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Abstract

Multilingual retrieval increasingly underpins
cross-lingual question answering and retrieval-
augmented generation. Strong zero-shot scores
on multilingual benchmarks are often taken
as evidence that current encoders transfer re-
liably across many languages. We argue
that this assumption breaks down for under-
represented, morphologically rich languages,
and use Amharic as a diagnostic case. Un-
der a shared passage retrieval protocol cov-
ering dense, late-interaction, learned sparse,
and cross-encoder paradigms, we compare
zero-shot multilingual retrievers, Amharic-fine-
tuned multilingual retrievers, and monolin-
gual Ambharic retrievers. The strongest zero-
shot multilingual retriever underperforms the
strongest monolingual Ambharic first-stage re-
triever by 23% relative MRR @ 10. Fine-tuning
two recent multilingual embedding models
on the same Ambharic supervision yields 32—
60% relative MRR@ 10 gains over zero-shot,
but the best Amharic-fine-tuned multilingual
model remains below the strongest monolin-
gual Amharic retriever. These findings indicate
that zero-shot multilingual retrieval is not a
sufficient proxy for equitable information ac-
cess in the LLM era: for underrepresented lan-
guages, retrieval must be evaluated and adapted
in-language rather than inferred from aggregate
multilingual benchmarks. To foster future re-
search, we publicly release the dataset, code-
base, and trained models.'

1 Introduction

Multilingual retrieval as an access layer. Mul-
tilingual retrieval is becoming a central compo-
nent of how language technologies access infor-
mation across languages, particularly in seman-
tic search, cross-lingual information access, and
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retrieval-augmented generation. Recent multilin-
gual embedding models are increasingly positioned
as off-the-shelf retrieval encoders for broad lan-
guage coverage (Vera et al., 2025; Microsoft, 2026;
Wang et al., 2024; Zhang et al., 2024; Yu et al.,
2024). Strong benchmark scores may therefore
make zero-shot multilingual retrieval appear suffi-
cient across languages.

A retrieval-layer multilingual curse. We argue
that this reading is premature. The gap is partic-
ularly visible, and consequential, for underrepre-
sented, morphologically rich languages. When re-
trieval representations transfer poorly to such lan-
guages, downstream systems that rely on retrieved
evidence inherit a retrieval-imposed quality ceiling.
As a result, multilingual RAG systems and LLM-
based question answering pipelines may degrade in
ways that are obscured by aggregate multilingual
evaluations.

Why Ambharic. We make this concrete using
Ambharic. Ambharic is a Semitic language with
over 58 million first- and second-language speak-
ers (Basha et al., 2023; Eberhard et al., 2024),
written in the Ethiopic (Ge’ez) script. Its root-
and-pattern morphology, extensive affixation, and
script-specific orthography make it challenging
for multilingual encoders, which often rely on
subword segmentations and vocabularies that are
poorly matched to underrepresented, morphologi-
cally rich languages (Rust et al., 2021; Mekonnen
et al., 2025). Ambharic is therefore a useful diag-
nostic case rather than an idiosyncratic one: it is
widely used but persistently under-resourced in IR,
and the factors that strain retrieval here, namely
script, morphology, and limited language-specific
supervision, recur across many of the world’s lan-
guages.

Benchmark and model suite. To stress-test mul-
tilingual retrieval transfer, we extend the Amharic
passage retrieval benchmark introduced by Mekon-
nen et al. (2025) and construct Dataset V2, with
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68K query—passage pairs from AMNEWS (Az-
ime and Mohammed, 2021), XL-SUM (Hasan
etal., 2021), Amharic Wikipedia, and AmQA (Abe-
dissa et al., 2023). We evaluate four retrieval
paradigms, dense bi-encoders, late-interaction
retrievers, learned sparse retrievers, and cross-
encoder re-rankers under a shared protocol.
We compare zero-shot multilingual retrievers,
Ambharic-fine-tuned multilingual retrievers, and
monolingual Ambharic retrievers, including those
of Mekonnen et al. (2025), with BM25 as a sparse
lexical reference. This extends prior Amharic neu-
ral IR with two additional retrieval families and a
multi-source benchmark.

