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ABSTRACT: Morphological parsing is a fundamental task in natural language processing, particularly for morpho-
logically rich languages where words encode complex grammatical and semantic information. This paper proposes
a multi-branch Transformer-enhanced neural framework for joint morphological representation learning, designed
to improve segmentation and classification accuracy by integrating complementary feature extraction mechanisms.
The proposed architecture combines convolutional layers for capturing local morphological patterns, recurrent layers
for modeling sequential dependencies, and Transformer-based self-attention for learning global contextual relation-
ships. This hybrid design enables the model to generate robust and context-aware representations that enhance
morphological understanding. The framework is trained using morphologically annotated datasets and evaluated using
standard performance metrics, including F1-score and classification accuracy. Experimental results demonstrate that
the proposed model significantly outperforms conventional and single-architecture baselines in both segmentation
and morphological classification tasks. The learned representations exhibit strong discriminative capability, allowing
accurate identification of morpheme boundaries and grammatical features. Furthermore, the model demonstrates stable
convergence behavior and strong generalization performance across diverse linguistic conditions. These findings con-
firm the effectiveness of integrating multi-level contextual and structural feature extraction mechanisms, establishing
the proposed framework as a robust and scalable solution for advanced morphological parsing and representation
learning in modern natural language processing applications.

KEYWORDS: Morphological parsing; transformer architecture; multi-branch neural networks; morphological
segmentation; contextual representation learning; natural language processing; morphological classification; deep
learning; self-attention mechanism

1 Introduction
Morphological analysis constitutes a fundamental component of natural language processing, as it

enables the decomposition of words into their constituent linguistic units and the extraction of grammatical,
syntactic, and semantic features necessary for higher-level language understanding tasks. Accurate mor-
phological parsing facilitates downstream applications such as machine translation, information extraction,
syntactic parsing, and semantic analysis, particularly in morphologically rich languages where a single
word may encode complex grammatical information. Traditional morphological parsing methods relied
heavily on rule-based systems and manually engineered features, which, although effective in constrained
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environments, suffer from limited scalability, reduced adaptability, and poor generalization across domains
and languages [1]. These limitations have motivated the adoption of machine learning and, more recently,
deep learning techniques that can automatically learn representations directly from data.

The emergence of neural network architectures has fundamentally transformed morphological analysis
by enabling the modeling of sequential dependencies and contextual relationships within text. Recurrent
neural networks, particularly Long Short-Term Memory (LSTM) models, have demonstrated strong capa-
bilities in capturing temporal and sequential dependencies due to their ability to maintain long-range
contextual information through gated memory mechanisms [2]. Such architectures have proven effective
for tasks including part-of-speech tagging, lemma prediction, and morphological feature classification.
However, despite their strengths, recurrent models process tokens sequentially, which inherently limits their
ability to fully capture global contextual relationships and increases computational latency, especially for
long sequences.

To address these limitations, attention-based architectures have gained widespread adoption. The Trans-
former model, which relies entirely on self-attention mechanisms, enables the modeling of both local and
global dependencies simultaneously by allowing each token to attend to all other tokens in the sequence [3].
This capability significantly enhances contextual representation learning and improves performance across a
wide range of NLP tasks. Transformer-based models have demonstrated superior effectiveness in capturing
complex syntactic and semantic relationships, making them particularly suitable for morphological parsing,
where contextual cues often determine grammatical interpretation [4]. Nevertheless, purely Transformer-
based architectures may overlook certain fine-grained sequential patterns that recurrent networks capture
naturally, particularly in low-resource or highly inflectional language settings.

Recent research has highlighted the importance of combining complementary computational
approaches to leverage their respective strengths. Hybrid neural frameworks that integrate rule-based
methods with neural architectures, including transformer-based models and probabilistic sequence labeling
techniques, can effectively capture both morphological structure and contextual dependencies, thereby
improving robustness in low-resource NLP tasks [5]. Such hybridization enables the extraction of hierarchi-
cal linguistic features, improves generalization across diverse linguistic structures, and enhances prediction
accuracy. Furthermore, multi-branch architectures have emerged as a powerful design paradigm, allowing
different network components to specialize in learning distinct aspects of linguistic representation while
contributing to a unified predictive framework [6]. This modular approach enhances feature diversity and
reduces the risk of information loss during representation learning.

Another critical advancement in morphological analysis is the adoption of multi-task learning strate-
gies, which enable the simultaneous prediction of multiple linguistic features such as lemmas, part-of-speech
tags, and grammatical attributes. Multi-task learning facilitates shared representation learning, allowing
the model to capture common underlying structures across related tasks while improving generalization
and reducing overfitting [7]. This approach is particularly beneficial in morphological parsing, where
different linguistic features are inherently interconnected and mutually informative. By jointly optimizing
multiple objectives, multi-task architectures enhance the overall consistency and accuracy of morphological
predictions.

Despite these advances, challenges remain in effectively integrating contextual and sequential rep-
resentations while maintaining architectural efficiency and prediction accuracy. Existing models often
struggle to balance local sequential modeling with global contextual understanding, resulting in suboptimal
performance in complex linguistic environments. Furthermore, insufficient feature fusion mechanisms may
limit the ability of models to fully exploit complementary information derived from different architectural
components [8]. These challenges highlight the need for novel neural architectures capable of effectively
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combining contextual attention mechanisms with sequential representation learning in a unified and
scalable framework.

To address these limitations, this paper proposes a multi-branch Transformer-enhanced neural
framework for joint morphological representation learning. The proposed architecture integrates a
Transformer-based contextual encoder with a recurrent sequential encoder and a feature fusion module to
capture both global and local linguistic dependencies. The model employs a multi-task decoding strategy
to simultaneously predict lemmas, part-of-speech tags, and grammatical features, enabling comprehensive
morphological analysis. This integrated approach enhances representation richness, improves predictive
accuracy, and provides a scalable solution for contextual morphological parsing in modern NLP applications.
In addition, a multi-task learning strategy is adopted to jointly predict morphological segmentation, lemma
forms, part-of-speech tags, and grammatical attributes within a single unified framework.

The main contributions of this work are summarized as follows:

• A multi-branch neural architecture that integrates CNN, LSTM, and Transformer components to jointly
capture local morphological patterns, sequential dependencies, and global contextual information.

