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SUMMARY 

Manual comparative methods have long been the main source for reconstructing Proto-Indo-European 

(PIE) dialects, with their weaknesses including fragmentary corpora, interpretive bias, and a lack of direct 

textual evidence. This paper introduces a probabilistic semantic reconstruction model that combines 

computational comparative linguistics and deep neural archiving to learn and reconstruct the dialectal 

variations that have been lost in PIE. A multilingual dataset of 12 Indo-European language branches and 

18,742 cognate sets, with phonological, morphological, and semantic feature embeddings, was compiled 

and entered. An inverse phylogenetic inference model based on Bayesian inference and a                        

transformer-based deep neural network trained on 4.6 million aligned lexical tokens was used to predict 

proto-forms and semantic shifts. When tested against known scholarly reconstructions, the proposed 

model achieved 86.3% accuracy in phonological reconstruction and 0.81 semantic consistency (cosine 

similarity metric). Cross-validation indicated a 14.7% decrease in reconstruction variance compared to 

traditional rule-based methods. Probabilistic confidence intervals (95% CI) also showed consistent 

predictions for high-frequency lexical roots, with posterior probabilities greater than 0.90 for the 
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reconstructed forms (63%). Moreover, statistically significant divergence patterns (p < 0.01) were 

observed in the dialectal clustering analysis and were consistent with established Indo-European subgroup 

stratifications. The results show that probabilistic modelling with deep neural semantic archiving can 

significantly improve the reliability and interpretability of reconstruction. This framework offers a 

computational approach to historical linguistics that can be scaled and replicated. Also, it provides a new 

quantitative understanding of the evolution of proto-languages and dialect differentiation within the                 

Indo-European family. 

Key words: proto-indo-european reconstruction, computational comparative linguistics, probabilistic 

phylogenetic modelling, deep neural language models, semantic embedding analysis, historical 

linguistics digitisation, dialectal evolution modelling. 

INTRODUCTION 

Proto-Indo-European (PIE) is the hypothetical predecessor of the vast language family that spans from 

South Asia to Western Europe. Its phonology, morphology, and lexicon have not been attested in 

writing, although they have been deduced using the comparative method, which reveals regular 

correspondences between daughter languages. The motivation for the laryngeal theory, which has been 

underpinned by computational phonetic modelling, has strengthened the empirical basis of PIE 

phonology [1]. Cognancy databases and phylogenetic systems have also enabled systematic 

comparisons at the at the Indo-European subgroup level. The last model-hybrid trees with sampled 

ancestors offer statistically supported chronologies and splitting theories [7]. Also, diachronic 

phonological data, including BDPROTO, indicate quantifiable patterns of inventory change that provide 

quantitative benchmarks for proto-level recovery [6]. Collectively, these advances present PIE not just 

as an object of historical abstraction but also as an experiment in applying linguistic theory to 

computational inference. 

Despite methodological progress, it is hard to reconstruct dialectal variation in PIE. The normalisation 

of a proto-system is likely to result from traditional reconstruction, which can obscure the region's or 

period's heterogeneity. The methodological discussion of ancestral inference of states continues, 

including comparisons between traditional comparative methods and probabilistic or grammar-based 

attempts to reconstruct them. Dialect modelling is further complicated by the scarcity of data and by 

imbalanced records on descendant languages and borrowing [9]. The surveyed machine learning 

applications to ancient languages show both potential and drawbacks, especially regarding 

interpretability and data bias [2]. Besides, recent methodological criticisms highlight an epistemological 

conflict between reconstruction as hypothesis and reconstruction as probabilistic estimation [3]. Some 

usage-based evolutionary models imply that syntactic change might be context-dependent and thus not 

evenly spread, making it more difficult to differentiate dialects across proto-stages [10].  

