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Abstract

The rapid advancement of natural language processing technologies has revolutionized human-computer 
interaction,  primarily  through sophisticated intent  recognition  systems.  However,  these  advancements 
remain disproportionately concentrated within high-resource languages, leaving minority and marginalized 
language communities with substandard digital services. This paper presents a comprehensive benchmark 
study that bridges the gap between low-resource adaptation techniques and practical intent recognition for 
minority  language services.  By  constructing  and evaluating  a  robust  benchmark  across  multiple  low-
resource languages, this research investigates the efficacy of various cross-lingual transfer methodologies, 
data augmentation strategies, and few-shot learning paradigms. The core objective is to determine how 
limited linguistic resources can be optimally leveraged to build accurate and resilient intent classification 
systems.  Through  rigorous  empirical  analysis,  this  study  demonstrates  that  advanced  representation 
alignment and structurally aware adaptation frameworks significantly enhance intent recognition accuracy, 
even when training data is severely constrained. The findings provide critical evidence for the necessity of 
tailored algorithmic  interventions  rather  than direct  zero-shot  applications  from high-resource models. 
Ultimately,  this  work offers a foundational  framework for  researchers and service providers aiming to 
develop inclusive digital platforms, ensuring that minority language speakers receive equitable access to 
automated linguistic services.
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1. Introduction

1.1 The Context of Intent Recognition

The evolution of conversational agents and automated dialogue systems has fundamentally transformed 
the landscape of digital service delivery. At the core of these intelligent systems lies intent recognition, a 
fundamental  task  in  natural  language  understanding  that  involves  categorizing  user  utterances  into 
predefined semantic classes. Intent recognition dictates the downstream actions of any conversational 
pipeline, making its accuracy paramount for user satisfaction and system efficacy. Over the past decade, 
the  transition  from  rule-based  parsers  to  deep  learning  architectures  has  yielded  unprecedented 
performance improvements in this domain [1]. Large-scale pre-trained language models have established 
new state-of-the-art benchmarks by leveraging massive corpora to capture intricate syntactic and semantic 
nuances. However, the overwhelming majority of these technological breakthroughs are calibrated for and 
evaluated on high-resource languages such as English, Mandarin, and Spanish [2]. This resource disparity 
creates  a  significant  technological  divide,  wherein  communities  speaking  minority  languages  are 
systematically excluded from the benefits of advanced digital automation. The failure to support these 
languages not only hampers the global scalability of software services but also raises critical concerns 
regarding digital equity and linguistic preservation [3]. As governments and private enterprises increasingly 
digitize their public service infrastructures, the inability to accurately parse the intents of minority language 
speakers represents a substantial barrier to accessibility [4].
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1.2 The Challenge of Low Resource Adaptation

Extending natural language understanding capabilities to low-resource languages introduces a multitude of 
complex algorithmic and linguistic challenges. Unlike high-resource languages, minority languages lack the 
expansive, meticulously annotated datasets required to train contemporary deep neural networks effectively 
[5].  Furthermore,  they  often  lack  foundational  linguistic  resources  such  as  comprehensive  digitized 
dictionaries, morphological analyzers, or high-quality parallel corpora. Consequently, researchers must rely 
on low-resource adaptation strategies, which aim to transfer knowledge from resource-rich domains to 
resource-poor ones. These strategies typically encompass cross-lingual word embeddings, parameter-
efficient fine-tuning, and sophisticated data augmentation techniques. Despite theoretical advancements in 
these areas, practical applications in intent recognition often fall short of expectations due to negative 
transfer, where structural and typological divergences between source and target languages degrade model 
performance [6]. For instance, transferring knowledge from an analytic language to a highly agglutinative 
minority  language  without  accounting  for  morphological  boundaries  frequently  results  in  catastrophic 
misclassifications of user intent [7]. Addressing these challenges requires not only innovative adaptation 
algorithms  but  also  rigorous,  standardized  benchmarks  that  can  objectively  evaluate  how well  these 
algorithms perform under realistic, resource-constrained conditions [8].

