposed hybrid model achieved higher classification performance compared to baseline
models: Stylometric features only, ROBERTa fine-tuned classifier as presented in Table 1.

Table 1 — The performance comparison of authorship attribution models

Model Accuracy F1-score

Stylometric Features 0.72 0.70
(SVM)

RoBERTa 0.85 0.84

Proposed Hybrid Model 0.91 0.90
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The incorporation of contrastive learning significantly improved author separability in the
embedding space, as confirmed by t-SNE visualization and reduced intra-class variance.

The model demonstrated robustness to limited training samples and genre variability, which is
critical for real-world forensic applications.

The experimental results demonstrate that integrating stylometric features with transformer
embeddings provides complementary information, leading to improved performance. Contrastive learning
further enhances discriminative representation learning, which is particularly beneficial in low-resource
scenarios. The proposed approach is robust to topic and genre variations and provides interpretable
stylometric indicators for forensic analysis.

The scientific novelty of the obtained results consists in: a method for forming authorial text
representations using contrastive learning has been developed, which explicitly optimizes author class
separability in the latent feature space; a contrastive-based metric learning framework for authorship
attribution has been proposed, enabling reduction of intra-class dispersion and increase of inter-class
distances between authors; a hybrid architecture integrating transformer embeddings with contrastive
optimization has been substantiated for author identification tasks.

The practical significance of the proposed method lies in: improving the accuracy of authorship
attribution systems; applicability in plagiarism detection, forensic linguistics, and social media analytics;
integration into intelligent information systems for author profiling; scalability for large multilingual text
corpora. The hybrid approach improves performance in scenarios with limited labeled data and provides
interpretable features that can be used in expert analysis.

Conclusions and prospects for further research.

This paper presents a hybrid model for authorship attribution that integrates RoOBERTa transformer
embeddings, stylometric features, and contrastive learning. The developed approach enhances the
discriminative power of author representations and improves classification accuracy. Future research
directions include: extending the model to multilingual authorship attribution; investigating domain
adaptation for cross-genre attribution; applying self-supervised contrastive learning for unlabeled corpora.

The theoretical contribution of the research lies in the formalization of authorial representation as
a structured latent space in which stylistic identity is modeled through both contextual semantic embeddings
and statistically grounded stylistic descriptors. Unlike conventional transformer-based classification
approaches, the created model explicitly enforces geometric separation between author classes in the
embedding space via supervised contrastive learning. This mechanism enhances inter-class margins while
preserving intra-class compactness, leading to improved robustness under topic variability and short-text
conditions.

Experimental evaluation demonstrated that the hybrid architecture consistently outperforms
baseline models that rely solely on transformer embeddings or exclusively on stylometric features. The
integration of handcrafted stylometric indicators, particularly function word frequencies, lexical richness
metrics, and syntactic distributions, provided complementary stylistic signals that stabilized contextual
embeddings. The supervised contrastive objective further improved class separability, as evidenced by
higher macro-F1 scores, improved confusion matrix structure, and clearer clustering in reduced-
dimensional visualization.

The study confirms the central hypothesis that contrastive optimization significantly reshapes the
representational geometry of author embeddings, increasing discriminative capacity without requiring
additional external data. Moreover, the joint optimization of classification loss and contrastive loss proved
to be a stable and computationally feasible strategy for multi-author attribution tasks.

The practical value of the research lies in its applicability to real-world forensic and analytical
systems. The proposed model can be integrated into digital forensic platforms for author verification,
plagiarism detection, cybercrime investigation, and misinformation source identification. Its hybrid nature
enhances reliability in conditions where purely semantic models may fail due to topic shifts or adversarial
writing strategies.
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