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Abstract

Dense retrieval models are generally trained using supervised learn-
ing approaches for representation learning, which require a labeled
dataset (i.e., query-document pairs). However, training such mod-
els from scratch is not feasible for most languages, particularly
under-resourced ones, due to data scarcity and computational con-
straints. As an alternative, pretrained dense retrieval models can
be fine-tuned for specific downstream tasks or applied directly in
zero-shot settings. Given the lack of labeled data for Tetun and the
fact that existing dense retrieval models do not currently support
the language, this study investigates their application in zero-shot,
out-of-distribution scenarios. We adapted these models to Tetun
documents, producing zero-shot embeddings, to evaluate their per-
formance across various document representations and retrieval
strategies for the ad-hoc text retrieval task. The results show that
most pretrained monolingual dense retrieval models outperformed
their multilingual counterparts in various configurations. Given
the lack of dense retrieval models specialized for Tetun, we com-
bine Hiemstra LM with ColBERTv2 in a hybrid strategy, achieving
a relative improvement of +2.01% in P@10, +4.24% in MAP@10,
and +2.45% in NDCG@10 over the baseline, based on evaluations
using 59 queries and up to 2,000 retrieved documents per query.
We propose dual tuning parameters for the score fusion approach
commonly used in hybrid retrieval and demonstrate that enriching
document titles with summaries generated by a large language
model (LLM) from the documents’ content significantly enhances
the performance of hybrid retrieval strategies in Tetun. To support
reproducibility, we publicly release the LLM-generated document
summaries and run files.
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1 Introduction

Traditional sparse retrieval models, such as BM25, which rely on
lexical matching, have demonstrated strong performance in many
information retrieval (IR) systems [8, 28, 35, 41, 43]. However, be-
cause these models retrieve and rank documents based on ex-
act term matching, they are prone to vocabulary mismatch and
fail to capture semantic relationships between queries and docu-
ments [3, 9, 21, 25, 35].

To bridge this gap, transformer-based dense retrieval models,
such as BERT [16] and its variants, have been widely used in text
retrieval tasks [17, 25, 30, 31, 37, 48, 51]. These models use dual
encoders to map queries and documents independently into low-
dimensional vector representations, where semantic relevance is
estimated based on vector similarity, typically computed using
cosine similarity or dot product functions [17, 21, 31].

Training and fine-tuning dense retrieval models for text retrieval
remain computationally expensive and typically require large-scale
labeled datasets, which are often difficult to obtain for IR tasks [27].
As a promising alternative, zero-shot text retrieval has gained in-
creasing attention in recent years [5, 27, 39, 43, 52]. More recently,
researchers have begun exploring the potential of large language
models (LLMs) to support retrieval tasks [24, 55].

MS MARCO [2, 36] is a widely used dataset for training and
fine-tuning dense retrieval models and generally uses BERT or
mBERT as the backbone models for training. Several dense retrieval
models have been trained or fine-tuned on this dataset, including
mDPR [52], Contriever and mContriever [23], ColBERT [26, 42],
mColBERT [4], ColBERT-X [29], ColBERT-XM [32], ANCE [50],
and coCondenser [18, 30].

Studies demonstrate that hybrid retrieval—which combines a
traditional sparse retriever with a dense retriever—consistently
outperforms a sparse retriever alone, regardless of whether dense
retrieval models are fine-tuned [19, 25, 30, 33] or used in zero-shot
scenarios, both in- and out-of-distributions [5, 52, 54] and in high-
and low-resource languages (LRLs) [52-54]. Two hybrid retrieval
approaches have been proposed: (1) score fusion through a linear
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combination of lexical and semantic matching [19, 25, 30, 33, 52, 53]
and (2) reciprocal rank fusion (RRF) [5, 6].

Given the promising results of zero-shot out-of-distribution re-
trieval in both high- and LRLs [5, 52, 54], this work investigates
its feasibility for Tetun. Tetun is a LRL not currently supported by
existing pretrained dense retrieval models, which makes the setting
especially challenging. The availability of a test collection [13] and
baseline for the Tetun ad-hoc text retrieval task [12] provides a
valuable foundation for this research.

This study aims to explore the application of a zero-shot out-of-
distribution approach to Tetun, investigating the following research
questions (RQs):

RQ1 How effective are zero-shot monolingual and multilingual
dense retrievers when applied to Tetun in out-of-distribution
scenarios compared to traditional sparse retrievers?

RQ2 What is the impact of combining sparse and dense retrievers
on the zero-shot retrieval effectiveness for Tetun?

RQ3 How does augmenting document titles with LLM-generated
summaries impact zero-shot retrieval effectiveness in Tetun?

To address these RQs, we investigate the performance of pre-
trained dense retrieval models under zero-shot and hybrid retrieval
strategies in out-of-distribution scenarios. Given prior findings
that classical sparse retrievers in Tetun perform more effectively
when using document titles [12], and that dense retrievers gener-
ally benefit from richer contextual signals, we hypothesize that
augmenting document titles with content summaries and encoding
these enriched representations with a pretrained dense retrieval
model may lead to improved retrieval effectiveness for Tetun. We
use summaries instead of full documents due to the input length
limitations of dense retrievers, which make processing long texts
impractical. This approach also allows us to explore how well an
LLM can generate content summaries in Tetun.

To test this hypothesis, we initially select pretrained dense re-
trieval models that have demonstrated strong performance in text
retrieval tasks. Subsequently, these models are applied to Tetun
queries and document titles (step 1 in Figure 1), and to contextual
documents constructed by concatenating document titles with sum-
maries generated by an LLM (step 2 in Figure 1), to create zero-shot
embeddings. Next, query and document vectors are computed using
cosine similarity to determine their relevance. Finally, the results
are linearly combined to produce the final retrieval output.

