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Abstract

Unsupervised domain adaptation generalizes
neural retrievers to an unseen domain by gen-
erating pseudo queries on target domain docu-
ments. The quality and efficiency of this adap-
tation critically depend on which documents
are selected for pseudo query generation. The
existing document sampling method focuses
on diversity but fails to capture model uncer-
tainty. In contrast, we propose Uncertainty-
based Iterative Document Sampling (Unlte) ad-
dressing these limitations by (1) filtering doc-
uments with high aleatoric uncertainty and (2)
prioritizing those with high epistemic uncer-
tainty, maximizing the learning utility of the
current model. We conducted extensive exper-
iments on a large corpus of BEIR with small
and large models, showing significant gains
of +2.45 and +3.49 nDCG @10 with a smaller
training sample size, 4k on average. !

1 Introduction

Neural retrievers pre-trained on large datasets, such
as MS-MARCO, achieve strong performance in
the seen domain while being limited to unseen do-
mains (Thakur et al., 2021). Unsupervised Domain
Adaptation (UDA) via pseudo query generation
has emerged as a promising solution, finetuning
the retriever on target-domain documents paired
with generated queries (Thakur et al., 2021; Ma
et al., 2021). Yet for corpora exceeding 100k doc-
uments, the number of generator calls scales with
corpus size and is often infeasible under typical
budgets (Gospodinov et al., 2023). Therefore, sam-
pling which documents to query becomes the cen-
tral bottleneck.

Unlike prior works that randomly sample doc-
uments (Wang et al., 2022; Bonifacio et al.,
2022; Dai et al., 2022), DUQGen samples with
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Figure 1: The scatter plot shows that DUQGen tends
to select samples from low-density (red) or high-
confidence ( ) regions in TREC-COVID with Con-
triever (cropped for visibility). These samples lead to
performance degradation, indicating they are subopti-
mal for domain adaptation.

a diversity-based approach (Chandradevan et al.,
2024), with an external embedding model®>. While
diversity improves coverage, not all regions con-
tribute equally to adaptation. We observe two char-
acteristic regions in DUQGen’s sampling as illus-
trated on Figure 1: (i) low-density (red-circled
region) regions where it contains atypical or out-
lier documents, and (ii)

regions where the model’s predictive un-
certainty is low (already-learned areas), yielding a
limited learning signal.

Training exclusively on each region drops perfor-
mance by 24.15 (red bar) and

nDCG @10 relative to DUQGen (62.56), as shown
in Figure 1, indicating a limited learning signal
for adaptation, while sampled heavily (5% and

“Contriever is used for sampling.
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13%). Meanwhile, according to uncertainty tax-
onomy (Hiillermeier and Waegeman, 2021), low-
density regions correspond to high Aleatoric Un-
certainty (AU), that is inherent in ambiguous or
noisy data, while correspond
to . EU reflects
the model’s knowledge gaps, that is, documents
with high EU are misaligned with the target do-
main and thus informative for adaptation. This
suggests prioritizing low-AU, high-EU documents
while maintaining diversity for coverage.

We propose Uncertainty-based Iterative Document
Sampling (Unlte), which estimates and exploits
both forms of uncertainty for document sampling.
(1) AU (data). We use a density proxy based on
the lexical distance to the k-th nearest neighbor. If
this neighbor is distant, the document is considered
to lie in a low-density region. We filter out noisy
documents in low-density regions to prevent selec-
tion failures. (2) EU (model). We measure how
well the current retriever aligns a document with
the target domain by comparing the document’s
embedding with a vocabulary-based domain distri-
bution derived from the model. A poor document
representation of important terms, such as having
high frequency in the domain, is treated as high
EU.

Another challenge is that EU shifts as the model
adapts. As a result, good samples may become sub-
optimal after shifts. We therefore adopt an iterative
sample—train loop that recomputes EU each round,
and we stop when uncertainty plateaus.

We evaluate on five BEIR datasets with large cor-
pora (>100k documents). Unlte improves over
DUQGen by +2.45 on the small model, DPR,
and +3.49 on large model, Qwen3-Embedding-
4B, on average nDCG@10 while using fewer
pseudo-queries. Ablations show that removing
epistemic sampling drops nDCG@10 by 2.3, and
an additional drop of 0.9 is caused by remov-
ing the aleatoric filter, underscoring the need for
uncertainty-aware selection.

2 Related Work

This section synthesizes prior UDA works and stud-
ies the progress in document selection for UDA. We
organize the discussion into three parts: (i) UDA
with pseudo-query generation, (ii) document sam-
pling strategies, and (iii) our distinction.

