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(“Abstract )
Kashmiri is a low-resource language where the amount of labelled data is lower compared to other natural language processing
tasks and the language is mainly written in Perso-Arabic (Nastalik) script. In this paper, a proposed model with two classifiers
using pooled dual-script transformer embeddings with two state-of-the-art models: LightGBM and CatBoost, as well as a custom
sequence model called DSF-Mamba, that combines the Perso-Arabic and Devanagari-transliterated representations using a
gated fusion layer followed by a selective state-space encoder is evaluated for multiclass Kashmiri text classification. The three
models use pre-trained frozen non-fine-tuned embeddings of XLM-RoBERTa (Perso-Arabic branch) and MuRIL (Devanagari-
transliterated branch) to save computation for fine-tuning the end-to-end transformer, while still taking advantage of the pre-
trained multi-lingual representations. The self-created dataset consists of 51,000 sentences, which upon cleaning process
yielded 50,966 sentences. The proposed DSF-Mamba classifier achieves the highest accuracy (89.25%) on a held-out test set
with 7,645 sentences, which comes from an 85/15 stratified split in comparison with LightGBM (87.30%) and CatBoost
(83.96%). A theoretical analysis of the dual-script fusion mechanism is also provided, as part of an expanded version of a class-
level error analysis, along with discussion of the model architectural and training differences of the three models. The results
indicate that simple, frozen embedding sequence models can provide a desirable accuracy compute ratio for low-resource
language classification tasks, while still allowing for hybrid and ensemble methods.

Keywords: Multiclass text classification, Kashmiri language, selective state-space models, mamba, dual-script fusion, gradient
(_boosting. »

1. Introduction

Advances in Natural Language Processing has become one of the most impactful sub-fields of artificial
intelligence, revolutionizing the way computational systems handle human language, such as how they
interpret, process, and produce it. In the last decade, remarkable progress has been made in deep
representation learning and large-scale pretrained language models, which have shown great promise
across a broad range of understanding tasks of a language like machine translation, question answering,
text classification information retrieval, sentiment analysis, summarisation and dialogue generation [1].
Transformer models have ushered in a paradigm shift in contextual representation learning for the first
time, long-range semantic dependencies can be captured by the self-attention mechanisms used in these
architectures [2]. The models have consistently set new performance records over a variety of multilingual
tasks, achieving outstanding generalisation ability and powerful semantic representation learning.
Pretrained multilingual transformer models are thus the basis of modern NLP systems, bypassing the use
of conventional feature engineering techniques to data driven contexts in learning paradigms [3]. Although
these astonishing advances have been made, language technologies based on transformers haven't reached
every language. There has been a considerable progress in high resource languages like English, Chinese,
French and German, as a result of the availability of huge annotated and massive computational resources,
many languages of the world remain under-resourced, linguistically under-annotated and under-
supported by computational resources [4]. Low-resource languages, as they are typically known, are
languages without abundant resources of labelled data, which is the key that enables supervised learning
algorithms to reliably generalise [5]. The lack of annotated corpora is often the reason why more complex
deep-learning methods can only be applied to specific tasks, and motivates the creation of methods that
are theoretically efficient, but require less expensive task-specific optimization, and then are still able to
transfer their multilingual knowledge gained from large-scale training [6]. The classification of texts is one
of the very few well-formulated problems in NLP and is a critical and fundamental problem in intelligent
information processing systems [7]. High volumes of texts are easier to organise automatically and
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automatic categorisation of text documents enable management of digital libraries, news recommendation,
intelligent search engines, information retrieval systems, content moderation systems, e-governance
systems, social media monitoring systems, healthcare informatics systems, and decision-support systems
[8]. The performance of these applications critically depends on the capacity of the computational models
to correctly establish the semantic relationships between the elements of the textual sequences while also
being low-computational to operate in real-world applications [9]. Thus, the research of strong text
classification techniques remains a rising and impacting field under the fields of machine learning and
artificial intelligence [10]. Results from the traditional machine learning methods for text classification
typically depend on the use of manually designed linguistic features extracted from bag-of-words
representations, term frequency-inverse document frequency (TF-IDF), n-gram statistics, and syntactic
features [11]. While these techniques were competitive for a number of benchmark datasets, they did not
have a great ability to capture more contextual semantics, as each word was essentially modelled as an
independent feature [12]. These limitations were partially overcome by the emergence of distributed word
representations, such as Word2Vec, GloVe and FastText, that map a semantically related words to vectors.
However, these static embeddings were still unable to distinguish between the different contexts in which
these words were used, treating a word with multiple meanings as the same representation, regardless of
the context [13]. The problem was solved by contextual transformer-based language models that generate
context-dependent embeddings, i.e., the representation of each token changes dynamically in response to
the neighbouring words and the semantic structure of the sentence [14]. However, recently many language
model transformers, namely as XLM-RoBERTa, mBERT and MuRIL have pushed contextual representation
learning to multiple languages by jointly training from multilingual text corpora that spans hundreds of
languages. Such models have shown very good transfer learning potential, with downstream models
making use of linguistic knowledge gained from multilingual, large-scale pretraining [15]. They have been
found to be useful in low resource language processing because they are able to explicitly represent
semantically related concepts in different languages, a property for which task-specific annotated corpora
are not available [16]. The ability of multilingual transformers to represent is truly remarkable, but the
capacity comes with substantial complexity. These end-to-end fine-tuning strategies usually involve
adjusting hundreds of millions of parameters in the model, which can use up a lot of GPU-memory, take a
long time to optimise and consume a lot of energy [17]. Computing requirements are often too high to be
met by the hardware capacity of most academic institutions and research labs interested in low-resource
languages, making it difficult to apply cutting-edge transformer-based approaches. Recognising this
limitation, frozen multilingual representation learning has gained traction in recent years, where one can
use the pretrained transformer encoders as fixed feature extractors, with the downstream task-specific
model trained based on the contextual embedding [18]. This paradigm significantly lowers the
computational expenses, as optimization of the transformer backbone is only done once and reused
efficiently in various downstream tasks, using pretrained linguistic knowledge. Moreover, Frozen
representation learning not only saves memory, reduces the training time, but also helps to reduce the
danger of overfitting if the labelled data set is not large [19]. It is therefore a new direction to explore for
designing efficient multilingual NLP systems that use high-level representation while maintaining good
computation efficiency especially in the research of text classification [20]. The paper addresses Kashmiri
multiclass text classification using a curated, sentence-level corpus spanning nine domains: Science &
Technology, Sports, Tourism, Politics, Education, Health, Finance, Weather and Other. In contract to
transformer-based architecture that require full fine-tuning, the present study instead focuses on
evaluating three additional, comparatively lightweight approaches that avoid full transformer fine-tuning:
two gradient-boosted decision tree ensembles (LightGBM, CatBoost) operating on pooled embeddings, and
a novel Gated Dual-Script Fusion Mamba (DSF-Mamba) architecture that operates on full-sequence
embeddings via a selective state-space layer [21]. All three approaches share a common feature extraction
backbone that is frozen, pretrained multilingual transformer encoders, decoupling representation learning
from classifier training and substantially reducing the compute budget required for experimentation on
the full corpus [22].