To evaluate the effectiveness of dense retrieval models for Tetun,
we compare zero-shot retrieval performance against the established
baseline. Specifically, we assess the performance of dense retriev-
ers, hybrid retrieval using document titles, and hybrid retrieval
enhanced with contextual information. The results show that hy-
brid retrieval performs best when document titles are enriched
with summaries generated by an LLM from the documents’ content,
based on evaluations of up to 2,000 retrieved documents per query.
The LLM-generated summaries and run files are publicly available
under the Creative Commons Attribution Share-Alike license [15].

2 Background and Related Work

Tetun is one of Timor-Leste’s official languages [46], spoken by
approximately 79% of the country’s 1.18 million population, accord-
ing to the 2015 census report [11]. The recent release of a Tetun
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Figure 1: Overview of the Hybrid Retrieval Strategy.

test collection for the ad-hoc text retrieval task [13], along with
corresponding baseline results [12], provides a foundation for eval-
uating the performance of dense retrieval models for Tetun in both
zero-shot and hybrid configurations.

Pretrained dense retrieval models have shown growing potential
for improving retrieval effectiveness across languages and retrieval
strategies. Early work, such as dense passage retrieval (DPR) [25],
demonstrated the effectiveness of dual-encoder architectures in
open-domain question answering. This approach was later extended
to multilingual settings through mDPR [52], which introduced Mr.
TyDI, a multilingual benchmark for monolingual text retrieval with
a particular emphasis on LRLs.

Khattab and Zaharia [26] introduced ColBERT, a dense retrieval
model that enables fine-grained interaction between queries and
documents by comparing token-level representations, allowing
for efficient and effective relevance estimation. Its successor, Col-
BERTv2 [42], improved both accuracy and scalability through re-
ranking and compression mechanisms. The multilingual extensions
mColBERT [4], ColBERT-XM [32], and ColBERT-X [29] further
adapted the architecture to support retrieval across languages, in-
cluding low-resource ones. Additionally, models such as ANCE [50],
which uses iterative negative sampling, and Contriever and mCon-
triever [23], and coCondenser [18, 30], which are trained without
supervision, further advance dense models for text retrieval.

In zero-shot retrieval scenarios, Thakur et al. [43] reported that
BM25 maintained strong performance across various corpora, while
dense retrievers generally underperformed relative to BM25. Only
ColBERT achieved superior results on the BEIR benchmark, out-
performing BM25 by an average of +2.5% in NDCG@10 during
first-stage retrieval. Similarly, Zhang et al. [52] investigated mono-
lingual ad-hoc text retrieval in non-English languages, focusing on
out-of-domain scenarios by training mDPR with mBERT [49] as
a replacement for DPR’s original encoder. Their findings showed
that mDPR did not outperform BM25 when evaluated on the Mr.
TyDi benchmark. Building on Mr. TyDi, Zhang et al. [54] intro-
duced MIRACL and reported that dense retrievers, such as mDPR
and mContriever, continued to underperform BM25 in zero-shot,
out-of-domain settings when evaluated using NDCG@10.

For hybrid retrieval, Karpukhin et al. [25] proposed a score fusion
method in which the top 2,000 passages retrieved independently
by sparse (BM25) and dense (DPR) retrievers are merged, and their
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relevance scores are combined using a linear weighted sum. A
tuning parameter (1) was applied to the dense retriever to control its
contribution in the fusion process. Experiments on several question-
answering (QA) datasets demonstrated that setting A = 1.1 on the
development set improved end-to-end QA match accuracy. This
approach was later adapted by Ma et al. [33] using the same datasets,
but the A tuning parameter was applied to the sparse retriever
instead. Its value was optimized via grid search over the range [0,
2] with a step size of 0.05, yielding comparable results.

Gao etal. [19] also experimented with a hybrid retrieval approach
for first-stage ad-hoc text retrieval, in which the dense retriever
was fine-tuned on the MS MARCO dataset [2]. In this setup, the
A parameter was applied to the sparse retriever during testing,
yielding significant improvements over sparse retrieval alone when
evaluated on both the MS MARCO and TREC 2019 Deep Learn-
ing [7] evaluation query sets. Likewise, Lee et al. [30] evaluated
score fusion on MS MARCO passage [36] and TREC Robust04 [47],
placing the A parameter on the dense retriever. The optimal value
was selected based on MAP performance on a development set,
using a grid search over the range [0, 2] with a step size of 0.1. They
found optimal parameter values A = 1.5 for MS MARCO and A = 2.0
for Robust04. With this configuration, their hybrid approach out-
performed existing baselines by combining BM25 with their trained
coCondenser model. In a related study, Zhang et al. [54] evaluated
hybrid retrieval on the MIRACL datasets, applying « to the sparse
retriever and (1 — a) to the dense retriever, with « fixed at 0.5
without tuning. Their results showed that combining mDPR with
BM25 outperformed individual retrievers in most languages.

In zero-shot, out-of-domain settings, Zhang et al. [52] evalu-
ated the generalizability and robustness of dense retrievers using
a hybrid strategy, where a tuning parameter « was applied to the
dense retriever. The value of @ was optimized over the range [0,
1] via simple line search on the development set, using MRR@100
as the objective and a step size of 0.01. Combining the top 1,000
results from mDPR and BM25, the hybrid approach significantly
outperformed BM25 alone in nine out of eleven languages when
evaluated using MRR@100 and Recall@100.