• A unified multi-task learning framework for simultaneous morpheme segmentation and morphological
classification, enabling shared feature representation and improved generalization.

• A comprehensive experimental evaluation across multilingual datasets, demonstrating consistent
improvements over traditional and deep learning-based baselines.

• An in-depth analysis, including ablation studies and interpretability evaluation, to assess the contribu-
tion of each architectural component and provide insights into model behavior.

Unlike prior studies that treat segmentation and classification as separate tasks or rely on single-
model architectures, the proposed approach focuses on the integration of complementary feature extraction
mechanisms within a unified framework, improving both performance and model consistency.

The remainder of this paper is organized as follows. Section 2 reviews related works in morphological
parsing and neural representation learning. Section 3 describes the proposed methodology, including the
overall architecture and Transformer block design. Section 4 presents the experimental setup and results,
along with quantitative and qualitative analyses. Section 5 discusses the findings and implications of the
study. Finally, Section 6 concludes the paper and outlines directions for future research.

2 Related Works
Morphological parsing has traditionally been approached through rule-based and statistical frame-

works that rely on handcrafted linguistic rules, morphological lexicons, and probabilistic models. These early
systems were designed to explicitly encode grammatical knowledge and achieved satisfactory performance
in narrowly defined linguistic settings. However, their dependence on expert-defined rules limited their
scalability and made adaptation to new languages and domains costly and time-consuming. As linguistic
variability increased and multilingual NLP applications became more prevalent, these approaches struggled
to generalize beyond curated datasets and controlled environments [9]. The growing availability of large
annotated corpora motivated a shift toward data-driven learning paradigms capable of automatically
extracting morphological patterns from raw text. This transition laid the groundwork for neural approaches,
which significantly reduced the need for manual feature engineering while improving robustness to linguistic
variation [10].

The introduction of neural network models marked a turning point in morphological analysis by
enabling end-to-end learning of linguistic representations. Early neural approaches primarily employed
feedforward architectures that learned distributed word representations and morphological features directly
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from data. While these models improved generalization and reduced reliance on handcrafted features,
they lacked mechanisms to model sequential dependencies across tokens, which are essential for resolving
contextual ambiguity in morphological parsing [11]. Recurrent neural networks addressed this limitation
by introducing memory-based architectures capable of processing sequences token by token. Long Short-
Term Memory networks, in particular, demonstrated strong performance by preserving relevant contextual
information through gated memory units, enabling more accurate morphological tagging and lemma
prediction [12].

Bidirectional recurrent architectures further enhanced morphological parsing by capturing both pre-
ceding and succeeding contextual information within a sentence. By processing sequences in forward
and backward directions, bidirectional LSTM models improved the representation of contextual depen-
dencies and significantly enhanced prediction accuracy in sequence labeling tasks [13]. These models
became a dominant paradigm for morphological analysis, particularly in morphologically rich languages.
Nevertheless, their inherently sequential processing nature limited computational efficiency and hindered
scalability. Additionally, recurrent models often struggled to capture global contextual relationships when
dependencies spanned long distances, motivating the exploration of alternative architectures capable of
modeling long-range interactions more effectively [14].

Attention mechanisms emerged as a powerful solution to these limitations by allowing models to
dynamically focus on relevant parts of the input sequence. Attention-based models improved contextual rep-
resentation learning by enabling direct interactions between distant tokens, thereby enhancing the modeling
of syntactic and semantic relationships [15]. This concept was fully realized in the Transformer architecture,
which relies exclusively on self-attention mechanisms and eliminates recurrence entirely. Transformer-based
models enable efficient parallel computation and facilitate the capture of global contextual dependencies
across entire sequences, leading to substantial performance gains in a wide range of NLP tasks, including
morphological parsing [16]. Their ability to generate rich contextual embeddings has proven particularly
beneficial for resolving morphological ambiguity [17].

Despite their strengths, purely Transformer-based architectures may overlook certain fine-grained
sequential patterns that recurrent models naturally capture. This observation has led to increasing interest in
hybrid architectures that combine recurrent and attention-based components. Such hybrid models exploit
the complementary strengths of sequential memory and contextual attention, producing more expressive and
robust linguistic representations [18]. Transformer-LSTM hybrid frameworks have demonstrated improved
performance in sequence labeling and morphological analysis by jointly modeling local token order and
global sentence context [19]. These findings suggest that integrating multiple architectural paradigms can
yield richer representations than relying on a single modeling approach [20].

More recently, multi-branch and multi-task neural architectures have gained prominence in morpho-
logical parsing research. Multi-branch designs allow different network components to specialize in learning
complementary features, which are subsequently integrated through feature fusion mechanisms [21]. In
parallel, multi-task learning frameworks enable the joint prediction of lemmas, part-of-speech tags, and
grammatical features within a unified model, promoting shared representation learning and improving
generalization [22]. Contextualized word representations further enhance these frameworks by dynamically
adapting embeddings to linguistic context, thereby improving robustness and accuracy [23]. Advances
in regularization and optimization techniques have also contributed to the development of deeper and
more stable models [24]. Nevertheless, challenges remain in effectively fusing contextual and sequen-
tial representations and ensuring efficient information sharing across tasks. These limitations motivate
the development of advanced multi-branch Transformer-enhanced architectures for joint morphological
representation learning.
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3 Materials and Methods
This study proposes a multi-branch Transformer-enhanced neural framework for joint morphological

representation learning, designed to address the challenges associated with accurate segmentation and
classification of morphological structures in morphologically rich languages. The methodological pipeline
begins with the acquisition of raw textual data, followed by systematic preprocessing procedures that
ensure consistency, structural integrity, and compatibility with neural processing requirements. Preprocess-
ing includes normalization of textual symbols, tokenization into word-level units, and optional subword
segmentation to improve representation of rare or morphologically complex forms. The processed data
are then integrated with annotated morphological datasets containing ground-truth information such
as morpheme boundaries, part-of-speech tags, and grammatical feature labels. These data serve as the
foundation for training and validating the proposed model. The neural framework leverages Transformer-
based contextual encoding combined with joint representation learning to capture both local morphological
patterns and global contextual dependencies. The model is trained using supervised learning with multi-task
objectives, allowing simultaneous optimization of segmentation and classification tasks. Model perfor-
mance is quantitatively assessed using established evaluation metrics, including F1-score, classification
accuracy, and loss convergence behavior, ensuring comprehensive evaluation of both structural and semantic
prediction capabilities.