 
Figure 1. System architecture of the proposed computational reconstruction model 

The figure 1 shows how the semantic reconstruction model of probability limits the study of  

Proto-Indo-European dialects. It has an input layer consisting of aligned cognate data, a phonological 

matrix, and semantic embeddings. It also has a preprocessing layer that extracts, aligns, and homogenises 

features. The probabilistic core is brought close to the posterior proto-form distributions using Bayesian 

inference and MCMC sampling. These distributions are then enhanced by the embedding module using 

the semantic similarity score. Subsequently, a dialect clustering layer would identify divergence values 

and hierarchical groupings, which, in turn, would build structured dialect continua. The output layer 

reconstructs proto-forms, provides a confidence interval, and provides an easily visible representation 

of the dialect continuum. This brings out statistical rigour and clarity of grammar. 
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The idea of probabilistic semantic reconstruction not only covers the area of phonological alignment but 

also addresses meaning change as a context-sensitive, distributional process. Recent developments in 

computational historical linguistics have shown that Bayesian phylogeny, neural sequence models, and 

feature embeddings can be combined to estimate proto-forms and semantic paths [4]. Deep neural 

architectures trained on matched cognate sets can capture non-linear correspondences and latent 

semantic changes, and inference pathways can be traced [2]. Coupling the databases of cognacy with 

probabilistic processes for reconstructing ancestors enhances reproducibility and enables the estimation 

of the posterior confidence in reconstructed forms [5][8]. Placing lexical items in high-dimensional 

semantic spaces, researchers can measure divergence patterns and cluster dialectal variants in 

probabilistic, and not in categorical ways. This computing twist reconstructs reconstruction as an 

inferential modelling problem based on quantifiable possibilities and prediction cross-validation. 

The reconstructions of the lost Proto-Indo-European dialects have been the key to the prehistory of the 

Eurasian languages. A computationally based probabilistic approach overcomes long-held constraints 

of purely manual reconstruction: it explicitly represents uncertainty, variability, and semantic change. 

The further development of this methodology leads to greater methodological clarity, replicability, and 

interdisciplinary approaches in historical linguistics. 

In this paper, a probabilistic model of semantic reconstruction is presented that combines comparative 

linguistic data, phylogenetic inference, and deep neural archiving into a single framework. It modulates 

dialect differentiation as a quantifiable statistical procedure and provides confidence measures for 

reconstructed forms, offering a reproducible, quantitatively validated approach to the study of                       

Proto-Indo-European dialects. 

The rest of the paper is organised as follows. Section II is a review of the existing research on the 

reconstruction of Proto-Indo-European, probabilistic semantic modelling, and computational techniques 

in historical linguistics. Section III elaborates on the approach to be used, including the construction of 

the datasets, probabilistic modelling, mathematical formulation, and the implementation of the 

algorithm. Section IV shows the outcomes of the experiment, performance and analysis of ablation. 

Section V will cover the implications, limitations and subsequent directions of the approach in general, 

and Section VI will conclude with the important findings and future perspectives of further research. 

LITERATURE REVIEW 

Proto-Indo-European (PIE) reconstruction has increasingly been carried out in a way that is 

quantitatively testable (rather than rule-based comparative analysis). In a study presenting initial                   

large-scale findings on cognate alignment, it was shown that automated reflex prediction can 

approximate traditional reconstructions on aligned daughter-language datasets [15]. Resources like the 

Romance Borrowing Cognate Package (ROBOCOP) further underscore the importance of using curated 

multilingual collections to assess cognate detection and the sensitivity of borrowings [14]. The tools 

have made the distinction between inherited and contact-induced forms clear, which, at a higher level 

of theory, is significant for the modelling of proto-dialects [17]. In the event of gradient divergence, 

features may not be discrete; thus, the reconstructed nodes must support overlapping feature 

distributions, but not categorical states. It has been shown through contact linguistics studies that trees 

of interaction based upon prehistoric assumptions are complicated to consider, and hybrid or reticulated 

models are needed [19]. Notably, all these findings indicate that PIE reconstruction involves 

probabilistic modelling that can incorporate both inheritance and diffusion within a single analytical 

framework. 

Probabilistic semantic reconstruction has found the following in non-Indo-European languages, 

especially in diachronic corpus studies. One recent framework for annotating Latin diachronic lexical 

semantics exemplifies how sense evolution can be traced using structured corpora with semantic labels 

and contextual tags [20]. Quantitative semantic drift tracking, using distributional similarity and 

temporal models, can be applied to such corpora (self-rewarded interpretations of ancient scripts) [11]. 

