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ABSTRACT

Text summarization for low-resource languages remains constrained by limited
training corpora and the computational demands of large transformer models.
This paper presents a modular transformer-based framework designed to ad-
dress both constraints through architectural decomposition rather than data ex-
pansion. The framework separates the summarization pipeline into three inter-
changeable modules: a lightweight multilingual encoder pretrained on cross-
lingual embeddings, a compression-aware attention mechanism that reduces pa-
rameter overhead by sharing weights across decoder layers, and a fine-tuning
adapter layer that allows rapid domain adaptation with minimal labeled data.
Each module operates independently, allowing researchers to swap components
based on the target language’s available resources without retraining the entire
model. The design prioritizes transfer learning from high-resource languages,
using adapter-based fine-tuning to bridge the performance gap that typically af-
fects low-resource settings. We detail the architectural specifications, including
layer configurations, attention head allocation, and the adapter injection strategy,
alongside a reference implementation in Python using standard deep learning li-
braries. Rather than reporting benchmark results from empirical data collection,
this study focuses on the design rationale, computational efficiency projections,
and scalability considerations for languages with sparse digital text resources.
The discussion extends to the framework’s potential impact: reduced infrastruc-
ture barriers for NLP research in underrepresented languages, faster deployment
cycles for organizations working in multilingual contexts, and a contribution to-
ward more equitable access to AI-driven language technology. The proposed
architecture offers a practical blueprint for researchers and practitioners aiming
to build summarization systems where labeled data and computational resources
are scarce.
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1 INTRODUCTION
The volume of digital text produced across news platforms, government portals, and social media

has grown far beyond what any human reader can process manually, and automatic text summarization has
become a practical necessity rather than a research curiosity [1]. Organizations working with Indonesian,

Journal homepage: https://journal.sundarapublishing.com/shem

https://doi.org/10.68012/shem
https://orcid.org/0000-0002-6696-9450
https://orcid.org/0000-0002-6257-4881
mailto:shofiyul@raharja.info
mailto:sean01@ilearning.ee
mailto:vaher.kristin@ilearning.ee
mailto:dwi.julianingsih@raharja.info
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.68012/shem.v2i2.271
https://creativecommons.org/licenses/by/4.0/
https://journal.sundarapublishing.com/shem


Smart Human-centered Emerging Research in Machine Intelligence (SHEM) ❒ 83

Nepali, Urdu, Vietnamese, and hundreds of other languages face the same demand for condensed, accurate
summaries that English-speaking institutions solved years ago with large pretrained models [2]. The gap does
not stem from a lack of interest in these languages. It stems from a lack of digital text, annotated corpora,
and computational infrastructure available to researchers who work outside a handful of well-funded language
communities. A model trained on English news articles cannot simply be pointed at a Javanese or Sundanese
corpus and expected to produce coherent summaries, because the underlying vocabulary, syntax, and discourse
patterns differ too much for direct transfer [3, 4]. This mismatch between where NLP research concentrates its
resources and where the practical need for summarization actually exists forms the starting point for this study
[5].

Researchers have already begun to close this gap using multilingual pretrained transformers as a foun-
dation [6]. adapted mBERT and mT5 for Urdu summarization, building a dedicated dataset of over seventy-six
thousand article-summary pairs and producing a compressed model that matched high-resource baselines on
ROUGE and BERTScore metrics [7]. [8] took a similar path for Nepali, fine-tuning mBART and mT5 on a
web-scraped news corpus and validating the output through both automated scoring and human evaluation.
Outside the summarization space specifically, researchers have paired OCR pipelines with multilingual pro-
cessing to extend text accessibility to Indic scripts, treating summarization as one stage in a longer accessibility
pipeline rather than the sole objective [9]. Across these efforts, a consistent pattern emerges: each research
group builds a new dataset, fine-tunes an existing large multilingual backbone end to end, and reports results
specific to one language and one domain, usually news text [10].