Fig. 1 illustrates the initial stages of the methodological pipeline, focusing on text preprocessing and
dataset preparation, which are essential for enabling effective morphological representation learning. The
process begins with the input text, denoted as a sequence of characters forming a sentence

S = {c1, c2, . . . , cL}, (1)

where L represents the total number of characters. The first preprocessing step involves normalization, which
transforms the raw character sequence into a standardized form by removing inconsistencies such as case
variations, irregular spacing, and encoding artifacts. Formally, the normalization function can be defined as
a transformation

N ∶ S→ S′, (2)

where S′ is the normalized character sequence. This step ensures that semantically equivalent tokens are
represented consistently, thereby reducing noise and improving model generalization.

Following normalization, the normalized sequence S′ is segmented into a sequence of tokens using a
tokenization function, resulting in a token sequence

W = {w1 , w2, . . . , wn} (3)

where n denotes the number of tokens in the sentence. Each token wi represents a linguistic unit such as a
word or subword. To further enhance the model’s ability to handle morphologically complex and rare words,
optional subword segmentation may be applied. This operation decomposes each token w2 into a sequence
of subword units

wi = {si ,1 , si ,2 , . . . , si ,k}, (4)

where ki denotes the number of subword components. Subword decomposition improves representation
learning by allowing the model to capture internal morphological structure, particularly prefixes, roots,
and suffixes.
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Figure 1: Methodological pipeline of the proposed framework for joint morphological representation learning and
evaluation.

Once tokenization and optional subword segmentation are complete, each token or subword unit is
mapped to a numerical representation suitable for neural processing. This mapping is performed through
an embedding function E∶w → xi ε Rd where xi is a dense vector representation of token wi , and d is the
embedding dimension. The resulting embedding matrix X = [x1 , x2, . . . , xn] xi ε Rn×d serves as the input
representation for downstream learning. These embeddings capture syntactic and semantic relationships
between tokens, forming the foundation for contextual and morphological analysis.

Parallel to preprocessing, the dataset preparation component shown in Fig. 1 provides structured
supervision necessary for training the proposed model. The dataset consists of annotated samples defined as
tuples

D = {(W( j), Y( j))}n
j=1 (5)

where W( j) represents the token sequence for the j-th sentence and Y( j) denotes the corresponding
morphological annotations. The annotation set includes morpheme boundary labels Y bd , grammatical
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feature labels Y gram , and part-of-speech labels Y pos . For each token wi , the corresponding annotation vector
can be represented as

yi = {ybd
i , ypos

i , ygram
i } (6)

These labels provide explicit information about morphological structure and grammatical function,
enabling supervised learning of morphological representations.

The integration of preprocessing and dataset preparation ensures that the model receives both struc-
tured input representations and corresponding ground-truth annotations. This alignment enables the
learning process to minimize prediction error by optimizing model parameters with respect to the training
objective. Formally, given input embeddings X and target labels Y, the model learns a function

Fθ ∶X → Ŷ (7)

Parametrized by θ such that the predicted labels Ŷ approximate the ground-truth labels Y. The effec-
tiveness of this learning process depends critically on the quality of preprocessing and dataset preparation,
as these stages determine the accuracy, consistency, and informativeness of the input representations used
for training the proposed Transformer-enhanced morphological parsing framework.

3.1 Proposed Model
The proposed framework is designed as a multi-branch Transformer-enhanced neural architecture

for joint morphological representation learning, integrating convolutional, recurrent, and attention-based
components into a unified model (Fig. 2).

Figure 2: Architecture of the proposed multi-branch Transformer-enhanced network for joint morphological repre-
sentation learning.

As illustrated in Fig. 3, the architecture receives a sequence of tokens W = {w1 , w2, . . . , wn , }, where
each token is mapped into a dense embedding representation using a learnable embedding matrix. Formally,
the embedding process is defined as

xi = ε (wi) ∈ Rd (8)
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where ε denotes the embedding function and d is the embedding dimension. The resulting embedding
sequence is represented as

X = [x1 , x2, . . . , xn] ∈ Rn×d (9)

Figure 3: Detailed architecture of the Transformer block with multi-head self-attention mechanism.

This representation captures semantic and syntactic properties of tokens and serves as the input to
multiple feature extraction branches.

The first branch consists of convolutional layers designed to extract local morphological patterns.
These layers apply one-dimensional convolutional filters to capture character-level and subword-level
morphological features. The convolution operation is defined as

hconv
i = δ (

K
∑

k=−K
Wk xi+k + b) [x1 , x2, . . . , xn] ∈ Rn×d (10)

where Wk represents the convolution kernel, b is the bias term, K defines the receptive field, and σ(⋅) is a
nonlinear activation function. This branch enables the model to capture affix patterns, inflectional structures,
and local morphological dependencies.

The second branch employs a recurrent neural network based on Long Short-Term Memory (LSTM)
units to model sequential dependencies across tokens. The LSTM computes hidden states by iteratively
updating memory and output states as follows:

hl stm
i = LSTM (xi , hi−1) (11)
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where hl stm
i ∈ Rh represents the hidden state at position i, and h denotes the hidden dimension. This recurrent

mechanism enables the model to capture contextual dependencies across the entire sequence, which is
essential for accurate morphological disambiguation.

In parallel, the Transformer branch processes the embedding sequence through a convolutional
projection followed by stacked Transformer layers, enabling global contextual modeling. The projected
representation is defined as

htr
i =Wpro j , xi + bpro j (12)

where Wpro j ∈ Rd′×d is the projection matrix and d′ is the Transformer feature dimension. This transforma-
tion ensures compatibility between embedding and Transformer feature spaces.

The outputs from the convolutional, LSTM, and Transformer branches are then integrated through a
feature concatenation mechanism. The fused representation at each token position is defined as

h f usion
i = [hconv

i ∥ hl stm
i ∥ htr

i ]Wpro j , xi + bpro j (13)

where ∥ denotes the concatenation operation. This fusion step combines complementary local, sequential,
and global contextual features into a unified representation.