Unsupervised Domain Adaptation UDA for
neural retrieval typically proceeds by generating
pseudo-queries from target-domain documents and
then fine-tuning a source-trained retriever, such
as, one trained with MS-MARCO (Thakur et al.,
2021; Wang et al., 2022). Early approaches used
Doc2Query (Gospodinov et al., 2023), while re-
cent ones employ LLM prompting with domain
descriptions (Asai et al., 2023), contrastive (Boni-
facio et al., 2022) or few-shot examples (Dai et al.,
2022), or query expansion (Lee et al., 2025). Sev-
eral approaches also filter low-quality queries using
perplexity or consistency checks (Bonifacio et al.,
2022; Dai et al., 2022). These methods improve
pseudo-query quality, but generating queries for all
documents is infeasible, leading most systems to
randomly sample documents under a fixed budget.

Document Sampling Because pseudo queries
are generated from sampled documents, gains
from improving the quality of pseudo queries
are fundamentally bounded by the sampling step.
Consequently, recent UDA methods seek to im-
prove the quality of the sampled documents them-
selves. Prominent directions in document sam-
pling include (i) maximizing target-domain cov-
erage via diversity-based selection (Chandradevan
et al., 2024) and (ii) estimating document quality
by training neural models to approximate perplex-
ity or related signals (Chang et al., 2024; Lawrie
et al., 2025). However, these approaches do not
account for both the target-domain distribution and
the current model knowledge on the target domain.
For example, DUQGen (Chandradevan et al., 2024)
relies on an external model (Contriever) that is ir-
relevant to the target retriever’s learning state, and
performs a single static selection that cannot adapt
as the model trains. As a result, it often selects
uninformative documents for adaptation, thereby
wasting the selection budget.

Our Distinction Unlike prior work DUQGen
(Chandradevan et al., 2024), which neglects the
target-domain distribution and the model’s current
knowledge, we explicitly estimate uncertainty at
both the data and model levels. These estimations
drive our sampling policy, which prioritizes low-
AU, high-EU documents with diversity to keep
coverage, so that the selected set is tailored to the
specific domain and retriever. This yields more
informative updates per query-generation budget
than random or purely diversity-based selection.
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Figure 2: Unlte pipeline overview. An example from the Biomedical Domain (TREC-COVID) is illustrated. AU
filtering is performed first on the corpus. Then, the sampling-training loop samples documents based on EU and
iterates until the maximum budget is reached or meets early stopping criteria.

3 Methodology

As shown in Figure 2, this section explains how
Unlte leverages uncertainties. The algorithmic de-
tails are provided in Appendix A.1.

3.1 AU Filtering

Figure 2-(a) illustrates a concrete example of this
filtering process within the Biomedical (COVID-
19) domain. The corpus contains some off-
topic documents discussing "BERT-based rankers".
Since this document is lexically distant from the
dense region of biomedical terms, Unlte identifies
its document d as having high AU and filters it
out from the corpus C, thereby preventing negative
transfer.

Following Hacohen et al. (2022), we identify out-
liers in low-density regions as high-AU samples.
Since AU is inherently a property of the data itself,
independent of any particular model (Hiillermeier
and Waegeman, 2021), its estimation must also be
model-free. Using neural embeddings for this pur-
pose would conflate data uncertainty with model
uncertainty. A document may appear as an outlier
simply because the model has not yet learned to
represent it (high EU), rather than being inherently
noisy (high AU). To ensure clean separation from
EU, we adopt a lexical distance metric (Hu et al.,
2019) based on the BM25 score, which relies solely
on corpus statistics.

Formally, the distance to the k-th nearest neighbor
ny, 1s defined as:

1
Di(d) = = BM25(d, ny,) @

where ¢, set to 1le — 6, prevents zero division. We

normalize these distances using the modified z-
score z(-) to ensure compatibility across domains.
As illustrated in Figure 2-(a), off-topic documents,
such as the one discussing "BERT-based rankers",
exhibit high distances (z(d) > ztp,) due to the lack
of shared terms with the corpus. These high AU
documents are filtered out to yield a refined corpus
c

C'={deC|z2(d) < zn} )

3.2 Iterative Sampling-Training Loop

A one-shot sampling strategy relies on a static
assessment of document informativeness derived
from the initial model 6, failing to capture the
model’s evolving understanding. Documents that
were initially uncertain may become trivial over
time, causing static selections to suffer from in-
formation redundancy (Settles, 2009; Ash et al.,
2019). To address this, we employ an iterative
sampling-training loop (Figure 2-(c—f)) that con-
tinuously re-evaluates EU and re-balances domain
coverage via dynamic sampling budget allocation
based on the updated model state 6;.