Main findings. The headline finding is clear: the
strongest zero-shot multilingual retriever under-
performs the strongest monolingual Amharic first-
stage retriever by 23% relative MRR@10. Fine-
tuning two recent multilingual embedding models
on the same Ambharic supervision narrows the gap
substantially, yielding 32—-60% relative MRR@ 10
gains over their zero-shot counterparts. However,
the best Amharic-fine-tuned multilingual model re-
mains below the strongest monolingual Amharic
retriever despite having roughly 2.5x more pa-
rameters. Cross-encoder re-ranking on top of an
Ambaric dense bi-encoder reaches MRR@10 of
0.830, the highest score in our evaluation. These
results suggest that zero-shot multilingual retrieval
is not yet a sufficient proxy for equitable informa-
tion access in the LLM era. One consequence is
that multilingual RAG systems built on zero-shot
retrievers may inherit a measurable retrieval-layer
quality ceiling for languages like Amharic unless
retrieval is evaluated and adapted in-language.

Contributions. (i) We use Ambharic to test whether
strong zero-shot multilingual retrieval transfers
to an underrepresented, morphologically rich lan-
guage. (ii) We construct an expanded Amharic
passage retrieval benchmark with 68K query—pas-
sage pairs and evaluate four retrieval paradigms
under a shared protocol. (iii) We quantify a persis-
tent zero-shot transfer gap and show that Amharic
fine-tuning substantially narrows but does not elim-
inate it. (iv) We release the benchmark, code, eval-
uation scripts, and model checkpoints to support
reproducible research on Ambharic retrieval and in-
formation access for low-resource languages.”

*Benchmark; code and evaluation scripts; monolingual
Ambharic models; Amharic-fine-tuned multilingual models.

2 Related Work

Multilingual retrieval and its evaluation. Dense
multilingual encoders have become a standard ba-
sis for multilingual retrieval, with models such
as multilingual E5, Arctic Embed, mGTE, Em-
beddingGemma, and harrier-oss-v1 introduced
as general-purpose retrieval encoders across lan-
guages (Wang et al., 2024; Yu et al., 2024; Zhang
etal., 2024; Vera et al., 2025; Microsoft, 2026). Re-
cent multilingual learned sparse retrievers further
extend this line to sparse lexical representations by
mapping multilingual inputs into a shared lexical
space (Nguyen et al., 2026). This trend is increas-
ingly consequential for retrieval-augmented genera-
tion: multilingual RAG systems rely on retrieval as
the evidence-selection layer, and recent work has
begun to evaluate retrieval quality in multilingual
generation settings (Chirkova et al., 2024; Thakur
et al., 2024).

Multilingual retrieval benchmarks have also ex-
panded: MIRACL provides native-annotated ad
hoc retrieval data over Wikipedia across 18 lan-
guages (Zhang et al., 2023b), mMARCO extends
MS MARCO via machine translation (Bonifacio
et al., 2021), and XOR-TyDi frames open-retrieval
QA as cross-lingual retrieval (Asai et al., 2021).
These resources make evaluation more systematic,
but coverage remains uneven: underrepresented
languages with complex morphology and diver-
gent scripts are less consistently represented, and
aggregate scores can obscure language-level degra-
dation. Tokenizer-level analyses further show that
multilingual tokenizers often over-segment such
languages, producing fragmented representations
that can affect downstream modeling (Rust et al.,
2021). For retrieval, where representation qual-
ity directly shapes ranking, this motivates shared-
protocol evaluation at the language level rather than
reliance on aggregate multilingual scores.

A common response to weak zero-shot transfer
is in-language fine-tuning: adapting multilingual
retrievers using language-specific query—passage
supervision (Bonifacio et al., 2021; Zhang et al.,
2023a). For underrepresented languages, however,
such supervision is often weakly labeled, domain-
restricted, or limited in scale. For Amharic, prior
work has shown that monolingual Ambharic retriev-
ers outperform strong multilingual baselines, and
that Amharic fine-tuning can substantially improve
multilingual retrieval (Mekonnen et al., 2025).
We build on this evidence by testing whether the
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same pattern holds under a broader setup: a more
diverse Amharic benchmark, additional retrieval
paradigms, and a unified comparison of zero-shot
multilingual retrievers, Amharic-fine-tuned mul-
tilingual retrievers, and monolingual Ambharic re-
trievers. This allows us to quantify the gap that re-
mains after zero-shot transfer and after in-language
fine-tuning.

