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Abstract
Retrieval-augmented generation (RAG) has been used to improve the accuracy and transparency of outputs
produced by large language models (LLMs) by integrating external knowledge; however, applying RAG to low-
resource languages presents unique challenges, including poor embedding representations, low retrieval quality,
and semantic gaps caused by the scarcity of digital documents. In this research, we address these challenges for
a selected low-resource language, Amharic, by using translative and debate-based RAG techniques to improve
retrieval and reasoning. This paper outlines the key problems and research gaps in applying RAG to low-resource
languages and introduces a method to enhance RAG performance for Amharic. Additionally, we introduce the first
comprehensive Amharic Retrieval-Augmented Generation Benchmark (ARGB), designed to capture grammatical,
cultural, and writing-system-specific constraints of the Amharic language. ARGB evaluates not only retrieval and
generation quality, but also noise robustness, counterfactual robustness, negative rejection, and multi-source
information integration, providing a holistic assessment of RAG capabilities. The dataset, which spans a wide range
of categories, is evaluated using multiple evaluation metrics. Furthermore, we demonstrate that, using our dataset,
translation-based and debate-based methods substantially improve various aspects of RAG pipeline assessment in
the Amharic language. This work aims to improve the reliability, accessibility, and inclusiveness of AI systems for
Amharic speakers while providing a scalable framework for other low-resource languages. Current progress on the
code and benchmark can be found on this GitHub link: link.
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1. Introduction

LLMs have transformed natural language process-
ing by enabling strong performance across tasks
such as open-domain question answering, sum-
marization, reasoning, and dialogue generation
(Brown et al., 2020; Radford et al., 2019). How-
ever, despite enhanced language understanding
and generation, LLMs remain limited by the static
knowledge encoded in their parameters. They are
prone to hallucinations, factual inaccuracies, and
out-of-date internal knowledge (Farquhar et al.,
2024; Lewis et al., 2020).

RAG has emerged as an approach to mitigate
these issues by grounding model outputs in ex-
ternally retrieved documents (Lewis et al., 2020).
By combining a retriever with a generative model,
RAG systems improve factual consistency and pro-
vide traceable evidence for generated responses
(Shuster et al., 2021; Gao et al., 2023). Despite its
demonstrated success in high-resource contexts,
the adaptation of RAG to low-resource languages
remains insufficiently studied.

Low-resource languages face structural and
technical barriers that limit the effectiveness of
retrieval-augmented systems. First, embedding
representations for low-resource languages are of-
ten weaker due to limited pretraining data, result-

ing in poor semantic alignment between queries
and documents (Miao et al., 2024). Second, the
scarcity and uneven quality of digital corpora re-
duce retrieval recall and coverage (Kazi et al.,
2025). Third, linguistic characteristics such as
rich morphology, writing-system variation, and lim-
ited standardized tools further degrade retrieval
performance (Wiemerslage et al., 2022). To-
gether, these challenges lead to low retrieval qual-
ity, which directly impacts the reliability of down-
stream generation.

Amharic, a widely spoken low-resource lan-
guage in Ethiopia, Africa, exemplifies these chal-
lenges. Available resources for pretraining and
finetuning Amharic language models remain lim-
ited, with RAG-based systems largely unexplored.
Secondly, there are unique language character-
istics of Amharic that requires specialized study.
For instance, the language exhibits unique mor-
phological structures for encoding subject–object–
verb agreement, marking gender and number,
and supporting derivational word formation (Am-
berber, 2023). Additionally, unique proverbs,
culturally embedded meanings, and the distinc-
tive Ge’ez writing system further contribute to
this variation (Mengistu, 2018; Eid, 2021). In
terms of resources for RAG, there is currently
no widely adopted benchmark specifically de-

https://github.com/AbelAlemu155/AmharicRAG
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Figure 1: Linguistic and systemic challenges in
Amharic QA. The benchmark addresses unique
constraints in writing and calendar systems.

signed to evaluate retrieval-augmented genera-
tion in Amharic. This infrastructure gap hin-
ders the development and deployment of practi-
cal systems such as health chatbot applications
in resource-constrained regions like Ethiopia, de-
spite their strong potential to reduce pressure on
overstretched services and lower operational costs
(Manyazewal et al., 2021; Bank, 2023).

