Policy Brief
Title: Automatic Speech Recognition System for Awgni (A @4 ) Language

Executive Summary

This brief presents findings from a research initiative at Injibara University to develop an Automatic
Speech Recognition (ASR) system for Awgni (Awngi), a low-resource Central Cushitic language
spoken primarily in the Agew Awi Zone of Ethiopia. Using a 15-hour speech corpus and the open-
source Kaldi Speech Recognizer Engine, the research team evaluated multiple acoustic modeling
configurations. The best-performing system utilizing Triphone models with 39 features and Linear
Discriminant Analysis combined with Maximum Likelihood Linear Transform (LDA+MLLT)
achieved a Word Error Rate (WER) of 8.61%, a Character Error Rate (CER) of 5.34%, and a
Sentence Error Rate (SER) of 56.27%. These results demonstrate that robust ASR for Awgni is
technically feasible, but further advancement requires targeted public investment in data collection,

computational infrastructure, and policy frameworks that prioritize indigenous language technology.

Introduction

Ethiopia is a multilingual nation with more than 80 languages, yet digital tools remain concentrated
in a few high-resource languages such as Amharic and English. Awgni, spoken by the Agew people
in the Amhara Region, is classified as endangered and lacks standardized linguistic resources,
including annotated speech data and digital lexicons. The absence of ASR and other speech
technologies for Awugni exacerbates digital exclusion, limiting access to education, government

services, and economic opportunities for native speakers.

Automatic Speech Recognition (ASR) systems offer transformative potential for languages with
limited digital resources by addressing multiple societal needs simultaneously. These technologies
serve as vital instruments for safeguarding intangible cultural heritage by converting spoken
traditions into permanent written records and transcriptions. Furthermore, they promote digital
equity by enabling speakers to interact with technology through voice commands, thereby removing
literacy-related barriers to information and services. In educational contexts, ASR facilitates

inclusive learning environments through literacy support tools and assistive applications designed



for learners with visual impairments. Economically, the deployment of voice interfaces in local
languages empowers businesses and streamlines public service delivery, creating opportunities for

communities that have historically been excluded from the digital economy.

The present study represents an initial yet significant effort to narrow the technological gap
experienced by Awgni-speaking communities, offering a foundational framework that can be adapted
for other marginalized Ethiopian languages. By demonstrating the feasibility of building speech
recognition systems for under-resourced linguistic contexts, this work not only addresses the
immediate needs of Awgni speakers but also provides a scalable methodology for similar initiatives
across the country. The research thereby establishes a precedent for how targeted technological
investment can support linguistic diversity while fostering broader social and economic

participation.

Research Findings

The research team conducted a series of experiments using Hidden Markov Model (HMM)-based
acoustic modeling within the Kaldi framework. Key findings include:

1. Advanced Modeling Techniques Improve Accuracy

e The baseline Monophone (13 MFCC) model produced high error rates (MER: 19.89%;
CER: 15.02%; SER: 80.78%), confirming that context-independent modeling is insufficient
for Awgni.

e Triphone models, which account for phonetic context, significantly reduced errors. The
Triphone (13 MFCC + delta + delta2) configuration achieved a WER of 9.62% and CER of
6.46%.

o The optimal configuration—Triphone (39 features) with LDA+MLLT—delivered the best
overall performance: WER 8.61%, CER 5.34%, and SER 56.27%, demonstrating the
value of feature-space transformation techniques.

2. Speaker Adaptation and Discriminative Training Show Limited Gains

e SAT+FMLLR (Speaker Adaptive Training with Feature Maximum Likelihood Linear

Regression) yielded slightly higher error rates (WER: 9.24%) than the LDA+MLLT setup,

suggesting that speaker adaptation requires further tuning or larger datasets.



Discriminative training methods (MMI and fMMI) did not produce significant
improvements over the best Triphone baselines, indicating that these techniques may require

more extensive computational resources or corpus diversification to be effective for Awgni.

3. Resource Constraints Limit Deep Learning Exploration

The research team noted that Artificial Neural Network (ANN) and Deep Neural Network
(DNN) experiments were infeasible due to insufficient computational resources. Given the
global state-of-the-art in ASR, this constraint represents a critical bottleneck for Ethiopian

low-resource language research.

4. Corpus Quality and Size Are Primary Determinants of Performance

All experiments relied on a 15-hour speech corpus recorded from gender-balanced native
speakers using smartphone-based tools. While sufficient for proof-of-concept, this volume is
small by ASR standards. The researchers identified data scarcity as the single greatest barrier

to improving recognition accuracy.

Policy Recommendations

To translate this research into public benefit and expand ASR capabilities for Awgni and comparable

Ethiopian languages, the following actions are recommended:

1. Establish a National Low-Resource Language Technology Fund: Direct public funding

toward the creation of large-scale, phonetically balanced speech and text corpora for Awgni
and other indigenous languages. A minimum target of 100+ hours of transcribed speech is
recommended to enable modern deep-learning approaches.

Create Digital Language Resource Centers: Establish regional centers (potentially hosted
at universities such as Injibara) responsible for corpus collection, annotation, and open
dissemination. These centers should maintain standardized formats and collaborate with the
Ethiopian Artificial Intelligence Institute and international bodies.

Integrate ASR into Public Service Delivery: Mandate the inclusion of local-language ASR
in accessibility frameworks for government, legal, and educational institutions. Priority
applications include:

o Transcription services for courts and parliamentary records.

e Voice-enabled educational tools for primary schools in Agew Awi Zone.

o Healthcare information systems accessible to non-Ambharic speakers.



4. Invest in Computational Infrastructure and Research Partnerships: Provide high-
performance computing access to Ethiopian universities to enable DNN, RNN, and
transformer-based ASR experiments. Foster partnerships between local institutions and
international research labs to facilitate knowledge transfer.

5. Develop a National Language Technology Policy: Formulate policy guidelines that require
technology procurements (e.g., mobile operating systems, banking apps, government portals)
to support Ethiopia’s major indigenous languages. Include provisions for open-source release
of publicly funded language models to prevent vendor lock-in and encourage innovation.

6. Incentivize Private-Sector Innovation: Offer tax incentives or grants to technology
companies developing voice interfaces in Ethiopian languages. Support local startups
through innovation hubs focused on speech and natural language processing.

Conclusion

The successful development of a prototype ASR system for Awgni confirms that even severely
under-resourced languages can be supported by modern speech technology when paired with
structured research and modest investment. However, the 8.61% WER achieved with classical
techniques represents a ceiling that can only be broken through larger datasets, advanced neural

architectures, and sustained institutional support.

Policymakers have a strategic opportunity to prevent the digital marginalization of Ethiopia’s
linguistic minorities. By funding corpus expansion, building computational infrastructure, and
embedding local-language ASR into public services, the government can ensure that speakers of
Awgni and languages like it participate fully in the country’s digital transformation. The alternative
is a widening technological divide that risks silencing indigenous voices in an increasingly speech-

driven digital economy.
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