Motivated by these findings, we explore two key directions for
extension in Tetun. First, while prior work typically applies a single
tuning parameter to the sparse or dense retriever, we assume that
assigning distinct parameters to each may more effectively balance
their contributions, particularly since sparse and dense models of-
ten assign different relevance scores to the same document for a
given query. Second, whereas previous studies have primarily fo-
cused on passage retrieval and have not incorporated contextual
information, we explore the use of enriched document represen-
tations. Specifically, we augment document titles with summaries
generated by an LLM, adapting pretrained dense retrievers to these
contextualized inputs to generate zero-shot embeddings.

3 Collection and Baseline

An overview of the Tetun collection and baseline is provided below.

3.1 Collection Overview

We employed Labadain-Avaliadér [13], a Tetun test collection com-
prising 59 topics, 33,550 documents, and 5,900 query-document
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relevance judgments (qrels). The documents are sourced from the
Labadain-30k+ dataset [11], with each document containing a title,
URL, source, category, publication date, and content. A summary
of document titles and content is presented in Table 1.

Table 1: Summary of Document Collection. “Tokens comprise
words and numbers.

Description Total Min Max Avg

#tokens (titles)*
#tokens (content)

306,840 1 29 9.15
11,997,420 2 27,166 357.48

The Labadain-Avaliadér [13] is a Tetun test collection with graded
relevance levels ranging from 0 (irrelevant) to 3 (highly relevant). It
contains between 11 and 99 relevant documents per query, with an
average of 36.8. It was developed for the ad-hoc text retrieval task,
with query and document relevance evaluated based on topical
relevance. Details of grels are presented in Table 2.

Table 2: Summary of Query-Document Relevance Judgments.

Relevance Grade Total Proportion
3 - Highly relevant 566 9.59%
2 - Relevant 1,054 17.86%
1 - Marginally relevant 549 9.31%
0 - Irrelevant 3,731 63.24%

3.2 Baseline

We use the baseline reported by de Jesus and Nunes [12], which
presents the performance of classical models for ad-hoc text re-
trieval in Tetun. The results are based on short-text retrieval, in
which document titles are indexed after removing hyphens and
apostrophes, and model effectiveness is evaluated using the Labadain-
Avaliadér [13] collection within this setup.

Table 3: Baselines for Ad-hoc Text Retrieval in Tetun.

Model P@10 MAP@10 NDCG@10
BM25 0.8373 0.2796 0.7347
DFRBM25  0.8390 0.2804 0.7356
HiemstraLM  0.8305 0.2743 0.7245

The baseline results show that DFR BM25 slightly outperforms
both BM25 and the Hiemstra language model (LM) in Precision,
MAP, and NDCG at the top ten cutoff, as shown in Table 3. Specifi-
cally, DFR BM25 achieves a relative gain of up to 2.22% over Hiem-
stra LM and a marginal improvement of up to 0.29% over BM25.

4 Dense Retrieval in Tetun

To assess the performance of pretrained dense retrieval models in
Tetun, we define four key retrieval settings by leveraging existing
pretrained models for text retrieval and adapting them to Tetun
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documents to produce zero-shot embeddings. We then evaluate
how these models perform under different retrieval configurations
and examine the impact of contextual augmentation and hybrid
retrieval approaches.

The study investigates two key factors: document representation
and retrieval strategy. The former determines whether documents
are represented using only titles or are augmented with summaries
generated by an LLM to provide additional contextual information.
The latter examines whether retrieval relies solely on dense models
or integrates dense and sparse models within a hybrid framework.
Based on these factors, four retrieval settings are defined:

(1) Basic Zero-Shot Dense Retrieval: Pretrained dense re-
trieval models are applied independently to Tetun queries
and document titles to produce zero-shot embeddings, and
their retrieval performance is evaluated.

(2) Contextualized Zero-Shot Dense Retrieval: Building
on (1), document titles are augmented with text summaries
generated by an LLM to create zero-shot embeddings. This
setting assesses whether enriched contextual information
improves zero-shot dense retrieval performance.

(3) Basic Hybrid Retrieval: The results from the zero-shot
dense retrieval models in (1) are combined with those from
sparse retrieval models that use only document titles. This
setting examines the effectiveness of hybrid retrieval without
additional contextual information.

(4) Contextualized Hybrid Retrieval: Building on (3), this
strategy combines results from the contextual dense retrieval
models in (2) with sparse retrieval outputs to assess the
impact of enriched contextual information in a hybrid setup.

We first examine the performance of various pretrained dense
retrieval models when adapted to Tetun text documents to produce
zero-shot embeddings. We then investigate the impact of incorporat-
ing contextual information to enhance these zero-shot embeddings.
Next, we evaluate hybrid retrieval techniques by combining sparse
and dense retrievers (see Figure 1). Additionally, we compare the
performance of monolingual and multilingual variants of the same
model. Since the baseline models exhibited similar performance
across different cutoff points, all classical models listed in Table 3
were included in the hybrid retrieval experiments.

We focus on pretrained dense retrieval models that have demon-
strated strong performance in text retrieval tasks across diverse
domains. Selection criteria include the availability of both monolin-
gual and multilingual variants (particularly with support for LRLs),
public accessibility, and prior application in hybrid retrieval scenar-
ios. The models selected are DPR [25], mDPR [52], Contriever and
mContriever [23], ColBERT [26, 42], and ColBERT-X [29].