This research seeks to address these limitations
by investigating how retrieval-augmented genera-
tion can be adapted to function more effectively
in low-resource contexts. Specifically, we use
two techniques based on TraSe Architecture (Ipa
et al., 2025) and Debate-Augmented RAG (Hu
et al., 2025). The TraSe architecture leverages
cross-lingual translation to improve the generation
of text-based outputs with improved synthesis (ap-
plied at the generation step). Additionally, we
adopt a debate-driven retrieval and generation ap-
proach, where agents propose, critique, and eval-
uate candidate answers/contexts to iteratively re-
fine responses/retrieval. The goal is to improve
reasoning and retrieval accuracy and reduce hal-
lucinations, which is especially important for low-
resource languages with sparse or biased retrieval
data (Chari et al., 2025).

Beyond methodological improvements, this re-
search also addresses the critical need for evalu-
ation infrastructure. We introduce a factoid, open-
domain, comprehensive Amharic RAG benchmark

with extractive answers. Currently, there is only
one publicly available question-answering bench-
mark for Amharic, Amh-QuAD (Taffa et al., 2024),
which was developed using the Amharic Wikipedia
dump dataset and manual annotation. However,
the contexts defined for extraction are not large
enough (only a few sentences) to represent a
knowledge space with high coverage and accu-
rate retrieval quality measures. To improve on this,
we define the benchmarks with large contexts or
entire articles for extraction. Furthermore, apart
from retrieval accuracy measures, our benchmark
assesses four qualities important in a RAG sys-
tem: noise robustness, negative rejection, informa-
tion integration, and counterfactual robustness, en-
suring a comprehensive assessment (Chen et al.,
2024).

In summary, this research aims to (1) ana-
lyze the key challenges of applying RAG to low-
resource languages, (2) propose a translation-
based and debate-augmented RAG framework
tailored to Amharic that addresses low-resource
constraints and language-specific characteris-
tics, demonstrating significant improvements over
baseline methods, and (3) the development of the
first RAG Amharic dataset to support systematic
evaluation through varying metrics. Through these
contributions, the project aims to strengthen AI
support for Amharic speakers and demonstrate
methods that can benefit other low-resource lan-
guages.

2. Related Works

2.1. Advanced Retrieval-Augmented
Generation and Benchmarking

Standard Retrieval-Augmented Generation (RAG)
significantly reduces LLM hallucinations by
grounding generation in external documents. Re-
cent advancements have focused on optimizing
the interaction between the retriever and the
generator. For instance, (Jiang et al., 2023)
introduced Forward-Looking Active REtrieval
(FLARE), a technique where the language model
actively decides when and what to retrieve during
the generation process based on its internal
confidence regarding upcoming tokens. While
such active retrieval methods are highly effective
in high-resource languages, they rely heavily on
the robust internal knowledge of the base LLM, a
capability often lacking in low-resource language
models.

As RAG architectures have matured, evaluat-
ing their true efficacy has required more sophisti-
cated frameworks than simple exact-match accu-
racy. (Chen et al., 2024) established a founda-
tional evaluation paradigm by introducing a com-
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prehensive benchmark designed to assess four
critical LLM abilities in RAG systems: noise robust-
ness (filtering irrelevant retrieved documents), neg-
ative rejection (declining to answer when retrieved
documents lack the information), information inte-
gration (synthesizing answers from multiple docu-
ments), and counterfactual robustness (recogniz-
ing and rejecting false information in the context).
Our proposed Amharic benchmark directly adopts
these four critical dimensions to provide the first
rigorous assessment of RAG systems in Amharic.

2.2. Multi-Agent Debate in LLMs and
RAG

To further improve reasoning and factual consis-
tency, recent research has explored multi-agent
debate frameworks. (Du et al., 2024) demon-
strated that rather than relying on a single genera-
tive pass, instantiating multiple LLM agents to inde-
pendently propose, critique, and iteratively refine
their responses leads to a consensus that is signif-
icantly more factual and logically sound.