Ambharic neural information retrieval. Amharic
IR has been constrained by the scarcity of
relevance-judged collections. The earliest dedi-
cated resource, 2AIRTC (Yeshambel et al., 2020),
is a TREC-style ad hoc retrieval collection, but its
limited query set and incomplete judgments make
it difficult to use as the sole basis for evaluating
neural retrievers. Recent work on Amharic neural
IR has therefore relied on weakly supervised pas-
sage retrieval benchmarks constructed from public
Ambharic resources.

The work most directly related to ours is (Mekon-
nen et al., 2025), which introduced monolingual
Ambharic dense retrievers based on Amharic BERT
and RoBERTa backbones, evaluated multilingual
dense baselines and BM25, fine-tuned a multi-
lingual retriever with Amharic supervision, and
trained a ColBERT-style late-interaction retriever.
Their benchmark was derived from AMNEWS (Az-
ime and Mohammed, 2021), using headlines as
queries and article bodies as relevant passages.
They showed that monolingual Amharic retrievers
outperform strong multilingual embedding base-
lines, and that Amharic fine-tuning substantially
improves multilingual retrieval effectiveness.

We build on this foundation rather than rein-
troducing Ambharic dense retrieval. Our contri-
bution is to extend the prior setup in three di-
rections. First, we evaluate on a multi-source
V2 benchmark derived from AMNEWS (Azime
and Mohammed, 2021), XL-SUM (Hasan et al.,
2021), Amharic Wikipedia, and AmQA (Abedissa
et al., 2023), moving beyond a single news-derived
source. Second, we broaden the retrieval stack by
adding learned sparse retrieval and cross-encoder
re-ranking to the dense and late-interaction models
studied previously. Third, we provide a shared-
protocol comparison of zero-shot multilingual re-
trievers, Amharic-fine-tuned multilingual retriev-
ers, and monolingual Ambharic retrievers. This lets
us ask not only whether monolingual Amharic re-
trieval helps, but also whether recent multilingual
encoders close the gap once fine-tuned with the
same Ambharic supervision.

3 Experimental Setting

We evaluate Ambharic passage retrieval using a
shared benchmark and protocol that covers mono-
lingual Ambharic retrievers, zero-shot multilin-
gual retrievers, Amharic-fine-tuned multilingual
retrievers, first-stage retrieval, and second-stage re-
ranking. Because the evaluated paradigms differ in
supervision format, scoring function, and retrieval
backend, we treat the results as benchmark-level
comparisons of practical retrieval approaches rather
than controlled architectural ablations.

3.1 Benchmark and evaluation

Dataset. We use the Amharic Passage Retrieval
Dataset V2, a refined multi-source extension of the
benchmark introduced by Mekonnen et al. (2025).
The dataset is derived from AMNEWS (Azime and
Mohammed, 2021), XL-SUM (Hasan et al., 2021),
Ambharic Wikipedia, and AmQA (Abedissa et al.,
2023). Following weakly supervised retrieval prac-
tice (Hermann et al., 2015; Wu et al., 2020; Mekon-
nen et al., 2025), headlines serve as queries and
article bodies as relevant passages for news-style
sources, while AmQA questions serve as queries
and answer-containing paragraphs as relevant pas-
sages. After MD5-based deduplication, the bench-
mark contains 68,000 query—passage pairs with a
fixed 90/10 train—test split.

Relevance and metrics. Each query has a single
labeled positive passage derived from source align-
ment. Relevance judgments are therefore binary
and likely incomplete: unlabeled passages may
still be relevant, but only the source-aligned pas-
sage is treated as positive. We report Recall@5, Re-
call@10, MRR@10, and NDCG @ 10 for first-stage
retrieval, and the same metrics at cutoff 10 after
re-ranking the top-50 first-stage candidates. Under
single-positive supervision, Recall@k should be
read as a hit-style measure, while MRR @10 and
NDCG@10 reflect rank sensitivity with respect
to the aligned positive rather than exhaustive rele-
vance.

3.2 Retrieval models

Monolingual Amharic retrievers. We use mono-
lingual Amharic retrievers to refer to models initial-
ized from Ambharic-only backbones and trained for
Ambharic retrieval, distinguishing them from multi-
lingual encoders evaluated zero-shot or fine-tuned
on Ambharic supervision. We train monolingual
Ambharic retrievers across four paradigms: dense
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bi-encoders (Reimers and Gurevych, 2019), late-
interaction retrievers (Khattab and Zaharia, 2020),
learned sparse retrievers (Formal et al., 2021), and
cross-encoder re-rankers (Nogueira and Cho, 2019).
For each paradigm, we train Medium and Base vari-
ants initialized from roberta-medium-amharic
and roberta-base-amharic (Alemneh, 2024), re-
spectively. Table 1 summarizes architectures, train-
ing data, and objectives for all eight checkpoints.