5 Dual Parameters for Hybrid Retrieval

In hybrid retrieval, score fusion typically involves combining the
scores from both the sparse and dense retrievers through a linear
weighted sum, while assigning a tuning parameter to adjust the
contribution of either the sparse or dense retriever (referred to
as single-parameter tuning). Prior studies have explored various
single-parameter tuning strategies, focusing on adjusting either the
sparse retriever [19, 33], the dense retriever [25, 30, 52, 53], or both
using a single shared parameter [54].
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Given that sparse and dense retrievers often assign different
relevance scores to the same document for a given query, we pro-
pose assigning distinct parameters to each retriever to more ef-
fectively balance their contributions. Following established con-
ventions for linear combination [19, 25, 30, 33, 52, 54], we define a
dual-parameter tuning approach as follows:

Score(q,d) = a - Scorejex (g, d) + f - Scoresem (g, d) (1)

To identify the optimal combination of & and f, we adopt a strat-
egy inspired by Khramtsova et al. [27] for selecting dense retrievers
in zero-shot search scenarios. We perform a grid search over prede-
fined ranges of a and f, evaluating each search step across multiple
retrieval strategies and metrics using grels to identify optimal pa-
rameter values. At each step of the search, only the parameter
values that yield the highest score for each retrieval strategy and
metric are recorded for comparison. Given the typically strong
performance of sparse baselines, we set « to start from 1.

Prompt 5.1: Details of the LLM Prompt.

User prompt:

Provide a concise contextual description that summarizes
the following Tetun document. Do not include any
additional text or generate hallucinated content. Do not
respond in bullet points, and write exactly one paragraph.

{document}

Follow this example:
Input document in Tetun:
{document_example}

Expected summary:
{summary_example}

System prompt:
You are an expert in Tetun and text understanding. As-
sume the document is entirely in Tetun and respond using
accurate Tetun grammar. Keep your response in Tetun, in-
cluding correct spelling, punctuation, and other linguistic
aspects. Ignore incomplete sentences.

\

6 Experimental Setup

The experimental configurations include baseline reproduction,
document summarization, and retrieval settings, each of which is
described in detail below.

6.1 Baseline

To produce baseline runs, we employed the Labadain-Avaliador [13]
collection and followed the approach reported by de Jesus and
Nunes [12]. PyTerrier [34], a Python API for the Terrier IR plat-
form [38], was employed for indexing, retrieval, and ranking, with
the default settings maintained for each model.

During preprocessing, queries and document titles were first
lowercased and then tokenized using the Tetun tokenizer [14],
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followed by the removal of hyphens and apostrophes. The processed
documents were then indexed, and retrieval and ranking were
performed using BM25 [41], DFR BM25 [1], and Hiemstra LM [40]
models to generate run files. These outputs were subsequently
evaluated using P@10, MAP@10, and NDCG@10, reproducing the
results presented in Table 3.

6.2 Document Summarization and Zero-Shot
Embedding Generation

For document summarization, the document content was fed into
an LLM to generate a summary. The Haiku variant of the Claude 3
model from Anthropic1 was used for this task, selected for its cost-
effectiveness and its potential to support text summarization in
Tetun [10]. The user and system prompts used to instruct the LLM
are presented in Prompt 5.1.

These prompts were developed based on preliminary pilot ex-
periments, during which we qualitatively assessed several prompt
variants by observing the outputs to identify those that produced
coherent and representative summaries of the Tetun documents’
content. The LLM was instructed to generate exactly one paragraph
of summary for each input document. To guide the model, an ex-
ample input document in Tetun and its corresponding expected
summary were provided in each LLM call. To produce zero-shot em-
beddings for Tetun, we adapted pretrained dense retrieval models
to encode queries and documents. For the documents, we explored
two types of representations: titles alone (step 1 in Figure 1) and con-
textual documents that augment titles with summaries generated
from the document content using an LLM (step 2 in Figure 1).

6.3 Zero-Shot and Hybrid Retrieval Strategies

Two strategies were tested and evaluated for zero-shot retrieval.
The first strategy involves calculating query-document relevance
by computing the cosine similarity between query embeddings and
document title embeddings. The second uses contextual embed-
dings, titles concatenated with content summaries, comparing them
to the query embeddings using the same similarity function. The
performance of each selected pretrained dense retrieval model, as
outlined in Section 4, was evaluated for both strategies.

For zero-shot hybrid retrieval, the document scores produced
by each of the zero-shot dense retrievers were linearly combined
with the scores from one of the three sparse retrievers (see Subsec-
tion 6.1), using the approach proposed in Section 5. To determine
the optimal values of a and f, we performed a grid search over
a € [1,2] and f € [0, 2] with step sizes of 0.01, 0.05, and 0.1, and
evaluating performance using P@10, MAP@10, and NDCG@10.

Additionally, the models that outperformed the baseline were
further evaluated using the single-parameter linear combination
approach and the reciprocal rank fusion (RRF) method to compare
their performance. Finally, the performance of monolingual and
multilingual dense retrieval models adapted to Tetun was assessed.

7 Results and Analysis

This section presents the experimental results and analysis for
six dense retrieval models—DPR, mDPR, Contriever, mContriever,
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ColBERTv2, and ColBERT-X—evaluated under two configurations:
basic (using document titles only) and contextualized (using docu-
ment titles enriched with LLM-generated summaries). Performance
is evaluated across two retrieval strategies: zero-shot retrieval, in
which Tetun documents are adapted to generate zero-shot em-
beddings, and hybrid retrieval, which combines sparse and dense
signals through linear score fusion and reciprocal rank fusion, using
three evaluation metrics: P@10, MAP@10, and NDCG@10.