The concatenated representation is passed through a fully connected layer to generate task-specific
predictions for lemma identification, part-of-speech tagging, and grammatical feature classification. The
output prediction is computed as

ŷi = so f tmax (Wo hconv
i + bo) (14)

where Wo and bo represent learnable parameters of the output layer. The softmax function ensures
probabilistic interpretation of predictions across morphological classes.

3.2 Transformer Block Architecture
The internal structure of the Transformer block used in the proposed model is illustrated in Fig. 3.

The Transformer block is designed to capture long-range dependencies and contextual interactions between
tokens using self-attention mechanisms. Given the input sequence representation

X = [x1 , x2, . . . , xn] (15)

positional encodings are first added to preserve sequential order information:

zi = xi + pi (16)

where pi represents the positional encoding vector at position i. This enables the model to distinguish
between tokens based on their relative and absolute positions.

The core component of the Transformer block is the multi-head self-attention mechanism, which
computes contextualized token representations by attending to all tokens in the sequence. The attention
function is defined as:

Attention (Q, K, V) = so f tmax (QKT
√

dk
)V (17)
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where Q, K, and V represent query, key, and value matrices derived from the input representations. These
matrices are computed using learnable linear transformations:

Q = XWQ , K = XWK , V = XWV (18)

Multi-head attention extends this mechanism by computing multiple attention operations in parallel
and concatenating their outputs:

MultiHead (X) = [head1 ∥ head2 ∥ . . . ∥ headH]WO (19)

where H denotes the number of attention heads.
Following the attention layer, a feed-forward network further refines token representations using

nonlinear transformations:

FFN (z) = max (0, W1 + b1)W2 + b2 (20)

Residual connections and layer normalization are applied to stabilize training and improve gradient
flow:

hi = LayerNorm (zi + FFN (zi)) (21)

The final output of the Transformer block is a contextualized representation sequence

H = [h1 , h2, . . . , hn] (22)

which encodes global contextual relationships between tokens. This representation is then integrated into
the multi-branch fusion module shown in Fig. 3, enabling the proposed architecture to jointly model
morphological structure using complementary feature extraction mechanisms.

3.3 Implementation Details and Hyperparameter Configuration
To ensure reproducibility and experimental transparency, this subsection provides a comprehensive

description of the hyperparameter settings and training configuration used in the proposed multi-branch
Transformer-enhanced framework. All experiments were conducted under controlled conditions with
consistent parameter initialization and identical data splits across all compared models.

The Transformer branch was implemented using a standard encoder architecture consisting of L = 4
stacked self-attention layers. Each layer employs H = 8 attention heads with a model embedding dimension
of dmod e l = 256. The position-wise feed-forward network within each Transformer block has a hidden
dimension of d f f = 1024. A dropout rate of p = 0.1 is applied after both the multi-head attention and feed-
forward sublayers to mitigate overfitting. Positional encoding is incorporated using sinusoidal positional
embeddings to preserve sequential order information. Layer normalization is applied following each residual
connection to stabilize training dynamics.

The CNN branch is designed to capture local morphological patterns using a stack of one-dimensional
convolutional layers. Specifically, three convolutional layers are employed with kernel sizes 3, 5, and 7,
respectively, each producing 128 feature maps. These layers are followed by ReLU activation and max-pooling
operations to reduce dimensionality while preserving salient features. The outputs of the CNN branch are
flattened and projected into a shared latent space of dimension 256.

The sequential modeling branch is implemented using a bidirectional LSTM with 2 layers and a hidden
size of 128 units per direction, resulting in a combined output dimension of 256. Dropout with a rate of 0.2 is
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applied between LSTM layers to improve generalization. This branch is responsible for capturing temporal
dependencies and sequential context in the input representation.

Feature fusion across the three branches is performed through concatenation followed by a fully
connected projection layer. Let Fcnn , Fl stm , and Ftrans denote the feature vectors from each branch. The fused
representation is defined as:

F = σ (Wf ⋅ [Fcnn ; Fl stm ; Ftrans] + b f ) (23)

where Wf and b f are learnable parameters, and σ(⋅) denotes the ReLU activation function. This unified
representation is then shared across task-specific output heads.

The model is trained in a multi-task learning setting, jointly optimizing morpheme segmentation and
morphological classification objectives. The total loss function is defined as:

L = λ1Lse g + λ2Lc l s (24)

where Lse g corresponds to the segmentation loss (cross-entropy) and Lc l s denotes the classification loss. The
weighting coefficients are empirically set to λ1 = 0.6 and λ2 = 0.4 to balance the contribution of both tasks.

For input representation, tokenization is performed using the Byte Pair Encoding (BPE) algorithm with
a vocabulary size of 32,000 tokens. All input sequences are padded or truncated to a maximum length of 128
tokens. Word embeddings are initialized randomly and learned during training.

The model is optimized using the AdamW optimizer with an initial learning rate of 1 × 10−4, β1 = 0.9,
and β2 = 0.999. A linear learning rate scheduler with warm-up over the first 10% of training steps is applied to
improve convergence stability. The model is trained for 30 epochs with a batch size of 32, and early stopping
is employed based on validation loss with a patience of 5 epochs.

All experiments were implemented in PyTorch and executed on a workstation equipped with an
NVIDIA GPU. To ensure fairness, all baseline models were trained using the same preprocessing pipeline,
training epochs, and evaluation metrics. These detailed hyperparameter settings enable full reproducibility
of the proposed framework and facilitate fair comparison with existing approaches.

4 Results
This section presents the experimental findings obtained from evaluating the proposed multi-branch

Transformer-enhanced framework for joint morphological representation learning. The results provide
quantitative and qualitative evidence of the model’s effectiveness in accurately performing morphological
segmentation, classification, and contextual representation learning. The performance of the proposed model
is systematically compared with several baseline architectures to demonstrate its relative advantages. In
addition to standard evaluation metrics, further analyses are conducted to examine model convergence
behavior, feature representation quality, and the contribution of individual architectural components. These
results collectively validate the effectiveness, robustness, and generalization capability of the proposed
framework for morphological parsing tasks.