(i) Dense bi-encoders encode queries and

passages independently, mean-pool final hidden
states, and #2-normalize the resulting embeddings.
They are trained with MultipleNegativesRank-
ingLoss (Henderson et al., 2017) and Matryoshka
representations (Kusupati et al., 2022). (ii) Late-in-
teraction retrievers use token-level MaxSim scor-
ing and are implemented in PyLate (Chaffin and
Sourty, 2025); they project contextualized token
embeddings to 128 dimensions, truncate queries
to 32 tokens and passages to 256 tokens, and train
with one positive and up to four pre-mined nega-
tives per query. (iii) Learned sparse retrievers use
SPLADE-style pooling over the tokenizer vocab-
ulary and combine a contrastive ranking objective
with FLOPs-based sparsity regularization (Formal
et al., 2021, 2022). (iv) Cross-encoder re-rankers
jointly encode query—passage pairs and predict
a scalar relevance score using weighted Binary
Cross-Entropy with pos_weight=7.
Multilingual baselines. We benchmark five mul-
tilingual dense embedding models released
for retrieval applications: multilingual-e5-large-
instruct (Wang et al., 2024), snowflake-arctic-
embed-1-v2.0 (Yu et al., 2024), gte-multilingual-
base (Zhang et al., 2024), embeddinggemma-
300m (Vera et al., 2025), and harrier-oss-v1-
270m (Microsoft, 2026). All five are evaluated
as zero-shot multilingual retrievers using each
model’s released interface: native tokenizer, pool-
ing strategy, encoding procedure, and model-
specific query or passage prompts when recom-
mended by the model authors. For harrier-oss-v1-
270m, we follow the model card and apply the rec-
ommended query-side instruction prompt during
zero-shot evaluation, while passages are encoded
without an instruction.

Of these multilingual baselines, two recent mul-
tilingual embedding models, embeddinggemma-
300m and harrier-oss-v1-270m, are also evaluated
as Amharic-fine-tuned multilingual retrievers. We
fine-tune them on the Dataset V2 training split us-
ing the recipe described in Section 3.3. Holding

the training split and adaptation recipe fixed across
these baselines reduces confounding from super-
vision differences and focuses the comparison on
multilingual initialization and transfer. We addi-
tionally include BM25 as a sparse lexical refer-
ence and the monolingual Ambharic retrievers from
Mekonnen et al. (2025) as prior in-language refer-
ence points.

3.3 Training and indexing

All monolingual Amharic models are trained
on NVIDIA A100 40GB GPUs with AdamW,
mixed precision (FP16), and a fixed random seed
of 42. Medium variants are initialized from
roberta-medium-amharic, and Base variants from
roberta-base-amharic. Dense bi-encoders and
cross-encoders use early stopping on validation
NDCG@10; late-interaction and learned sparse
models are trained for a fixed number of epochs.
Table 2 summarizes the per-paradigm training con-
figurations.

For Amharic-fine-tuned multilingual retrievers,
we fine-tune embeddinggemma-300m and harrier-
0ss-v1-270m on a single NVIDIA H100 GPU us-
ing SentenceTransformers with MultipleNegatives-
RankingLoss wrapped in Matryoshka Loss. Both
models are trained for 6 epochs with batch size 32
and 4 gradient accumulation steps, giving an effec-
tive batch size of 128. We use a cosine learning-
rate schedule with peak learning rate 4 x 1075,
warmup ratio 0.025, and BF16 mixed precision.
Training triples pair each query with its aligned
positive passage and up to four pre-mined nega-
tives provided in the dataset. For each query, we
select the two most similar and two least similar
passages from the available negative candidates,
using the dataset-provided cosine similarity scores.
Fine-tuned multilingual models are evaluated with-
out prompts, matching the prompt-free fine-tuning
format.