7.1 Zero-Shot Retrieval

Figure 2 presents the relative performance gains of zero-shot dense
retrieval models over the baseline sparse retrievers for basic and
contextualized settings. Overall, all dense retrieval models underper-
form the sparse baseline in zero-shot Tetun text retrieval. Moreover,
their performance generally degrades further when contextual in-
formation is introduced, as indicated by the orange bars in Figure 2.
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Figure 2: Relative Performance Gains of Zero-Shot Dense
Retrieval over the Baseline.

Among the evaluated models, Contriever and mContriever per-
form the weakest across all metrics, with most of the configura-
tions showing performance losses reaching —100% when contextual
information is introduced. DPR and mDPR also underperform con-
sistently relative to the sparse baseline, with further degradation of
up to -15% when contextualized inputs are used. While ColBERTv2
and ColBERT-X do not surpass the sparse baseline, they achieve the
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strongest performance among the dense retrievers under the basic
configuration. However, their effectiveness declines considerably
with the introduction of enriched document representations, with
performance drops of up to -50%.

When comparing each monolingual dense retrieval model to
its multilingual counterpart, mixed trends are observed. None of
the multilingual models were trained on Tetun. For the DPR fam-
ily, the multilingual variant exhibits a smaller performance drop
than its monolingual counterpart. In contrast, for both Contriever
and ColBERT variants, the monolingual models demonstrate lower
performance loss compared to their multilingual counterparts.

7.2 Hybrid Retrieval

In hybrid retrieval, we conducted a grid search over « € [1, 2] and
P € [0,2] and the optimal parameters identified were o = 1.0 and
B = 0.3 for the basic configuration, and & = 1.1 and = 0.8 for the
contextualized configuration, with a step size of 0.1 used in both
cases. Results for each configuration are presented below.

7.2.1 Basic Hybrid Retrieval. The relative performance gains over
the DFR BM25 baseline for the basic hybrid retrieval strategy are
presented in Figure 3. Overall, most combinations of dense retriev-
ers with Hiemstra LM yield the smallest performance losses relative
to the baseline. Notably, the ColBERT-X + Hiemstra LM combina-
tion slightly outperforms the baseline, achieving a +0.25% relative
performance gain in MAP@10 (middle bar graph in Figure 3). In
contrast, the Contriever family continues to exhibit the largest per-
formance degradation, with losses reaching up to -60%. Among the
evaluated models, DPR, ColBERTv2, and ColBERT-X demonstrate
minimal performance loss when combined with sparse retriev-
ers, each under 5% compared to the baseline. In contrast, mDPR
shows moderate degradation, with losses ranging from -13% to -20%.
Contriever continues to perform significantly worse, with drops
between -40% and -52%, while mContriever records the highest
performance degradation, ranging from -47% to -60%.

When comparing basic hybrid configuration results to their zero-
shot retrieval counterparts shown in Figure 2, significant perfor-
mance improvements are observed. For instance, at MAP@10, and
when combined with Hiemstra LM, DPR improves from a -81.85%
loss in the zero-shot setting to just —0.64%; Contriever improves
from -93.37% to —52.00%; and most notably, ColBERT-X shifts from
a —84.02% performance drop in zero-shot to a +0.25% gain.

Regarding the comparison between monolingual and multilin-
gual dense retrieval models, nearly all monolingual models outper-
form their multilingual counterparts when combined with sparse
retrievers and are generally close to the baseline performance. An
exception is ColBERT-X combined with Hiemstra LM at MAP@10,
where it slightly exceeds the baseline with a relative performance
gain of +0.25%. ColBERTv2, meanwhile, exhibits consistent perfor-
mance across all combinations and evaluation metrics.

7.2.2  Contextualized Hybrid Retrieval. Based on the optimal pa-
rameter values identified through grid search in the basic hybrid
retrieval setup, where o = 1.0 indicated that no adjustment to the
sparse retriever and optimal performance was achieved using a sin-
gle tuning parameter f§ = 0.3 for the dense retriever, we extended
the evaluation of single-parameter tuning to the contextualized
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configuration. In this regard, we assess both single-parameter and
dual-parameter fusion strategies: single-parameter tuning applies
either « to the sparse retriever or § to the dense retriever, while the
dual-parameter setup assigns independent weights to both. More-
over, we evaluate RRF as an alternative fusion method. The results
for contextualized hybrid retrieval are presented in Table 4. Given
our objective to demonstrate that balancing signal fusion from
both dense and sparse retrievers, particularly when incorporating
contextual information, yields better performance than one-sided
tuning, we begin by presenting the results from the dual-parameter
configuration, followed by the single-parameter settings.

Dual Parameters. The results of dual-parameter tuning, with
optimal parameter values of ¢ = 1.1 and f = 0.8, are presented
in Table 4. These results show that combining ColBERTv2 with
each of the sparse retrievers consistently outperforms the baseline
across all evaluation metrics. The best performance is achieved
by the ColBERTv2 + Hiemstra LM combination, yielding a rela-
tive improvement of +2.01% in P@10, +4.24% in MAP@10, and
+4.24% in NDCG@10 over the baseline, based on evaluations of up
to 2,000 retrieved documents per query. These improvements are
statistically significant, as confirmed by a paired ¢-test (p < 0.05).
Scores exceeding the baseline are shown in bold, with the best
results highlighted in green. Conversely, other dense retrievers
exhibit less consistent behavior when introducing contextual in-
formation. For instance, when combined with Hiemstra LM in
MAP@10, ColBERT-X incurs only a marginal additional loss of
-0.14 percentage points relative to its basic hybrid configuration.
In contrast, DPR, mDPR, Contriever, and mContriever experience
substantially greater degradations, with additional losses ranging
from -4.67 to -25.57 percentage points.