2. Literature Review and Background

2.1 Evolution of Cross-Lingual Natural Language Understanding

The trajectory of cross-lingual natural language understanding has transitioned through several distinct 
paradigms over the years. Early approaches heavily depended on direct translation pipelines, wherein user 
utterances in  a minority  language were first  translated into a high-resource language using statistical 
machine translation, followed by intent classification in the high-resource space [9]. While conceptually 
straightforward, this pipeline approach was highly susceptible to compounding errors; inaccuracies in the 
translation phase directly cascaded into the intent recognition module, often rendering the final output 
unusable  for  languages  with  poor  translation  support.  Subsequently,  the  research  community  shifted 
towards representation-based transfer. The advent of cross-lingual embedding spaces allowed words from 
different languages to be mapped into a shared vector space based on bilingual lexicons or parallel text 
[10].  This enabled the training of intent classifiers on source language embeddings, which could then 
conceptually process target language embeddings without explicit translation. However, these word-level 
alignments  struggled  with  out-of-vocabulary  terms  and  contextual  ambiguities,  limitations  that  are 
particularly pronounced in minority languages characterized by high morphological complexity and limited 
standardization [11].

2.2 Contemporary Low Resource Adaptation Techniques

Recent literature is dominated by the utilization of massively multilingual pre-trained language models, which 
have fundamentally altered the methodology for low-resource adaptation. These models are pre-trained on 
diverse  linguistic  corpora  encompassing  over  a  hundred  languages,  implicitly  learning  cross-lingual 
representations through shared subword vocabularies and masked language modeling objectives [12]. 
Researchers  have  proposed  various  techniques  to  adapt  these  massive  models  for  specific  intent 
recognition tasks in low-resource settings. Zero-shot cross-lingual transfer, where a model is fine-tuned 
exclusively on a high-resource language and evaluated directly on the target minority language, serves as 
a common baseline [13].  However,  empirical  evidence suggests that zero-shot performance degrades 
precipitously when the target language is typologically distant from the pre-training languages or possesses 
a highly constrained representation in the pre-training corpus [14].  To mitigate this,  few-shot learning 
approaches have gained traction. By introducing a minuscule number of annotated examples from the target 
language during fine-tuning, models can recalibrate their decision boundaries to better accommodate the 
target linguistic space [15]. Furthermore, techniques such as adapter modules and prompt-based tuning 
have been introduced to maintain parameter efficiency, ensuring that the limited target language data does 
not cause the model to catastrophically forget its underlying cross-lingual generalizations [16].

2.3 The Necessity of Standardized Benchmarks

Despite  the  proliferation  of  adaptation  techniques,  the  literature  suffers  from  a  pronounced  lack  of 
standardized benchmarks specifically  designed for  minority  language intent  recognition.  Most  existing 
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multilingual benchmarks evaluate performance on mid-to-high resource languages, failing to capture the 
unique challenges posed by true low-resource scenarios such as orthographic variation, severe domain 
mismatch, and extreme data sparsity [17]. When studies do address minority languages, they frequently 
construct ad-hoc, proprietary datasets, making cross-study comparisons impossible and stalling systematic 
progress in the field [18]. A comprehensive benchmark study is therefore imperative to provide empirical  
evidence regarding which adaptation strategies are genuinely effective for minority language services. Such 
a benchmark must encompass linguistically diverse minority languages, strictly controlled data resource 
settings, and standardized evaluation protocols to isolate the specific variables contributing to successful 
intent recognition adaptation [19].

3. Theoretical Framework and System Architecture

3.1 Conceptualizing the Adaptation Problem

The problem of low resource adaptation for intent recognition can be theoretically framed as a domain 
adaptation challenge across divergent linguistic spaces. In this framework, the high-resource language acts 
as the source domain, possessing an abundance of labeled intent instances, while the minority language 
serves as the target domain, characterized by an acute scarcity of labeled data. The objective is to learn an 
intent classification function that minimizes the expected risk on the target domain, leveraging the empirical 
risk minimized on the source domain. This requires the construction of a shared representational space 
where linguistic features invariant to the specific language are extracted and utilized for classification. The 
theoretical impediment, however, lies in the marginal and conditional distribution shifts between the source 
and target languages. Marginal distribution shift occurs because the underlying vocabulary and syntactic 
structures differ entirely, whereas conditional distribution shift arises when the same pragmatic intent is 
expressed through fundamentally different pragmatic or cultural idioms in the minority language. Effective 
adaptation mechanisms must address both shifts simultaneously to ensure robust intent recognition.