Tokenization can materially affect retrieval in
morphologically rich languages (Rust et al., 2021;
Mekonnen et al., 2025); we therefore use the
native tokenizer of each backbone and apply a
fixed text normalization pipeline across all ex-
periments. Dense bi-encoders use FAISS-based
nearest-neighbor retrieval; late-interaction models
use the Voyager HNSW index via PyLate; learned
sparse retrievers use inverted-index retrieval over
sparse term-weight vectors. Retrieval depth and
paradigm-specific search settings are held fixed
within each comparison.
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Checkpoint  Family Backbone Params Dim. Train N Data Objective @ MaxLen
Embed-Med Dense RoBERTa-Med  42M 512 122,938 Triples MNR+MRL 510
Embed-Base  Dense RoBERTa-Base 110M 768 245,876 Triples MNR+MRL 510
ColBERT-Med Late-inter. RoBERTa-Med 42M 128 118,938 Triples ColBERT-IB 256
ColBERT-Base Late-inter. RoBERTa-Base 110M 128 118,938 Triples ColBERT-1B 256
SPLADE-Med  Sparse RoBERTa-Med  42M  |V| 245876 Triples SPLADE-SR 510
SPLADE-Base Sparse RoBERTa-Base 110M |V| 245,876 Triples SPLADE-SR 510
Re-rank-Med Cross-enc. RoBERTa-Med 42M 1 491,752 Pairs BCE-w7 510
Re-rank-Base Cross-enc. RoBERTa-Base 110M 1 491,752 Pairs BCE-w7 510

Table 1: Monolingual Ambharic retrievers evaluated in this paper. We include Medium and Base variants across
dense, late-interaction, learned sparse, and cross-encoder paradigms; checkpoint names are abbreviated, with full
identifiers in the released model collections. Dim. denotes output dimensionality (|V'| for sparse vocabulary size),
and MaxLen denotes the training truncation length. Objectives: MNR+MRL = MultipleNegativesRankingl.oss
with Matryoshka representations; CoIBERT-IB = in-batch ColBERT training; SPLADE-SR = sparsity-regularized
SPLADE loss; BCE-w7 = binary cross-entropy with pos_weight=7.

Paradigm LR Schedule WU BS Epochs ES
Dense 6x107° cosine 2.5% 64-128 6  Yes
Late-inter. 1x107~° linear 0% 32 4 -
Sparse  6x107° cosine  2.5-5% 32-48 4-6 -
Cross-enc. 4x107° cosine 5% 64 4 Yes

Table 2: Training hyperparameters for monolingual
Ambaric retrievers. LR = learning rate; WU = warmup
ratio; BS = batch size; ES = early stopping on validation
NDCG@10.

4 Experimental Results

We report first-stage retrieval, multilingual fine-
tuning, and two-stage re-ranking results on the
Amharic Passage Retrieval Dataset V2. Compar-
isons follow the shared protocol described in Sec-
tion 3. Because each query is associated with a
single source-aligned positive, Recall@k should be
interpreted as a hit-style measure, while MRR@ 10
and NDCG @10 reflect rank sensitivity with respect
to the labeled positive.

4.1 First-stage retrieval: a persistent
zero-shot gap

Table 3 reports first-stage retrieval effectiveness
for BM25, zero-shot multilingual dense retrievers,
Ambharic-fine-tuned multilingual dense retrievers,
monolingual Ambharic retrievers from prior work,
and the monolingual Amharic retrievers introduced
in this work. Three patterns are visible.

Lexical retrieval remains competitive. BM25
reaches MRR@10 of 0.612, outperforming four
of the five zero-shot multilingual dense retrievers.
Lexical matching is therefore not a weak baseline
in this setting: several recent multilingual encoders
with hundreds of millions of parameters do not
uniformly improve over sparse lexical retrieval on

Ambharic.

Zero-shot multilingual retrieval remains below
monolingual Amharic retrieval. Among zero-
shot multilingual dense retrievers, snowflake-arctic-
embed-1-v2.0 performs best, scoring 0.653/0.701
on MRR@10/NDCG@10. The strongest mono-
lingual Ambharic first-stage retriever, ColBERT-
Base-Ambharic, reaches 0.803/0.835 with 110M pa-
rameters. This corresponds to a 23.0% relative
MRR@10 gap and a 19.1% relative NDCG@10
gap. The gap is not explained by parameter count:
snowflake-arctic-embed-1-v2.0 has 568M param-
eters, over five times larger than ColBERT-Base-
Amharic.