That pattern reveals the gap this paper addresses. Every one of these approaches ties the summariza-
tion system to a full retraining cycle whenever a new language, domain, or resource constraint appears, which
means the engineering effort invested in Urdu does not transfer to Nepali, and the effort invested in Nepali does
not transfer to the next language a research team decides to tackle [11, 12]. Full fine-tuning of a multilingual
backbone also demands GPU resources that many research groups in low-resource language communities sim-
ply do not have access to, which turns computational cost into a second barrier layered on top of the original
data scarcity problem [13, 14]. Parameter-efficient fine-tuning techniques such as adapters have shown promise
in the broader transfer learning literature, yet the summarization research reviewed above still favors full fine-
tuning over adapter-based strategies, and no existing work packages the encoder, the attention mechanism, and
the fine-tuning strategy as independently swappable components [15]. The field lacks a reusable architectural
blueprint that a research team can adapt to a new language by swapping one module rather than rebuilding the
entire pipeline [16, 17].

This paper proposes a modular transformer-based framework built around three independently re-
placeable components: a lightweight multilingual encoder that draws on existing cross-lingual embeddings
rather than requiring language-specific pretraining from scratch, a compression-aware attention mechanism
that shares weights across decoder layers to cut parameter count without discarding contextual capacity, and an
adapter-based fine-tuning layer that lets a research team adapt the model to a new language or domain using a
fraction of the labeled data that full fine-tuning demands [18]. The novelty of this design lies in the separation
itself. Where prior work treats the summarization model as a single unit that must be retrained wholesale, this
framework treats each stage as an interface that a researcher can swap, extend, or replace independently, so the
compression mechanism developed for one language remains usable when the encoder or the adapter changes
for the next [19, 20]. The framework does not report benchmark scores from empirical data collection, because
the objective here is architectural: to specify a design that lowers the entry barrier for summarization research
in languages that current approaches largely bypass.

The contribution of this paper follows directly from that objective. First, it specifies a modular archi-
tecture that decouples encoding, attention computation, and fine-tuning into three interchangeable stages, each
documented with its own interface. Second, it details a compression-aware attention mechanism that reduces
decoder parameter overhead through layer-wise weight sharing, with the reduction quantified against a standard
transformer decoder configuration. Third, it presents an adapter injection strategy specifically suited to sum-
marization, positioned as a lower-cost alternative to the full fine-tuning approach that dominates the reviewed
literature. Fourth, it provides a reference implementation of the full framework and uses that implementation
to project the computational and practical impact the design could have on summarization research for under-
represented languages, including reduced hardware requirements and faster iteration cycles for research teams
without access to large-scale compute.

The remainder of this paper is organized as follows. Section 2 reviews the theoretical foundations un-
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derlying transformer architectures, multilingual embeddings, and adapter-based transfer learning, establishing
the concepts the proposed framework builds on. Section 3 presents the modular framework design in detail,
covering the encoder module, the compression-aware attention mechanism, and the adapter fine-tuning layer,
along with the rationale behind each design decision. Section 4 describes the reference implementation, in-
cluding the source code structure, the libraries used, and the configuration choices that make the framework
reproducible. Section 5 discusses the projected impact of the framework on low-resource NLP research, indus-
try adoption, and the broader goal of equitable access to language technology, connecting the design back to
the Sustainable Development Goals this journal aligns itself with. Section 6 concludes the paper and outlines
directions for future empirical validation.

2 THEORETICAL FOUNDATIONS
2.1 Transformer Architecture Fundamentals

The transformer architecture introduced by replaced recurrence with self-attention, allowing a model
to weigh every token against every other token in a sequence without processing them one step at a time [21].
This design choice solved two problems that plagued recurrent networks in summarization tasks. It removed the
vanishing gradient issue that made long documents difficult to encode, and it allowed the encoder and decoder
to run computations in parallel across the sequence rather than waiting for each time step to finish before
starting the next [22, 23]. A standard transformer stacks multiple layers of multi-head attention and feed-
forward sublayers, each wrapped in residual connections and layer normalization, and this stacking gives the
model the depth it needs to capture both local phrase-level patterns and long-range discourse structure within a
document [24]. For summarization specifically, the encoder reads the source document and builds a contextual
representation of every token, while the decoder attends to that representation and generates the summary one
token at a time, conditioning each new word on both the source document and the words already produced. The
framework proposed in this paper keeps this encoder-decoder structure intact, because the problem it addresses
is not the transformer’s core mechanism but the cost of adapting that mechanism to a new language [25–27].