EU Estimation The first step in each iteration
is to identify documents that bridge the model’s
current knowledge gap regarding the target domain.
Prior EU estimation, such as Entropy, relies solely
on model variance, often failing to detect domain
misalignment, as illustrated in Figure 2-(c, High
Entropy). In contrast, we measure EU by con-
trasting the model’s representation with the target
domain statistics.

Prior to the iterative sampling, we pre-compute
the target domain statistics, specifically token-level
IDF, as illustrated in Figure 2-(b). Then, we project
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the document embedding e; to the vocabulary
space via the model’s MLM head to obtain token
probabilities p(t|eq; 0¢), see Figure 2-(c). For the
document embedding, we follow the model’s pool-
ing method, that is, mostly mean pooling for an
encoder-based model, and last token pooling for
a decoder-based model (details in subsection A 4.
A document is considered informative (high EU)
when the model fails to predict high-IDF domain
terms, in contrast to low EU documents where pre-
dictions are confident. Formally, the EU score
Uy (d) aggregates the discrepancy between the do-
main importance (IDF) and the model’s prediction
for the top-k tokens T} (d; 6;):

> [logIDF(t) — p(t|es; b))
t€Ty(d;0:)
3)

We set £ = 1000, which covers approximately 90%
of the cumulative probability mass (about 3% of
BERT’s 32k vocabulary).

Uk(d; '9t) =

Crucially, as the model adapts to the target domain,
p(tleq; 0;) evolves, dynamically altering the set of
high EU documents in each round.

Early Stopping Criteria Once the uncertainty
scores are calculated, determining when to stop is
crucial to prevent overfitting and save costs. As
depicted in Figure 2-(d), we hypothesize that the
domain-averaged EU reflects the model’s knowl-
edge saturation. We monitor this score using an
Exponential Moving Average (EMA) to smooth
out fluctuations. The loop terminates when the
smoothed EU reaches a plateau (local minimum),
or the maximum budget (5k) is exhausted. As val-
idated in our analysis, this unsupervised criterion
effectively signals the point of peak retrieval per-
formance.

EU Sampling If the stopping criteria are not met,
we proceed to sample documents for adaptation
training. While uncertainty sampling targets knowl-
edge gaps, it implies a risk of sampling redun-
dant documents within high-uncertainty regions.
To ensure coverage across the domain, we adopt
the diversity-driven clustering framework of DUQ-
Gen (Chandradevan et al., 2024). However, unlike
the baseline, which relies solely on diversity, we
balance it with our estimated uncertainty. Specifi-
cally, within each semantic cluster C;, we prioritize
documents using a Maximal Marginal Relevance
(MMR) approach (Carbonell and Goldstein, 1998).
We select the top-n; documents that maximize the

following joint score within each cluster for the
current retriever model state 6;:

score(d; 0;) = AN Ug(d; 0,) + (1— \) U(d; 6,) (4)
where n; indicates the sampling budget for the i-
th cluster, - denotes z-score normalization, and ¥
is the diversity score from DUQGen. This strat-
egy ensures that the final training set S = [ J S; is
composed of documents that are both informative
(high EU) and representative of diverse topics (high
diversity).

Addressing EU Shift via Iteration A critical
challenge in domain adaptation is the dynamic na-
ture of EU, which evolves as the model trains. Ac-
cording to active learning theory (Settles, 2009),
the EU of documents shifts throughout the train-
ing process, gradually decreasing in regions where
the model has already been exposed to training
samples. Consequently, clusters that initially ex-
hibited high EU progressively lose their informa-
tiveness for further adaptation to the target domain.
This necessitates an iterative sampling that actively
avoids redundant selection from regions exhibiting
decreased EU. Such an approach ensures that sub-
sequent sampling iterations continuously target the
model’s evolving knowledge gaps in the target do-
main rather than repeatedly sampling from clusters
where the model has already trained.

Resampling Penalty for Iterative Sampling
Prior approaches like DUQGen, however, allocate
the sampling budget n; in proportion to the static
cluster size |C;|, without accounting for the evolv-
ing nature of EU. This static allocation strategy
neglects EU shifts across training, resulting in the
model overfitting to the dominant clusters while
neglecting minority clusters where knowledge gaps
persist.

To mitigate this limitation, we introduce a resam-
pling penalty that dynamically redistributes sam-
pling attention toward underrepresented clusters
exhibiting high EU (Figure 2-(e)). Specifically, the
sampling weight w; for the ¢-th cluster is adjusted
inversely to its accumulated sample count P; over
previous iterations:

__lci] w;

~ Pite > Wi
By penalizing redundant sampling from previously
explored dominant clusters, this mechanism pro-

gressively shifts sampling weight toward underrep-
resented minority regions.