2. Literature Review

2.1 Recent Advances in Kashmiri NLP

Kashmiri is one of the officially recognized languages of India but from the view of Natural Language
Processing (NLP), it is a low resource language [23]. There are a number of computational issues in the
language, such as complex morphology, free word order, dialectal diversity, and the lack of annotated
corpora, as well as the use of both Perso-Arabic and Devanagari writing systems. They have significant
implications for lexical normalization, tokenization, contextual representation learning and language
understanding applications [24]. Hence, the progress of developing good NLP based system for Kashmiri is
relatively less than that of other major Indian languages. Early research efforts in this domain has centred
on the creation of basic linguistic resources, such as linguistic corpora, lexical resources, part-of-speech
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tagging resources, language specific pre-processing tools etc., that serve as the prerequisites for other
linguistic work [25]. These resources laid the groundwork that was needed for further supervised learning
approaches, but they were still not adequate for supporting large-scale neural language modelling [26].
More recently, the research focus has turned to the development of benchmark datasets, multilingual
representation learning, and transformer-based architectures, as part of the general shift of research in
NLP from handcrafted linguistic features to contextual representation learning [27]. One of the important
steps was the creation of a manually annotated news snippet classification corpus with over fifteen
thousand labelled instances, spread over various domain categories. In the study, the authors have
evaluated the fine-tuned transformer models systematically on Kashmiri news classification: conventional
algorithms such as machine learning, transformer architectures, deep neural networks, and large language
models, with fine-tuned ParsBERT utilizing the best performance [28]. Importantly, it has shown that
multilingual contextual representations for Kashmiri prove to be an effective way to realize practicality,
and underscored the ongoing dearth of task specific datasets. Kashmiri NLP research has since extended
well beyond text classification with significant efforts added to its scope in recent studies. A complete
translation system of neural machine translation was developed, using approximately 270,000-word pairs
and testing various translation architectures such as an encoder-decoder, attention and Transformer for
Kashmiri-English translation for the first time [29]. The Transformer model proved to be more successful
in the context of long-distance contextual dependence and morphologically complex sentence structure,
further highlighting the need for context modelling with sequence for low-resource languages. Likewise,
recent research has brought in some special linguistic resources such as the first standard Kashmiri word-
sense disambiguation corpus with almost 20,000 annotated sentences, which is based upon Kashmiri
WordNet [30]. Experiments using machine learning on this corpus verified that using contextual word
embeddings is a significant improvement over using bag of words features for semantic disambiguation.
Together these advances indicate that Kashmiri NLP is moving towards a focus on advanced representation
learning and intelligent language understanding,.

2.2 Multilingual Transformer-Based Text Classification:

Transformer-based language models have revolutionized the field of multilingual text classification by
paradigm shift in contextual representation learning [31]. Models like BERT, RoBERTa, XLM-RoBERTA,
mBEnRT, IndicBERT, MuRIL and various language-specific transformer variants have shown to be
consistently the most powerful models for document classification, sentiment analysis, topic
categorization, and question answering under the multilingual setup [32]. Their success is due to the self-
attention mechanism that is capable of representing long range contextual dependencies alongside
learning language-invariant semantic representations by training them on a huge multilingual collection
[33]. Multilingual transformers offer a very efficient transfer-learning approach in morphologically rich
and low resource languages as they gain knowledge from linguistically similar languages [34]. This
Kashmiri text classification study proved that transformer models trained on Persian, Arabic, Urdu and
multilingual corpora significantly outperform traditional neural models due to the presence of common
lexical and morphological features among the languages. In the context of multilingual and code-mixed text
classification tasks involving Indic languages such as Hindi, Kannada, etc., similar results have been
reported with the use of multilingual contextual representations to enhance the robustness of the
classification task [35]. Although multilingual transformers are successful, they are still expensive due to
the large number of parameters that need to be optimized downstream, typically on the order of hundreds
of millions. Consequently, there has been a growing interest in finding alternatives that can retain the
pretrained linguistic knowledge and lower optimization complexity, which are computationally efficient
[36]. Therefore, a considerable amount of research has developed in the direction of finding an optimized
alternative that can preserve the pretrained linguistic knowledge while minimizing optimization
complexity.