Single Parameter. To evaluate the effectiveness of single-parameter
tuning, we selected the models that outperformed the baseline in
the dual-parameter setting while preserving the optimal param-
eter values identified for the sparse and dense retrievers. Thus,
ColBERTv2 and ColBERT-X were chosen for this analysis, with
the corresponding results reported in Table 4. Overall, tuning a
single parameter for the ColBERTv2-based model, either in the
sparse or dense retriever, continues to yield strong performance
relative to the baseline, except for the ColBERTv2 + DFR BM25
combination when the parameter is applied to the sparse retriever.
In contrast, CoIBERT-X-based combinations show less consistent
behavior. For example, the previously observed MAP@10 improve-
ment when combined with Hiemstra LM drops to -0.50% in the
single-parameter setting. In general, applying the tuning parameter
to the dense retriever proves more effective than tuning the sparse
retriever, except in the case of ColBERTv2 combined with BM25.
Notably, tuning the sparse retriever in the ColBERTv2 + BM25
combination outperforms its dual-parameter counterpart across all
metrics, achieving relative gains of up to +0.93 percentage points.

Reciprocal Rank Fusion (RRF). To further assess the effectiveness
of the hybrid retrieval strategy for Tetun ad-hoc text retrieval, we
evaluated the performance of ColBERTv2 and ColBERT-X using
the RRF method, as shown in Table 4. While the combination of
ColBERTv2 + Hiemstra LM shows a slight advantage, RRF does not
outperform the baseline and offers limited benefit for Tetun.
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Figure 3: Relative Performance Gains of Hybrid Retrieval over the Baseline under the Basic Configuration (« = 1.0, = 0.3).

In the contextualized hybrid configuration, nearly all monolin-
gual models consistently outperform their multilingual counter-
parts. The only exception is the mDPR model, which achieves better
results across all evaluation metrics in the dual-parameter setting.

8 Discussion

The results of this study are consistent with prior studies [43, 52, 54],
showing that all evaluated dense retrieval models underperform
relative to the sparse baseline (DFR BM25) in zero-shot scenarios,
regardless of whether the models are monolingual or multilingual,
with monolingual models exhibiting a slight advantage over their
multilingual counterparts. These outcomes reaffirm the limitations
of dense retrieval models in generalizing across domains and lan-
guages outside their training distribution, particularly in LRLs, and
highlight the robustness of traditional sparse models.

A contextualization strategy introduced in this study—enriching
document representations by concatenating document titles with
LLM-generated content summaries—does not improve performance
in zero-shot, out-of-distribution scenarios. On the contrary, it leads
to further performance degradation, as illustrated in Figure 2 (or-
ange bars). These findings suggest that current dense retrieval
models are limited in their ability to leverage additional contextual
signals in unfamiliar domains and may be particularly sensitive to
noisy, redundant, or domain-mismatched inputs.

Hybrid retrieval, in contrast, when dense retrievers were com-
bined with sparse models under the basic hybrid configuration (as
shown in Figure 3), all evaluated combinations showed notable
gains relative to their zero-shot counterparts in Figure 2. The hy-
brid configuration combining ColBERT-X with Hiemstra LM was
particularly promising, achieving near-baseline performance and,
in one case, slightly surpassing it by +0.25% in MAP@10.

While these findings are broadly consistent with prior work, they
differ in input data: previous studies predominantly employ pas-
sages for training or fine-tuning, whereas this study uses document
titles, which are significantly shorter and often less informative.

This distinction likely contributes to the lower standalone effec-
tiveness of dense retrievers in our setting. Nevertheless, the results
underscore the effectiveness of combining lexical and semantic sig-
nals, even when the dense component performs poorly in isolation.

Further improvements were observed in the contextualized hy-
brid setting using dual-parameter tuning, as presented in Table 4.
ColBERTV2, when combined with Hiemstra LM and tuned with
a =1.1and f = 0.8, yielded statistically significant gains across all
evaluation metrics (P@10, MAP@10, and NDCG@10), with relative
improvements of up to +4.24%. This suggests that proper calibra-
tion of the balance between sparse and dense signals is essential
to maximizing hybrid retrieval effectiveness. Interestingly, these
improvements were not uniformly observed across all models, rein-
forcing that architectural differences among dense retrievers impact
their ability to leverage contextual and fused signals.

Single-parameter tuning experiments further reveal that strong
performance can still be achieved when tuning only one component.
For ColBERTv2, sparse-side tuning in combination with BM25 not
only performed competitively but also outperformed the model’s
dual-parameter configuration by up to +0.93 percentage points.
This finding suggests that in practical scenarios, particularly those
that rely on BM25 as the sparse retriever, a simpler fusion strat-
egy focused on the sparse side may offer an effective and efficient
alternative to more complex dual-parameter approaches.

The performance of reciprocal rank fusion (RRF), a rank-based
hybridization technique, was less consistent. Although some bene-
fit was observed for ColBERTv2 combined with Hiemstra LM, RRF
generally did not outperform score fusion methods and often under-
performed relative to the baseline. This outcome indicates that, in
the context of Tetun ad-hoc text retrieval, score-based hybridization
provides finer control over the influence of each retriever and may
be more suitable than rank-only fusion strategies.