&)

i , Wwhere n; =n-
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4 Experimental Setup

4.1 Implementation Details

AU Filtering We utilize PySerini’s prebuilt
BM25 index to calculate the lexical k-NN distance
for filtering low-density documents. We set the
neighbor count £ = 3 and the z-score threshold
Zyhy = 1.5 to flag and exclude outliers in a domain-
adaptive manner.

Iterative Sampling-Training Loop For EU es-
timation, we compute probabilities using the top-
1,000 tokens and set the balance weight A = 0.5 to
equally weigh uncertainty and diversity. In the iter-
ative loop, we sample 500 documents per iteration
up to a maximum of 10 iterations (total Sk budget),
matching the baseline’s scale. The early stopping
mechanism employs an EMA with a smoothing
factor a = 0.4.

Pseudo-Query Generation We employ Llama3-
8B-Instruct (Dubey et al., 2024) with the template
shown in Appendix A.8. We generate one query
per document using temperature 0.8 and top-p 0.9.

4.2 Datasets and Evaluation Metrics

We evaluate our method on five large-scale BEIR
datasets (>100k documents) where effective selec-
tion is challenging: TREC-COVID (TC), Robust04
(RB), TREC-NEWS (TN), Quora (QR), and Hot-
potQA (HQ). Dataset statistics are detailed in Ta-
ble 7.

To evaluate the retrieval performance of the adapted
model, we use normalized Discounted Cumulative
Gain (nDCG@10), which measures the number
and order of relevant documents ranked in the top-
10 retrieved documents.

4.3 Baselines

We compared Unlte with four document selection
strategies under a fixed budget of 5k documents:

* Random: the documents are randomly sam-
pled.

* GPL (Wang et al., 2022): the documents are
randomly sampled, and the relevance annota-
tions between pseudo query and document are
labeled with an expensive cross-encoder. For
fair comparison, we adapt it to generate 5 k
training samples.

* Quality (Chang et al., 2024): the documents
are sampled by a neural quality estimator

model.

* DUQGen (Chandradevan et al., 2024): the
diversity-based sampling via clustering with
external embedding model, Contriever (Izac-
ard et al., 2022).

4.4 Retrieval Models

We assess performance using four single-vector
retrievers initially trained on MS-MARCO (Bajaj
et al., 2018): DPR (Karpukhin et al., 2020), coCon-
denser (Gao and Callan, 2021), COCO-DR (Yu
et al., 2022), and Qwen3-Embedding-4B (Zhang
et al., 2025) 3 All models are fine-tuned on the se-
lected documents using their standard objectives.
Note that all experiments were conducted on a sin-
gle NVIDIA 3090 GPU, and the detailed configu-
rations are described in Appendix A.2.

5 Results

5.1 Overall adaptation performance

Our results in Table 1 show that Unlte consistently
improves nDCG @10 across retrievers and docu-
ment selection methods, while Random yields oc-
casional gains and Quality sometimes degrades per-
formance. On average, Unlte improves nDCG@10
by +2.45, +0.75, and +0.26 points over DUQGen
with DPR, coCondenser, and COCO-DR, respec-
tively. For DPR, Unlte outperforms GPL by a large
margin, highlighting the importance of uncertainty-
based sampling with limited training data. With
Qwen3-embedding-4B, gains increase to +3.49
points, demonstrating effective scaling with model
capacity (HQ excluded as Qwen3-embedding was
trained on it (Zhang et al., 2025)). These results
confirm that uncertainty combined with diversity
yields the most robust adaptation gains.

5.2 Ablation Study

There are two major components in Unlte that cor-
respond to uncertainty taxonomy: (i) AU Filtering
and (ii) EU Sampling. To empirically prove that
both components complementarily contribute to the
performance gain, we performed an ablation study
in Figure 3. We additionally examine the effect
of the resampling penalty, which governs budget
allocation within the iterative sampling loop, in
Table 2.

3 Additionally, we experiment with ColBERT (Khattab and
Zaharia, 2020) and MonoT5 (Nogueira et al., 2020) (results in
Appendix A.4).
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Large Corpus I

Retriever Adaptation H Total AVG
Methed || TC RB QR TN HQ ||

BM25 — | 6559 40.70 78.9 39.8 603 || 4449
—t 33.2 25.2 24.8 16.1 39.1 27.68
Random 60.81 3111 74.01 28.66 38.02 46.52