This debate paradigm has recently been ex-
tended to RAG architectures. (Hu et al., 2025)
introduced a debate-augmented RAG framework
where distinct agents evaluate both the retrieved
contexts and the candidate answers. By iteratively
debating the relevance of retrieved documents and
the faithfulness of the generated text, the system
effectively filters out misleading or low-quality re-
trievals. This approach is highly relevant for our
work, as debate-driven refinement is a powerful
mechanism for mitigating the impact of sparse, bi-
ased, or noisy retrieval data commonly encoun-
tered in low-resource environments.

2.3. RAG in Low-Resource Languages
Extending RAG to low-resource languages
presents unique challenges, primarily due to weak
embedding representations and a lack of digitized
corpora (Li and Ke, 2025). A notable contribution
addressing this gap is the work by (Ipa et al.,
2025), who investigated RAG performance con-
straints in Bangla. Because standard models
like Llama-2 struggle with native reasoning in
underrepresented languages, they introduced
the TraSe architecture. TraSe circumvents native
language deficits via ”translative prompting”:
translating the query and retrieved context into
English for generative processing, and translating
the final answer back to Bangla. Furthermore,
TraSe uses a multi-prompt generation strategy
coupled with an LLM-based selector to identify
the most accurate candidate response. Our
methodology adapts this cross-lingual translation
strategy to leverage high-resource LLM reasoning
capabilities for Amharic.

2.4. Question Answering and Datasets
for Amharic

Despite the rapid growth of NLP evaluation
datasets, Amharic remains severely underrep-
resented. The foundational effort in this do-
main is Amh-QuAD, introduced by (Taffa et al.,
2024), which constitutes the first publicly available
Amharic question-answering benchmark. Devel-
oped using manual annotations from the Amharic
Wikipedia dump, Amh-QuAD was a vital first step.
However, the contexts provided for extraction in
this dataset are limited to only a few sentences.
This brief context window is insufficient for evalu-
ating the complex retrieval and synthesis capabili-
ties required in modern RAG systems. Our work
bridges this infrastructure gap by introducing a
comprehensive benchmark featuring article-length
contexts, designed explicitly to evaluate noise ro-
bustness, negative rejection, and information inte-
gration in Amharic.

3. Methodology

To effectively deploy Retrieval-Augmented Gener-
ation (RAG) in the severely resource-constrained
context of the Amharic language, we propose
a multi-faceted methodology designed to over-
come both generative deficits and retrieval volatil-
ity. Specifically, we adapt and integrate two ad-
vanced paradigms: TraSe-based Translative RAG
and Debate-Augmented Generation. Furthermore,
to rigorously evaluate these interventions, we con-
struct a novel, multi-dimensional Amharic RAG
Benchmark Dataset.

3.1. TraSe-based retrieval
This approach builds upon recent empirical find-
ings demonstrating that translating queries and
retrieved contexts into a high-resource language
can substantially enhance generation quality in
RAG pipelines (Ranaldi et al., 2025). While foun-
dation models like LLaMA exhibit advanced zero-
shot reasoning capabilities, their performance on
low-resource languages such as Amharic is heav-
ily bottlenecked by limited pretraining data. This
deficit typically results in suboptimal tokenization,
morphological fragmentation, and weaker seman-
tic synthesis in the target language.

To circumvent these linguistic constraints, we
adapt the TraSe architecture (Ipa et al., 2025)
to decouple the retrieval language from the rea-
soning language. As illustrated in Figure 2, the
method establishes a cross-lingual bridge: the
original Amharic query and the retrieved Amharic
contexts are first translated into English. By feed-
ing these English translations into the genera-
tive model, the system executes complex reason-
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ing, synthesis, and information integration within a
high-resource language space where the LLM is
most proficient. Finally, the synthesized English
output is translated back into Amharic. This ap-
proach delivers a fluent, accurate, and contextually
grounded response to the user without requiring
extensive, resource-heavy fine-tuning in the native
language.