On the same note, the neural-cultural architecture used for artifacts such as the Phaistos Disc can be used 

to show how symbolic interpretation can be simulated as a pattern recognition problem under 
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probabilistic constraints imposed by cultural priors [16]. These studies, though in other linguistic 

settings, demonstrate the principles of methodological approaches to the study of linguistic diffusion: 

uncertainty, sparse data, and contextual embedding must be considered in semantic inversion. 

Quantitative studies have also linked linguistic diffusion to broader historical processes [21]. The study 

demonstrates that language features can serve as probabilistic predictors of the diffusion of social and 

religious characteristics, supporting the usefulness of language as an organised proxy for historical 

reconstruction. All these studies together point to the fact that semantic change should be most 

effectively considered a gradient and contextual phenomenon rather than a series of discrete 

replacements. 

The approach of historical linguistics has been enriched during the recent computational developments. 

Dependency parsing of Vedic Sanskrit based on data shows that morphosyntactic structures of ancient 

corpora can be trained with supervised and semi-supervised models, leading to robust syntactic 

annotation even with limited training data [12][13]. This type of syntactic modelling provides stronger 

structural support for proto-level inference beyond the lexicon and phonology. It has invalidated 

dichotomous typological categories based on word order, proposing continuous probabilistic ones [18]. 

These methods are consistent with machine-learning models, which predict feature likelihoods but do 

not use categorical assignments. In addition, there are some technical themes common in the cognate 

reflex prediction in shared-task evaluations: the necessity of benchmarking and reproducibility in 

computational reconstruction, probabilistic inference, and neural architectures that can represent                        

non-linear correspondences [15]. They are collectively used to provide a methodological basis for the 

probabilistic semantic reconstruction of Proto-Indo-European. 

The literature reviewed has led to three main insights. First, reconstruction is more and more a problem 

of probabilistic inference and less of the application of the rule. Second, semantic and syntactic change 

can be said to have a gradient, context-dependent nature, which requires distributional modelling. Third, 

computational methods, including benchmarks of cognates and neural parsing systems, have shown that 

structured uncertainty can be estimated and empirically considered. The implications of these findings 

for the current research are that they provide a more plausible, semantically enhanced reconstruction 

paradigm for the lost Proto-Indo-European dialects, grounded in a replicable computational 

methodology. 

METHODOLOGY 

Collection and Analysis of Existing Linguistic Data on Proto-Indo-European Dialects 

The dataset was based on digitised cognate inventories, phonological correspondences, and 

morphosyntactic feature matrices for 12 Indo-European branches. A standard phonetic encoding system 

was used to divide each lexical entry into units at the phoneme level, preserving articulatory 

characteristics. The harmonised daughter-language forms of each cognate set were projected to 

structured vectors of phonological (voicing, place, manner), morphological, and semantic glosses in 

context. Where D denotes L1,  L2, … ,  Ln denote the union of daughter languages, and C =  c1, c2, … , cm 

denote the union of aligned cognate groups. Each cognate cj  is represented as a feature tensor Xjin Rnxf 

such that f is the number of features extracted. The feature frequency, i.e., the frequency of features in 

languages, is estimated: 

P( Fk ∣∣ cj ) =
∑ 1(Fk ∈ Li)

n
i=1

n
                                                               (1) 

Fk is a given phonological or semantic feature and 1(∙) is the indicator function. Equation (1) gives a 

normalized probability of retaining the feature in each branch, to construct the empirical prior. Singular 

value decomposition has been used to reduce the number of redundant correlations and hence preserve 

the interpretable components. The Mahala-Nobis distance was used to find outlier to detect the 

possibility of borrowings or unusual reflexes before probabilistic modeling. 
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Figure 2. Methodological workflow of the probabilistic semantic reconstruction framework 

In figure 2 is an example of the serial process of the proposed probabilistic semantic reconstruction 

approach. It starts with systematic data collection, phonological and semantic data encoding to form 

systematic linguistic representations. Bayesian maximization is then performed to come up with 

posterior distributions which are estimated using prior probabilities coupled with the likelihood 

computations. The use of MCMC sampling is used to estimate the stable posterior estimates and 

uncertainty quantification. The rebuilt proto-forms are later grouped with the help of dialect clustering 

with measures of divergence, and the framework is finally concluded by performance measures with 

quantitative measures in order to determine reconstruction accuracy, semantic coherence and reliability 

in differentiating dialects. 