DPR Quality 61.11 28.25 75.01 23.42 39.35 45.43
DUQGen 62.75 31.48 75.17 24.05 39.62 46.61
Unlte 66.79 14.04  33.23% 1175  753210.15  29.13% 1508 40.82% [1.20 || 49.06p 12.45
— 67.48 32.51 86.36 28.9 54.44 53.94
Random 66.35 32.26 87.12 28.14 56.00 53.97

coCondenser ~ Quality 63.67 31.36 86.61 31.95 56.17 53.95
DUQGen 70.35 32.42 87.12 28.02 56.77 54.94
Unlte 7102 10.67  3395%11.53  87.1710.05  31.16%13.14  55.14 11.63 || 55.69 10.75
— 79.34 44.64 86.73 38.61 60.43 61.95
Random 79.18 4.8 87.05 38.34 60.53 61.98
GPL 78.38 43.72 86.95 37.3 59.82 61.23

COCODR - Quality 79.12 45.09 86.88 37.96 60.6 61.93
DUQGen 79.16 45.05 87.15 37.84 60.84 62.01
Unlte 80.02% 10.86 452971024  87.16 10.01 383161047  60.56 [0.28 || 62.27b10.26
— 88.91 62.27 88.30 21.17 - 65.16

Qwen3 @) OPL 88.81 59.84 88.28 21.89 - 64.71
DUQGen 88.60 60.90 83.90 43.82 - 69.31
Unlte 91.60% 13.00  6231% 1141  88.62% 1472 48.68% 14.86 - 72.80% 13.49

Table 1: Retrieval performance (nDCG@10) on BEIR across retrievers and adaptation methods. Bold entries mark
the highest performances per dataset for each retriever, while the underlined entries indicate the second-highest.
"AVG" columns report the overall average. t indicates values taken from the original paper. 7 is the difference
between Unlte and DUQGen, and statistically significant improvement over DUQGen is denoted as * (p < 0.05)

andb (p < 0.1).
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Figure 3: Ablation results in an iterative sampling-training loop with and without AU and EU. Without both stages,
we only measure the first-iteration performance and plot it as a horizontal line. We report DPR performance in

nDCG@10 on TREC-COVID and Robust04.

Impact of EU Sampling First, we compared
the performance with and without EU sampling
with DPR on TREC-COVID and Robust04. Fig-
ure 3 shows that Unlte (blue line) consistently out-
performs the baseline without EU sampling (

, "w/o EU") across all iterations on both
datasets. Notably, on Robust04, the performance
without EU sampling drops significantly—by ap-
proximately 4 nDCG@ 10 points—compared to the
zero-shot. This performance gap indicates that doc-
ument sampling without considering the model’s
understanding leads to redundant training samples.

Impact of AU Filtering To further assess the
contribution of AU filtering, we conducted an ad-
ditional experiment by removing this component.
Without both modules (green dashed line, "w/o EU,
AU"), we sampled all 5k samples at once, as the
method cannot iterate without these components.
This configuration shows a substantial performance
gap of approximately 5 and 9 nDCG @10 points
compared to the peak performance of Unlte on
TREC-COVID and Robust04, respectively. This
demonstrates that documents sampled from low-
density regions critically contribute to false posi-
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Setting TC QR TN

w/ Resampling Penalty 61.73 7495 30.39
w/o Resampling Penalty 54.39 7342 21.83
A +7.34  +1.53 +8.56

Table 2: Impact of resampling penalty Equation 5 on
nDCG @10 with DPR training with 2.5k samples.

tives when AU filtering is absent.

Impact of Resampling Penalty To assess the
contribution of the resampling penalty Equation (5),
we conducted an ablation study using DPR, and
for fair comparison, we fixed the sample size to
2.5k. As shown in Table 2, removing the penalty
consistently degrades performance across datasets
by about 1.5 to 8.5 nDCG@10, confirming that dy-
namic budget redistribution prevents over-sampling
from dominant clusters.

Hence, removing either of the AU and EU mod-
ules harms adaptation, and further performance
improvement is largely unattainable. Moreover,
the resampling penalty complementarily works to
ensure balanced coverage across clusters, prevent-
ing the iterative loop from oversampling dominant
regions.

5.3 EU estimation methods

In prior work, EU has predominantly been dis-
cussed solely in terms of the model itself. However,
in UDA, it is important to measure the model un-
derstanding of target domain to properly estimate
the EU, by introducing distribution statistics.

To assess the effectiveness of incorporating the
target domain distribution into EU estimation for
UDA, we evaluated adaptation performance under
a fixed sampling strategy while varying the estima-
tion methods. Specifically, we conducted experi-
ments on TC, RB, and TN with DPR, using a bud-
get of 500 documents. Table 4 shows that our EU
estimation method using target domain distribution
consistently outperforms other estimation methods
across all three domains, yielding an average im-
provement of 2.53 nDCG @10, over MC-Dropout.
Since entropy and MC-dropout EU estimation over-
look target-distribution signals, their estimations
are consequently less domain-aware, which results
in degraded retrieval performance after adaptation.
Overall, our findings explicitly demonstrate that
effective document selection for domain adaptation
requires incorporating the target domain distribu-

tion into EU estimation, which enables EU to focus
on more valuable samples.

