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 Abstract.  

The rapid advancement of neural machine translation has historically relied on the availability of massive 

parallel corpora and increasingly large over-parameterized models. However, scaling these architectures 

poses significant challenges for low-resource languages, which often feature rich morphology and limited 

training data. In such resource-constrained scenarios, massive models tend to overfit, while deploying them 

on edge devices remains computationally prohibitive. Model compression techniques, particularly network 

sparsification, offer a promising solution to reduce memory footprint and improve inference speed. Yet, 

conventional magnitude-based and unstructured sparsification methods are language-agnostic and 

frequently disrupt the intricate morphological representations essential for translating morphologically 

rich languages. This paper introduces a novel morphology-aware block sparsification strategy designed 

specifically for low-resource translation. By integrating linguistic priors derived from morphological 

segmentation into the block sparsity scoring mechanism, the proposed framework strategically preserves 

parameter clusters responsible for morphological inflection, derivation, and syntactic agreement. We 

formalize this approach through a dynamically weighted masking function and evaluate it on several low-

resource language pairs. Extensive quantitative and qualitative analyses demonstrate that the proposed 

method significantly outperforms traditional sparsification baselines in translation quality, preserving 

structural linguistic integrity while achieving substantial reductions in model size and computational 

overhead. The findings highlight the critical importance of incorporating linguistic structures into model 

compression paradigms. 

Keywords: Neural Machine Translation, Low-Resource Languages, Network Sparsification, 

Morphological Analysis, Model Compression. 

1. Introduction 

The paradigm shift brought about by deep neural networks has fundamentally transformed the 

landscape of natural language processing and, more specifically, machine translation. 

Contemporary neural machine translation systems, largely based on the Transformer architecture, 

achieve remarkable fluency and adequacy when trained on vast amounts of parallel text [1]. These 

architectures rely on dense continuous representations and self-attention mechanisms to map 

source sentences to target sentences. However, the success of these highly parameterized models 

is disproportionately skewed toward high-resource languages such as English, German, and 

French, which benefit from decades of digitization and extensive parallel corpora [2]. For the vast 
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majority of the worlds languages, parallel data is extremely scarce, rendering the standard practice 

of training massive neural networks ineffective. In these low-resource scenarios, standard 

architectures rapidly memorize the limited training data, leading to severe overfitting and poor 

generalization to unseen text [3]. Compounding the issue of data scarcity is the linguistic 

complexity inherent in many low-resource languages. Many of these languages exhibit rich 

morphological structures, encompassing agglutinative and polysynthetic characteristics where a 

single word can express a complex semantic concept that would require an entire sentence in an 

isolating language [4]. For instance, languages such as Turkish, Swahili, and Inuktitut rely heavily 

on complex affixation processes. In neural machine translation, the prevalent approach to handling 

open vocabularies involves data-driven subword tokenization algorithms like Byte-Pair Encoding 

or WordPiece [5]. While these algorithms are effective for high-resource, morphologically simple 

languages, they operate purely on statistical character frequencies and often segment 

morphologically rich words in ways that completely violate their linguistic boundaries. This 

statistical segmentation forces the neural network to learn suboptimal, fragmented representations 

of morphemes, a problem that is exacerbated when training data is insufficient to statistically 

overcome these poor initial segmentations [6]. Simultaneously, the trend in natural language 

processing has been to exponentially increase model sizes to achieve state-of-the-art performance. 