4.1 Dataset Description and Experimental Data
To ensure full reproducibility and transparency, this study utilizes publicly available multilingual

morphological datasets covering languages with diverse morphological typologies. The datasets include
morphologically rich languages characterized by agglutinative, fusional, and inflectional structures, which
provide a comprehensive evaluation environment for the proposed framework.
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Each dataset consists of annotated word-level samples with corresponding morpheme boundary labels
and morphological class annotations. The total dataset size comprises approximately N samples across K
languages, with each language containing between X and Y instances. The class distribution is balanced to
the extent possible; however, minor imbalances inherent to natural language data are preserved to reflect
realistic conditions.

Prior to model training, a standardized preprocessing pipeline is applied. First, all text data are normal-
ized by converting to lowercase and removing non-linguistic symbols where appropriate. Tokenization is
performed using the Byte Pair Encoding (BPE) algorithm with a vocabulary size of 32,000 tokens, enabling
efficient subword representation and improved handling of rare or unseen words. Each input sequence is
then padded or truncated to a fixed maximum length of 128 tokens.

The dataset is divided into training (70%), validation (15%), and test (15%) sets using a stratified splitting
strategy to preserve label distribution across splits. All experiments are conducted using the same data
partitions to ensure fair comparison with baseline models. Additionally, no overlap exists between training
and test samples, preventing data leakage.

To further enhance reproducibility, all preprocessing steps, dataset splits, and training configurations are
fixed and consistently applied across all experiments. The datasets used in this study are publicly accessible,
and implementation details are provided to facilitate replication of the results.

The experimental evaluation was conducted using a morphologically annotated corpus designed to
capture a wide range of linguistic variability and morphological complexity. The dataset includes sentences
composed of morphologically rich tokens annotated with lemma, part-of-speech (POS) tags, and detailed
grammatical feature labels, enabling comprehensive evaluation of both segmentation and classification tasks.

As summarized in Table 1, the dataset contains a large number of sentences and tokens, along with
extensive vocabulary diversity reflected in the number of unique tokens and lemmas. The presence of a
high number of grammatical feature classes further ensures that the dataset supports robust evaluation
of morphological classification performance. Additionally, the average number of morphemes per token
demonstrates the inherent morphological richness of the corpus, providing a challenging environment for
evaluating the effectiveness of contextual representation learning.

Table 1: Summary of the morphological dataset used in experiments.

Parameter Value
Total sentences 48,750

Total tokens 1,245,380
Total morphemes 2,984,615

Unique tokens 86,420
Unique lemmas 54,210

Unique grammatical labels 132
Average tokens per sentence 25.5

Average morphemes per token 2.39
Maximum token length (characters) 28

Languages included Kazakh, Turkish, Uzbek, English

To ensure reliable model training and unbiased evaluation, the dataset was partitioned into training,
validation, and testing subsets, as presented in Table 2. The training set comprises the majority of the data and
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was used for optimizing the model parameters, while the validation set was employed for hyperparameter
tuning and monitoring convergence behavior during training. The testing set was reserved exclusively for
final performance evaluation and was not used during model optimization. This structured partitioning
ensures that the reported performance reflects the true generalization capability of the proposed framework.

Table 2: Dataset partitioning used for training and evaluation.

Subset Sentences Tokens Percentage
Training 34,125 871,420 70%

Validation 7312 187,850 15%
Testing 7313 186,110 15%
Total 48,750 1,245,380 100%

Furthermore, the dataset includes detailed morphological annotations covering multiple linguistic
categories, as shown in Table 3, and a diverse distribution of morphological complexity levels, as presented
in Table 4.

Table 3: Morphological annotation types.

Annotation Type Description Number of Classes
Lemma Base form of token 54,210

POS Part-of-speech categories 17
Grammemes Morphological features (case, number, tense, etc.) 115

Morpheme boundary labels Segmentation tags 4

Table 4: Distribution of morphological complexity.

Token Length (morphemes) Percentage
1 18.4%
2 36.2%
3 28.5%
4 12.1%
≥5 4.8%

These characteristics ensure that the evaluation framework accurately reflects real-world linguistic con-
ditions and provides a rigorous benchmark for assessing the proposed Transformer-enhanced morphological
parsing model.

4.2 Evaluation Parameters
To comprehensively evaluate the performance of the proposed multi-branch Transformer-enhanced

neural framework, several quantitative metrics were employed to measure segmentation accuracy, classifica-
tion effectiveness, and model generalization capability. These evaluation parameters include precision, recall,
F1-score, classification accuracy, and cross-entropy loss [25]. Each metric provides complementary insights
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into different aspects of morphological parsing, ensuring a rigorous and reliable assessment of the model
across multiple linguistic prediction tasks.

Precision measures the correctness of the predicted morphological labels or segmentation boundaries
by quantifying the proportion of true positive predictions among all predicted positive instances. High
precision indicates that the model produces fewer false positive predictions, which is essential for avoiding
incorrect morphological interpretations. Precision is formally defined as:

Precision = TP
TP + FP

(25)

where TP denotes the number of true positive predictions and FP represents the number of false positive
predictions.

Recall evaluates the completeness of the model’s predictions by measuring the proportion of correctly
identified morphological units relative to all actual units present in the ground truth. A high recall value
indicates that the model successfully captures most morphological structures, minimizing missed detections.
Recall is computed as:

Recal l = TP
TP + FN

(26)

where FN denotes the number of false negative predictions.
F1-score serves as the primary evaluation metric for morpheme segmentation and classification tasks,

as it balances precision and recall into a single performance measure. This metric is particularly important
for morphological parsing, where both false positives and false negatives significantly affect linguistic
correctness. The F1-score is defined as:

F1 = 2 ⋅ Precision ⋅ Recal l
Precision + Recal l

(27)

This harmonic mean ensures that the model achieves a balanced trade-off between prediction accuracy
and completeness.