5.4 Early Stopping Criteria

)

= TREC-COVID

g 70
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Figure 4: Relationship between model performance
and average uncertainty across the iterative sampling-
training loop. Average EU across the target domain (left
axis) and nDCG @10 (right axis) is reported on TREC-
COVID.

While increasing the number of training documents
may appear beneficial, prior work has demonstrated
that excessive samples can degrade performance
through overfitting (Chandradevan et al., 2024). As
illustrated in Figure 4, the average EU initially de-
creases as the model adapts to the target domain,
then subsequently increases, indicating sample re-
dundancy. Notably, the local minimum in average
EU coincides with peak retrieval performance, val-
idating EU as a reliable early stopping criterion.
This characteristic enables Unlte to achieve both ef-
fectiveness and sample efficiency. As demonstrated
in Table 3, Unlte achieves a 0.94 nDCG @10 im-
provement per 1k samples with DPR compared to
DUQGen, and typically converges at 3—5k samples,
in contrast to DUQGen, which utilizes Sk samples.

5.5 Computational Cost

The sample efficiency achieved through early stop-
ping directly reduces computational costs through
smaller training datasets and fewer adaptation iter-
ations.

Training time Training DPR with the baseline
Sk dataset requires approximately 10 minutes on a
single NVIDIA 3090 GPU, whereas ours utilizes
early stopping, which typically produces 3-5k sam-
ples, completing adaptation in around 8 minutes.

Dataset construction time For the domain adap-
tation method, most of the additional computation
is due to constructing the adaptation dataset. For
our method, AU filtering is applied once on the
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i Large Corpus
Retriever Adaptation H H Total AVG
Method || 1C RB QR TN HQ ||

DPR DUQGen 5.91 1.26 10.07 1.59 0.10 3.56 (5k)
Unlte 9.6(3.5k) 1.61(5k) 10.1(5k) 326 (4k) 0.34(5k) || 4.50 (4.5k)

coCondenser DUQGen 0.57 -0.02 0.15 -0.18 0.47 0.20 (5k)
Unlte 118(3k)  029(5k) 02(dk) 0545k  0.14(5k) || 0.41(4.3k)

COCO.DR DUQGen -0.04 0.08 0.08 -0.15 0.08 0.01 (5k)

Unlte 014 (5k)  0.13(5k)  0.09 (Sk) -0.06 (5k)  0.03 (5k) || 0.06 (5k)

] . DUQGen -0.06 -0.27 -0.88 453 - 0.83 (5k)
Quen3-Embedding4B 50 054(5k) 0015k 0.06(5k) 917 3k) . 245 (4.5K)

Table 3: Retrieval performance gain over zero-shot for unit sampling size (A nDCG@10 / 1k). Total sampling size
is shown in brackets, except for DUQGen, which always samples Sk. Bold values indicate better performance per

dataset for each retriever.

TC RB TN \ AVG
Unlte 55.54 31.38 23.33 | 36.75
MC-Dropout | 52.79 2827 21.6 | 34.22
Entropy 54.1 25.83 227 | 3421

Table 4: Comparison of uncertainty measures with
Unlte. DPR performance (nDCG@ 10) on the first it-
eration is reported on TC, RB, TN, and their average
(AVG). The best result for each column is highlighted
in bold and the second-best result is underlined.

full corpus C, requiring 120 seconds, and EU es-
timation operates on the filtered corpus C’ at each
iteration, requiring 150 seconds per iteration. Since
EU scales linearly with corpus size, the overhead
remains practical even for larger corpora. The to-
tal overhead is 120 + 150 x N seconds, where IV
is the number of iterations until convergence. As
our method early stops at 4k samples on average,
the net time savings are 880 seconds*. Even with
5k samples, the overhead remains modest at ap-
proximately 20 minutes, demonstrating reasonable
computational cost for superior performance.

5.6 Hyperparameter Tuning

We conducted hyperparameter tuning on FiQA, the
largest dataset under 100k documents in BEIR,
and applied the selected values across all other
datasets. Note that tuning directly on target do-
mains would constitute information leakage in our
out-of-domain evaluation setting. Therefore, we
selected FiQA to serve as a held-out development
set. As shown in Table 1, the fixed hyperparame-
ters yield consistent improvements across all five
evaluation datasets, supporting their cross-domain

49.2 x 1000 — 120 — 150 x 8

(a) Impact of Zpr (b) Impact of A
Method Z;n, nDCG Ratio Method A nDCG
Zeroshot - 28.58 - DUQGen - 15.37

1.0 2857 10% 0.1 15.37

Unlte 1.5 2927 5% 0.3 14.16
w/o EU 2.0 2882 3.8% Unlte 0.5 16.32
2.5 2882 1.2% 0.7 1532

30 2747 0.4% 0.9 1533

Table 5: Hyperparameter tuning. Left: Impact of Z;,,
(CoCondenser). Right: Impact of \ (DPR).

robustness.