The comparison between monolingual and multilingual dense
retrievers revealed a notable performance gap favoring monolingual
models, particularly in hybrid configurations. This suggests that
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Table 4: Performance of Contextualized Hybrid Retrieval in Tetun. Scores in bold indicate improvement over the baseline.
Values highlighted with a green background represent the best performance compared to the baseline (paired ¢-test, p < 0.05).
The symbol T indicates that the model outperformed its counterpart (monolingual vs. multilingual). Rows highlighted with a

grey background correspond to multilingual models.

P@10 MAP@10 NDCG@10
Baseline
DFR BM25 0.8390 0.2804 0.7356
Contextualized hybrid retrieval (¢ = 1.1 and f = 0.8, top 2k results)
DPR + BM25 0.6864 (-18.19%) 0.2079 (-25.86%)  0.6161 (-16.25%)
DPR + DFR BM25 0.6864 (-18.19%) 0.2083 (-25.71%)  0.6169 (-16.14%)
DPR + Hiemstra LM 0.6847 (-18.39%) 0.2061 (-26.50%)  0.6102 (-17.05%)
mDPR + BM25 0.7068 (-15.76%)T  0.2226 (-20.61%)T  0.6236 (-15.23%)T

mDPR + DFR BM25
mDPR + Hiemstra LM

Contriever + BM25
Contriever + DFR BM25
Contriever + Hiemstra LM
mContriever + BM25
mContriever + DFR BM25
mContriever + Hiemstra LM

ColBERTvV2 + BM25
ColBERTv2 + DFR BM25
ColBERTv2 + Hiemstra LM
ColBERT-X + BM25
ColBERT-X + DFR BM25
ColBERT-X + Hiemstra LM

-15.35%)
-13.13%)*

0.7102
0.7288

0.3169
0.3169 (-62.23%)T
0.3220 (-61.62%)T
0.1814 (-78.38%)
0.1814 (-78.38%)
0.1847 (-77.99%)

—_——~

0.8458 (+0.81%)"
0.8559 (+2.01%) T

0.8305 (-1.01%)
0.8322 (-0.81%)
0.8356 (-0.41%)

T
T

0.2234 (-20.33%
0.2305 (-17.80%

N4

0.0791 (-71.79%)

0.0791 (-71.79%) T

0.0796 (-71.61%) T
0.0408 (-85.45%)
0.0409 (-85.41%)
0.0421 (-84.99%)

0.2858 (+1.93%)"
0.2923 (+4.24%)

0.2765 (-1.39%)
0.2779 (-0.89%)
0.2807 (+0.11%)

0.6262 (-14.87%)T
0.6334 (-13.89%) T
)

0.2938 (-60.06%)T
0.2947 (-59.94%) T
0.2985 (-59.42%) T
0.1936 (-73.68%)
0.1938 (-73.65%)
0.1967 (-73.26%)

0.7480 (+1.69%)"
0.7536 (+2.45) T

0.7335 (-0.29%)
0.7308 (-0.65%)
0.7303 (-0.72%)

Contextualized hybrid retrieval (single parameter, « = 1.1, top 2k results)

ColBERTV2 + BM25
ColBERTvV2 + DFR BM25
ColBERTV2 + Hiemstra LM
ColBERT-X + BM25
ColBERT-X + DFR BM25
ColBERT-X + Hiemstra LM

0.8508 (+1.41%)*

0.8373 (-0.20%)*

0.8475 (+1.01%)*

0.8322 (-0.81%)
0.8339 (-0.61%)
0.8356 (-0.41%)

0.2888 (+3.00%)"
0.2831 (+0.96%) "
0.2891 (+3.10%) "
0.2771 (-1.18%)
0.2771 (-1.18%)
0.2790 (-0.50%)

0.7493 (+1.86%)"
0.7438 (+1.11%)"
0.7504 (+2.01%)"
0.7334 (-0.30%)
0.7325 (-0.42%)
0.7304 (-0.71%)

Contextualized hybrid retrieval (single parameter, § = 0.8, top 2k results)

ColBERTV2 + BM25
ColBERTv2 + DFR BM25
ColBERTvV2 + Hiemstra LM
ColBERT-X + BM25
ColBERT-X + DFR BM25
ColBERT-X + Hiemstra LM

Reciprocal Rank Fusion
ColBERTv2 + BM25
ColBERTv2 + DFR BM25
ColBERTv2 + Hiemstra LM
ColBERT-X + BM25
ColBERT-X + DFR BM25
ColBERT-X + Hiemstra LM

0.8458 (+0.81%)"
0.8441 (+0.61%)*
0.8542 (+1.81%)"

0.8322 (-0.81%)
0.8339 (-0.61%)
0.8373 (-0.20%)

0.7949 (-5.26%)"
0.7966 (-5.05%) "
0.8220 (-2.03%)*
0.7898 (-5.86%)
0.7898 (-5.86%)
0.8034 (-4.24%)

0.2866 (+2.21%)"
0.2856 (+1.85%)"
0.2917 (+4.03%)"
0.2775 (-1.03%)
0.2774 (-1.07%)
0.2804 (+0.00%)

0.2641 (-5.81%)"
0.2642 (-5.78%)*
0.2738 (-2.35%)*
0.2575 (-8.17%)
0.2577 (-8.10%)
0.2604 (-7.13%)

(_
(_

0.7467 (+1.51%)"
0.7476 (+1.63%)"
0.7530 (+2.37%)"
0.7344 (-0.16%)
0.7327 (-0.39%)
0.7305 (-0.69%)

0.7164 (-2.61%)"
0.7166 (-2.58%)"
0.7316 (-0.54%)*
0.6965 (-5.32%)
0.6969 (-5.26%)
0.6985 (-5.04%)

multilingual models may not generalize Tetun effectively without
further adaptation. An exception was ColBERT-X, which, despite
its multilingual nature, demonstrated strong stability and, in certain

configurations, nearly matched or exceeded the performance of
monolingual ColBERTv2. This suggests that multilingual dense
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retrievers can be competitive when paired with late interaction
mechanisms and carefully tuned hybrid strategies.