3.2 System Architecture for Cross-Lingual Transfer

To empirically investigate these theoretical concepts, a standardized system architecture for cross-lingual 
intent  recognition  is  required.  The  architecture  utilized  in  this  benchmark  study  comprises  several 
interconnected modules designed to facilitate and evaluate transfer learning. The initial phase involves the 
data ingestion and preprocessing pipeline, where raw textual inputs from both source and target languages 
are normalized and tokenized using a shared subword vocabulary. This shared vocabulary acts as the 
fundamental bridge between the disparate linguistic spaces. Following tokenization, the data is passed 
through  a  deep  multilingual  encoder,  which  is  responsible  for  projecting  the  discrete  tokens  into  a 
continuous, high-dimensional contextual embedding space. 
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Figure 1: Comprehensive Schematic of Low Resource Adaptation Pipeline for Intent Recognition

The contextual embeddings are then aggregated into a fixed-length sentence representation, which serves 
as the input to the final intent categorization module. To facilitate low-resource adaptation, specialized 
alignment modules can be integrated between the encoder and the categorization module. These alignment 
components utilize techniques such as maximum mean discrepancy or adversarial domain confusion to 
enforce statistical parity between the source and target representations. By explicitly penalizing divergent 
distributions,  the architecture forces the encoder to extract  language-agnostic  intent  features,  thereby 
maximizing the utility of the source language training data when applied to minority language inputs.

4. Methodology and Data Collection

4.1 Selection of Minority Languages

The foundational step in constructing this benchmark study was the careful selection of minority languages 
that  represent  diverse  typological  families  and  varying  degrees  of  resource  scarcity.  To  ensure  a 
comprehensive evaluation, four specific minority languages were chosen: Basque, Welsh, Uighur, and 
Tibetan.  Basque represents an isolate language with extreme morphological  complexity  and ergative-
absolutive alignment, presenting severe challenges for transfer learning from typical nominative-accusative 
source languages like English. Welsh, a Celtic language, provides an opportunity to evaluate adaptation on 
a  language with  verb-subject-object  word  order  and  initial  consonant  mutations,  testing  the  syntactic 
flexibility of the models. Uighur and Tibetan were selected due to their unique orthographic systems and 
agglutinative characteristics.  Uighur utilizes a modified Arabic  script,  while  Tibetan employs a distinct 
Brahmic script, both of which require robust tokenization strategies that do not simply rely on Latin character 
overlap. This selection deliberately avoids languages that are merely dialects or closely related to major  
global  languages,  thereby  ensuring  that  the  benchmark  rigorously  tests  true  cross-lingual  transfer 
capabilities rather than trivial lexical memorization.

4.2 Corpus Construction and Annotation Protocols

Developing a high-quality intent recognition dataset for these minority languages necessitated a rigorous 
corpus construction methodology. Rather than scraping low-quality web data, the study opted for a localized 
translation and cultural adaptation approach. A foundational set of English utterances covering a broad 
spectrum of common digital service intents such as booking appointments, requesting information, reporting 
issues, and managing user accounts was compiled. This foundational set was then distributed to teams of 
native-speaker professional linguists for each of the four selected minority languages. The linguists were 
strictly instructed to avoid literal translations; instead, they were tasked with generating culturally appropriate 
and natural-sounding utterances that conveyed the precise pragmatic intent of the source text. 

To ensure annotation quality and consistency, a multi-stage validation protocol was implemented. Once the 
initial  localization was complete,  a separate independent group of  annotators reviewed the translated 
utterances against the predefined intent categories. Any utterance that exhibited ambiguity or failed to 
clearly manifest the designated intent was flagged for revision. Inter-annotator agreement was continuously 
monitored, and consensus meetings were held to resolve discrepancies. This meticulous process resulted 
in a pristine, gold-standard evaluation corpus that accurately reflects how native speakers of these minority 
languages interact with digital services. 

4.3 Data Preprocessing Pipelines

The raw localized text  required extensive preprocessing to be suitably formatted for  the experimental 
models. Given the morphological diversity of the selected languages, a universal preprocessing pipeline 
was deemed inadequate. Instead, language-specific normalization rules were applied. For Uighur, specific 
attention was given to vowel harmony normalization and the removal of zero-width non-joiner characters 
that frequently introduce noise into text representations. For Tibetan, syllable boundary markers were 
carefully preserved, as they are critical for accurate subword tokenization. Welsh text was standardized to 
account for regional variations in spelling, particularly concerning colloquial contractions. After language-
specific normalization, the text was tokenized utilizing a unified SentencePiece model. The vocabulary size 
and character coverage of this tokenizer were meticulously calibrated to ensure that the unique scripts of  
Uighur and Tibetan were adequately represented without causing an explosion in the parameter space of 
the  embedding layer.  The  statistical  distribution  of  the  finalized  dataset  is  detailed  thoroughly  in  the 
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subsequent experimental sections to provide complete transparency regarding the resource constraints 
under which the benchmark operates.