2.2 Multilingual Embeddings and Cross-Lingual Transfer
Multilingual pretrained models such as mBERT and mT5 extend the transformer architecture by train-

ing a single set of parameters on text drawn from dozens of languages simultaneously, producing a shared em-
bedding space where semantically similar words across different languages end up close to one another [28].
This shared space gives a low-resource language a foothold it would not have on its own. A word in Sundanese
that rarely appears in any Sundanese corpus can still inherit useful representation quality from its seman-
tic neighbors in Indonesian, Malay, or other languages the model saw during pretraining, because the model
learned general linguistic structure rather than memorizing language-specific patterns in isolation. Demon-
strated this transfer directly by adapting mBERT and mT5 for Urdu summarization, and their compressed urT5
model reached ROUGE and BERTScore results comparable to English-language baselines despite Urdu’s com-
paratively sparse training data. Reached a similar conclusion for Nepali, fine-tuning mBART and mT5 on a
news corpus built through web scraping and validating the summaries through both automated metrics and
human judgment [29–31]. Both studies confirm that a multilingual backbone narrows the gap for low-resource
languages, but both also required constructing a dedicated dataset and running a full fine-tuning cycle for a
single target language, which is the exact overhead this paper’s framework is designed to reduce [32–34].

2.3 Adapter-Based Parameter-Efficient Fine-Tuning
Full fine-tuning updates every parameter in a pretrained model, which means a research team needs

a distinct copy of the entire model for every language or task they support. Proposed an alternative that in-
serts small adapter modules between the layers of a frozen pretrained network, training only those modules
while leaving the original weights untouched [35–37]. Their experiments across twenty-six text classification
tasks showed that adapter tuning reached within half a percentage point of full fine-tuning performance while
training under four percent of the parameters that full fine-tuning requires, a result that turns the cost of sup-
porting a new task into a fraction of what it used to be [38]. Built on this idea with AdapterHub, a framework
that packages adapters as reusable, shareable components rather than one-off additions to a single project, and
their subsequent MAD-X framework extended adapters specifically to cross-lingual transfer, stacking language
adapters and task adapters so that a model could be adapted to a new language independently of the task it
performs [39, 40]. This separation between language adaptation and task adaptation maps directly onto the
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modular framework proposed in this paper. Where MAD-X stacks adapters within an otherwise fixed back-
bone, the framework presented here treats the adapter layer as one of three independently replaceable modules,
alongside the encoder and the attention mechanism, extending the same parameter-efficiency principle to the
summarization pipeline as a whole rather than to fine-tuning alone [1, 41, 42].

2.4 Attention Mechanism Compression Techniques
The multi-head attention mechanism at the center of the transformer scales in computational cost with

both sequence length and the number of layers a model stacks, and a decoder built for summarization typically
needs enough depth to track discourse coherence across a long source document. That depth carries a param-
eter cost that grows quickly, and research into sample-efficient transformers has shown that a smaller, better-
structured model can match a larger model’s output quality when the architecture avoids redundant capacity.
Weight sharing across decoder layers offers one route to that reduction, letting the same attention parameters
serve multiple layers of the decoding process instead of allocating fresh parameters to each layer indepen-
dently. This approach trades a small amount of representational flexibility for a meaningful cut in parameter
count, which matters directly for research teams that cannot access the GPU memory a full-size multilingual
decoder demands. The framework proposed in this paper builds its compression-aware attention module on
this principle, and Section 3 details the specific weight-sharing configuration and the parameter reduction it
achieves relative to a standard decoder of equivalent depth.

3 PROPOSED FRAMEWORK DESIGN
3.1 Overall Architecture Overview

The framework organizes the summarization pipeline into three modules that communicate through
fixed interfaces rather than through shared internal parameters: a lightweight multilingual encoder, a compression-
aware attention decoder, and an adapter-based fine-tuning layer that wraps both. Each module exposes a defined
input and output shape, so a research team can replace the encoder with a different multilingual backbone, or
replace the attention mechanism with a different compression strategy, without touching the other two mod-
ules. This separation is the structural core of the design, and it is what distinguishes the framework from prior
approaches that fine-tune a single monolithic model end to end.

Figure 1. Modular Transformer-Based Framework for Low-Resource Language Text Summarization

The Figure 1 above captures the one-directional data flow the framework depends on: raw source
text enters the encoder, the encoder’s contextual representations pass to the decoder’s attention mechanism,
and the adapter layer intercepts both the encoder and decoder computations to inject its small set of trainable
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parameters. The three subsections that follow examine each module in the diagram individually, starting with
the encoder.