2.3 Parameter-Efficient and Frozen Representation Learning:

Parameter-efficient learning is a recent research direction for LLMs. Frozen representation learning can be
performed by only fine-tuning the limited downstream component layers, and only using the pretrained
transformer layers as contextual feature extractors for the downstream application [37]. This approach can
achieve considerable reductions in GPU memory usage, training time, and optimisation expenses, while
maintaining the semantic knowledge gained in the multilingual pre-training stage [38]. Recent multi-
lingual classification studies have shown that the contextual embeddings extracted from frozen
Transformer encoders are very discriminative if used along with efficient classifiers [39]. These have been
especially appealing in low resource domain, where annotated data sets are relatively small and computing
resources available are limited. However, most of the existing studies use a single embedding
representation or feature concatenation for static integration of complementary multilingual
representations, and less or no work has been done on adapting the representations [40].
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2.4 Selective State-Space Models for NLP

Recently, an alternative approach to transformer-based sequence modelling, called Selective State-Space
Models (SSMs) and the Mamba architecture has been gaining attraction [41]. Unlike self-attention methods,
which are quadratically complex with sequence length, Mamba uses input-dependent state transitions that
are linear with sequence length and maintains long-range dependencies [42]. The architectural design is
good at processing long text sequence with maximum capability to represent. Mamba-based models have
been used for long-document classification, legal document understanding, and sequence modelling,
achieving performance competitive with transformer baselines and a significant reduction in computation
costs [43]. Most of this research is conducted on high-resource languages and uses only single-script textual
representations, whereas the present study targets sequence classification for a low-resource language
across two distinct scripts Perso-Arabic and Devanagari. Based on the literature review conducted, there
is no previous research that has explored a selective state-space architecture on adaptive dual-script multi-
lingual representations for the Kashmiri language or similar Perso-Arabic/Devanagari scripts.

2.5 Gradient Boosting with Contextual Embeddings

In terms of structured feature learning, gradient boosting models especially LightGBM and CatBoost are
still considered as the most powerful classical machine learning techniques [44]. When they act as features
to leverage contextual embeddings, their power to learn highly nonlinear decision boundaries with efficient
optimisation and excellent generalisation capacity has made them popular in many NLP applications [45].
These strategies can be divided into two types: they can be applied directly on the source text, or they can
use a dense semantic representation learned from a pretrained language model, enabling the tree-based
learners to benefit from high-quality contextual information without suffering from the high computational
complexity[46]. In the recent years, several multilingual text classification research works have
benchmarked such an integration of transformer embedding with gradient boosting approaches and
shown that contextual word embedding with efficient ensemble learning delivers competitive results with
limited computation resources. However, tree-based classifiers cannot include discrete representation of
token-level interactions across the sequence as they are required to operate on pooled sentence
representations only [47]. This limitation motivates the exploration of lightweight sequence-learning
architectures that can capture other relationships across the entire context beyond the global embedding
aggregation [48].

2.6 Dual-Script and Multilingual Representation Learning:

Multiple forms of orthographic representations are difficult for languages with more than one system
where semantically similar words are written in different systems. The learning of complementary
semantic representations is therefore required in addition to the maintenance of script specific linguistic
features, if dual-script processing is to be involved [49]. This limitation is partially addressed by existing
multilingual transformer architectures, which project language specific inputs into a shared cross-lingual
embedding space through joint pretraining objective. However, the majority of prior approaches collapse
multi-script representations into a single, script-agnostic embedding through naive aggregation operations
typically concatenation or mean-pooling thereby conflating orthographically distinct token distributions
and failing to preserve script-level inductive biases [50]. The development of adaptive fusion mechanisms
that dynamically adjust weights for the complementary representation of different scripts continue to be
relatively under explored, particularly in low-resource multilingual domains [51]. In addition, systematic
study with the combination of adaptive dual-script representation learning and selective state-space
sequence modelling for multilingual text classification hasn't been systematically explored, where the
presence of two scripts in the language allows the model to combine semantically similar content expressed
through orthographically distinct and in places phonetically complementary writing systems.

3. Research Gap and Novelty:

Even with the huge strides made with multilingual transformer-based models, various methodological
challenges are still unaddressed for effective text classification in low-resource multilingual domains [52].
One of the biggest problems with existing approaches is the high computational cost, large memory usage
and small scale for deployments with limited resources, as most methods require end-to-end fine-tuning
of large pretrained language models [53]. Recently, frozen multilingual representations have been a
promising option in terms of computation but they have not been extensively explored in the use of
downstream classification architecture.

Second, most current multilingual text classification systems usually use only one of the different
contextual representations or concatenate features, if any, statically [54]. Such methods assume an
identical level of importance for all embedding spaces, and cannot benefit from complementary semantic
information that comes from different scripts or multilingual encoders in an adaptive way. Therefore, the
discriminative capability of "complementary contextual representations” is underutilised [55].