The gap persists across monolingual Amharic
paradigms. The strongest monolingual Amharic
dense bi-encoder, learned sparse retriever, and late-
interaction retriever all outperform the strongest
zero-shot multilingual retriever. Embed-Base-
Ambharic reaches MRR@10 of 0.774, SPLADE-
Base-Amharic reaches 0.754, and ColBERT-Base-
Ambharic reaches 0.803. Late interaction yields the
best first-stage effectiveness, while learned sparse
retrieval provides an inverted-index alternative that
remains competitive with dense retrieval. Within
each monolingual Amharic family, Base variants
outperform their Medium counterparts, indicating
that additional capacity remains useful even in this
under-resourced setting.

4.2 Multilingual fine-tuning narrows but does
not close the gap

The first-stage results show that zero-shot multilin-
gual retrievers underperform monolingual Amharic
retrievers. We next ask whether multilingual en-
coders recover this gap when given the same
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Model Params (M) R@5 R@10 MRR@10 NDCG@10
Sparse lexical retrieval

BM25 - 0.734 0.789 0.612 0.655
Monolingual Amharic retrievers from prior work

roberta-amharic-text-embedding-medium 42 0.750 0.807 0.616 0.662
roberta-amharic-text-embedding-base 110 0.790 0.844 0.657 0.703
colbert-roberta-amharic-base 110 0.860 0.899 0.736 0.776
Zero-shot multilingual dense retrievers

embeddinggemma-300m 300 0.558 0.621 0.448 0.489
gte-multilingual-base 305 0.690 0.755 0.557 0.605
harrier-oss-v1-270m 270 0.697 0.753 0.576 0.619
multilingual-e5-large-instruct 560 0.736  0.791 0.603 0.648
snowflake-arctic-embed-1-v2.0 568 0.795 0.848 0.653 0.701
Ambharic-fine-tuned multilingual dense retrievers

embeddinggemma-300m + FT 300 0.813 0.862 0.718 0.753
harrier-oss-v1-270m + FT 270 0.860 0.903 0.760 0.795
Monolingual Amharic retrievers introduced in this work

SPLADE-Medium-Ambharic 42 0.858 0.896 0.728 0.769
SPLADE-Base-Ambharic 110 0.871 0.906 0.754 0.792
Embed-Medium-Ambharic 42 0.843 0.888 0.744 0.779
Embed-Base-Amharic 110 0.870 0.907 0.774 0.807
ColBERT-Medium-Ambharic 42 0.882 0.913 0.778 0.811
ColBERT-Base-Amharic 110 0.9027 0.9307  0.803" 0.8351

Table 3: First-stage retrieval results on the Amharic Passage Retrieval Dataset V2. Best values are bolded and
second-best values are underlined. Among zero-shot multilingual dense retrievers, snowflake-arctic-embed-1-v2.0
performs best. Ambharic fine-tuning yields large gains, but the strongest monolingual Amharic retriever achieves the
best results across all metrics. For zero-shot harrier-oss-vI-270m, we use the recommended query-side instruction
prompt. t indicates significant improvement over the strongest Amharic-fine-tuned multilingual dense retriever,
harrier-oss-vl-270m + FT, using paired ¢-tests over per-query scores with p < 0.05.

Ambaric supervision. We fine-tune two recent mul-
tilingual embedding models, embeddinggemma-
300m and harrier-oss-vIl-270m, on the Dataset V2
training split using the dense bi-encoder fine-tuning
recipe described in Section 3. Both fine-tuned mod-
els are evaluated without prompts, matching the
prompt-free fine-tuning format. For Harrier zero-
shot evaluation, we use the recommended query-
side instruction prompt; this improves zero-shot
NDCG@10 from 0.545 to 0.619, confirming that
the prompt is part of the intended retrieval inter-
face.

Fine-tuning produces large gains. Fine-tuning
substantially improves both multilingual encoders.
Gemma improves from MRR@10 0.448 to 0.718,
a 60.3% relative gain. Harrier improves from
prompted zero-shot MRR@10 0.576 to 0.760, a
32.0% relative gain. The same pattern holds for
NDCG@10: Gemma improves from 0.489 to
0.753, and Harrier from 0.619 to 0.795. These

gains show that multilingual encoders can learn
effective Amharic retrieval behavior when given
in-language supervision.

Fine-tuning does not reach the strongest mono-
lingual Amharic retriever. Despite these gains,
the best Amharic-fine-tuned multilingual model re-
mains below the strongest monolingual Amharic
retriever. Harrier fine-tuned reaches 0.760/0.795
on MRR@ 10/NDCG @10, below ColBERT-Base-
Ambharic at 0.803/0.835. The residual gap is 5.4%
relative MRR @10 and 4.8% relative NDCG@10.
Gemma fine-tuned remains further behind, with
MRR @ 10/NDCG @10 of 0.718/0.753. Thus, in-
language fine-tuning narrows the zero-shot gap sub-
stantially, but it does not eliminate it.