Probabilistic Model Construction of Semantic Reconstruction 

The semantic reconstruction was formulated as a latent variable inference problem. Each proto-form 

πj,which represents cognate set cj is regarded as a hidden state, which produces observed                          

daughter-language forms. The framework used was a Bayesian model which used empirical priors in 

Equation (1) and then likelihood functions based on phonological transition probabilities. The posterior 

probability of a proto-form is given in equation (2): 

P( πj ∣∣ Xj ) =
P( Xj ∣∣ πj )P(πj)

P(Xj)
                                                                            (2) 

and P(πj) is the prior over candidate proto-forms and P( Xj ∣∣ πj ) is the likelihood of a transformation 

by weighted edit-distance transformations and semantic embedding similarity. Cosine similarity forms 

of semantic similarity between reconstructed proto-embeddings eπ and aggregated daughter 

embeddings ed: 

Sim(π
j
) =

eπ ⋅ ed

∥ eπ ∥∥ ed ∥
                                                                                        (3) 

Equation (3) limits the candidate proto-forms to semantically viable portions of the embedding space. 

The last reconstruction is the maximization of the joint goal with phonological likelihood and semantic 

coherence, shown in Equation (4): 
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π̂j = arg max
πj

[logP(Xj ∣ πj) + λSim(πj)]                                                 (4) 

with λ controlling the role of semantic alignment. Approximation of the posterior distributions was done 

using Markov Chain Monte Carlo sampling so that the reconstructed forms can have confidence intervals 

and that the dialectal variation can be represented by the multimodal posterior clusters. 

Implementation of Computational Comparison Algorithms for Dialect Analysis 

The analysis of dialect differentiation was performed on the basis of hierarchical clustering of the 

posterior proto-form distributions. Jensen-Shannon divergence was calculated between reconstructed 

feature distribution of branch La and Lb to compute pairwise dialectal distance between branches. The 

graph-based representation was built in which the nodes were used to represent the dialect clusters and 

the weights of the edges symbolized the divergence probabilities. The workflow of calculations is the 

following: 

RESULTS 

Evaluation of the Accuracy and Effectiveness of the Probabilistic Semantic Reconstruction Models 

The test version of the model was tested on a whitelisted dataset of 18, 742 aligned cognate sets 

representing twelve Indo-European branches with a total of 4.6 million phoneme-level tokens. 

Phonological feature vectors (28 articulatory dimensions), morphological tags (12 categorical markers), 

and semantic embeddings of size 300, based on diachronic lexical contexts were included in each of the 

entries. Stratified sampling across language branches was used to divide the data into 70% training, 15% 

validation and 15% testing partitions. It was implemented with Python 3.11 with Neural component 

implementation using PyTorch, probabilistic computation using NumPy and SciPy and dialect clustering 

using NetworkX. Sampling of MCMC was performed where it ran 10, 000 iterations per cognate set and 

a burn-in of 2, 000 iterations. The accuracy of reconstruction was calculated as shown in equation (5): 

Accuracy =
Ncorrect

Ntotal

                                                                             (5) 

where Ncorrect is reconstructed proto-forms to the accepted scholarly standards. On the test set, the model 

attained a total phonological reconstruction rate of 86.3. Mean cosine similarity was the measure of 

performance in semantic alignment, defined in equation (6): 

MeanSim =
1

m
∑

eπj
⋅ edj

∥ eπj
∥∥ edj

∥
                                                       (6)

m

j=1

 

with a score of 0.81 in reconstructed items. The F1-score of feature prediction was again used to measure 

the model robustness, defined in equation (7): 

F1 = 2 ∙
Precision ∙ Recall

Precision + Recall
                                                            (7) 

and a macro-averaged F1 of 0.84 which is a balanced precision/ recalling both phonological and 

semantic. 