5. Experimental Setup and Benchmark Design

5.1 Baseline Models and Adaptation Frameworks

The experimental framework was designed to systematically compare various adaptation strategies against 
established baselines. The primary source language for all  transfer learning experiments was English, 
utilizing a massive proprietary dataset of  annotated service intents to simulate an ideal high-resource 
scenario. Three distinct baseline models were established to provide points of comparison. The first baseline 
consisted of  a  simple bag-of-words support  vector  machine,  representing traditional  machine learning 
approaches. The second baseline utilized static cross-lingual FastText embeddings fed into a bidirectional 
recurrent neural network. The third, and most critical, baseline was the direct zero-shot application of a fine-
tuned multilingual transformer model. 

Against these baselines, several advanced low-resource adaptation frameworks were evaluated. These 
included few-shot fine-tuning, where varying amounts of target language data were introduced into the 
training process. The few-shot settings were strictly constrained to five, ten, and twenty examples per intent 
category  to  simulate  realistic  low-resource conditions  [20].  Additionally,  the  benchmark evaluated the 
efficacy of cross-lingual data augmentation using synthetic generation techniques, as well as parameter-
efficient fine-tuning utilizing low-rank adapters [21]. This comprehensive array of frameworks ensures that 
the benchmark can identify not only whether adaptation is possible, but precisely which methodological 
approach yields the most significant performance gains when data is severely limited [22].

5.2 Evaluation Metrics

The performance of the models was evaluated using standard classification metrics, ensuring comparability 
with existing literature [23]. The primary metric was macro-averaged F1-score, chosen specifically because 
intent distributions in real-world scenarios are frequently imbalanced. The macro F1-score ensures that the 
model's performance on rare intents is weighted equally to its performance on common intents, preventing 
the overall score from being artificially inflated by the majority classes. Secondary metrics included overall 
classification  accuracy  and  precision-recall  analysis  to  identify  specific  intent  categories  that 
disproportionately  suffer  during  cross-lingual  transfer.  All  experiments  were  conducted  across  five 
independent random seeds, and the reported results represent the mean performance across these runs to 
account for the inherent variance associated with training deep neural networks on extremely small datasets.

Table 1: Statistical distribution of intent categories and utterance counts across the selected minority languages

Language Total Utterances Intent Categories
Average Tokens per 

Utterance

Basque 4500 24 8.5

Welsh 4500 24 9.2

Uighur 4500 24 7.8

Tibetan 4500 24 11.4

6. Results and Comparative Analysis

6.1 Performance Across Different Minority Languages

The empirical results derived from the benchmark experiments illuminate the complex dynamics of cross-
lingual intent recognition [24]. The zero-shot transfer baseline exhibited highly variable performance across 
the four selected minority languages, corroborating the hypothesis that typological distance significantly 
impacts  transferability  [25].  Welsh  demonstrated  the  highest  zero-shot  accuracy  among  the  minority 
languages, likely due to its Latin script  and closer historical  proximity to the high-resource languages 
dominant in the pre-training corpora. Conversely, Basque, Uighur, and Tibetan suffered from pronounced 
degradation in zero-shot settings [26]. The isolate nature of Basque meant that the model struggled to map 
its unique morphological markers to the English source representations. Uighur and Tibetan faced additional 
challenges related to script disparity; despite the use of multilingual subword tokenizers, the semantic 
alignment between English text and these scripts in the underlying embedding space proved insufficiently 
robust for zero-shot intent categorization [27].

