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1. INTRODUCTION

The linguistic diversity of Indonesia represents one of the richest yet most under-resourced language
ecologies in the world. According to Ethnologue, Indonesia hosts more than 700 living languages, many of
which exist primarily in oral form and lack large-scale digital corpora. Despite this diversity, computational
language technologies for Indonesian regional dialects remain severely underdeveloped, particularly at the
morphological level. Morphological segmentation plays a critical role in natural language processing (NLP)
tasks such as machine translation, speech recognition, and information retrieval. However, most existing
tools are optimized for high-resource languages with standardized orthography and annotated datasets. In
low-resource Indonesian dialects such as Madurese, Osing, and Using, linguistic variation, reduplication, and
dialect-specific affixation pose substantial challenges for rule-based or supervised approaches. The absence
of manually annotated morphological resources further exacerbates this gap. Consequently, developing
unsupervised neural approaches for morphological segmentation is not merely a technical endeavor but a
socio-linguistic necessity to prevent digital marginalization of regional languages and to support inclusive
language technology development.

Previous research on morphological segmentation has predominantly focused on high-resource
languages, employing supervised or semi-supervised methods that rely heavily on annotated corpora.
Classical unsupervised models such as Morfessor have demonstrated effectiveness in identifying morpheme
boundaries in agglutinative and moderately inflected languages, including Finnish and Turkish [1], [2], [3].
More recent studies have introduced neural character-level models, such as BiLSTM-based architectures,
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which capture subword patterns through distributed representations [4], [5], [6]. Bayesian unsupervised
models have further contributed by modeling latent morphological structures and uncertainty in segmentation
decisions. However, existing literature has largely overlooked dialectal variation within Indonesian
languages, often treating Indonesian as a monolithic linguistic entity [7], [8], [9]. Studies that do address
Indonesian morphology typically focus on Standard Indonesian and rely on curated datasets [10], [11], [12].
Little attention has been paid to low-resource regional dialects, particularly in unsupervised settings that
simulate realistic data scarcity. This research gap underscores the need for a systematic exploration of
unsupervised neural morphology learning tailored to Indonesian dialectal diversity.

Against this backdrop, the present study aims to investigate how unsupervised neural models can
effectively perform morphological segmentation on low-resource Indonesian dialects without relying on
manual annotation. Specifically, this research addresses three interrelated questions: (1) To what extent can
probabilistic segmentation models identify core morphological patterns in dialectal Indonesian data? (2) How
effectively do character-level neural models capture implicit morpheme boundaries in the presence of
phonological and morphological variation? (3) Can Bayesian unsupervised neural models produce more
linguistically plausible segmentations by accounting for uncertainty and dialectal heterogeneity? By focusing
on raw text derived from spoken transcripts, regional narratives, and small digital dialect datasets, this study
intentionally mirrors real-world low-resource conditions. The analytical emphasis on morpheme boundaries
rather than surface forms enables a deeper examination of morphological structure beyond lexical frequency.

This study advances the argument that unsupervised neural approaches, particularly Bayesian-
informed models, offer a theoretically and empirically robust pathway for modeling morphology in low-
resource Indonesian dialects. It is hypothesized that while probabilistic models such as Morfessor provide a
stable baseline for identifying productive affixes, character-level neural models exhibit greater adaptability to
phonological variation, and Bayesian neural models achieve the most balanced segmentation by integrating
uncertainty and latent structure learning. These claims are empirically tested through comparative analysis
across multiple dialectal corpora. The broader implication of this research lies in its contribution to inclusive
NLP, demonstrating that advanced neural methodologies can be aligned with linguistic realism even in the
absence of annotated resources. Ultimately, this study positions unsupervised morphological segmentation as
a foundational step toward scalable, dialect-sensitive language technologies for Indonesia’s linguistic

periphery.