Parameter Initialization 

In table 1 specifies the experimental conditions of the controlled experiment to train and test the 

probabilistic semantic reconstruction framework. The main hyperparameters are 300-dimensional 

semantic embedding space that retains contextual subtlety, 0.001 learning rate that is optimized by Adam 

that ensures the smooth convergence, and semantic weighting factor (0.35) that balances between 

phonological probability and embedding similarity. The 10,000 MCMC iterations were used and the 



Mastura Tadjieva. et al: Probabilistic semantic ……  Archives for Technical Sciences 2026, 35(1), 49-59 

Technical Institute Bijeljina, Archives for Technical Sciences. Year XVIII – N 0 35           55 

burn-in was set at 2,000 steps to verify that the posteriors would converge. A batch size of 64 was used 

to represent efficient gradient computation together with generalization across cognate sets. The 

validation-based tuning of these parameters was used to reduce the reconstruction accuracy and semantic 

coherence. 

Table 1. Probabilistic reconstruction model experimental setting 

Parameter Value Description 

Embedding dimension 300 Semantic vector size 

Learning rate 0.001 Adam optimizer 

λ (semantic weight) 0.35 Controls semantic contribution 

MCMC iterations 10,000 Posterior sampling steps 

Burn-in period 2,000 Initial discarded samples 

Batch size 64 Training mini-batch size 

Comparison of Reconstructed Dialects with Known Languages and Dialects 

Later proto-form collections were correlated with the known early dialects (e.g., Vedic Sanskrit, 

Homeric Greek, Old Latin). The Jensen-Shannon divergence between reconstructed feature distributions 

and early attested forms had an average of 0.12, which also showed strong structural proximity. The 

model predicted phonological shift patterns in 91% of groups of known satem centum splits. 

Table 2. Indo-european phonological performance of reconstruction across branches 

Branch Group Accuracy F1-Score 

Indo-Iranian 0.88 0.86 

Hellenic 0.85 0.83 

Italic 0.84 0.82 

Germanic 0.87 0.85 

In table 2 below shows the phonological reconstruction score and macro-averaged F1-scores of major 

branch groups in Indo-European. The findings indicate high predictive performance among the 

branches, the values of predictive accuracy of Indo-Iranian and Germanic branches are slightly bigger. 

The equal F1-scores suggest that the model is effective in predicting accuracy and recall in the prediction 

of phonological features, which proves the robustness of the model in different linguistic structures. 

Table 3. Proto-forms reconstructed semantic similarity scores 

Branch Group MeanSim 

Indo-Iranian 0.83 

Hellenic 0.80 

Italic 0.78 

Germanic 0.82 

The results of this table 3 are the mean cosine similarity of reconstructed proto-form embeddings and 

the aggregated daughter-language semantic vectors. The semantic coherence scores of 0.78 to 0.83 are 

high pointing to similarity of the branches. Similarity values appeared to be stable, indicating that 

embedding-based constraints are effective and help to maintain contextual meaning during 

reconstruction, even in the situation when phonological divergence is high. The findings suggest that, at 

least among geographically separated branches, semantic coherence does not decrease, which suggests 

embedding-based inference robustness. 

Insights from Computational Comparison of Lost Dialects 

The clustering of the posterior distributions gave three large proto-dialect continua instead of narrower 

categories. Divergence analysis revealed that the lexical retention probabilities were over 0.90 in the 

high-frequency roots whereas the morphosyntactic variation was wider in their posterior distribution. 

The table 4 provides a summary of the values of the Jensen-Shannon divergence and posterior 

confidence levels of the identified dialect clusters. The values of divergence are smaller to show the 

structural proximity among reconstructed variants whereas the estimates of posterior confidence are 
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used to measure the statistical reliability. The findings agree with a model of a slow differentiation of 

dialect, with high values of confidence that show that multimodal posterior distributions are stable across 

clusters. 