Third, there has been recent progress in linear sequence modelling with competitive performance using
Selective State-Space Models (SSMs), such as Mamba [56]. Current applications are mostly geared towards
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high-resource language and textual stream applications. The coupling of the adaptive dual-representation
learning for multilingual text classification has been largely overlooked, and there is yet no systematic
study on the interplay of the frozen multilingual embeddings, dynamic feature fusion, and selective state-
space sequence modelling in a common experimental setup [57].

Lastly, the majority of existing works comparing the two approaches mainly focus on classification accuracy
and offer little understanding of the architectural compromises that must be made with a tree-based
ensemble learning and lightweight sequence modelling, when operating on the same multilingual context
representation [58]. So far, the relative contribution of the downstream architecture of classifiers is not
well understood.

To overcome these drawbacks, a novel sequence-learning framework named DSF-Mamba is proposed,
which is lightweight and combines frozen multilingual contextual representations, adaptive gated dual-
script feature fusion and selective state-space modelling within a single framework. The proposed
framework ensures a consistent multilingual representation backbone for all competing models, thus
separating the effect of the classifier architecture from the various aspects of evaluation: computational
efficiency, context modelling and multiclass classification performance in a low-resource multilingual
setting.

3.1 Novelty Comparison

Table 1 compare DSF-Mamba with the three most closely related prior work along four criteria:

(i) Thelanguage and script setting addressed.

(ii) The sequence-modelling backbone employed.

(iii) Whether the study fuses multiple orthographic representations of the same text.

(iv) Whether a gradient-boosted tree baseline is evaluated on identical input features

Therefore, the novelty claimed in the paper is the specific combination of criteria, rather than any individual
component considered in isolation.

Table 1. Novelty comparison against the Models

Study Language Sequence backbone Multi- GBM baseline
or script script on identical
setting fusion features

Kashmiri new- Kashmiri, Fine-tuned No No

snippet Perso-Arabic only transformer /

classification [59] LLM

Mamba for long text English, single script Mamba + No No

classification (legal segment-level

documents) [60] embeddings

Kashmiri Nastalik Kashmiri, CNN/CRNN No No

OCR baseline [61] Perso-Arabic only (character

[62] recognition, not topic

classification.

Proposed Kashmiri, Perso- Selective state- Yes Yes,

Model DSF- Arabic space with learned, LightGBM

Mamba + Devanagari learned gated per- and CatBoost
transliteration fusion. timestep on

gate. identical
pooled
features.

The novelty claimed in the paper is therefore specific and intentionally narrow:

(1) the application of a selective state-space classifier to Kashmiri text classification, which has not been
previously reported; and

(2) the Gated Dual-Script Fusion mechanism itself, which combines two script-specific transformer
representations of the same sentence via a learned, per-timestep gate prior to sequence modelling, a
component with no direct precedent identified in the reviewed literature.

4. Dataset

The corpus used in this study consists of 51,000 Kashmiri sentences written in the Perso-Arabic script, each
labelled with one of nine domain categories: Science & Technology, Sports, Tourism, Politics, Education,
Health, Finance, Weather and Other. Sentences with missing text or labels outside this fixed class set were
filtered out prior to experimentation. The total sentences after cleaning are 50,966 which were partitioned
into training and test splits using a stratified 85/15 split (random state fixed for reproducibility), yielding
43,321 training sentences and 7,645 test sentences, with per-class test support ranging from 705
(Weather) to 1,082 (Other), as summarised in Table 2.
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Table 2. Class distribution of the held-out test set (n = 7,645).

Class Test support Share of test set
Science and Technology 848 11.1%

Sports 840 11.0%

Tourism 835 10.9%

Politics 835 10.9%
Education 834 10.9%

Health 833 10.9%

Finance 833 10.9%

Weather 705 9.2%

Other 1082 14.2%

For dual-script modelling, each Perso-Arabic sentence was additionally transliterated into Devanagari script,
providing a second orthographic view of the same underlying text. This dual-script strategy is motivated by the
observation that Kashmiri Perso-Arabic orthography is under-standardised in practice, with vowel diacritics
frequently omitted; the Devanagari transliteration branch provides a complementary, more phonetically explicit
representation that pretrained multilingual encoders like MuRIL, trained extensively on Indic scripts may
represent more robustly.

5. Proposed Methodology

The overview of the shared pipeline is shown in Fig 1. in which a Kashmiri sentence is encoded through
two frozen, script-specific transformer branches, after which the representations are either pooled for the
tree-based models or fused and passed through a selective state-space encoder for DSF-Mamba.

Kashmiri sentence
(Perso-Arabic)

l

[ Devanagari transliteration ]

XLM-RoBERTa-base MuRIL-base-cased
(frazen} {frozen)

| l

‘ Mean-pool cver sequence Retain full sequence
B8 i

| Parso-Arabic branch ‘ | Devanagari branch |

(7 -d per script) (L x 768-d per script)

| l

[ Concatenate -> 1.536-d vector ] l Gated Dual-Script Fusion J

[ LightGemM J [ CatBoost ] [ DSF-Mamba ]

(SSM encoder)

Fig 1. Three Models Pipeline

Figure 2 makes explicit representation about which components of this pipeline are used exactly versus
which components were devised specifically for this study. Blue-outlined blocks are standard, unmodified
components (pretrained encoders, the transliteration library, the LightGBM and CatBoost libraries
themselves); the green-outlined block is adapted from the published selective state-space formulation of
Gu and Dao (2023) [63]; the orange-outlined block is a component devised in this study with no direct
precedent identified in the reviewed literature.
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. Adapted from Mamba
[ Standard [ unmedified ] [ (Gu & Dao, 2023) ] [ Devised in this study ]

[ Kashmiri sentence (Perso-Arabic) ]

!