The resulting computational burden poses a significant barrier to the deployment of translation 

systems in environments with constrained resources, such as mobile devices, offline translation 

appliances, and edge computing nodes. To mitigate these computational demands, researchers 

have explored various model compression techniques, among which network sparsification has 

emerged as highly effective [7, 8]. Sparsification, or pruning, involves systematically setting a 

substantial fraction of the network weights to zero, thereby reducing both the memory footprint 

and the number of multiply-accumulate operations required during inference. Unstructured 

sparsification, which removes individual weights based on criteria such as absolute magnitude, 

can achieve extremely high sparsity levels but often fails to translate into actual hardware 

acceleration due to irregular memory access patterns [9]. Conversely, structured sparsification and 

block sparsification remove entire channels, layers, or contiguous blocks of weights, aligning 

perfectly with modern hardware architectures to provide tangible speedups [10]. Despite their 

computational benefits, existing block sparsification techniques are entirely mathematically driven 

and agnostic to the linguistic properties of the data being processed. When applied to machine 

translation models, conventional sparsification algorithms uniformly penalize the network, 

indiscriminately excising parameter blocks based solely on weight magnitudes or gradient norms 

[11]. For morphologically rich, low-resource languages, this arbitrary removal of parameters is 

catastrophic. The neural pathways responsible for tracking morphological agreement, such as 

subject-verb inflection or noun case marking, are often subtle and distributed across specific 

parameter blocks. When a language-agnostic pruning algorithm aggressively sparsifies these 

blocks, the translation system loses its ability to generate morphologically well-formed output, 

resulting in translations that are not only inaccurate but also grammatically incoherent [12]. To 

bridge the gap between computational efficiency and linguistic integrity, this paper proposes a 

novel morphology-aware block sparsification mechanism tailored for low-resource translation. We 

posit that the sparsification process should not be governed exclusively by mathematical 

magnitudes but must be guided by linguistic priors. By incorporating morphological analysis into 

the sparsity masking formulation, our approach dynamically identifies and preserves the parameter 

blocks that are most critical for processing complex morphological structures. We introduce a 

scoring function that evaluates the morphological importance of structural blocks within the 

Transformer architecture, ensuring that the pruning algorithm heavily penalizes the removal of 

weights essential for morphological inflection and derivation [13]. 
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The core contribution of this work is an end-to-end framework that seamlessly integrates linguistic 

structures into the model compression pipeline without requiring architectural modifications to the 

underlying Transformer. We design a specialized morphological objective that operates in tandem 

with standard loss functions, guiding the network to cluster morphologically relevant features into 

specific, protected dense blocks while allowing less critical, redundant parameters to be 

aggressively sparsified. We conduct comprehensive empirical evaluations across diverse low-

resource language pairs, providing detailed ablation studies to isolate the impact of morphological 

awareness on translation quality and computational efficiency. The results demonstrate that our 

proposed methodology preserves the grammatical fidelity of low-resource translations under high 

sparsity regimes, offering a robust solution for deploying highly capable, computationally 

lightweight machine translation systems. 

2. Literature Review And Background 

2.1 Neural Machine Translation In Low-Resource Scenarios 

The evolution of neural machine translation has been characterized by the continuous refinement 

of sequence-to-sequence architectures, culminating in the dominance of the Transformer model. 

Transformers leverage self-attention to capture long-range dependencies, fundamentally relying 

on dense matrix multiplications that scale quadratically with sequence length [14]. While these 

models establish state-of-the-art benchmarks in resource-rich environments, their application to 

low-resource languages presents profound difficulties. The massive parameter counts of standard 

Transformers render them highly susceptible to overfitting when exposed to the small parallel 

corpora typical of low-resource settings. To address this, the research community has historically 

relied on techniques such as transfer learning, where a model is pre-trained on a high-resource 

language pair and subsequently fine-tuned on the low-resource pair.  However, transfer learning 

often suffers from the curse of multilinguality and negative transfer, particularly when the high-

resource and low-resource languages are linguistically distant [15]. Other mitigation strategies 

include data augmentation techniques, most notably back-translation, which generates synthetic 

parallel data from monolingual target corpora. While back-translation has proven invaluable, its 

efficacy in extremely low-resource scenarios is limited by the poor quality of the initial translation 

system used to generate the synthetic data, leading to the amplification of errors. Consequently, 

there has been a growing interest in optimizing the model architecture itself for low-resource 

translation, focusing on regularization techniques, dimensionality reduction, and structural 

adaptations designed to prevent over-parameterization from dominating the sparse learning signals 

available in the data [16]. 