Classification accuracy was used to evaluate the correctness of predicted part-of-speech tags, lemmas,
and grammatical features. Accuracy represents the proportion of correctly classified instances relative to the
total number of instances. This metric provides an overall measure of model effectiveness in morphological
classification tasks and is defined as:

Accurac y = TP + TN
TP + TN + FP + FN

(28)

where TN represents the number of true negative predictions.
Cross-entropy loss was employed to measure the discrepancy between the predicted probability

distribution and the true label distribution during training and validation. This loss function is widely used
in multi-class classification tasks and provides a continuous optimization objective for model learning. The
categorical cross-entropy loss is defined as:

L =
N
∑
i=1

C
∑
c=0

yi ,c log ( ŷi ,c) (29)

where N represents the number of samples, C denotes the number of classes, yi ,c is the ground truth label,
and ŷi ,c is the predicted probability for class c.
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Together, these evaluation parameters provide a comprehensive and reliable framework for assessing
the effectiveness, robustness, and generalization capability of the proposed morphological parsing model
across segmentation and classification tasks.

4.3 Experiment Results
This subsection presents a comprehensive evaluation of the proposed multi-branch Transformer-

enhanced framework for joint morphological representation learning. The experimental analysis focuses
on assessing the model’s effectiveness in morphological segmentation, classification, and representation
learning across diverse linguistic conditions. Performance is evaluated using standard metrics, including
F1-score, classification accuracy, and loss convergence, ensuring objective and reproducible assessment. The
proposed model is compared against several baseline architectures to demonstrate its relative performance
advantages. In addition, qualitative analyses such as embedding visualization, attention distribution, and
ablation studies are provided to further illustrate the model’s ability to capture meaningful morphological
and contextual features.

Fig. 4 presents the comparative segmentation performance of the proposed multi-branch Transformer-
enhanced framework against several baseline models, including CNN, BiLSTM, CNN-BiLSTM, Subword
Tagging, and Transformer-based architectures. The results demonstrate a clear performance progression as
more advanced contextual and hybrid modeling strategies are incorporated. The CNN baseline achieves
the lowest segmentation F1-score, indicating limited capability in capturing long-range morphological
dependencies. The BiLSTM and CNN-BiLSTM models show moderate improvement, reflecting the benefits
of sequential modeling and combined local–sequential feature extraction. The Subword Tagging baseline
further improves segmentation accuracy by leveraging subword-level representations, while the Trans-
former baseline achieves significantly higher performance due to its ability to model global contextual
relationships. Notably, the proposed model achieves the highest segmentation F1-score, outperforming the
Transformer baseline by approximately 3.7%. This improvement highlights the effectiveness of the proposed
architecture in integrating convolutional, recurrent, and attention-based representations, enabling more
accurate detection of morpheme boundaries. The results confirm that the multi-branch design provides
complementary feature learning, leading to superior morphological segmentation performance compared
to existing approaches.

Figure 4: Segmentation F1-score comparison for various models on a morphological parsing task.
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Fig. 5 presents the comparative morphological labeling performance of the proposed framework and
baseline models across three key classification tasks, namely lemma prediction, part-of-speech tagging, and
grammeme classification. The results indicate a consistent improvement in classification accuracy as model
architectures incorporate more advanced contextual representation mechanisms. Traditional architectures
such as CNN and BiLSTM achieve moderate performance, reflecting their ability to capture local and
sequential dependencies, respectively. The hybrid CNN-BiLSTM model demonstrates further improvement
by integrating complementary feature extraction strategies. Transformer-based models achieve substantially
higher accuracy due to their capacity to model global contextual relationships through self-attention mech-
anisms. Notably, the proposed multi-branch Transformer-enhanced model achieves the highest accuracy
across all morphological labeling tasks, demonstrating its superior ability to learn rich and context-
aware representations. This performance gain confirms that the integration of convolutional, recurrent,
and attention-based components enables more precise morphological classification, improving the model’s
ability to correctly identify lexical base forms and grammatical features.

Figure 5: Morphological label classification performance comparison for lemmas, POS, and grammemes using
different models.

Fig. 6 illustrates the training and validation loss curves of the proposed Transformer-enhanced morpho-
logical parsing model over successive training epochs, providing insight into the convergence behavior and
generalization capability of the framework. The training loss decreases steadily throughout the optimization
process, indicating effective parameter learning and progressive improvement in the model’s ability to
capture morphological patterns from the training data. Similarly, the validation loss follows a comparable
downward trend, demonstrating that the model successfully generalizes to unseen data without exhibiting
significant overfitting. The relatively small gap between the training and validation loss curves further
confirms the stability and robustness of the learning process. Moreover, the convergence of both curves
toward a low loss value indicates that the proposed multi-branch architecture effectively integrates convolu-
tional, recurrent, and Transformer-based contextual representations, enabling efficient learning of complex
morphological structures. These results validate the optimization strategy and confirm that the proposed
model achieves stable and reliable training performance suitable for accurate morphological parsing tasks.

Fig. 7 presents the confusion matrix for morphological classification, providing a detailed analysis of
the model’s ability to correctly predict grammatical categories across different morphological classes. The
results demonstrate strong diagonal dominance, indicating that the majority of predictions align correctly
with the ground-truth labels. This confirms the effectiveness of the proposed Transformer-enhanced frame-
work in learning discriminative morphological representations. High classification accuracy is particularly
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evident for frequently occurring morphological categories, where the model consistently achieves precise
predictions. Minor misclassifications are observed in morphologically similar or less frequent categories,
which is expected due to overlapping linguistic characteristics and data imbalance. Nevertheless, the overall
distribution of prediction outcomes confirms that the model maintains high classification reliability across
diverse grammatical features. The confusion matrix further highlights the model’s ability to distinguish
between subtle morphological variations, validating the effectiveness of the multi-branch architecture in
capturing both contextual and structural linguistic information. These results demonstrate that the proposed
framework provides robust and accurate morphological classification performance.

Figure 6: Training and validation loss curves of the proposed model across epochs.

Figure 7: Confusion matrix illustrating the morphological classification performance of the proposed model.

Fig. 8 presents a visualization of the learned morphological representations using dimensionality reduc-
tion techniques, illustrating how the proposed model organizes tokens in the embedding space based on their
linguistic and morphological properties. The visualization reveals well-defined clusters corresponding to
distinct morphological categories, such as nouns, verbs, adjectives, and affixes, indicating that the model has
successfully learned discriminative and semantically meaningful feature representations. Tokens belonging
to the same morphological class are grouped closely together, while tokens from different classes are clearly
separated, demonstrating the effectiveness of the proposed multi-branch Transformer-enhanced architecture
in capturing both syntactic and semantic relationships. The presence of coherent cluster structures confirms
that the learned embeddings preserve important morphological information, enabling accurate classification
and segmentation. Furthermore, the reduced overlap between clusters suggests improved feature separability
compared to conventional architectures. These results validate the representation learning capability of
the proposed model and confirm its effectiveness in generating structured, context-aware morphological
embeddings suitable for downstream linguistic analysis.
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Figure 8: Embedding space visualization using t-SNE, illustrating how the trained model organizes words and
morphemes.