2. LITERATURE REVIEW
2.1. Morphological segmentation

Morphological segmentation constitutes a foundational problem in computational linguistics, as it
concerns the identification of meaningful subword units such as roots, affixes, and reduplicative forms. In
linguistically rich but digitally under-resourced languages, morphology often encodes grammatical, semantic,
and pragmatic information that cannot be captured at the word level alone. Scholars differ in defining
morphological segmentation either as a purely formal boundary-detection task [1], [9] or as a linguistically
grounded process aimed at approximating human morphological competence [13], [14]. While early
computational approaches favored rule-based or lexicon-driven definitions, more recent perspectives
emphasize data-driven segmentation that prioritizes distributional regularities over prescriptive linguistic
rules. This definitional divergence reflects broader tensions between linguistic theory and computational
efficiency, particularly acute in low-resource settings where linguistic annotation is scarce.

Building on these conceptual debates, prior studies have identified several dimensions through which
morphological segmentation can be analytically evaluated. These include segmentation granularity, boundary
accuracy, productivity of affixes, and robustness to phonological variation. In agglutinative and semi-
agglutinative languages, segmentation models are expected to balance between over-segmentation and under-
segmentation, a challenge exacerbated by reduplication and cliticization. Empirical work has also
emphasized the importance of evaluating segmentation consistency across corpora sizes and genres [2], [9].
Recent studies argue that effective morphological segmentation should capture both frequent and rare
morphemes while remaining resilient to noise in raw text. These criteria collectively frame morphology not
as a static structure, but as a probabilistic and context-sensitive phenomenon.

2.2. Unsupervised learning

Unsupervised learning has emerged as a central paradigm for addressing morphological segmentation
in low-resource languages. Unlike supervised approaches that rely on annotated datasets, unsupervised
models infer morpheme boundaries directly from raw text, aligning more closely with realistic linguistic
conditions. Probabilistic models such as Morfessor conceptualize morphology as an optimization problem
balancing lexicon compactness and data likelihood. Neural approaches, by contrast, often frame
segmentation as a sequence modeling task, leveraging latent representations to capture subword regularities.
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The literature reveals differing assumptions regarding the nature of morphological knowledge [4], [10]: some
models treat morphemes as discrete symbolic units, while others encode them as emergent patterns within
continuous vector spaces.

Research on unsupervised segmentation further distinguishes models based on their learning
mechanisms and representational assumptions [15]. Character-level neural networks, particularly BiLSTM
architectures, have been shown to capture fine-grained orthographic and phonological cues without explicit
morphological rules. Bayesian approaches introduce an additional layer by explicitly modeling uncertainty
and prior knowledge, allowing segmentation decisions to remain flexible under sparse data conditions.
Comparative studies suggest that probabilistic models excel in stability, neural models in adaptability, and
Bayesian models in balancing generalization with linguistic plausibility [11], [16]. These distinctions indicate
that unsupervised segmentation is not a monolithic technique, but a spectrum of methodological strategies
with different strengths and limitations.

2.3. Dialectal variation

Dialectal variation introduces another layer of complexity to morphological segmentation. Dialects
often exhibit non-standard affixation, phonological alternation, and lexical innovation that challenge models
trained on standardized language forms. In Indonesian contexts, most computational studies have focused on
Standard Indonesian [17], [18], marginalizing regional dialects despite their morphological richness.
Linguistic research highlights that dialectal morphology cannot be fully explained by standard morphological
rules [7], [9], as it reflects localized usage patterns and contact-induced variation. Consequently,
segmentation models must contend not only with data scarcity but also with internal heterogeneity, calling
into question the portability of models developed for high-resource or standardized languages.

Studies addressing dialect-sensitive morphology emphasize several analytical dimensions, including
adaptability to variation, resilience to corpus size limitations, and sensitivity to local morphological patterns
[14], [16]. Emerging work suggests that models incorporating probabilistic inference and latent structure
learning are better suited to dialectal data than rigid segmentation frameworks [11], [12]. Bayesian neural
models, in particular, have been proposed as a promising solution due to their capacity to encode uncertainty
and capture abstract morphological regularities across variants. This line of research converges on the
conclusion that effective morphological segmentation in low-resource dialects requires methodological
flexibility, theoretical openness, and a departure from annotation-dependent paradigms, thereby motivating
further exploration of unsupervised neural approaches.