3.2 Lightweight Multilingual Encoder Module
The encoder module draws on existing cross-lingual embeddings rather than training a new embedding

space from scratch for each target language, which is the design choice that lets the framework skip the dataset-
construction step that and both had to complete before they could begin fine-tuning. The module accepts a
pretrained multilingual embedding table as an external input, wraps it with a reduced stack of six transformer
encoder layers instead of the twelve or twenty-four layers common in full-scale multilingual models, and
applies a dimensionality reduction step that projects the embedding vectors down before they enter the first
encoder layer. This reduction cuts the encoder’s parameter count substantially while preserving the cross-
lingual alignment the pretrained embeddings already encode, since the projection is a linear operation trained
to minimize information loss rather than a retraining of the embedding space itself.

Figure 2. Lightweight Transformer Encoder Module

The final block in Figure 2, the contextual hidden-state output, is the interface contract the rest of
the pipeline depends on. Any encoder that produces hidden states of the same dimensionality can substitute
for this one without requiring changes anywhere else in the framework, which keeps the encoder genuinely
interchangeable rather than interchangeable only in principle.

3.3 Compression-Aware Attention Mechanism
The decoder side of the framework addresses the parameter cost that a summarization-quality decoder

normally carries by sharing attention weights across groups of decoder layers instead of allocating independent
weights to each layer. The design splits the decoder stack into layer groups of three, and within each group, the
query, key, and value projection matrices are shared, while only the feed-forward sublayer keeps independent
parameters per layer. This grouping preserves layer-specific transformation capacity, since the feed-forward
sublayer still differentiates what each layer contributes to the output, while removing the largest source of
parameter duplication, which is the attention projection matrices themselves.

As the Figure 3 shows, cross-attention to the encoder’s output remains present at every decoder layer
regardless of the grouping applied to self-attention, so the compression never touches the connection between
the decoder and the source document. A twelve-layer decoder built this way carries the attention parameter
cost of four independent layers rather than twelve, a reduction that scales directly with the group size a research
team chooses.

Smart Human-centered Emerging Research in Machine Intelligence (SHEM), Vol. 2, No. 2, October 2026,
pp. 82–96



Smart Human-centered Emerging Research in Machine Intelligence (SHEM) ❒ 87

Figure 3. Compression-Aware Attention Decoder Group Weight Sharing

3.4 Adapter-Based Fine-Tuning Layer
The adapter layer follows the bottleneck structure introduced, inserting a small down-projection, a

nonlinearity, and an up-projection after the attention sublayer and after the feed-forward sublayer in both the
encoder and the decoder, while freezing every other parameter in the network during fine-tuning. The bottle-
neck dimension is set well below the model’s hidden dimension, which keeps the number of trainable parame-
ters per language small enough that a research team can fine-tune the framework on a labeled set several orders
of magnitude smaller than what full fine-tuning requires.

Figure 4. Hierarchical MAD-X Bottleneck Adapter Insertion

The stacked arrangement shown in Figure 4, a language adapter beneath a task adapter, follows the
separation MAD-X framework established for cross-lingual transfer. The language adapter trains on unlabeled
monolingual text in the target language, while the task adapter trains on the smaller labeled summarization
set above it. This stacking lets a research team reuse the same task adapter across multiple languages by
swapping only the language adapter underneath it, so a new language enters the framework without disturbing
the summarization-specific weights the task adapter has already learned.
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3.5 Module Interoperability and Data Flow
The three modules communicate through two interfaces: the hidden-state vector the encoder passes to

the decoder’s cross-attention, and the adapter’s bottleneck configuration, which any module can adopt indepen-
dently as long as it matches the framework’s expected input and output dimensionality. This means a research
team working with a language that already has a strong monolingual embedding model available can replace
the multilingual encoder entirely, keep the compression-aware decoder and the adapter layer unchanged, and
still produce a working summarization pipeline.

Figure 5. End-To-End Data Flow and Modular Interfaces for Low-Resource Language Summarization

The replacement points marked in figure 5 are the practical payoff of the modular separation described
throughout this section. Section 4 now moves from this architectural design to a reference implementation that
instantiates all three modules together in a single, reproducible pipeline.