Dewvanagari transliteration
(indic_transliteration library)

ifrozen, Perso-Arabich {frozen. Devanagari)

! !

‘ XLM-RoBERTa-base ‘ ‘ MuRIL-base-cased |

Mean-pool over tokens -> 768-d + T68-d Retain full token sequences
concatenate -> 1,536-d vector {L x 768-d, both scripts)
[ LightGBM ] [ CatBoost ] I GATED DUAL-SCRIPT FUSION

l

[ {unmodified library models. ]
| SELECTIVE 55M LAYER

Pevelly = INput Teatures only)

{input-dependent deita, A, B, C)

l

[ Residual + Layerhorm + mean-pool ]

l

Linear classification head
-= 9 classes

Figure 2. Architecture of the proposed model.

5.1 Shared feature extraction

All three classifiers in this study consume features derived from the same frozen, non-fine-tuned dual-
script encoder pipeline, avoiding the substantial compute cost of end-to-end transformer fine-tuning on a
corpus of this scale [64]. Two pretrained encoders were used: XLM-RoBERTa-base, applied to the original
Perso-Arabic sentence, and MuRIL-base-cased, applied to the Devanagari-transliterated counterpart [65].
Both encoders were loaded with gradients disabled and run-in evaluation mode, having a fixed length of
sequence as 32 sub word tokens, which is a configuration to reflect the characteristically short sentence
lengths observed in the corpus while keeping the encoding pass computationally tractable at full dataset
scale. For the gradient-boosted tree models, each encoder's final hidden states were mean-pooled over the
attention mask to produce a single fixed-length vector per sentence per script (768 dimensions each), and
the Perso-Arabic and Devanagari pooled vectors were concatenated into a single 1,536-dimensional feature
vector per sentence. For the sequence model, full per-token hidden states rather than pooled vectors were
retained for both scripts, preserving positional and sub-word-level information for downstream sequence
modelling. The algorithm1 used in this method is shown below;

Algorithm 1: Dual-Script Feature Extraction
Input: Kashmiri sentence in Perso-Arabic script
Output: Pooled 1,536-dim feature vector (tree models) or per-token dual-script sequence (DSF-Mamba)
Steps:
1. Transliterate the Perso-Arabic sentence into its Devanagari counterpart.
2. Tokenize both script variants with a maximum sequence length of 32 sub word tokens.
3. Encode Perso-Arabic tokens using frozen XLM-RoBERTa-base (gradients disabled, evaluation
mode) to obtain hidden states H_PA.
4. Encode the Devanagari-transliterated tokens using frozen MuRIL-base-cased (gradients disabled,
evaluation mode) to obtain hidden states H_DEV.
5. For LightGBM/CatBoost: mean-pool H_PA and H_DEV over the attention mask to obtain two 768-
dim vectors and concatenate them into a single 1,536-dim feature vector.
6. For DSF-Mamba: retain the full per-token hidden states H_PA and H_DEV (no pooling) to preserve
positional and sub-word-level information.
7. Output the resulting feature representation for downstream classification.
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5.2 Gradient-boosted tree baselines: LightGBM and CatBoost

LightGBM was configured as a multiclass classifier (nine classes) using the multi-log loss objective, a rate
of learning as 0.05, and 63 leaves per tree, trained for up to 500 boosting rounds with early stopping after
30 rounds without validation improvement. Training converged at iteration 327, with a final validation
multi-log loss of 0.3996. The algorithm 2 below depicts the experimentation conducted.

Algorithm 2: For LightGBM
Input: Pooled 1,536-dim dual-script feature vectors X_train, X_test; class labels y_train (9 domain
classes.
Output: Predicted topic class and class probabilities
Steps:
1. Initialize a LightGBM multiclass classifier with the multi_logloss objective.
2. Setlearning rate = 0.05 and num_leaves = 63.
3. Train for up to 500 boosting rounds with early stopping after 30 rounds without validation
improvement.
4. Fitthe model on X_train and y_train.
5. Predict class probabilities and labels on X_test.
6. Output predictions and evaluate using Accuracy, Precision, Recall, F1-score.

CatBoost was configured with 500 iterations, tree depth of 8, a learning rate of 0.05, the Multiclass loss
function, and early stopping after 30 rounds without improvement in validation accuracy. Training reached
its best validation accuracy of 0.8396 at iteration 496, with a widening gap between training accuracy
(0.9454) and validation accuracy by the final rounds indicating the onset of mild overfitting consistent with
the model's depth and iteration budget [66]. Algorithm 3 shows the steps used in classifier.

Algorithm 3: For CatBoost
Input: Pooled 1,536-dim dual-script feature vectors X_train, X_test; class labels y_train (9 topical classes)
Output: Predicted topic class and class probabilities
Steps:
1. Initialize a CatBoostClassifier with the Multiclass loss function.
2. Setiterations = 500, learning_rate = 0.05, and depth = 8.
3. Enable early stopping after 30 rounds without improvement in validation accuracy.
4. Fit the model on X_train and y_train.
5. Predict class labels on X_test.
6. Output predictions and evaluate using Accuracy, Precision, Recall, F1-score.