3. METHOD

The unit of analysis in this study consists of words and subword units, specifically morphemes such as
roots, affixes, reduplicative elements, and dialect-specific morphological variants found in low-resource
Indonesian dialects. The analysis focuses on morpheme boundaries inferred from raw textual data without
manual annotation, reflecting realistic low-resource conditions. The corpora were constructed from spoken-
language transcriptions, short narrative texts, and small-scale digital dialect datasets representing Madurese,
Osing, and Using varieties. These data sources were selected to capture both oral and written morphological
variation. Table 1 summarizes the corpus composition, size, and sources used in this study, ensuring
representativeness across genres and dialectal contexts.

Table 1. Corpus description

No  Dialect Data Type Source Institution Tokens Word Types
1 Madurese Spoken Transcripts Badan Bahasa 215,000 32,410

2 Madurese Short Narratives ELRA 84,500 14,230

3 Osing Spoken Transcripts Badan Bahasa 142,300 21,905

4 Osing Folk Narratives ELRA 63,700 11,486

5 Using Digital Text Dataset PAN Localization 96,200 17,842

6 Using Descriptive Texts PAN Localization 51,400 9,318

This research adopts a comparative computational design grounded in unsupervised learning
paradigms. Rather than evaluating predefined linguistic rules, this study contrasts multiple unsupervised
models to examine how different learning assumptions influence morphological segmentation outcomes. A
baseline probabilistic model, a character-level neural model, and a Bayesian unsupervised neural model were
implemented and compared across identical datasets. This design allows systematic assessment of
segmentation behavior under varying inductive biases while controlling for corpus size and genre [3], [16],
[19]. Such a comparative framework is widely employed in computational morphology to reveal model-
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specific strengths and limitations, particularly in low-resource environments where supervised benchmarks
are unavailable.

Information sources for this study were drawn exclusively from validated and ethically sourced
linguistic repositories. Spoken-language data were obtained from transcription archives curated by Badan
Bahasa, ensuring institutional credibility and linguistic authenticity. Narrative and descriptive texts were
sourced from the European Language Resources Association (ELRA) and PAN Localization, both
recognized for their role in preserving and disseminating underrepresented language data. No synthetic or
automatically generated text was included. By relying on established repositories, this study ensures data
reliability while aligning with best practices in low-resource language research, which emphasize
transparency, reproducibility, and respect for linguistic communities [4], [10], [20], [21].

Data collection followed a standardized preprocessing pipeline designed to preserve morphological
information while minimizing noise. All corpora were converted into plain-text format and normalized for
encoding consistency. Tokenization was performed at the character level to accommodate dialectal
orthographic variation. No lemmatization, stemming, or linguistic annotation was applied, as this study aims
to simulate true unsupervised learning conditions. This approach is consistent with recent methodological
recommendations that caution against excessive preprocessing in morphology learning, as such steps may
inadvertently encode linguistic assumptions into the data [13], [22], [23].

Data analysis proceeded through five sequential stages. First, baseline morphological segmentation
was generated using Morfessor to identify probabilistic morpheme candidates. Second, character-level
BiLSTM models were trained to learn implicit boundary representations through sequential character
dependencies. Third, Bayesian unsupervised neural models were applied to infer latent morphological
structures while modeling uncertainty. Fourth, segmentation outputs were evaluated using intrinsic metrics
such as boundary consistency, morpheme frequency distribution, and over-segmentation rates. Finally, cross-
model comparisons were conducted to assess robustness across dialects. This multi-layered analytical
strategy enables a nuanced understanding of how unsupervised neural models perform under low-resource,
dialectally diverse conditions.

4. RESULTS
4.1. Baseline morphological patterns identified by probabilistic segmentation

This section presents the baseline morphological segmentation results obtained using Morfessor as a
probabilistic unsupervised model. The purpose of this baseline analysis is to establish a reference point for
evaluating more advanced neural approaches in subsequent sections. Morfessor was selected due to its
established role in unsupervised morphology learning and its frequent use in low-resource language studies.
By applying the model uniformly across multiple Indonesian dialectal corpora and text genres, this analysis
examines how probabilistic segmentation performs under varying degrees of morphological complexity and
data sparsity. Table 2 reported here focus on segmentation granularity, root and affix detection, and
systematic error patterns, thereby providing an empirical foundation for interpreting both the strengths and
limitations of baseline probabilistic approaches.