4 REFERENCE IMPLEMENTATION
4.1 Implementation Overview and Libraries

The reference implementation builds each of the three modules described in Section 3 as an indepen-
dent PyTorch class, using the HuggingFace Transformers library for the pretrained multilingual embedding
table and standard PyTorch modules for the custom attention and adapter logic. Keeping the implementation
on top of widely used libraries rather than a custom framework serves the same interoperability goal that drives
the architecture itself, since a research team can drop any of these classes into an existing HuggingFace-based
training pipeline without rewriting the surrounding infrastructure. The three classes below correspond directly
to Sections 3.2, 3.3, 3.4, and a fourth class wires them together into the complete pipeline. Each snippet omits
training-loop boilerplate and focuses on the architectural logic the design specifies, since the paper’s contribu-
tion is the structure itself rather than a training script.

4.2 Multilingual Encoder Implementation

1 import torch
2 import torch.nn as nn
3 from transformers import AutoModel
4

5 class LightweightMultilingualEncoder(nn.Module):
6 def __init__(self, pretrained_embedding_name, hidden_dim=384, num_layers=6):
7 super().__init__()
8 base = AutoModel.from_pretrained(pretrained_embedding_name)
9 self.embedding = base.get_input_embeddings()

10 embed_dim = self.embedding.embedding_dim
11

12 self.projection = nn.Linear(embed_dim, hidden_dim)
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13 encoder_layer = nn.TransformerEncoderLayer(
14 d_model=hidden_dim, nhead=6, batch_first=True
15 )
16 self.encoder = nn.TransformerEncoder(encoder_layer, num_layers=num_layers)
17

18 def forward(self, input_ids, attention_mask):
19 embedded = self.embedding(input_ids)
20 projected = self.projection(embedded)
21 padding_mask = attention_mask == 0
22 hidden_states = self.encoder(projected, src_key_padding_mask=padding_mask)
23 return hidden_states

The projection layer in this class performs the dimensionality reduction Section 3.2 describes,
taking whatever embedding dimension the pretrained multilingual model uses and mapping it down to the
framework’s working hidden dimension before the six-layer encoder stack processes it. This reduction is what
keeps the encoder’s parameter count below what a full-scale multilingual encoder would require, while the
frozen pretrained embedding table underneath still supplies the cross-lingual alignment the module depends
on.

4.3 Compression-Aware Decoder Implementation

1 class GroupedSelfAttention(nn.Module):
2 def __init__(self, hidden_dim, num_heads):
3 super().__init__()
4 self.attention = nn.MultiheadAttention(
5 hidden_dim, num_heads, batch_first=True
6 )
7

8 def forward(self, x, attn_mask=None):
9 output, _ = self.attention(x, x, x, attn_mask=attn_mask)

10 return output
11

12

13 class CompressionAwareDecoder(nn.Module):
14 def __init__(self, hidden_dim=384, num_layers=12, num_heads=6, group_size=3):
15 super().__init__()
16 num_groups = num_layers // group_size
17 self.shared_attention = nn.ModuleList(
18 [GroupedSelfAttention(hidden_dim, num_heads) for _ in range(num_groups)]
19 )
20 self.cross_attention = nn.ModuleList(
21 [nn.MultiheadAttention(hidden_dim, num_heads, batch_first=True)
22 for _ in range(num_layers)]
23 )
24 self.feed_forward = nn.ModuleList(
25 [nn.Sequential(nn.Linear(hidden_dim, hidden_dim * 4),
26 nn.GELU(),
27 nn.Linear(hidden_dim * 4, hidden_dim))
28 for _ in range(num_layers)]
29 )
30 self.group_size = group_size
31

32 def forward(self, x, encoder_hidden_states, self_mask=None):
33 for layer_idx in range(len(self.feed_forward)):
34 group_idx = layer_idx // self.group_size
35 x = x + self.shared_attention[group_idx](x, attn_mask=self_mask)
36 cross_out, _ = self.cross_attention[layer_idx](x, encoder_hidden_states,

encoder_hidden_states)
37 x = x + cross_out
38 x = x + self.feed_forward[layer_idx](x)
39 return x

The shared_attention list holds only num_layers group_size independent attention mod-
ules rather than one per layer, and the forward method routes every layer within a group through the same shared
module by dividing the layer index by the group size. The cross_attention and feed_forward lists
remain fully independent per layer, which is deliberate, since Section 3.3 specifies that cross-attention to the
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encoder and the feed-forward sublayer keep their own parameters even as self-attention weights are shared
across the group.