5.3 Gated Dual-Script Fusion Mamba (DSF Mamba)

The proposed sequence model, DSF-Mamba, is composed of three stages. First, a Gated Fusion layer
independently projects the 768-dimensional Perso-Arabic and Devanagari hidden states into a shared
d_model-dimensional space (d_model = 256) and computes a learned, per-timestep sigmoid gate over the
concatenation of both projections; the fused representation is a convex combination of the two script-
specific projections weighted by this gate, allowing the model to dynamically weight each script's
contribution at every token position rather than relying on a fixed combination rule.

Second, the fused sequence is passed through a Selective State-Space (SSM) layer inspired by the Mamba
architecture. For each channel, the layer maintains a continuous-time-inspired hidden state updated at
every timestep via input-dependent discretisation parameters (delta), input-dependent state-transition
dynamics derived from a learned log-diagonal matrix, and input-dependent input/output projection
matrices (B and C), combined with a per-channel skip connection (D). This selectivity where the effective
dynamics depend on the input at each timestep, rather than being fixed is the key mechanism distinguishing
Mamba-style SSMs from earlier linear state-space models.

Third, the SSM output is combined with the fused input via a residual connection and layer normalisation,
then mean-pooled over the attention mask and passed through a final linear classification head projecting
to the nine target classes. Only the fusion, SSM, normalisation, and classification head parameters are
trained; the underlying XLM-RoBERTa and MuRIL encoders remain entirely frozen throughout, meaning
the trainable parameter count is orders of magnitude smaller than a fully fine-tuned transformer classifier
of comparable input dimensionality. The model was trained with the AdamW optimiser, learning rate 1e-3
and cross-entropy loss, using a state dimension (d_state) of 16 for the SSM layer, for five epochs over the
full training set, with sequence embeddings streamed from disk in fixed-size shards to keep memory usage
bounded during training on the full corpus.
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Figure 3. Internal working architecture of our proposed model.

The algorithm used in the proposed model is shown below as algorithm 4.

Algorithm 4: DSF-Mamba Classification (Proposed)
Input: D = (x1,y1), (x2,y2), ..., (xn,yn): dataset of n labelled Kashmiri sentences
xi: a single input sentence (Perso-Arabic).
yiin {0, 1, .., 8}: topic label across the nine target classes.
Frozen encoders: f XLM (Perso-Arabic branch), f MuRIL (Devanagari branch).
Trainable components: gated fusion layer g fuse, selective state-space layer h_SSM, layer
normalization, classification head h_cls.
Output: predicted topic label for a given input sentence
Steps:
1. For each input sentence xi, transliterate it into its Devanagari counterpart x'i.
2. Extract frozen per-token hidden states: H_PA = f XLM(xi), H_DEV = f MuRIL(x").
3. Compute the gated fusion Z = g_fuse(H_PA, H_DEV) as in Algorithm 4.
4. For each timestep t, update the selective state-space hidden state using input-dependent
discretisation delta_t, state-transition parameters derived from a learned log-diagonal matrix A, and
input-dependent projections B_t and C_t: s_t = A_bar(delta_t) . s_(t-1) + B_bar(delta_t) . Z_t, and
compute the layer output o_t=C_t.s_t + D.Z_t, where D is a per-channel skip connection.
5. Apply aresidual connection and layer normalization: O = LayerNorm(Z + [o_1, ..., o_T]).
6. Mean-pool O over the attention mask to obtain a single sentence representation r.
7. Compute class probabilities using the classification head: y_hat = softmax(W_cls . r + b_cls).
8. Train only {g_fuse, h_SSM, LayerNorm, h_cls} using the AdamW optimiser (learning rate = 1e-3) and
cross-entropy loss for five epochs, with encoders f XLM and f MuRIL kept frozen throughout.
9. Evaluate the trained model using the evaluation metrics.

The overall working architecture of the three models with accuracy results are shown below in fig 4.
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All three models consume representations from the SAME frozen, pretrained dual-script encoders:
XLM-RoBERTa-base (Perso-Arabic branch) and MuRIL-base-cased (Devanagari branch).
The nine target classes are: Other, Science & Tech, Sports, Tourism, Politics, Education, Health, Finance, Weather.

Input } | Model | processing | [ Output

Figure 4. Input-processing-output structure for LightGBM, CatBoost, and DSF-Mamba, with model’s
overall test accuracy.