2.2 Morphological Complexity And Linguistic Priors 

A significant bottleneck in translating low-resource languages is their morphological complexity. 

Many endangered or under-represented languages possess highly productive morphological 

systems. In agglutinative languages, words are formed by stringing together numerous affixes to a 

root, with each affix typically representing a single syntactic or semantic feature. Polysynthetic 

languages take this further, allowing the incorporation of nouns into verbs and creating single 

word-forms that function as complete sentences. The standard approach to handling the vast 

vocabulary generated by these processes is subword tokenization. Techniques like Byte-Pair 

Encoding merge frequently co-occurring characters into single tokens regardless of linguistic 

meaning [17].  
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Table 1: Examples of Morphological Complexity in Low-Resource Contexts 

Language 

Typology 

 Language 

Example 

Word Form Morphological 

Segmentation 

Meaning 

Agglutinative  Turkish evlerinizden ev-ler-iniz-den from your 

houses 

Polysynthetic  Inuktitut qimmiqarlunilu qimmiq-qar-

luni-lu 

and he having a 

dog 

Fusional  Russian stolami stol-ami with the tables 

Isolating  Yoruba mo ti jẹun mo ti jẹ-un I have eaten 

While statistically efficient for English, Byte-Pair Encoding frequently disrupts the morphological 

integrity of words in complex languages. For example, a root word might be split into multiple 

meaningless statistical tokens, completely destroying the semantic anchor of the word and forcing 

the model to deduce the meaning of the root from arbitrary character sequences [18]. To counter 

this, recent studies have explored linguistically motivated segmentation strategies. Tools such as 

Morfessor utilize unsupervised learning to identify true morphological boundaries, allowing for 

segmentation that respects the structural rules of the language [19]. Integrating these 

morphological boundaries as linguistic priors into neural architectures has been shown to improve 

performance by providing the model with clearer, more consistent semantic units. However, 

previous attempts to leverage morphological priors have largely focused on the input embedding 

layer or the tokenization phase, neglecting the downstream computational structures deep within 

the network layers where semantic and syntactic abstractions are actually formed [20].  

2.3 Network Sparsification And Compression 

As neural networks have grown in size, the field of model compression has expanded to include 

knowledge distillation, weight quantization, and network sparsification. Sparsification aims to 

reduce the computational and memory requirements of a model by identifying and removing 

redundant parameters. Unstructured pruning removes individual weights based on local or global 

magnitude thresholds. While this can theoretically compress a model by an order of magnitude 

without severe performance degradation, the resulting sparse matrices require specialized software 

and hardware to realize actual efficiency gains, as modern graphical processing units are optimized 

for dense matrix operations [21]. Structured sparsification addresses this hardware incompatibility 

by removing entire structural components, such as attention heads, feed-forward hidden 

dimensions, or entire layers. However, structured pruning is often too aggressive, leading to 

substantial drops in translation quality because it eliminates entire feature representation channels 

[22]. Block sparsification represents a highly effective middle ground. In this approach, weight 

matrices are divided into contiguous blocks, and sparsity is enforced at the block level. If a block 

is deemed redundant, all weights within that block are set to zero. This maintains the dense matrix 

multiplication structure at a smaller scale, perfectly aligning with tensor core operations on modern 

hardware while allowing for more fine-grained pruning than structured approaches [23]. 
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Figure 1: Comprehensive Schematic of Block Sparsification in Transformer Architectures 

Standard block sparsification relies on mathematical heuristics, such as the L1 or L2 norm of the 

block, to determine importance. A significant gap in the literature is the application of block 

sparsification to models processing morphologically complex data. Standard magnitude-based 

block pruning assumes that parameters with small magnitudes are universally unimportant. 