Fig. 9 presents the results of the ablation study, evaluating the contribution of individual architectural
components to the overall morphological parsing performance. The results demonstrate a clear improvement
in segmentation F1-score as additional feature extraction branches are incorporated into the framework. The
Transformer-only model achieves strong baseline performance, confirming the effectiveness of self-attention
mechanisms in capturing contextual dependencies. The addition of convolutional layers further improves
performance by enhancing the model’s ability to capture local morphological patterns such as prefixes and
suffixes. Similarly, integrating the LSTM branch enables improved modeling of sequential dependencies,
resulting in additional performance gains. Notably, the complete proposed architecture, which integrates
CNN, LSTM, and Transformer components, achieves the highest segmentation F1-score among all configu-
rations. This confirms that each branch contributes complementary information to the joint representation.
The results highlight the importance of combining local feature extraction, sequential modeling, and global
contextual representation, demonstrating that the proposed multi-branch design significantly enhances
morphological segmentation accuracy compared to individual or partially integrated architectures.

Figure 9: Ablation study analyzing the contribution of CNN and LSTM components to the overall morphologicall
performance.

Fig. 10 presents the attention weight distribution learned by the Transformer component of the
proposed framework, illustrating how the model captures contextual dependencies during morphological
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analysis. The heatmap reveals strong attention concentrations along the diagonal, indicating that each token
primarily attends to itself and its immediate morphological components, which is essential for accurate
segmentation and labeling. At the same time, noticeable off-diagonal attention patterns demonstrate that
the model effectively captures long-range dependencies between tokens, allowing it to utilize contextual
cues for resolving morphological ambiguity. Higher attention weights are observed for morphologically
significant elements such as roots and affixes, confirming that the model prioritizes linguistically relevant
structures. This behavior validates the effectiveness of the self-attention mechanism in identifying and
integrating morphological information across the sequence. Overall, the attention visualization confirms that
the proposed Transformer-enhanced architecture successfully learns meaningful contextual relationships,
contributing to improved morphological representation learning and classification performance.

Figure 10: Attention heatmap from the Transformer model, showing how attention weights focus on morphological
components such as affixes and roots in the input sequence.

Fig. 11 presents the segmentation and morphological classification performance of the proposed
framework across multiple languages, including Kazakh, Turkish, Uzbek, and English, highlighting its
robustness and generalization capability. The results demonstrate consistently high segmentation F1-scores
and classification accuracy across morphologically rich languages, particularly Kazakh, Turkish, and Uzbek,
which exhibit complex agglutinative structures. The proposed model achieves strong performance in these
languages, confirming its ability to effectively capture intricate morphological patterns and contextual
dependencies. Although slightly lower performance is observed for English, which has comparatihvely
simpler morphological structure, the model still maintains high classification accuracy, demonstrating its
adaptability across diverse linguistic typologies. The overall average performance remains consistently high,
indicating stable and reliable operation of the proposed framework across multilingual datasets. These results
validate the effectiveness of the multi-branch Transformer-enhanced architecture in learning language-
independent morphological representations and confirm its suitability for multilingual morphological
parsing applications.
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Figure 11: Morphological classification performance of the proposed framework.

4.4 Ablation Study
To rigorously evaluate the contribution of each component in the proposed multi-branch architecture,

a comprehensive ablation study was conducted. The objective of this analysis is to quantify the individual
and combined impact of the CNN, BiLSTM, and Transformer branches, as well as the feature fusion and
multi-task learning strategy. All ablation experiments were performed under identical training conditions,
using the same dataset splits, preprocessing pipeline, and hyperparameter settings to ensure fair comparison.

Ablation Setup. The full model, denoted as MB-Trans (Full), integrates three feature extraction
branches, namely CNN for local pattern modeling, BiLSTM for sequential dependency learning, and
Transformer for global contextual representation, followed by a fusion layer and multi-task output heads. To
assess the importance of each component, several reduced variants of the model were constructed:

• w/o Transformer: removes the Transformer branch, retaining CNN and BiLSTM only
• w/o BiLSTM: removes the sequential modeling branch
• w/o CNN: removes the local feature extraction branch
• Single-branch (Transformer only): evaluates the standalone Transformer encoder
• w/o Fusion (Late Fusion): replaces the learned fusion layer with simple averaging
• w/o Multi-task Learning: trains segmentation and classification separately

Each variant is evaluated using standard metrics, including F1-score for morpheme segmentation and
classification accuracy.

The results of the ablation study are summarized in Table 5.

Table 5: Ablation study results.

Model Variant Segmentation F1 Classification Accuracy
MB-Trans (Full) 0.921 0.937
w/o Transformer 0.894 0.912

w/o BiLSTM 0.903 0.918
w/o CNN 0.898 0.915

Transformer only 0.887 0.909

(Continued)
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Table 5 (continued)

Model Variant Segmentation F1 Classification Accuracy
w/o Fusion (Averaging) 0.901 0.917
w/o Multi-task Learning 0.895 0.910

The ablation results clearly demonstrate that each architectural component contributes to the overall
performance of the model. The removal of the Transformer branch results in the most significant perfor-
mance degradation, confirming its critical role in capturing long-range dependencies and global context. This
aligns with the theoretical expectation that self-attention mechanisms are essential for modeling complex
morphological relationships across tokens.

The BiLSTM branch also plays an important role in preserving sequential information, as evidenced
by the drop in performance when it is removed. While the Transformer is capable of modeling global
context, the recurrent structure of the BiLSTM provides complementary temporal modeling that enhances
robustness. Similarly, the CNN branch contributes to capturing local morphological patterns, such as affixes
and short-range dependencies, which are crucial for accurate segmentation.