Table 4. Dialling and posterior confidence measures 

Dialect Cluster Avg. JS Divergence Posterior Confidence 

Cluster A 0.11 0.92 

Cluster B 0.14 0.88 

Cluster C 0.16 0.85 

These results show gradual variations of dialects, which are in line with probabilistic multimodality in 

posterior samples. 

Performance Evaluation 

The evaluation was a mixture of phonological correctness, semantic similarity and divergence stability. 

Five-fold cross-validation revealed a variance of less than 3% and this means that consistent 

convergence of the parameter values. The combined goal enhanced the reconstruction confidence 

intervals by 14.7% over phonology baselines only. 

 

Figure 3. Semantic similarity distribution of each branch 

In figure 3 displays the distribution of semantic similarity scores of reconstructed proto-forms and 

among the daughter-language embeddings in the form of aggregated scores. The concentration patterns 

and variability in each branch have been shown by the density contours indicating that the semantic 

coherence of the value of similarity is strongly clustered. The low dispersion implies that contextual 

meaning is maintained well in the form of embedding-based constraints during the reconstruction 

process. 

Stacked area plot (Figure 4) compares the reconstruction accuracy, semantic similarity, and the F1-score 

of the various model configurations. The addition of Bayesian inference and semantic weighting proves 

to be incrementally beneficial to the performance by the cumulative area expansion to the end system 

configuration. Such visualization establishes the complementary role of every modeling component to 

the overall reconstruction efficacy. 
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Figure 4. Stacked area plot of performance metrics 

DISCUSSION 

The results have a number of implications on historical linguistics and Indo-European studies. Through 

a reformulation of proto-language modeling as a measurable and testable process by treating 

reconstruction as a problem of probabilistic inference instead of a strictly deterministic comparison of 

sound laws, the study covers a novel concept of proto-language modeling. This transformation enables 

uncertainty, variation and overlap of dialect to be measured instead of being implicitly addressed. In the 

case of Indo-European studies, particularly, the evidence points toward the fact that early dialect 

differentiation may have taken the form of continua rather than splits, which is in line with gradual 

differentiation of lexical retention and morphosyntactic variation. Simultaneously, probabilistic 

semantic reconstruction approach has certain limitations as well. Its performance is also very dependent 

on the quality and balance of aligned cognate datasets and imbalanced documentation in between 

branches can provide subtle bias to posterior estimates. Although powerful, semantic embeddings are 

able to encode culturally specific meanings into generalized vector spaces. Future studies can further 

develop the framework by incorporating more syntactic annotation, modeling contact induced change 

in more explicit way and multimodal archaeological or genetic data to further differentiate the dialects 

stratification in the Proto-Indo-European. 

CONCLUSION 

A probabilistic semantic reconstruction framework that was presented in this study was aimed at 

modeling lost Proto-Indo-European dialects using computational comparative analysis and deep neural 

archiving. The model has a phonological reconstruction accuracy of 86.3% and a macro-averaged                      

F1-score of 0.84 and a mean semantic similarity of 0.81 between reconstructed proto-forms and 

aggregated daughter-language representations. Less than 3% performance variation was found between 

folds during cross-validation and 14.7% variance in reconstruction was lower than phonology-only 

baselines. High-frequency lexical roots had posterior probabilities greater than 0.90 in 63 % of cases, 

which shows that much confidence is placed in reconstruction of core vocabulary. Further results of 

divergence analysis revealed low average values of Jensen-Shannon (about 0.12), which confirms that 

dialect differentiation occurred gradually and not instantly divided. These findings all indicate that 

probabilistic semantic reconstruction is empirically rigorous and flexible in interpretation. The strategy 

allows the researchers to measure uncertainty, rank competing proto-form hypotheses, and identify 

latent dialectal structure in a single statistical system. The next-generation research ought to optimize 

semantic representation of low-frequency lexical representations, increase cross-family test, and 

investigate hybrid tree-network modeling that is more favourable towards prehistoric contact. Finally, 

the importance of the framework is that it will bring Proto-Indo-European reconstruction to a much more 
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qualitative level, and to the more transparent and reproducible, statistically-based approach that can shed 

some light on the dynamics of the dead dialects. 
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