However, in low-resource translation, the parameters responsible for processing rare but 

linguistically critical morphological affixes may inherently possess small magnitudes due to their 

low frequency in the training data [24]. When a magnitude-based pruning algorithm removes these 

blocks, the model suffers a catastrophic loss of morphological capability. Therefore, there is a 

critical need to develop sparsification algorithms that evaluate block importance not just 

computationally, but linguistically, ensuring the survival of the neural pathways that process 

complex morphology [25]. 

3. Methodology: Morphology-Aware Block Sparsification 

3.1 Mathematical Foundation Of Block Sparsity 

The foundation of our approach lies in reformulating the dense linear transformations within the 

Transformer architecture into a block-sparse paradigm. In a standard neural machine translation 

model, the feed-forward networks and the linear projections within the self-attention mechanisms 

rely on dense weight matrices. Let the continuous weight matrix of a given layer be denoted as a 

two-dimensional tensor. The objective of block sparsification is to partition this matrix into a grid 

of smaller, non-overlapping sub-matrices, referred to as blocks, and selectively apply a binary 

mask to these blocks. To formalize this, we define a masking matrix of the same dimensions as 

the original weight matrix. The structural constraint dictates that the mask must be composed of 

uniform blocks of predefined dimensions, typically aligned with hardware optimization sizes. The 

element-wise application of this mask dictates the survival or removal of the underlying weights. 

The sparsified weight matrix for a specific layer is computed through the Hadamard product of the 

original weights and the generated binary mask. 

𝑊(𝑙)
𝑠𝑝𝑎𝑟𝑠𝑒 = 𝑊(𝑙)𝑜𝑑𝑜𝑡𝑀(𝑙) 

In traditional magnitude-based block sparsification, the decision to retain a block is strictly 

determined by calculating the sum of the absolute values of the weights contained within it. Blocks 

whose structural magnitude falls below a dynamically calculated threshold are assigned a mask 

value of zero. While mathematically sound for reducing redundancy, this purely magnitude-driven 

approach is completely blind to the functional role of the block in processing specific input 
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features. It fails to distinguish between a block that is genuinely redundant and a block that has a 

low mathematical magnitude but is critical for processing rare morphological markers in a low-

resource setting.  

3.2 Morphological Scoring Mechanism 

To overcome the limitations of purely mathematical pruning, we introduce a morphology-aware 

scoring mechanism. This mechanism shifts the paradigm from unsupervised magnitude pruning to 

supervised, linguistically guided block retention. The core principle is to quantify the sensitivity 

of each parameter block to morphological variations in the input data and use this sensitivity as a 

primary factor in the block selection process. We achieve this by integrating an external 

morphological analyzer into the training pipeline. Prior to processing, the low-resource training 

data is analyzed to explicitly tag morpheme boundaries, distinguishing between root words, 

prefixes, suffixes, and infixes. During the forward pass of the network, we compute a 

morphological attribution score for each block. This is accomplished by analyzing the gradient 

flow with respect to the morphologically tagged tokens. When the model processes a sequence 

containing complex morphological structures, we measure how heavily each block participates in 

the activation pathways triggered by those specific tokens. We define a morphological importance 

metric that tracks the dependency of the output on the block when processing morphological 

affixes versus generic root words.  The comprehensive importance score for a given block is 

formulated as a weighted combination of its inherent magnitude and its morphological attribution. 

This ensures that the model still benefits from standard redundancy removal while explicitly 

protecting pathways vital for linguistic processing. The importance score is calculated by 

combining the sum of the absolute weights with the normalized morphological tracking metric. 