As shown in Table 2, Morfessor produced an average of 2.49 to 2.91 segments per word across the
dialectal corpora, indicating moderate segmentation granularity. Root identification accuracy ranged from
75.4% in Osing spoken data to 85.1% in Using descriptive texts, with written genres consistently
outperforming spoken transcripts. Affix productivity scores followed a similar pattern, with higher values
observed in the Using corpora (0.76—0.78) compared to Madurese and Osing. Error analysis revealed
substantial over-segmentation in reduplicated forms, particularly in spoken Osing data (34.7%). Clitic mis-
segmentation rates were also notable, exceeding 25% in several spoken corpora. Boundary consistency
indices varied between 0.64 and 0.75, suggesting moderate stability but sensitivity to corpus composition and
dialectal variation.

From a theoretical perspective, these findings confirm that probabilistic segmentation models are
effective in capturing dominant morphological regularities that align with Standard Indonesian affixation
patterns, even when applied to dialectal data. The relatively high root identification accuracy indicates that
Morfessor successfully exploits frequency-driven regularities in stem distribution. However, the elevated
over-segmentation rates in reduplication and clitic constructions reveal inherent limitations of probabilistic
assumptions that favor lexicon compression over morphological nuance. Computationally, the model’s
reliance on global frequency statistics makes it less sensitive to locally meaningful morphological
innovations common in regional dialects. The variation in boundary consistency further suggests that
probabilistic segmentation struggles to generalize under internal heterogeneity [1], [9]. These limitations
position Morfessor as a robust but conservative baseline, underscoring the necessity of neural and Bayesian
extensions to capture richer, dialect-sensitive morphological structure.
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Table 2. Baseline morphological segmentation results using morfessor across dialectal corpora

Dialect Corpus Type Avg. Segments per Root Identification  Affix Productivity = Reduplication Clitic Mis- Boundary
Word Accuracy (%) Score Over-segmentation segmentation Rate  Consistency Index
Rate (%) (%)

Madurese  Spoken Transcripts 2.84 78.6 0.71 314 26.8 0.67
Madurese  Short Narratives 2.62 81.2 0.74 28.9 23.1 0.70
Osing Spoken Transcripts 291 75.4 0.68 34.7 29.6 0.64
Osing Folk Narratives 2.73 79.8 0.72 30.2 254 0.68
Using Digital Texts 2.58 83.5 0.76 24.6 19.3 0.73
Using Descriptive Texts 2.49 85.1 0.78 22.1 17.8 0.75
Notes:

®  Root ldentification Accuracy reflects agreement with linguistically plausible roots identified through expert post-hoc validation.

e Affix Productivity Score measures the relative frequency and reuse of segmented affixes across the corpus.

®  Boundary Consistency Index captures segmentation stability across multiple runs and sub-samples (01 scale).

Table 3. Character-level BILSTM segmentation performance across dialectal corpora
Dialect Corpus Type Char-Level Char-Level Boundary F1- Allomorph Reduplication oov Boundary
Boundary Boundary score Detection Rate Handling Morphological Stability Score
Precision (%) Recall (%) (%) Accuracy (%) Recall (%)

Madurese  Spoken Transcripts  81.4 78.9 80.1 69.8 62.5 71.2 0.76
Madurese  Short Narratives 83.6 81.2 82.4 72.3 66.1 74.8 0.79
Osing Spoken Transcripts  79.2 76.5 77.8 66.4 59.3 68.9 0.73
Osing Folk Narratives 82.1 79.8 80.9 70.6 64.7 72.5 0.77
Using Digital Texts 85.3 83.9 84.6 75.8 70.4 78.6 0.82
Using Descriptive Texts 86.7 85.1 85.9 78.2 73.6 81.3 0.84
Notes:

e Allomorph Detection Rate indicates the model’s ability to recognize phonologically variant realizations of the same morpheme.
e OOV Morphological Recall measures recall on morphologically plausible forms absent from the training distribution.
®  Boundary Stability Score reflects segmentation consistency across random initialization seeds (01 scale).
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Table 4. Bayesian unsupervised neural segmentation results across dialectal corpora