3.2. Debate-Enhanced RAG
Multi-agent debate techniques have been increas-
ingly utilized to enhance the factuality and reason-
ing capabilities of large language models (LLMs)
(Du et al., 2024). The benefits of this approach—
namely, reduced hallucinations and deepened log-
ical consistency—can be seamlessly integrated
into both the retrieval and generation phases of
the RAG pipeline. By orchestrating a debate
among agents assigned to distinct roles, we en-
able a comprehensive exploration of varying per-
spectives, thereby optimizing both retrieval preci-
sion and generation quality.

3.2.1. Retrieval Debate

During the retrieval phase, a multi-round debate
iteratively refines the search process. Agents col-
laboratively evaluate and adjust the query pool and
the retrieved passages to correct inherent biases,
improve query formulation, and expand semantic
coverage. This process yields a highly optimized
and contextually rich set of documents for down-
stream generation.

3.2.2. Response Debate

Following the retrieval of the top relevant docu-
ments, a secondary multi-agent debate is con-
ducted during the response generation stage. This
mechanism allows the LLMs to cross-examine and
identify faults in each other’s reasoning and factual
assertions, converging on a highly accurate final
answer. Crucially, the assignment of distinct roles
forces the models to adopt specialized constraints,
generating nuanced insights that are unlikely to
emerge from a standard, single-pass query.

To ensure a rigorous and structured dialectic
throughout both the retrieval and response stages,
the agents are instantiated with the following three
distinct roles:

• Proponent Agent: Advocates for the validity
of the current query or candidate answer, ar-
guing that the retrieved information or initial
response is relevant and sufficient. During
the generation phase, it formulates a primary
response based on the retrieved context and
iteratively refines it by addressing feedback
from the Challenger.

• Challenger Agent: Adopts an adversarial
stance to critique the current query, retrieval
results, or generated response by actively
identifying logical gaps, factual errors, or
omissions. It proposes query modifications
during retrieval and iteratively challenges the
Proponent’s assertions during generation.

• Judge Agent: Acts as an impartial arbiter,
evaluating the arguments and counterargu-
ments presented by the Proponent and Chal-
lenger. It determines which queries to exe-
cute or which candidate answers to finalize,
ensuring the ultimate outputs are accurate, ro-
bust, and comprehensive.

3.3. Amharic Corpus and Benchmark
Construction

The ARGB is developed using the Amharic
Wikipedia dump dataset by selecting main pages
with a minimum size of 2 KB. The text is cleaned
and normalized to remove markup, inconsisten-
cies, and non-textual artifacts. The pages/articles
are then chunked into non-overlapping segments
of five sentences, with the page ID retained for
retrieval tasks. From these chunks, fact-based
question–answer pairs of number, text, and date
types are curated, spanning 15 diverse domains.
To date, a total of 40 articles have been used in
the construction process. The distribution of the
different question types is presented in the table
below.

Articles Chunks Total Entries Direct QA Noise Rob. Neg. Rej. Info. Rej. Counterfactual

40 450 200 100 20 20 20 20

Table 1: Amharic RAG Dataset Composition

To rigorously assess native language compre-
hension, the ARGB incorporates queries that span
diverse cultural contexts, morphological variations,
semantic shifts, and heterogeneous writing sys-
tems(as illustrated in Figure 1). A key feature of
the benchmark is its inclusion of dual numerical
systems, reflecting the common real-world inter-
mixing of Arabic and Ge’ez numerals in Amharic
text. Consequently, the benchmark tests the
model’s ability to accurately synthesize extracted
contexts across these varying orthographic for-
mats. Furthermore, the dataset intentionally fea-
tures questions rooted in the unique cultural, histor-
ical, and geographical context of Ethiopia, ensur-
ing the evaluation measures true localized knowl-
edge rather than mere literal translation.

To ensure comprehensive thematic coverage,
the benchmark queries are drawn from a diverse
array of categories, including history, sports, sci-
ence, politics, and other domains such as biogra-
phy and entertainment. Nevertheless, a substan-
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Amharic Language Space English Language Space (High-Resource)

Amharic Output

Amharic Query
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(AM → EN)

Translate
(AM → EN)

English Query

English Context

High-Resource LLM
(Reasoning in English) English Answer Translate

(EN → AM)
Final Amharic

Answer

Figure 2: TraSe-Based Translative RAG Pipeline. The architecture circumvents morphological bottle-
necks by mapping Amharic queries and contexts into English for high-resource LLM reasoning, before
translating the synthesized response back to Amharic.