6. Mathematical Formulation
This section formalises the gating, fusion, and selective state-space operations used in these methods
Notation follows Gu and Dao (2023) where the underlying selective state-space mechanism is adopted
directly; the gating and fusion formulation is original for our proposed method.
6.1 Gated dual-script fusion
Leth' PA € R7%® and h* DEV € R”%® denote the Perso-Arabic and Devanagari hidden states produced by the
frozen encoders at token position t = 1, ..., L. Each branch is first linearly projected into the shared d_model-
dimensional space (d_model = 256):
z* PA = W_PAh'" PA + b_PA d
z DEV = W_DEV h'.DEV + b_DEV (i)
with W_PA, W_DEV € R?%¢*768 A per-timestep gate is then computed over the concatenation of the two
projections:
gt = o(W_g[z'PA; z2DEV] + b_g) € (0,1)*%¢ (iii)
where o is the elementwise logistic sigmoid and W_g € R?*512, The fused representation passed to the
state-space layer is a per-channel convex combination of the two script-specific projections, weighted by
the gate:
*=g"0z2PA+ (1 -g" © 7z.DEV (iv)
with © denoting the elementwise product. Because g' is computed independently at every timestep from
both branches, the model can, in principle, weight the Perso-Arabic branch more heavily at tokens with
unambiguous diacritics and shift weight toward the Devanagari branch at tokens where Perso-Arabic
orthography is under-specified, rather than applying a single fixed mixing coefficient across the whole
sentence.
6.2 Selective State-space layer
The continuous-time state-space system underlying the SSM layer is defined, per channel, by
h'(t) = Ah(t) + Bx(7) (V)
y(t) = Ch(t) + D x(1) (vi)
where A € R * (d_model x d_state) is parameterised in log-space as A = —exp(A_log) for training stability,
and d_state = 16. The system is discretised via a zero-order hold with an input-dependent step size A%, and
B, C* are likewise input-dependent rather than fixed:
A" = softplus (W_Ax" + b_A),B* = W.Bx',C"' = W.Cx* (viii)
A= exp (A*A), B* = A" B* (small-A zero-order-hold approximation) (ix)
giving the discrete-time recurrence actually computed at each timestep:

Vol.6,No.10s, 2026 1638


http://www.svedbergopen.com/ijaiml

www.svedbergopen.com/ijaim| International Journal of Artificial Intelligence and Machine Learning

ht = A'hy 1 + B'X', y'=C'h" + DX (x)
It is precisely the input-dependence of AY, B* and C® rather than a fixed, input-independent A, B, C as in
earlier linear state-space models that constitutes the “selective” mechanism distinguishing Mamba-style
SSMs, allowing the effective recurrence dynamics to vary token-by-token in response to content rather than
being static across the sequence. The final SSM output sequence y* is combined with the fused input x* via
a residual connection and Layer Norm, mean-pooled over the attention mask, and passed to a linear head
W_cls € R%*25¢ producing class logits.
6.3 Computational Complexity
Table 3 compares the asymptotic time and memory complexity of the three approaches evaluated in this
paper, as a function of sequence length L, model/embedding width d, and for the SSM state dimension n =
d_state. Self-attention is included as a reference point because it is the mechanism the selective-SSM
literature is most often compared against, even though none of the three classifiers benchmarked here use
self-attention directly (the frozen upstream encoders do, but their cost is identical and shared across all
three models, and is therefore not a source of differentiation between them). Table 3 shows the time and
memory complexity of three classifier mechanisms as a function of sequence length L, embedding width d,
SSM state dimension n, and number of boosting trees T.

Table 3. Asymptotic time and memory complexity of the three classifier mechanisms

Mechanism Time complexity = Memory Explanation
complexity
Self-attention (reference) 0(L2-d) 0(L?) Quadratic in sequence length; not
used by any classifier head in this
study.
Selective SSM O(L-d‘n) 0(d'n) Linear in L; the sequential-recurrence
(DSF-Mamba, implementation used here realises
as implemented) this complexity but not necessarily the

fused hardware-aware kernel's wall-
clock advantage.

Gradient-boosted trees O(T-depth) per O(1) wrt. L Independent of sequence length

(LightGBM / CatBoost) sample because both operate on a single
pooled 1,536-d vector per sentence,
not the full token sequence.

As the corpus in this study uses a maximum sequence length of only 32 sub word tokens, the asymptotic
advantage of the linear-in-L selective SSM over quadratic self-attention is not the primary practical driver
of any efficiency gain observed here at L = 32 the two-scale similar in practice. The more consequential
complexity comparison for this study is between DSF-Mamba/attention-based sequence modelling on one
side and pooled gradient-boosted trees on the other: the tree-based models discard within-sequence order
at the pooling step and are the cheapest at inference, while DSF-Mamba retains per-token information at
the cost of a heavier but still frozen-encoder-dominated forward pass. The linear-in-L complexity of the
selective SSM is expected to become the dominant practical consideration if this architecture were applied
to longer Kashmiri documents.

6. Experimental Setup

Single-GPU Google Colab runtime was used for the experimentation. To manage compute constraints
characteristic of large-scale experimentation on a free or standard-tier cloud runtime, embeddings were
computed once and cached to persistent storage rather than recomputed for each model, and long-running
extraction and training steps were checkpointed at the batch level so that runtime disconnections did not
require full recomputation. The same stratified 85/15 train/test split, the same nine-class label set, and the
same frozen dual-script encoder pair were held constant across all three models to isolate the effect of
classifier architecture on downstream performance.

Table 4. Training configuration of each model.

Hyper-parameter LightGBM CatBoost DSF-Mamba

Max boosting rounds / epochs 500 500 5 epochs

Learning rate 0.05 0.05 le-3 (AdamW)

Model capacity 63 leaves depth 8 d_model=256,
d_state=16

Early stopping 30 rounds 30 rounds Executed without it.

Bestiteration / result 327 496 5 epochs (full run)
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7. Results
Figure 5 reports overall test-set accuracy for all three models. The DSF-Mamba classifier achieved the
highest accuracy at 89.25%, followed by LightGBM at 87.30% and CatBoost at 83.96%.