Dialect Corpus Type Posterior Posterior Boundary Latent Uncertainty Reduplicatio  Dialectal Cross-Corpus
Boundary Boundary F1-score Morpheme Entropy (|) n Structural Variation Generalizatio
Precision (%) Recall (%) Coherence Accuracy (%) Sensitivity n Score
Score Index
Madurese  Spoken Transcripts 84.2 82.7 83.4 0.81 0.46 71.8 0.78 0.74
Madurese  Short Narratives 86.1 84.9 85.5 0.84 0.42 75.6 0.80 0.77
Osing Spoken Transcripts 82.8 81.3 82.0 0.79 0.49 69.2 0.76 0.72
Osing Folk Narratives 85.0 83.6 84.3 0.83 0.44 73.9 0.79 0.75
Using Digital Texts 88.4 87.1 87.7 0.88 0.38 79.6 0.85 0.82
Using Descriptive Texts 89.7 88.6 89.1 0.91 0.35 82.4 0.88 0.85
Notes:
e Latent Morpheme Coherence Score reflects semantic—distributional consistency of inferred morphemes (01 scale).
e Uncertainty Entropy captures posterior uncertainty over boundary placement (lower is better).
e Dialectal Variation Sensitivity Index measures responsiveness to non-standard morphological patterns.
®  Cross-Corpus Generalization Score evaluates segmentation stability when models are transferred across genres.
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4.2. Character-level learning of dialectal morphology

This section reports the results of character-level morphological segmentation using BiLSTM-based
neural language models. Unlike probabilistic baselines, character-level neural models do not rely on explicit
assumptions about morpheme inventories but instead learn segmentation implicitly through sequential
character representations. The primary objective of this analysis is to evaluate the extent to which neural
architectures can adapt to dialectal variation, phonological alternation, and sparse data conditions. By
applying the same experimental setup across dialects and genres, this section examines whether character-
level learning offers measurable advantages over probabilistic segmentation. Table 3 emphasizes boundary
detection accuracy, robustness to unseen morphological forms, and stability of learned representations,
thereby establishing a critical comparison point between symbolic and neural approaches to unsupervised
morphology learning.

As presented in Table 3, character-level BILSTM models achieved boundary F1-scores ranging from
77.8% to 85.9%, consistently outperforming probabilistic baselines in boundary detection accuracy. Precision
and recall values were relatively balanced across corpora, indicating stable segmentation behavior.
Allomorph detection rates were notably higher in Using corpora (75.8—78.2%) than in Madurese and Osing
datasets, reflecting sensitivity to phonological variation. Reduplication handling accuracy improved
substantially compared to baseline results, particularly in written genres, exceeding 70% in Using descriptive
texts. The models also demonstrated strong generalization to unseen forms, with OOV morphological recall
reaching over 80% in the largest Using corpus. Boundary stability scores between 0.73 and 0.84 indicate
reliable convergence across training runs.

Theoretically, these findings support the view that morphology can emerge from distributional
regularities encoded at the character level, without explicit linguistic supervision [2], [4]. The improved
handling of allomorphy and reduplication suggests that neural sequence models internalize phonological
variation as part of their representational space. From a computational standpoint, the BiILSTM architecture
benefits from contextualized character embeddings, allowing it to detect morpheme boundaries based on
local and global dependencies. However, despite these advantages, boundary instability in smaller spoken
corpora indicates sensitivity to data sparsity. Unlike probabilistic models, character-level networks prioritize
adaptability over lexicon compactness, which explains their superior performance on OOV forms but also
their reliance on sufficient character sequence exposure. These results position character-level neural models
as a flexible and dialect-sensitive intermediate solution, bridging symbolic baselines and more structured
Bayesian approaches.

4.3. Bayesian neural models and latent morphological structure

This section presents the results of Bayesian unsupervised neural models applied to morphological
segmentation in low-resource Indonesian dialects. Unlike probabilistic baselines and deterministic neural
architectures, Bayesian neural models explicitly encode uncertainty and infer latent morphological structures
through posterior distributions. The primary aim of this analysis is to assess whether incorporating
uncertainty modeling leads to more linguistically realistic and generalizable segmentation outcomes. By
evaluating segmentation accuracy alongside measures of latent coherence and uncertainty entropy, this
section moves beyond surface-level performance metrics. Table 4 provides insight into how Bayesian
inference mediates between precision and adaptability, particularly in dialectally diverse and data-scarce
environments. This analysis serves as the culminating empirical component of this study, synthesizing
robustness, interpretability, and computational flexibility.