Filtering Threshold (Z;;,,) In Equation (2), the
threshold Z;;,, determines which documents to fil-
ter based on AU, to remove approximately 5-10%
of documents that are poorly aligned with the target
domain. Since our density-based filtering relies on
normalized scores, the threshold can be adjusted
to control the removal percentage. We evaluated
both retrieval performance and document filtering
ratios for Zy, € {1.0,1.5,2.0,2.5,3.0}. As pre-
sented in Table 5, using coCondenser, Z;p,,, = 1.5
achieves optimal performance of 29.27 nDCG@10
while filtering approximately 5% of documents.
More strict thresholds (Z;,, = 1.0) remove an
excessive proportion of documents (10%), result-
ing in degraded performance of 28.57 nDCG @10,
whereas more loosened thresholds (2, > 2.0)
retain noisy outliers, leading to performance degra-
dation (nDCG@10 < 28.82).

Balance Weight (A\) We set A\ = 0.5 to
equally balance uncertainty and diversity in Equa-
tion (4). To validate this choice, we conducted
a hyperparameter sweep using DPR with A €
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{0.1,0.3,0.5,0.7,0.9}. We excluded the bound-
ary values of 0 and 1, as these would entirely
neglect one component. As demonstrated in Ta-
ble 5, A = 0.5 yields optimal performance, sub-
stantially outperforming extreme values that dis-
proportionately emphasize either uncertainty (A =
0.1, nDCG@10=15.37) or diversity (A = 0.9,
nDCG@10=15.33). The balanced configuration
of A = 0.5 confirms that neither metric alone is
sufficient for effective sampling.

Smoothing Factor (o)) For early stopping cri-
teria, we applied Exponential Moving Average
(EMA) smoothing factor with o = 0.4 to address
noticeable fluctuations in the uncertainty measure.
With a step size of 10, o = 0.4 effectively cor-
responds to a weighted window of approximately
4 steps. This parameter selection is critical for
early stopping: certain datasets terminate after only
2.5k samples (5 steps), and excessive smoothing
(v > 0.5) over-attenuates the signal, pulling it too
strongly toward the global average and obscuring
the underlying trend. We selected o = 0.4 to bal-
ance noise reduction and trend preservation given
the limited number of steps. As illustrated in Fig-
ure 6, smaller values (e.g., « = 0.3) exhibit similar
early stopping behavior and do not noticeably af-
fect performance, but demonstrate reduced stability
on average compared to o = 0.4.

6 Conclusion

We studied document selection for UDA retriev-
ers and found that DUQGen’s diversity-only strat-
egy tends to oversample low-density and high-
confidence regions. Unlte addresses this by filter-
ing noisy documents via AU and prioritizing infor-
mative ones via iterative EU sampling. This model-
conditioned approach yields consistent gains across
five BEIR corpora and four retrievers with fewer
pseudo-queries. Our results highlight uncertainty-
aware sampling as a promising direction for budget-
efficient domain adaptation.

7 Limitations

While our method consistently improves retrieval
performance for single-vector retrievers, our treat-
ment of multi-vector and re-ranking architectures
is preliminary. As reported in Appendix A.4, we
approximate single-vector behavior by applying
pooling and a shared vocabulary projection layer.
However, these processes depart from the model’s
native training objectives, limiting interpretability.

Developing protocols that align with each archi-
tecture’s objective is a direction for future work.
Finally, our estimate of the target distribution relies
on IDF statistics. Exploring richer distribution mea-
sures (e.g., topic-conditioned statistics, document-
frequency variants) is another promising direction.

Lastly, our resampling penalty mitigates bias to-
ward dominant clusters but does not explicitly ac-
count for rare minority topics that might be rele-
vant to the target domain. In domains with highly
skewed topic distributions, such topics may still
be underrepresented in the final training set, poten-
tially limiting adaptation on those topics. Evaluat-
ing the impact of our sampling strategy on minority
topic coverage is an important direction for future
work.
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A Appendix
A.1 Algorithmic Description

Algorithm 1 describes the formal procedure of
Unlte. Initially, the corpus is refined by filtering
out high AU samples (Line 1). The method then
proceeds iteratively through 7" rounds. In each it-
eration, we first assess the EU of the remaining
candidates and monitor convergence (Lines 4-7).
We then perform adaptive sampling, where clus-
ter weights are dynamically adjusted to penalize
redundancy, ensuring the selection of a diverse
batch S; (Lines 9-13). Finally, the retriever 6 is
updated using pseudo-queries generated from Sy
(Lines 15-16). This iterative interaction allows the
model to progressively adapt to the target domain
by focusing on informative yet reliable samples.