Overall test accuracy: three-model comparison

1.0
89.25%

87.30%

LightGBmM CatBoost Mamba

Figure 5. Overall test accuracy across the three models.

F1-score is used as measurement to measure the class wise accuracy of all the three models. Mamba leads
on six of the nine classes (Sports, Tourism, Politics, Education, Finance, Other), while LightGBM remains
competitive or leading on Science & Tech and is close on several other classes. CatBoost trails both
alternatives across nearly every class. Fig 6. Shows the class wise accuracy.

Per-class Fl-score: three-model comparison

Weather

Finance

Health

Education

Politics

Tourism

Sports

Science & Tech

e LightGBM
e CatBoost
m Mamba

Other

0.0 0.2 0.4 0.6 0.8 1.0

Fl-score

Figure 6. Per-class F1-score comparison.

The normalized confusion matrix of all the three models is shown below in fig 7.
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8. Error Analysis

Error analysis was performed to examine the limitations of the proposed DSF-Mamba framework and to
identify the factors contributing to classification errors. The analysis is formulated as a set of evidence-
based hypotheses rather than an instance-level inspection of misclassified samples.

Hypothesises sources of the Health Precision Drop

The comparatively lower precision for the health class is attributed to three plausible factors:

e Inter-class lexical overlap: The health category exhibits substantial semantic and lexical overlap with
neighbouring domains such as politics, sports, and weather, primarily due to the widespread use of shared
medical terminology, policy-related discourse, and multilingual loanwords. Such overlap reduces class
separability and increases the likelihood of false-positive predictions.

¢ Sequence-Sensitive contextual modelling: Unlike feature-aggregated tree-based baselines, DSF-Mamba
preserves sequential contextual dependencies at the token level. While this enhances sensitivity to health-
specific contextual cues, it may also amplify the influence of locally discriminative medical expressions
embedded within sentences belonging to adjacent domain categories, thereby improving recall at the
expense of precision.

o Intrinsic Class-boundary ambiguity: The consistently lower health-class performance across all evaluated
architectures indicates that the observed behaviour is not solely model specific but also reflects inherent
ambiguity within the corpus annotation and the semantic proximity of the health class to related domains.

9. Discussion

The experimental results demonstrate that DSF-Mamba consistently outperforms the tree-based baselines
by combining frozen multilingual contextual representations with lightweight sequence modelling. Unlike
conventional classifiers operating on pooled sentence embeddings, DSF-Mamba preserves token-level
contextual dependencies before aggregation, enabling more discriminative modelling of semantic
relationships while maintaining a relatively small number of trainable parameters.

9.1 Why DSF-Mamba Outperforms the Tree-Based Baselines

The primary performance advantage of DSF-Mamba stems from its ability to model sequential contextual
information prior to feature aggregation. Whereas LightGBM and CatBoost operate on fixed pooled
sentence embeddings that discard token order, DSF-Mamba processes the complete token sequence
through a selective state-space mechanism, preserving contextual interactions across the sentence. This
sequential representation enables richer semantic discrimination and more effective separation of closely
related domain categories, resulting in superior classification performance.

9.2 Why LightGBM remains Competitive

Despite relying on pooled representations, LightGBM achieves competitive performance due to its efficient
leaf-wise tree growth strategy, which effectively models complex nonlinear decision boundaries in the
dense transformer embedding space. Furthermore, the combination of gradient boosting, learning-rate
regularisation, and early stopping provides robust generalisation, yielding a balanced precision-recall
profile across the evaluated classes.
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9.3 Why CatBoost Underperforms LightGBM

CatBoost exhibits comparatively lower performance because its principal advantage which is ordered
boosting for handling categorical features is not fully utilized, where the input consists exclusively of dense
continuous transformer embeddings. Additionally, its symmetric tree architecture offers less
representational flexibility that LightGBM'’s leaf-wise growth for high-dimensional embedding spaces,
contributing to mild overfitting and comparatively weaker generalisation performance.

10. Conclusion

The study benchmarks three classifier families i,e. LightGBM, CatBoost, and a novel Gated Dual-Script
Fusion Mamba(DSF-Mamba) for multiclass Kashmiri text Classification, all built on a shared, frozen dual-
script embedding pipeline that avoids the compute cost of end-to-end transformer fine-tuning. DSF-Mamba
achieves the best overall accuracy (89.25%), outperforming LightGBM (87.30%) and CatBoost (83.96%),
while training only ~284K parameters atop entirely frozen XLM-ROBERTa and MuRIL Encoders-Mamba
leads on six of nine categories but shows a pronounced precision-recall trade-off on health, a pattern largely
absent in the tree-based baselines. This is consistent with the sequence model being more sensitive to
localised, cross-domain lexical cues that pooled representations average away—evidence that preserving
token order provides real classification signal, but also that accuracy alone doesn’t capture that full
operational trade-off between architectures in a low-resource language. These findings support frozen-
embedding sequence models as a favourable accuracy-to-compute alternative to full transformer fine-
tuning for low-resource language classification.

11. Future Directions: Three priorities follow directly from this work:

i. Replacing the current per-timestep PyTorch recurrence with a fused, hardware-aware SSM kernel
to validate deployment-realistic latency.
ii. An Ablation isolating the Devanagari transliteration branch’s contribution from the selective state-
space layer’s own effect.
iii. Hybrid ensembling of tree-based and sequence-based classifiers to exploit their complementary

error profiles, particularly around the health class confusion identified here.
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