Figure 3: ARGB Benchmark Samples. Bilingual (Amharic/English) queries across Language, Culture,
Sport, and Tech domains demonstrating RAG quality metrics: Negative Rejection (NR) for distractor iden-
tification, Counterfactual (CF) for factual grounding against false context, and Information Integration (Int.)
for multi-document synthesis. These samples highlight the specific linguistic and cultural complexities of
the Ethiopian context, including Ge’ez-derived root analysis and local heritage.

tial proportion of the dataset consists of history-
related questions. This distribution directly reflects
the intrinsic composition of the source Amharic
Wikipedia corpus, which is predominantly skewed
toward historical topics. Figure 4 illustrates the
proportional breakdown of these topical categories
within our core dataset.

As previously detailed, the evaluation queries

are formulated as extractive tasks, wherein the
exact answers are explicitly present within the
Amharic Wikipedia dump. Consequently, the
ground-truth answers are structured to facilitate
exact-match verification. Beyond mere retrieval ac-
curacy and precision, however, robust Retrieval-
Augmented Generation (RAG) pipelines must be
evaluated across multiple dimensions.
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Figure 4: Distribution of dataset categories span-
ning various topics.

• Noise Robustness: The ability of the gener-
ative model to filter out irrelevant or mislead-
ing information and synthesize an accurate
response exclusively from the relevant con-
text. To assess this within our benchmark, we
introduce synthetic ”noisy” documents along-
side the truthful contexts for a select sub-
set of questions. While some of these noisy
data were manually authored in Amharic, oth-
ers were systematically translated from the
established Retrieval-Augmented Generation
Benchmark (RGB).

• Negative Rejection: The capacity of the
model to recognize when the retrieved con-
text lacks sufficient information to answer the
user’s query and subsequently decline to gen-
erate an unsupported response. To test
this within the benchmark, we intentionally
fetch queries from external datasets whose
answers do not exist within the Amharic
Wikipedia dump. This evaluates the LLM’s
propensity to hallucinate when forced to rely
solely on inadequate retrieved contexts.

• Information Integration: The ability of the
generative model to synthesize a coherent an-
swer by logically combining facts scattered
across multiple distinct documents. To con-
struct these evaluation instances, we identi-
fied pairs of semantically related but separate
chunks within the Wikipedia dataset and for-
mulated complex, multi-hop questions that re-
quire extracting and merging information from
both sources simultaneously.

• Counterfactual Robustness: A measure of
the model’s adherence to the provided re-
trieved context, even when that context contra-
dicts its internal parametric knowledge. To as-
sess this, we inject queries concerning widely
known facts into the system alongside delib-
erately falsified, counterfactual retrieved docu-

ments. This rigorously tests whether the LLM
prioritizes the grounded external evidence
over its pre-trained biases.

3.4. Models
Open-source LLaMa-based models fine-tuned for
Amharic are employed as agents for the three de-
bate roles. We select two models due to their
strong performance in Amharic tasks: Walia-LLM
(Azime et al., 2024) and Llama-3.2-Amharic (noa,
2025).

3.5. Embeddings
To represent queries and document contexts in a
dense vector space, we employ the xlm-roberta-
base-finetuned-amharic model (Adelani, 2021).
This model is an adaptation of the multilingual
XLM-RoBERTa architecture, further fine-tuned on
a dedicated Amharic corpus to better capture the
specific semantic and morphological nuances of
the language. Due to its specialized training,
it demonstrates superior performance over the
vanilla XLM-RoBERTa, particularly in capturing lo-
calized entities and context, which is critical for ac-
curate retrieval in the Amharic domain.

For the generation and debate phases, the
Large Language Models (LLMs) were deployed us-
ing a standardized decoding configuration to main-
tain a balance between reasoning creativity and
factual adherence. Specifically, we utilized a low
temperature of 0.3 and enabled stochastic decod-
ing via nucleus sampling (do_sample=True). The
sampling parameters were restricted to a top_p
threshold of 0.8 and a top_k value of 8 to ensure
the selection of high-confidence tokens. To mini-
mize linguistic redundancy and encourage concise
synthesis, a repetition penalty of 1.05 was applied,
with the output length capped at a maximum of 128
new tokens (max_new_tokens=128).