4.4 Adapter Layer Implementation
1 class BottleneckAdapter(nn.Module):
2 def __init__(self, hidden_dim, bottleneck_dim=64):
3 super().__init__()
4 self.down_project = nn.Linear(hidden_dim, bottleneck_dim)
5 self.activation = nn.GELU()
6 self.up_project = nn.Linear(bottleneck_dim, hidden_dim)
7 nn.init.zeros_(self.up_project.weight)
8 nn.init.zeros_(self.up_project.bias)
9

10 def forward(self, x):
11 residual = x
12 x = self.down_project(x)
13 x = self.activation(x)
14 x = self.up_project(x)
15 return x + residual
16

17

18 class StackedLanguageTaskAdapter(nn.Module):
19 def __init__(self, hidden_dim, bottleneck_dim=64):
20 super().__init__()
21 self.language_adapter = BottleneckAdapter(hidden_dim, bottleneck_dim)
22 self.task_adapter = BottleneckAdapter(hidden_dim, bottleneck_dim)
23

24 def forward(self, x):
25 x = self.language_adapter(x)
26 x = self.task_adapter(x)
27 return x

The zero-initialization applied to up_project in BottleneckAdapter follows the near-identity
initialization specify, ensuring the adapter starts as a no-op and only begins altering the model’s output as train-
ing updates the bottleneck weights. StackedLanguageTaskAdapter then wires the language adapter
and task adapter in sequence exactly as Section 3.4 describes, so a research team supporting a new language
only needs to replace the language_adapter instance while leaving task_adapter and every other
module in the framework untouched.

4.5 Parameter Budget Analysis
Assigning a hidden dimension of 384 and a bottleneck dimension of 64 to the implementation above

produces the parameter counts summarized in Table 1, calculated directly from the architecture’s matrix di-
mensions rather than measured from a trained checkpoint, since this paper reports a design projection and not
an empirical training result.

Table 1. Comparison of Parameter Efficiency Between the Standard and Proposed Framework Configurations
Component Standard Configuration Framework Configuration Reduction

Decoder self-attention
(12 layers) ≈7.08M params ≈2.36M params (4 shared

groups) 66.7%

Encoder depth 12–24 layers (typical
mT5) 6 layers 50–75% fewer

layers

Adapter parameters
(18 insertion points) N/A (no adapters) ≈0.88M params Added, not

reduced

Estimated total train-
able parameters per
new language

Full model ( 580M for
mT5-base)

≈1.5–2M (adapters + projection
only)

>99% fewer
trainable
params

Table 1 separates two different kinds of reduction that the framework produces. The decoder and
encoder rows describe a structural reduction in the model’s total parameter count, calculated from the weight-
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sharing and layer-reduction formulas in Sections 3.2 and 3.3 The final row describes a different quantity: the
number of parameters a research team actually needs to train when adapting the framework to a new language,
which stays small because the encoder and decoder remain frozen after initial pretraining and only the adapter
and projection layers update during language-specific fine-tuning.

4.6 Module Configuration Summary
Table 2 lists the default hyperparameters used across the three modules in the reference implemen-

tation, provided so a research team can reproduce the architecture exactly or adjust individual values for a
different resource budget.

Table 2. Model Configuration Parameters and Adjustable Settings
Module Parameter Default Value Adjustable For

Encoder Hidden dimension 384 Larger multilingual backbones

Encoder Number of layers 6 Available compute budget

Decoder Attention group size 3 Trade-off between compression and ca-
pacity

Decoder Number of attention
heads 6 Sequence length and hidden dimension

Adapter Bottleneck dimen-
sion 64 Amount of labeled data available

Every value in Table 2 maps back to a specific design decision explained in Section 3. Proposed
Framework Design, and none of them are fixed requirements of the framework itself. A research team work-
ing with a language that has abundant unlabeled monolingual text but very little labeled summarization data,
for instance, can increase the bottleneck dimension in the language adapter while keeping the task adapter’s
bottleneck small, adjusting the framework’s capacity allocation to match the resource profile of their specific
language rather than the profile the reference configuration assumes.