Parameter scale is not sufficient. The Amharic-
fine-tuned multilingual models have 270M-300M
parameters, while the strongest monolingual
Ambharic first-stage retriever has 110M parame-
ters. Harrier fine-tuned is competitive with sev-
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Model MRR@10NDCG@10
Embed-Base-Ambharic 0.774 0.807
+ Re-rank-Medium-Amharic  0.805 0.835
+ Re-rank-Base-Ambharic 0.830 0.856

Table 4: Two-stage re-ranking results on the Amharic
Passage Retrieval Dataset V2. The first row reports
the first-stage Embed-Base-Ambharic retriever; cross-
encoders re-rank its top-50 candidates, with final rank-
sensitive metrics computed at cutoff 10. The Base cross-
encoder improves over the first-stage retriever by 7.2%
relative MRR@10 and 6.1% relative NDCG@10.

eral monolingual Ambharic first-stage models, but it
does not match the strongest monolingual Amharic
retriever. Gemma fine-tuned also remains below
the 42M-parameter Embed-Medium-Amharic in
MRR@10. These results suggest that multilingual
pretraining and parameter scale are not substitutes
for language-specific retrieval modeling and super-
vision.

4.3 Two-stage re-ranking

We re-rank the top-50 candidates retrieved by
Embed-Base-Amharic using the two monolingual
Ambharic cross-encoders. We use the dense bi-
encoder as the candidate generator because it pro-
vides a standard single-vector first-stage retrieval
setup and makes the re-ranking gains directly in-
terpretable. Table 4 shows that re-ranking im-
proves over the dense first-stage retriever in both
metrics. Re-rank-Base-Amharic raises MRR@10
from 0.774 to 0.830, a 7.2% relative gain, and
NDCG@10 from 0.807 to 0.856, a 6.1% relative
gain. This is the highest score in our evaluation,
indicating that joint query—passage scoring helps
resolve hard candidate distinctions that are not
fully captured by independent bi-encoder repre-
sentations.

5 Discussion

Zero-shot scores can hide language-level re-
trieval failures. The results expose a limitation
in how multilingual retrieval is often evaluated:
aggregate zero-shot performance can mask large
language-specific deficits. Amharic is a useful diag-
nostic case because it combines properties that are
common among underrepresented languages but
often diluted in multilingual averages: non-Latin
script, rich morphology, and limited language-
specific retrieval supervision. The strongest zero-
shot multilingual retriever reaches 0.653 MRR @10,
while the strongest monolingual Ambharic first-
stage retriever reaches 0.803. This 23% relative