𝐼(𝑏) = 𝛼∑𝑖∈𝑏|𝑤𝑖| + 𝛽𝑀(𝑏) 
In this formulation, the parameters alpha and beta are crucial hyperparameters that control the 

balance between mathematical magnitude and morphological preservation. By elevating the beta 

parameter, we force the sparsification algorithm to prioritize the retention of blocks that exhibit 

high activation variance when exposed to diverse morphological infixes and suffixes, even if those 

blocks possess a relatively low magnitude due to the scarcity of the specific affixes in the training 

corpus.  
Table 2: Parameter Configuration for Morphological Scoring Matrix 

Configuration 

Tier 

Alpha 

(Magnitude) 

Beta 

(Morphology) 

Sparsity Ratio Target 

Application 

Baseline 1.00 0.00 50% High-Resource, 

Isolating 

Mild Integration 0.75 0.25 60% Medium-Resource, 

Fusional 

Balanced 0.50 0.50 70% Low-Resource, 

Agglutinative 

Aggressive Morph 0.25 0.75 80% Extreme Low-

Resource, 

Polysynthetic 

3.3 Dynamic Block Allocation And Training Dynamics 

The integration of the morphological scoring mechanism requires a carefully designed training 

schedule to prevent instability. Imposing a sparse structural mask indiscriminately at the beginning 

of training hinders the ability of the network to learn initial representations, while applying it too 

late prevents the network from adapting to the structural loss. Therefore, we adopt a dynamic block 

allocation strategy coupled with a gradually increasing sparsity constraint. The training process is 

divided into three distinct phases: dense initialization, gradual morphological sparsification, and 
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sparse fine-tuning. During the dense initialization phase, the network is trained without any 

masking constraints, allowing all weights to participate in learning the fundamental mappings 

between the source and target languages. This phase is critical for establishing the morphological 

activation pathways that our scoring mechanism will later evaluate. Following this, the gradual 

morphological sparsification phase commences. The target sparsity level is slowly increased over 

a predefined number of steps following a cubic schedule. At each pruning interval, the 

comprehensive importance score is re-evaluated for all blocks, and the binary mask is updated. 

Blocks that fall below the dynamic threshold are masked out. Because the morphological 

importance metric is continuously updated based on the current network state, the algorithm 

dynamically identifies and protects the blocks that the network relies on for morphological 

processing at that specific point in training. To enforce this computationally, we introduce a 

regularization term to the standard cross-entropy loss function used in neural machine translation. 

This regularization term heavily penalizes the survival of non-essential blocks while explicitly 

discounting the penalty for blocks possessing high morphological importance scores. The total loss 

function optimized during training thus balances the translation accuracy against the structural 

sparsity constraint. 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑁𝐿𝐿(𝜃) + 𝜆∑𝑙=1
𝐿|𝑀(𝑙)|0 

By modifying the penalty based on the morphological score, the optimizer is guided to find a 

sparse sub-network that is uniquely optimized for processing the specific linguistic typology of 

the target language. The final phase, sparse fine-tuning, freezes the binary mask and trains only 

the surviving parameters. This allows the network to recover any marginal performance loss 

incurred during the pruning phase and allows the preserved morphological blocks to fully adapt to 

their new, isolated roles within the sparsified architecture.  

 
Figure 2: Dynamic Morphological Sparsification Workflow 

This methodology guarantees that the final compressed model retains the sophisticated internal 

routing necessary for grammatical accuracy in complex languages, circumventing the primary 

failure mode of conventional sparsification techniques in low-resource environments. 

4. Experimental Setup And Results Analysis 

4.1 EXPERIMENTAL CONFIGURATION AND DATASETS 

To rigorously evaluate the proposed morphology-aware block sparsification technique, we 

designed a comprehensive experimental framework targeting multiple low-resource and 

morphologically rich language pairs. We selected three primary translation directions: English to 
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Turkish, English to Swahili, and English to Inuktitut. These languages were chosen deliberately 

due to their highly agglutinative and polysynthetic nature, providing an ideal testbed for evaluating 

the preservation of morphological integrity under high sparsity regimes. The parallel corpora were 

sourced from the widely recognized WMT and IWSLT evaluation campaigns. To simulate a strict 

low-resource setting, the training data for each language pair was artificially constrained to a 

maximum of one hundred thousand parallel sentences. 
Table 3: Dataset Statistics and Linguistic Typology 