5 DISCUSSION: TECHNOLOGICAL AND SOCIETAL IMPACT
5.1 Lowering the Infrastructure Barrier for Low-Resource NLP Research

The parameter budget in Table 1 translates into a concrete practical outcome: a research team can fine-
tune the framework for a new language on a single consumer-grade GPU, where full fine-tuning of a model
the size of mT5-base would demand multiple high-memory GPUs running for days. This shift matters most
for the research groups the introduction identified as underserved, university labs and independent researchers
working on languages like Sundanese, Acehnese, or Balinese, who rarely have access to the compute clusters
that well-funded NLP labs use as a matter of course. A framework that only requires training a two-million-
parameter adapter stack instead of a five-hundred-million-parameter model turns a project that once needed
institutional infrastructure into one a graduate student can run on a laptop with a modest external GPU. The
effect compounds across languages rather than staying confined to one, because the encoder and decoder trained
once remain reusable, so a language adapter trained for Javanese and a separate one trained for Batak both draw
on the same frozen backbone rather than each requiring its own full model.

5.2 Faster Iteration Cycles for Applied Deployment
Organizations deploying summarization systems in multilingual contexts, government agencies pro-

cessing citizen reports in regional languages, news aggregators serving multiple linguistic communities, and
civil society groups translating disaster information across a country’s language diversity, face a recurring bot-
tleneck whenever they need to add a new language to their pipeline. Under a full fine-tuning approach, adding
a language means retraining a large model from a checkpoint, validating it, and deploying a new set of weights
that duplicates most of what the previous language’s model already contained. The modular design in Section 3
collapses that cycle into training a single language adapter, a process the parameter budget in Table 1 suggests
could run in hours rather than the days a full fine-tuning cycle typically requires. Shorter iteration cycles let
an organization respond to an emerging need, a new regional dialect gaining prominence in citizen reporting,
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for example, without the multi-week delay a full retraining pipeline imposes. This responsiveness has direct
value during time-sensitive situations such as disaster response, where the difference between a functioning
summarization tool and a three-week wait for a retrained model can determine whether affected communities
receive condensed, actionable information in their own language in time to act on it.

5.3 Contribution to Sustainable Development Goals
The United Nations Sustainable Development Goals, and the framework proposed in this paper con-

nects most directly to SDG 10, Reduced Inequalities, and SDG 9, Industry, Innovation, and Infrastructure. The
gap the introduction described, where NLP research capability concentrates around a small number of high-
resource languages while thousands of other languages receive comparatively little attention, is itself a form
of digital inequality, since speakers of underserved languages lose access to the efficiency gains that automatic
summarization already provides speakers of English, Mandarin, or Spanish. A framework that lowers the com-
pute and data requirements for adding a new language does not eliminate this gap by itself, but it removes one
of the concrete barriers that keeps the gap from closing, converting the problem from a lack of institutional
resources into a more tractable question of whether a research team can find enough unlabeled monolingual
text to train a single language adapter. The infrastructure argument in Section 5.1 also speaks to SDG 9 directly,
since the framework’s design treats accessible, reusable technical infrastructure as a first-order objective rather
than an afterthought, building modularity into the architecture specifically so smaller institutions can participate
in NLP research and deployment without matching the compute budgets of larger organizations.

5.4 Implications for Industry Adoption
Companies operating across linguistically diverse markets, particularly in Southeast Asia, South Asia,

and Sub-Saharan Africa, currently face a choice between building a separate summarization pipeline for each
major language they serve or accepting degraded quality from a single multilingual model stretched across all
of them. The modular framework offers a middle path that neither option currently provides: a shared backbone
that keeps engineering and maintenance costs centralized, paired with lightweight per-language adapters that let
a product team support a new market without the six-to-twelve-month timeline a from-scratch model typically
requires. This matters commercially because language coverage often determines whether a product can enter
a market at all, and a company that can add Vietnamese or Bengali support in weeks rather than months
gains a meaningful competitive advantage over one still running a full retraining cycle for every new region
it enters. The framework’s reliance on standard libraries, as Section 4.1 noted, also lowers the engineering
cost of adoption itself, since a team already using HuggingFace Transformers in production can integrate these
modules into an existing pipeline rather than adopting an unfamiliar framework from scratch.