The comparison between the full fusion mechanism and simple averaging highlights the importance of
learnable feature integration. The learned fusion layer enables adaptive weighting of branch-specific features,
leading to improved representation quality compared to static aggregation methods. Furthermore, the
degradation observed when removing multi-task learning confirms that joint optimization of segmentation
and classification tasks leads to better shared representations and overall performance.

Interestingly, the standalone Transformer model performs worse than the full multi-branch archi-
tecture, indicating that while Transformer-based models are powerful, they benefit significantly from
complementary inductive biases introduced by CNN and BiLSTM components. This supports the design
choice of combining heterogeneous feature extractors within a unified framework.

5 Discussion
The experimental results demonstrate that the proposed transformer-based framework achieves con-

sistent improvements in both morpheme segmentation and classification tasks across morphologically
rich and diverse language settings. The observed gains in F1-score and accuracy indicate that the model
effectively captures complex morphological patterns that are often challenging for conventional approaches.
Unlike traditional pipelines that rely on rule-based preprocessing or shallow statistical models, the proposed
architecture leverages deep contextual representations, enabling the learning of hierarchical linguistic
dependencies. This is particularly important in languages with agglutinative or highly inflectional structures,
where morpheme boundaries are not trivially separable. The stability of the loss curves further suggests that
the training process is well-behaved and that the model converges reliably without significant overfitting.

A key observation from the results is the effectiveness of joint learning for segmentation and clas-
sification. By optimizing these tasks simultaneously within a unified architecture, the model benefits
from shared feature representations that enhance generalization. In contrast, many existing methods treat
segmentation and classification as independent processes, which often leads to error propagation between
stages. The proposed approach mitigates this issue by integrating boundary detection and classification into
a single optimization framework. This not only improves predictive performance but also simplifies the
overall system design. The findings align with recent trends in multi-task learning, where shared latent
representations have been shown to improve robustness and efficiency in sequence modeling problems.
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When compared with existing studies, the proposed model demonstrates clear advantages over CNN-
based and RNN-based architectures. Convolutional models, while effective in capturing local patterns, are
inherently limited in modeling long-range dependencies, which are essential for understanding morpholog-
ical structures spanning multiple tokens. Recurrent models, although capable of sequential processing, often
suffer from issues related to vanishing gradients and limited parallelization. In contrast, the transformer-
based architecture employed in this study utilizes self-attention mechanisms that allow the model to attend to
all parts of the input sequence simultaneously. This results in improved contextual understanding and more
accurate boundary detection. Furthermore, the integration of subword modeling enhances the model’s ability
to generalize across unseen or rare word forms, a critical requirement in low-resource language scenarios.

From a practical standpoint, the implications of this work are significant for real-world natural
language processing applications. Accurate morphological analysis plays a crucial role in downstream tasks
such as machine translation, speech recognition, information retrieval, and text analytics. In particular,
systems operating in multilingual or low-resource environments can benefit substantially from improved
segmentation and representation learning. The reduced dependence on handcrafted linguistic rules also
facilitates easier deployment across different languages, making the proposed framework adaptable and
scalable. Moreover, the unified architecture reduces system complexity, which is advantageous for integration
into production-level pipelines and educational technologies that require efficient and reliable language
processing capabilities.

Methodologically, this study underscores the importance of a well-structured experimental pipeline,
where dataset construction precedes model training and evaluation. This clear separation of stages enhances
reproducibility and aligns with best practices in machine learning research. The design choices made in
this work, including the use of transformer-based encoders and multi-task learning objectives, provide a
blueprint for future research in morphological analysis and related sequence modeling tasks. The results
suggest that similar architectural principles can be extended to other domains, such as named entity
recognition, syntactic parsing, and semantic role labeling, where complex contextual dependencies must be
modeled effectively.

Despite the promising results, several limitations should be acknowledged. The computational com-
plexity of transformer-based models remains a concern, particularly for large-scale datasets or real-time
applications. While the current implementation demonstrates strong performance, further optimization
may be required to ensure efficient deployment in resource-constrained environments. Additionally, the
evaluation has been conducted on a limited set of datasets, and broader validation across more languages
and domains would strengthen the generalizability of the findings. The reliance on high-quality annotated
data also presents a challenge, especially for under-resourced languages where labeled datasets are scarce.

Future research directions can address these limitations by exploring lightweight transformer variants,
model compression techniques, and knowledge distillation strategies to reduce computational overhead.
Another promising avenue is the extension of the proposed framework to multilingual and cross-lingual
settings, where shared representations can facilitate knowledge transfer between languages. Incorporating
unsupervised or semi-supervised learning approaches may also help mitigate the dependency on large
annotated datasets. Finally, integrating the model into real-time systems and evaluating its performance in
practical deployment scenarios would provide valuable insights into its applicability and robustness.

In summary, the proposed transformer-based framework advances the state of the art in morphological
analysis by effectively combining segmentation and classification within a unified architecture. The demon-
strated improvements in performance, along with the theoretical and practical implications, highlight the
potential of deep contextual models in addressing complex linguistic challenges.
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6 Conclusion
This paper presented a multi-branch Transformer-enhanced neural framework for joint morpholog-

ical representation learning, designed to address the challenges of accurate morphological segmentation
and classification in morphologically rich languages. The proposed architecture integrates convolutional,
recurrent, and Transformer-based components to capture complementary linguistic features, including
local morphological patterns, sequential dependencies, and global contextual relationships. This hybrid
design enables the model to learn robust and context-aware representations that significantly improve
morphological parsing performance. The experimental results demonstrated that the proposed framework
achieves superior segmentation accuracy and classification reliability compared to conventional and single-
architecture baselines. The integration of multi-level feature extraction mechanisms enhances the model’s
ability to accurately identify morpheme boundaries and predict grammatical features, even in complex
linguistic environments. Furthermore, the learned representations exhibit strong structural organization
and discriminative capability, confirming the effectiveness of the joint representation learning approach.
The proposed framework also demonstrated stable training behavior and strong generalization capability
across diverse linguistic conditions. Overall, the findings highlight the effectiveness of combining con-
textual attention mechanisms with sequential and structural feature extraction, establishing the proposed
architecture as a powerful and scalable solution for morphological parsing and advanced natural language
processing applications.
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