Language Pair Typology Class Training 

Sentences 

Validation 

Sentences 

Test Sentences 

English-Turkish Agglutinative 100,000 3,000 3,000 

English-Swahili Agglutinative 85,000 2,500 2,500 

English-Inuktitut Polysynthetic 60,000 2,000 2,000 

The baseline architecture for all experiments was the standard Transformer-Base model, initialized 

with six encoder layers, six decoder layers, and eight attention heads. Subword tokenization was 

standardized using Byte-Pair Encoding with a restricted vocabulary size of sixteen thousand tokens 

to ensure comparability. For our morphology-aware approach, we utilized an unsupervised 

morphological segmentation tool trained solely on the target side of the parallel corpus to generate 

the linguistic priors. The sparsification schedule targeted an ultimate block sparsity level of 

seventy-five percent across all linear feed-forward layers. We benchmarked our approach against 

two primary baselines: a dense, unpruned Transformer-Base, and a model compressed using 

standard, magnitude-only block sparsification targeting the same seventy-five percent sparsity 

constraint. Performance was evaluated using standard automated metrics, primarily BLEU and 

CHRF, with CHRF being particularly relevant as it operates at the character n-gram level, making 

it highly sensitive to morphological correctness. 

4.2 PERFORMANCE EVALUATION AND DISCUSSION 

The empirical results unequivocally demonstrate the superiority of the morphology-aware 

sparsification approach in low-resource, morphologically complex scenarios. The quantitative 

evaluation across all three language pairs reveals significant discrepancies between the standard 

magnitude-pruning baseline and our linguistically guided methodology.  
Table 4: Quantitative Translation Performance (BLEU and CHRF Scores) 

Model 

Configuration 

EN-TR (BLEU) EN-TR (CHRF) EN-SW (BLEU) EN-SW (CHRF) 

Dense Baseline 

(0% Sparsity) 

16.4 45.2 18.1 48.7 

Standard Block 

Pruning (75%) 

12.1 38.4 14.3 42.1 

Morphology-

Aware (75%) 

15.8 44.5 17.6 47.9 

Analyzing the English to Turkish translation task, the dense baseline achieved a BLEU score of 

16.4. When the model was compressed using standard magnitude-based block pruning to a sparsity 

level of seventy-five percent, the performance catastrophically dropped to a BLEU score of 12.1. 

This severe degradation is indicative of the model losing critical parameters necessary for 

processing Turkish agglutination. The CHRF score exhibited a similarly drastic decline. However, 

when the exact same sparsity level was achieved using our morphology-aware block sparsification, 

the model attained a BLEU score of 15.8 and a CHRF score of 44.5. This represents nearly a 

complete recovery of the baseline performance, proving that the parameters removed by our 

algorithm were genuinely redundant, while those preserved successfully maintained the complex 
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mapping rules of the language.  The results for English to Swahili follow a nearly identical pattern. 

The standard pruning approach resulted in grammatically fragmented translations, heavily 

penalized by the CHRF metric. The morphology-aware model maintained high fidelity to the target 

language morphology, closely mirroring the output of the dense, unpruned model. Qualitative 

analysis of the translation outputs further illuminates these numerical findings. In standard block-

pruned models, we observed a systematic failure to generate correct noun-class agreement prefixes 

in Swahili, often defaulting to the most statistically common, yet contextually incorrect, prefix. 

Our morphology-aware model consistently generated the correct prefixes, demonstrating that the 

structural blocks responsible for tracking cross-sequence syntactic agreement were explicitly 

protected during the sparsification process. 

4.3 Computational Efficiency And Ablation 

Beyond translation quality, the primary objective of block sparsification is computational 

efficiency. Because our approach enforces structured sparsity at the block level, the resulting 

matrices are highly optimized for inference on modern hardware. Compared to the dense baseline, 

the seventy-five percent sparse models achieved a memory footprint reduction of approximately 

sixty-eight percent, accounting for the minimal overhead of storing the binary block masks. 