The relationship between language-specific features, pretraining
data, and model architecture is a key factor influencing retrieval per-
formance in Tetun. Tetun’s typological status—as a language with
extensive lexical borrowing from Portuguese [11, 20, 22, 44, 45]—is
reflected in the query and document content, with an average of
approximately 47% of tokens in queries and 30% in contextual docu-
ments being Portuguese loanwords, as shown in Table 5. Examples
of such loanwords in Tetun include “ekonomia” (from “economia’,
meaning “economy”) and “progresu” (from “progresso”, meaning
“progress”). This linguistic overlap may help explain the robust per-
formance of ColBERT-X, although it does not fully account for the
consistently higher performance of monolingual ColBERTv2.

Table 5: Statistics for Queries and Documents Containing
Portuguese Loanwords. Loanwords were identified by match-
ing each preprocessed word against the dictionary published
by Greksakova [20]. "Tokens include words and numbers.

Description Min Max Avg
Total tokens (queries)* 3 5 3.46
Total loanwords (queries) 0 3 1.61
Total tokens (contextual documents) 4 335 122.87
Total loanwords (contextual documents) 0 99  36.57

One plausible explanation—aligned with the broader discussion
on the balance between sparse and dense signals—is that both the
queries and the documents favor lexical matching. From this per-
spective, the competitive performance of the ColBERT architecture
may stem from its late-interaction mechanism, which preserves
token-level signals. Likewise, the superior performance of the mono-
lingual ColBERT variant might be attributed to the high proportion
of Portuguese (Latinate) loanwords in Tetun, which aligns well with
ColBERTvV2’s pretraining on English, a language that also contains
substantial Latinate influence in its lexicon and morphology.

Overall, these findings emphasize the nuanced interplay between
retrieval architecture, fusion strategy, and contextual input. While
dense retrievers face substantial challenges in zero-shot Tetun ad-
hoc text retrieval, their performance can be substantially enhanced
through hybrid approaches, architectural choices, and tuning pa-
rameter balancing. The results reinforce attention to hybrid re-
trieval design and suggest contextual adaptation in LRL scenarios.

9 Conclusions and Future Work

This study investigates the retrieval effectiveness of adapting pre-
trained dense retrievers to Tetun, a low-resource language (LRL),
under zero-shot and hybrid retrieval scenarios in out-of-distribution
settings. In the zero-shot setting, in response to RQ1, our results
confirm that dense retrievers, both monolingual and multilingual,
consistently underperform relative to the sparse retriever baseline.
This performance gap highlights the limitations of current dense
retrieval models in generalizing to LRLs not seen during training.
While monolingual dense models slightly outperform their mul-
tilingual counterparts, none surpass the baseline, reaffirming the
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robustness of traditional sparse retrieval models in low-resource,
out-of-domain contexts and underscoring the challenge of adapting
dense models for such scenarios.

In hybrid retrieval strategies, addressing RQ2 and RQ3, our find-
ings show that hybrid approaches are generally less effective when
using short text inputs, such as document titles. However, per-
formance improves substantially when these titles are enriched
with contextual information—augmenting titles with summaries
generated by a large language model (LLM) before encoding.

The best performance is achieved with the ColBERTv2 + Hiem-
stra LM combination. A relative improvement in MAP@10 of +3.10%
is observed when assigning @ = 1.1 to the sparse retriever, and
+4.03% when assigning f§ = 0.8 to the dense retriever. The highest
improvement of +4.24% in MAP@10 is achieved when applying
both parameters (¢ = 1.1, § = 0.8), indicating the effectiveness
of the dual-tuning approach in hybrid retrieval. These improve-
ments highlight the effectiveness of both single and dual-parameter
strategies when contextual information is incorporated. This sup-
ports a contextualization approach that is particularly beneficial
in scenarios where passage-level datasets are unavailable, a com-
mon challenge in under-resourced language settings. The enhanced
retrieval effectiveness observed through contextual enrichment
confirms our hypothesis that augmenting short-text representa-
tions with LLM-generated summaries can significantly improve
performance in zero-shot retrieval.

This work contributes two key methodological innovations. First,
we propose a dual-parameter tuning strategy, grounded in the
intuition that sparse and dense retrievers often assign different
relevance scores to the same document. By weighting each retriever
independently, this approach enables more effective balancing of
their complementary signals, improving performance. Second, we
introduce a contextualized retrieval strategy for zero-shot scenarios,
where LLM-generated summaries are concatenated with titles to
enrich representations before generating dense embeddings.

To support reproducibility and foster future research, we publicly
release two resources: contextual document summaries generated
by an LLM and all associated retrieval run files [15]. These resources
provide a foundation for advancing research in Tetun information
retrieval and more broadly across other multilingual LRL contexts.

As part of future work, we aim to evaluate the generalizability
of the proposed methods across a broader range of multilingual
scenarios, with a particular focus on monolingual ad-hoc text re-
trieval tasks, and the relationship between linguistic characteristics
of Tetun and model performance. Moreover, we plan to investigate
the lightweight representation learning techniques and the integra-
tion of advanced reranking methods, including the use of LLMs as
post-retrieval rerankers, to assess their performance in Tetun.
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