3.6. Evaluation
We assess the quality of the generated responses
using Accuracy, defined as the proportion of factu-
ally correct answers verified through exact match
criteria. To ensure a robust and fair evaluation, the
ground-truth answers in the benchmark have been
curated to account for various linguistic permuta-
tions and formatting possibilities that represent a
correct answer, ensuring that valid semantic vari-
ations are accurately captured during the verifica-
tion process.

For robustness evaluation, the rejection rate
measures negative rejection, specifically, whether
the model correctly refuses to answer when only
noisy or insufficient documents are provided. Ad-
ditionally, the error correction rate is employed
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to measure counterfactual robustness, evaluating
whether the model can identify factual errors within
provided documents and successfully generate
the correct answer after detecting such inaccura-
cies.

4. Results

4.1. Accuracy Evaluation
The experimental results demonstrate a clear pro-
gression in performance as the complexity of the
retrieval and reasoning pipeline increases. As
summarized in Table 4.1, the baseline models op-
erating natively in Amharic exhibited the lowest
performance. Walia-LLM and Llama 3.2 Amharic
achieved accuracy scores of 22.0% and 25.0%,
respectively. These results highlight the inherent
challenges of low-resource language processing,
where limited pretraining data often leads to sub-
optimal reasoning and factual retrieval.

Methodology Accuracy (%)

Walia-LLM (Native) 22.0%
Llama 3.2 Amharic (Native) 25.0%
Translation-based Llama 3.2 29.0%
Translation and Debate-based
(Proposed)

32.0%

Table 2: Comparison of Accuracy across baseline
and proposed methodologies.

The introduction of the translative pipeline sig-
nificantly improved outcomes, with the translation-
based Llama 3.2 model reaching an accuracy
of 29.0%. This gain validates the hypothesis
that mapping low-resource queries into a high-
resource language space (English) allows the
model to better leverage its parametric knowledge
and advanced reasoning capabilities.

The highest level of performance was achieved
with the hybrid method of Translative and Debate-
based architecture, which reached an accuracy of
32.0%. This represents a 17% relative improve-
ment over the strongest native baseline. The
success of this approach indicates that iterative
multi-agent critique coupled with translative tech-
niques and synthesis reduces model hallucina-
tions and reasoning gaps. By allowing agents
to cross-examine retrieved contexts in a high-
resource space, the system can more accurately
identify factual nuances that are often lost in single-
pass native generation.

Initial qualitative analysis suggests that the
debate-based approach excels at identifying and
correcting definitive factual inaccuracies. How-
ever, performance remains constrained in cases

of high semantic ambiguity where the retrieved
Amharic contexts are sparse or contradictory. Fu-
ture iterations will focus on enhancing the “Judge”
or “Synthesizer” role to better adjudicate these am-
biguous scenarios.

4.2. Robustness Evaluation
Beyond raw accuracy, we evaluated the models on
two critical robustness dimensions: Negative Re-
jection Rate (NRR) and Error Correction Rate (CR).
The results, detailed in Table 4.2, reveal significant
behavioral differences across the architectures.

Methodology NRR CR

Walia-LLM 0.030 0.010
Llama 3.2 Amharic 0.035 0.007
Transl. Llama 3.2 0.042 0.021
Translation and Debate-based 0.043 0.020

Table 3: Robustness measures including Negative
Rejection Rate (NRR) and Error Correction Rate
(CR).

The native Amharic models demonstrated very
low NRR and CR scores, indicating a high propen-
sity for hallucination when faced with unanswer-
able queries and a limited capacity to self-correct
based on retrieved evidence. Specifically, Walia-
LLM and Llama 3.2 Amharic achieved NRR val-
ues of only 0.03 and 0.035, respectively. This sug-
gests that these models struggle to distinguish be-
tween insufficient and sufficient context in the na-
tive language.