5.5 Limitations of the Design-Stage Contribution
The impact discussed in this section rests on architectural analysis and parameter-count projections

rather than on empirical results from a trained and evaluated model, and that distinction matters for how a
reader should weigh these claims. The parameter reductions in Table 1 follow directly from the architecture’s
matrix dimensions and are mathematically certain, but the summarization quality a model built this way would
actually achieve, measured through ROUGE scores, human evaluation, or downstream task performance, re-
mains an open question this paper does not answer. Weight sharing across decoder layers, for instance, could
reduce output quality below what a full-capacity decoder produces, and the degree of that trade-off can only be
established through the empirical validation Section 6 identifies as the necessary next step. The contribution of
this paper is the design itself, a reusable blueprint that gives researchers a concrete starting point, not a claim
that the framework already outperforms the fully fine-tuned baselines established for their respective languages.

6 CONCLUSION AND FUTURE WORK
6.1 Summary of Contributions

This paper presented a modular transformer-based framework for text summarization in low-resource
languages, built around three independently replaceable components: a lightweight multilingual encoder that
reuses existing cross-lingual embeddings, a compression-aware attention decoder that shares weights across
grouped layers, and a stacked language-task adapter that isolates the parameters a new language requires from
the parameters the summarization task itself requires. Section 3 detailed the design rationale behind each
module, Section 4 provided a reference implementation in PyTorch along with a parameter budget analysis, and
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Section 5 connected the design to practical outcomes: reduced infrastructure requirements for research teams,
faster iteration cycles for applied deployment, and a contribution toward SDG 9 and SDG 10 by lowering the
barrier that keeps NLP research capability concentrated around a small number of high-resource languages.
The framework does not introduce a new attention mechanism or a new pretraining objective. Its contribution
is the separation itself, packaging encoding, attention computation, and fine-tuning as interchangeable modules
so that the engineering effort invested in one language transfers structurally to the next, rather than requiring
each language to start from zero.

6.2 Scope and Boundaries of the Present Work
This paper deliberately stopped short of empirical validation, and that boundary shaped every section

that preceded this one. The parameter reductions reported in Table 1 follow from the architecture’s matrix
dimensions and hold regardless of what data the framework eventually trains on, but the summarization quality
the framework would produce, how closely its output tracks the meaning of a source document, how coher-
ent its generated summaries read, how it compares against fully fine-tuned baselines on a shared benchmark,
remains outside what a design-stage paper can establish. Readers should treat the claims in Section 5 as projec-
tions grounded in architectural analysis rather than as results, since only a trained model evaluated against real
text can confirm whether the compression-aware decoder retains enough capacity to match a full-size decoder’s
output quality, and whether the adapter-based fine-tuning strategy reaches the performance the parameter sav-
ings promise. Future work should treat this design as a hypothesis to test rather than a conclusion already
reached.

6.3 Directions for Empirical Validation
The most immediate next step is training the reference implementation from Section 4 on at least

one low-resource language and measuring its output against the ROUGE and BERTScore benchmarks used
for Urdu and Nepali respectively, since a direct comparison against those established baselines would show
whether the parameter savings this framework offers come at a measurable cost to summary quality. A second
direction worth pursuing is an ablation study that isolates each module’s individual contribution, training the
framework with the compression-aware decoder replaced by a standard decoder, or with the adapter layer
replaced by full fine-tuning, to determine which component drives the largest share of any quality gap that
emerges. A third direction extends the framework across multiple languages simultaneously, testing whether
a single language adapter trained on one Austronesian language transfers usefully to a related language in the
same family, which would validate or challenge the transfer assumption Section 2.2 built on when it described
how multilingual embeddings share representation quality across related languages.

6.4 Closing Remarks
The gap between where NLP research concentrates its attention and where the practical need for

language technology actually exists will not close through a single paper or a single architecture. It closes
through a accumulation of design choices that lower the cost of participation for researchers and organizations
working outside the languages that already dominate the field. This paper offers one such design choice: a
blueprint that treats modularity as the mechanism for making low-resource summarization research tractable
on limited infrastructure, aligned with the broader goal for AI research that serves sustainable development
rather than concentrating its benefits further among languages and institutions that already have them.
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