6.2 Impact of Adaptation Techniques on Intent Accuracy
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The introduction of low-resource adaptation techniques yielded substantial performance improvements, 
though  the  degree  of  enhancement  varied  by  methodology  [28].  Few-shot  fine-tuning  proved  to  be 
exceptionally effective. The provision of just ten examples per intent category resulted in dramatic increases 
in macro F1-scores across all languages, effectively bridging the performance gap caused by typological 
divergence. This indicates that while the underlying multilingual models possess the necessary semantic 
capacity, they require explicit, albeit minimal, guidance to anchor those semantics to the target language 
syntax. Parameter-efficient fine-tuning via adapters performed competitively with full model fine-tuning, 
demonstrating that the vast majority of cross-lingual knowledge can be preserved while only updating a 
minuscule fraction of the parameters. This finding is particularly significant for minority language service 
deployment,  as it  allows for the maintenance of a single, massive core model with highly lightweight,  
language-specific plug-ins. Data augmentation techniques showed mixed results; while synthetic translation 
augmentation provided minor gains for Welsh, it frequently introduced grammatical artifacts in Basque and 
Uighur that confused the intent classifier, highlighting the risks of relying on automated translation for highly 
distinct minority languages.

Table 2: Benchmark Evaluation Metrics indicating Macro F1-Scores across different adaptation strategies

Adaptation Strategy Basque F1 Welsh F1 Uighur F1 Tibetan F1

Zero-Shot Baseline 0.32 0.48 0.28 0.25

5-Shot Fine-Tuning 0.55 0.64 0.51 0.49

10-Shot Fine-Tuning 0.68 0.75 0.63 0.61

Parameter-Efficient 
(10-shot)

0.67 0.74 0.62 0.60

7. Discussion and Conclusion

7.1 Implications for Minority Language Services

The findings of this benchmark study carry profound implications for the development and deployment of 
digital services for minority language communities. The stark failure of zero-shot transfer on linguistically 
distant  languages underscores the inadequacy of  relying solely  on massive multilingual  models  as a 
panacea for global language support. Technology providers cannot assume that support for a minority 
language simply emerges from scaling up pre-training data. Instead, the evidence strongly advocates for 
active, deliberate low-resource adaptation pipelines. By demonstrating that substantial performance gains 
can be achieved with only a handful of meticulously annotated examples per intent, this study provides a 
practical roadmap for service providers. The cost of localizing a conversational agent into a new minority 
language is dramatically reduced when the requirement shifts from thousands of training utterances to 
merely a few dozen. This democratization of intent recognition capabilities is a crucial step toward ensuring 
that government portals, healthcare information systems, and commercial customer service platforms can 
be made fully accessible to linguistically marginalized populations.

7.2 Limitations of the Current Benchmark

While this study establishes a foundational benchmark, several limitations must be acknowledged to guide 
future  research  trajectories.  First,  the  benchmark  currently  evaluates  intent  recognition  in  isolation, 
independent of downstream dialogue management and entity extraction tasks [29]. In practical systems, 
intent recognition is intrinsically linked to the extraction of specific slots and parameters, and the cascading 
effects of low-resource adaptation on these interconnected tasks require further investigation. Second, the 
evaluation  corpus,  while  culturally  adapted  and  high-quality,  consists  of  relatively  short,  single-turn 
utterances.  Real-world  interactions  often  involve  complex,  multi-turn  dialogues  where  intents  shift 
dynamically, posing a significantly more difficult challenge for cross-lingual models. Finally, the selected 
languages, though typologically diverse, represent only a tiny fraction of the thousands of minority languages 
spoken globally. Expanding the benchmark to include a broader spectrum of languages, particularly those 
from underrepresented regions such as sub-Saharan Africa and indigenous the Americas, is essential for 
validating the universal applicability of these adaptation strategies.

7.3 Concluding Remarks

This  comprehensive  academic  investigation  has  systematically  linked  low  resource  adaptation 
methodologies to the practical task of intent recognition within minority language services. By constructing 
a rigorous benchmark encompassing Basque, Welsh,  Uighur,  and Tibetan,  the study provided critical 
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empirical evidence regarding the performance characteristics of various cross-lingual transfer techniques. 
The analysis conclusively demonstrated that while zero-shot applications fail to provide adequate service 
levels  for  typologically  distant  minority  languages,  targeted  few-shot  learning  and  parameter-efficient 
adaptation can recover substantial functional accuracy. Ultimately, addressing the technological divide in 
natural language processing requires a continuous commitment to building inclusive, linguistically diverse 
evaluation frameworks. Through such rigorous benchmarking and targeted methodological innovation, the 
research  community  can  ensure  that  the  transformative  benefits  of  automated  intent  recognition  are 
equitably distributed across all global language communities, safeguarding linguistic diversity in the digital 
age.
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