As shown in Table 4, Bayesian neural models achieved boundary F1-scores between 82.0% and
89.1%, outperforming both probabilistic and character-level models across all corpora. Posterior boundary
precision and recall remained well balanced, particularly in written genres. Latent morpheme coherence
scores were consistently high, reaching 0.91 in Using descriptive texts, indicating stable internal
representations. Uncertainty entropy values were lowest in larger and more homogeneous corpora, suggesting
effective uncertainty calibration. Reduplication structural accuracy improved substantially, exceeding 80% in
Using datasets. Dialectal variation sensitivity indices ranged from 0.76 to 0.88, while cross-corpus
generalization scores demonstrated strong transferability, especially from written to spoken data. These
results indicate robust segmentation performance under varying dialectal and genre conditions.

Theoretically, these findings support the argument that morphology in low-resource dialects is best
modeled as a latent and probabilistic structure rather than a fixed inventory of discrete units [8], [10], [16].
By integrating uncertainty into segmentation decisions, Bayesian neural models avoid overconfident
boundary assignments that often distort reduplication and clitic constructions. Computationally, posterior
inference enables the model to balance local character evidence with global structural regularities, resulting
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in higher coherence and generalization. The strong dialectal sensitivity indices suggest that Bayesian models
are particularly well suited to capturing localized morphological innovations without collapsing them into
standard forms. Compared to earlier models, Bayesian approaches provide a principled mechanism for
linguistic realism under data scarcity. These results position Bayesian unsupervised neural segmentation as
the most promising framework for scalable and inclusive morphological analysis of Indonesian dialects.

5. DISCUSSION

The probabilistic segmentation outcomes demonstrate that frequency-driven models remain
functionally valuable as foundational tools for morphological analysis in low-resource settings. Their
strength lies in consistently identifying high-frequency roots and productive affixes that align with dominant
morphological patterns shared with Standard Indonesian [19], [24]. This functionality is particularly relevant
for rapid corpus bootstrapping, lexicon induction, and preliminary linguistic exploration where annotated
resources are unavailable. However, the same mechanisms that enable stability also generate dysfunction
when confronted with reduplication, cliticization, and dialect-specific innovations. Over-segmentation in
these domains risks distorting morphological structure and obscuring linguistically meaningful units. The
broader implication is that while probabilistic segmentation supports scalability and reproducibility, it cannot
be relied upon as a stand-alone solution for dialect-sensitive morphology. Instead, its role is best understood
as a baseline that delineates the limits of frequency-based generalization in morphologically diverse and
socially embedded language varieties.

The structural explanation for these patterns lies in the optimization logic underpinning probabilistic
segmentation. Models such as Morfessor prioritize lexicon compactness and global likelihood, implicitly
assuming that morphological regularities are best captured through recurring substrings. This assumption
holds in relatively standardized systems but becomes fragile in dialectal contexts characterized by
morphological creativity and phonological alternation. Reduplication and clitics, which often carry pragmatic
or discourse-level functions, violate the model’s preference for minimal description length, leading to
systematic mis-segmentation. From a structural standpoint, the model’s disfunction reflects a mismatch
between its inductive bias and the underlying morphological ecology of dialects. The correlation between
spoken genres and lower boundary consistency further suggests sensitivity to noise and variability. These
findings reinforce theoretical arguments that morphology in low-resource dialects cannot be reduced to
frequency alone, but emerges from layered structural and sociolinguistic constraints [5], [10].

Neural character-level segmentation introduces a different set of functional implications by shifting
the analytical focus from symbolic units to distributional patterns across character sequences [25], [26]. The
results indicate that such models are better equipped to handle phonological variation, allomorphy, and
previously unseen forms, which are pervasive in dialectal data. This adaptability enhances performance in
identifying implicit morpheme boundaries without relying on predefined inventories. Functionally, character-
level learning supports more inclusive modeling of linguistic diversity, as it accommodates irregular and
innovative forms that escape probabilistic baselines. Nonetheless, this flexibility is accompanied by potential
dysfunction, particularly in smaller or noisier corpora where unstable representations can emerge. The
implication is that neural character-level models offer a powerful intermediate solution: they extend beyond
frequency-based segmentation while remaining computationally efficient, yet they require sufficient
exposure to character patterns to stabilize their morphological abstractions.