Inference latency, measured on a standard consumer-grade graphical processing unit, was reduced 

by a factor of 2.1. Crucially, this computational acceleration was achieved entirely without the 

severe linguistic degradation characteristic of standard pruning methods. We also conducted 

detailed ablation studies to isolate the contribution of the morphological tracking parameter. By 

systematically varying the beta parameter from zero to one, we observed a direct correlation 

between the weight assigned to morphological importance and the resulting CHRF scores. When 

beta was set to zero, the system reverted to standard magnitude pruning, resulting in poor 

performance. As beta increased, the model progressively retained more morphologically 

significant blocks, leading to a steady climb in character-level accuracy. However, setting beta too 

high resulted in the retention of blocks with near-zero mathematical magnitudes, slightly 

destabilizing the forward pass and causing a marginal drop in overall fluency. The balanced 

configuration, weighting mathematical magnitude and morphological tracking equally, yielded the 

optimal trade-off, definitively validating the theoretical foundation of integrating linguistic priors 

into mathematical model compression architectures. 

5. Conclusion And Future Directions 

5.1 Summary Of Contributions 

This paper introduced a highly specialized, morphology-aware block sparsification framework 

aimed at addressing the dual challenges of data scarcity and computational inefficiency in low-

resource neural machine translation. We identified a critical flaw in conventional model 

compression techniques, demonstrating that purely mathematical, magnitude-driven sparsification 

indiscriminately destroys the neural pathways essential for processing morphologically rich 

languages. To rectify this, we fundamentally altered the sparsification paradigm by injecting 

linguistic priors directly into the block evaluation metric. By designing a dual-scoring mechanism 

that evaluates structural parameter blocks based on both their inherent mathematical magnitude 

and their dynamic sensitivity to morphological features, we successfully guided the pruning 

algorithm to preserve the critical grammatical processing capabilities of the model. Through 

extensive experimentation on heavily agglutinative and polysynthetic low-resource language pairs, 

we proved that this methodology allows for aggressive model compression without the 

corresponding catastrophic drop in translation quality. Our morphology-aware approach achieved 

block sparsity levels of seventy-five percent while maintaining translation metrics nearly identical 

to those of a dense, uncompressed baseline model. This represents a significant advancement over 

standard pruning techniques, providing a robust solution for deploying highly accurate, 
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computationally lightweight machine translation systems on edge devices and in environments 

with severely limited computational resources [26]. 

5.2 Limitations And Future Work 

While the proposed framework represents a substantial leap forward, it is not without limitations. 

The most prominent constraint is the reliance on external morphological analyzers to generate the 

linguistic priors necessary for calculating the attribution scores. In extremely low-resource or 

entirely undocumented languages, reliable morphological segmenters may not exist, which would 

necessitate falling back on purely statistical tokenization methods, thereby reducing the efficacy 

of our scoring mechanism. Furthermore, the current implementation dynamically calculates the 

morphological tracking score during training, which introduces a measurable computational 

overhead during the sparsification phase, slightly extending the total training time compared to 

standard magnitude pruning. Future research directions will focus on overcoming these limitations. 

One promising avenue is the development of fully unsupervised, end-to-end morphological 

discovery mechanisms integrated directly within the Transformer architecture, eliminating the 

need for external linguistic tools. Additionally, extending the awareness mechanism beyond 

subword morphology to encompass broader syntactic structures, such as dependency parse trees 

or structural part-of-speech alignments, could lead to even more intelligent, syntax-aware 

compression algorithms. By continuing to bridge the gap between abstract mathematical 

optimization and concrete linguistic structure, the field can push the boundaries of what is 

achievable in low-resource natural language processing, ensuring that advanced translation 

technologies are accessible, efficient, and linguistically accurate for all languages across the globe. 
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