The transition to a translation-based pipeline
nearly doubled the error correction capability, with
the CR increasing to 0.021. This indicates that
English-language reasoning is substantially more
effective at identifying and rectifying factual incon-
sistencies. Our proposed Debate-based frame-
work achieved the highest Negative Rejection
Rate (0.043), suggesting that multi-agent cross-
examination provides a more rigorous filter for
unanswerable queries. However, the plateau in
CR (0.020) indicates that while the debate im-
proves directional accuracy, perfectly correcting
granular factual errors remains a persistent chal-
lenge for current models in low-resource contexts.

The observed performance gap between native
and translative architectures suggests that ”mor-
phological bottlenecks” in low-resource languages
hinder complex reasoning. By decoupling retrieval
(Amharic) from reasoning (English) via the TraSe-
inspired pipeline, the system accesses superior
parametric knowledge.

A critical insight emerging from this study is
the potential for Hybrid Inference Paths. While
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the translative debate-based system yields supe-
rior results, it incurs higher latency and cost. We
propose that the overall applicability of such a
system can be optimized through a confidence-
based gating mechanism. In this architecture, a
lightweight native Amharic model would handle
high-confidence, routine queries, while the com-
plex translative debate pipeline is only triggered
for low-confidence. This would make the sys-
tem scalable for real-world deployment in Amharic-
speaking regions with limited computational infras-
tructure.

Furthermore, we identify a potential risk of Rea-
soning Bias in translative RAG. While English rea-
soning is logically superior for factual retrieval,
it may inadvertently introduce Western legal or
clinical assumptions that do not align with the
Ethiopian cultural or regulatory context (e.g., spe-
cific Ethiopian customary laws or local medical pro-
tocols). Future iterations of this system should in-
corporate a ”Cultural Adjudicator” agent in the de-
bate, a model specifically prompted to check for
alignment between the high-resource reasoning
and localized Amharic norms.

4.3. Future Directions
To further enhance the system, we suggest explor-
ing Cross-lingual Knowledge Distillation. The high-
quality outputs generated by the expensive debate-
based pipeline can be used as a synthetic dataset
to fine-tune smaller native Amharic models. This
would create a virtuous cycle where the translative
framework acts as a ”teacher,” gradually upgrad-
ing the capabilities of native models until the need
for intermediate English translation is minimized.

5. Conclusion

This work examined the challenges of apply-
ing Retrieval-Augmented Generation (RAG) to
Amharic, a low-resource language, highlighting
limitations in embeddings, corpus availability, and
morphological complexity that hinder retrieval and
generation quality.

To address these issues, we proposed a hy-
brid framework combining translation-based gen-
eration and debate-augmented RAG. The transla-
tive component leverages high-resource language
reasoning at the generation stage, while the de-
bate mechanism improves factual grounding and
reduces hallucinations. Experiments show consis-
tent improvements over monolingual baselines, in-
cluding gains in answer accuracy and robustness
to noisy and counterfactual contexts.

We also introduced the first comprehensive
Amharic RAG benchmark, enabling systematic
evaluation across multiple robustness dimensions.

Together, these contributions advance reliable
RAG for Amharic and provide a scalable approach
for other low-resource languages.

6. Ethics Statement

This work aims to advance equitable access to reli-
able AI systems for speakers of Amharic, a histori-
cally underrepresented language in NLP research.
By developing evaluation resources and improv-
ing RAG robustness, we seek to reduce disparities
in model performance between high-resource and
low-resource languages.

However, several ethical considerations re-
main. First, translation-based generation intro-
duces cross-lingual transfer effects, which may
propagate biases embedded in high-resource lan-
guage models into Amharic outputs. Second,
retrieval-augmented systems may reproduce inac-
curacies or culturally sensitive content present in
source documents. Although our debate-based
mechanism improves factual grounding, it does
not eliminate hallucinations or bias entirely. Third,
dataset construction decisions, including article se-
lection and annotation design, may reflect implicit
cultural or topical biases, potentially limiting repre-
sentativeness.

We encourage future work to incorporate
broader domain coverage, culturally grounded
evaluation protocols, and bias auditing tailored to
low-resource linguistic contexts.
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