gap occurs in the top-10 region, where retrieval out-
put is typically consumed by users, re-rankers, or
downstream generation systems. The consequence
is not merely a lower aggregate score; it changes
which evidence is made available to later stages of
an information access pipeline. This is precisely
the failure mode that aggregate multilingual bench-
marks can obscure: a model may appear broadly
reliable while still providing systematically weaker
access for a particular language.
The gap is not reducible to retrieval architec-
ture. The zero-shot gap is not explained by a sin-
gle modeling choice. Monolingual Amharic dense,
learned sparse, and late-interaction retrievers all
outperform the strongest zero-shot multilingual
baseline. This weakens a purely architectural in-
terpretation: the issue is not simply that one scor-
ing function is stronger than another, but that the
multilingual representation space itself transfers
imperfectly to Amharic. Architecture still matters,
late interaction gives the strongest first-stage re-
trieval, and cross-encoder re-ranking reaches the
highest overall score, but language-specific model-
ing changes the operating point before architecture-
specific gains are considered. In practical terms,
a stronger retrieval architecture cannot fully com-
pensate for a representation space that is poorly
aligned with the target language. This also helps
explain why BM25 remains competitive: lexical
overlap, despite its limitations, can be less brit-
tle than a dense representation that fails to align
Ambharic queries and passages reliably.
Fine-tuning reveals capacity, but not parity. The
fine-tuning results complicate a simple failure nar-
rative. Multilingual encoders are not unable to
learn Ambharic retrieval: Gemma improves from
0.448 to 0.718 MRR@10, and Harrier improves
from its prompted zero-shot score of 0.576 to 0.760.
This shows that in-language supervision can unlock
useful retrieval behavior that is not expressed in the
zero-shot setting. However, fine-tuning does not es-
tablish parity with monolingual Amharic retrievers.
Harrier remains below ColBERT-Base-Amharic de-
spite having more than twice as many parameters,
and Gemma remains further behind. The relevant
comparison is therefore not only whether multi-
lingual encoders improve after fine-tuning, but
whether they match in-language alternatives at com-
parable effectiveness and deployment cost. In our
setting, they become competitive, but they do not
dominate smaller monolingual Ambharic retrievers.
This distinction matters for how adaptation
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should be interpreted. If fine-tuning only narrowed
the gap from a weak zero-shot baseline, the result
would support the value of Amharic supervision
but would not show that multilingual pretraining
is sufficient. The residual gap suggests that the
starting representation, tokenizer, and pretraining
distribution still matter after supervised adaptation.
In-language fine-tuning is therefore necessary for
competitiveness, but it is not a substitute for evalu-
ating whether the resulting model matches mono-
lingual alternatives.
Multilingual RAG evaluation should expose re-
trieval quality. These findings have direct implica-
tions for multilingual RAG and LLM-based ques-
tion answering. Retrieval is the evidence-selection
layer: if the relevant passage is not surfaced near
the top of the ranked list, the generator receives
incomplete or misleading context, and downstream
reasoning cannot reliably recover evidence that was
never retrieved. For underrepresented languages,
RAG evaluation should therefore report retrieval-
side quality per language rather than relying only
on final generated answers or aggregate multilin-
gual scores. More broadly, the evaluation question
should move from whether a model nominally sup-
ports a language to whether it retrieves effectively
for that language under realistic supervision, archi-
tecture, and deployment constraints.

This does not imply that every language requires
a separate retrieval stack. Rather, zero-shot multi-
lingual retrieval should not be treated as sufficient
evidence of language coverage: for languages such
as Ambharic, reliable access requires direct retrieval-
layer evaluation, fine-tuning tests, and comparison
against strong monolingual baselines.

6 Conclusion

We use Ambharic to test whether strong zero-shot
multilingual retrieval transfers to an underrepre-
sented, morphologically rich language. Under a
shared passage retrieval protocol, zero-shot multi-
lingual retrievers remain substantially below mono-
lingual Amharic retrievers, with the strongest zero-
shot model underperforming the strongest monolin-
gual first-stage retriever by 23% relative MRR@10.
Ambharic fine-tuning yields large gains for multi-
lingual encoders, but does not close the gap to the
strongest monolingual Ambharic retriever. These
results show that multilingual retrieval quality can-
not be inferred from aggregate zero-shot bench-
marks alone: for languages such as Amharic, re-
trieval must be evaluated and adapted in-language

before downstream information-access claims can
be trusted.

7 Limitations

Our claims are subject to four main limitations.
First, the empirical evidence is limited to Ambharic.
We argue that the relevant conditions, script diver-
gence, rich morphology, and limited multilingual
pretraining coverage also occur in other underrepre-
sented languages, but we do not show that the gap
appears at comparable magnitudes elsewhere. Sec-
ond, Dataset V2 uses weakly supervised, source-
aligned positives: each query has a single labeled
relevant passage, while other relevant passages may
remain unlabeled. This makes absolute scores con-
servative and may affect the size of observed gaps
relative to a fully judged collection. Third, the mul-
tilingual fine-tuning study covers two recent mul-
tilingual embedding models, Gemma and Harrier,
with zero-shot results for five multilingual base-
lines; larger or differently instruction-tuned multi-
lingual retrievers may behave differently. Finally,
our RAG implications are inferred from retrieval
metrics rather than measured in an end-to-end gen-
eration pipeline. Evaluating whether these retrieval
gaps translate into answer-level degradation for
Ambharic RAG remains future work.

8 [Ethical Considerations

This work targets Amharic, a widely spoken
but under-served language in information ac-
cess. Dataset V2 is derived from publicly re-
leased sources (AMNEWS, XL-SUM, Ambharic
Wikipedia, AmQA) under their original licenses;
no new human-subject data is collected. Since
query—passage labels are weakly derived from
source structure, the benchmark is not a human-
judged relevance collection. Improved retrieval
can aid downstream RAG and QA, but may also
propagate source biases if deployed without audit-
ing. We release models and code for reproducible
research, not as audited systems for high-stakes
deployment.
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