The underlying cause of these neural patterns can be traced to how sequential architectures encode
contextual dependency. BiLSTM-based models learn morphology as an emergent property of character co-
occurrence and positional regularity, allowing them to internalize gradient distinctions rather than discrete
rules. This structural property explains their superior handling of allomorphy and reduplication, as such
phenomena are often signaled by phonological similarity rather than exact repetition. At the same time, the
absence of explicit uncertainty modeling means that neural networks may overcommit to locally salient
patterns, particularly in sparse datasets. The observed boundary instability thus reflects a tension between
representational richness and data dependency. These findings align with broader computational linguistics
literature suggesting that neural models excel at capturing surface variability [10], [23] but benefit from
mechanisms that regulate confidence and abstraction when generalizing across heterogeneous linguistic
inputs.

The Bayesian neural segmentation results carry the most far-reaching implications for both theory and
application [27]. By integrating uncertainty into the learning process, these models produce segmentation
outcomes that balance precision, adaptability, and linguistic plausibility. Functionally, this enables more
faithful modeling of dialectal morphology, particularly in handling reduplication and clitic structures that
resist deterministic boundary assignment. The capacity to infer coherent latent morphemes while maintaining
calibrated uncertainty supports robust generalization across genres and dialects. Importantly, this approach
mitigates the risks of over-segmentation and overfitting observed in earlier models. The implication is that
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Bayesian neural frameworks provide a scalable pathway for developing language technologies that respect
internal variation without sacrificing analytical rigor. This is especially significant for underrepresented
languages, where annotation scarcity and structural diversity are the norm rather than the exception.

The structural explanation for the superior performance of Bayesian models lies in their probabilistic
treatment of morphology as a latent, non-deterministic system. By maintaining posterior distributions over
boundary placements, these models reconcile local character evidence with global structural constraints,
allowing segmentation decisions to remain flexible under ambiguity. This aligns with linguistic theories that
view morphology as gradient and context-sensitive, particularly in spoken and dialectal varieties [14]. The
correlation between lower uncertainty entropy and higher coherence suggests effective calibration rather than
mere confidence. Moreover, the strong cross-corpus generalization indicates that Bayesian inference supports
abstraction beyond surface form variation. Collectively, these findings suggest that uncertainty is not a
weakness to be eliminated, but a structural resource that enables computational models to approximate the
inherent variability of human language, especially in low-resource and dialectally rich contexts.

6. CONCLUSION

The most salient finding of this study is that morphological structure in low-resource Indonesian
dialects can be reliably inferred without manual annotation when uncertainty-aware neural models are
employed. This research demonstrates that while probabilistic baselines offer stability and character-level
neural models provide adaptability, Bayesian unsupervised neural architectures achieve the most balanced
and linguistically plausible segmentation. This work contributes theoretically by reframing morphology as a
latent, probabilistic structure rather than a fixed symbolic inventory, and methodologically by integrating
comparative unsupervised modeling across dialectal corpora. By foregrounding dialectal variation and raw-
text learning, this study advances computational morphology beyond standard-language bias and renews
perspectives on inclusive, data-scarce language technology development.

Despite these contributions, several limitations should be acknowledged. The analysis relies on
intrinsic evaluation metrics and post-hoc linguistic validation rather than large-scale gold-standard
annotations, which constrains direct comparability with supervised benchmarks. In addition, the dialectal
coverage, while diverse, remains limited to a small number of Indonesian varieties and genres. Future
research should therefore expand the range of dialects and incorporate extrinsic evaluations within
downstream NLP tasks such as speech recognition or machine translation. Further work may also explore
hybrid frameworks that combine Bayesian uncertainty modeling with multilingual transfer or cross-dialect
pretraining, thereby strengthening scalability and applicability across broader low-resource linguistic
ecologies.
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