A.2 Fine-tuning details

We form a synthetic training set {(gq,d)} ford €
S, mining negatives via:

e In-batch negatives: other documents d’ € S
in the same batch.

* Contriever hard negatives: bottom negatives
of the top-100 Contriever retrievals on D\ {d}.

Bi-encoder models (DPR, coCondenser, COCO-
DR) use an InfoNCE loss. DPR was fine-tuned
with a batch size of 32, learning rate of 2e72,
AdamW optimizer with weight decay of 1e~2, eps
of 1e~8, and maximum sequence length of 509.
coCondenser was fine-tuned with a batch size of
32, learning rate of 5%, and other training details
follow Tevatron (Gao et al., 2022). COCO-DR was
fine-tuned with a batch size of 32, learning rate of
1e~%, and also followed the Tevatron train setup.
> Fine-tuning runs on NVIDIA 3090 GPU, with
each epoch completing in approximately 10 min-
utes. For training GPL Baseline, we follow the
data generation process and only modified the se-
lected number of documents to Sk. Learning rate
is modified to match the same setup as mentioned
above.

A.3 AU Approximation

To find the optimal number of hyper-parameter k
in AU approximation using lexical k-NN distance,
we use the elbow (Thorndike, 1953) method in
each domain. Figure 5 illustrates the elbow point
detected in the TREC-COVID domain. For all 5

>Trained using RTX 3090 GPU with 24GB memory
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Algorithm 1 Unlte: Uncertainty-based Iterative Document Sampling

Require: Unlabeled Corpus C, Initial Retriever g, Iteration limit 7", Batch size B

1: C' «+ AU_Filtering(C)
2: Initialize sampled set P < ()
3: fort =1toT do

> Remove high aleatoric uncertainty outliers

4: /! Step 1: EU Estimation

5: Compute Uy (d; ;1) for all d € C’ using Eq. (3)

6:  Calculate domain average EU U®)

7. if Plateau(U®)) then break

8: end if > Early Stopping
9: // Step 2: EU Sampling

10: for cluster c; in Clusters do
11: Update weight w; based on prior selection P; using Eq. (5) > Resampling Penalty
12: end for
13: St < Select B docs maximizing Eq. (4) with weights w

14: P+ PUS;
15: // Step 3: Model Update

16: Generate pseudo-queries for S;
17: Update retriever 0, < Train(6;_1, S;)
18: end for

19: return Updated Retriever 6;

AU Elbow (TREC-COVID)

300 +

250 +

200 +

Median Distance

150 ~

100 +

=@~ Data points
. Elbow point
Steep decline
Gradual decline

Figure 5: The medians of the lexical kNN distances across various k-values are illustrated.

domains selected in Unlte share the same elbow
point as the k-value of 3.

A.4 Other models results

In Unlte method, we assume that there is a single-
vector embedding of each document, and apply
the MLM Head of the base model to acquire
the logit scores. ColBERT is a multi-vector late-

interaction model, and MonoT5 reranker is an
Encoder-Decoder model. In both cases, we can’t
naturally derive single-vector embeddings. For the
ColBERT model, we drop the token-level embed-
ding projection layer and apply mean-pooling to
get the single-vector embeddings. Also, for the
MonoT5 model, we take the mean-pooling for the
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Figure 6: Comparison of smoothed graph trends across different settings of smoothing factors.

Encoder’s last hidden state and use it as a single-
vector embedding. For the language modeling head,
TS5 LM Head is used. Since this LM Head is not
trained to accept the encoder hidden state, there
might be some errors in the underlying logit value.
The results are illustrated in Table 6. Although not
every domain wins against the baseline, the aver-
age performance of Unlte outperforms the baseline
in MonoT5.

CoIBERT uses a cross-entropy over token inter-
actions. We fine-tuned with official hyperparam-
eters, which are the batch size of 32, the learning
rate of 3¢9, and the maximum sequence length
of 300. MonoTS5 uses a next-token prediction loss,
and fine-tuned MonoT5-base using a batch size of
8, a learning rate of 2>, Adafactor optimizer with
weight decay of 5e~°, and the warp-up ratio of 0.1,
regression loss, and maximum sequence length of
512.

A.5 Dataset Statistics

In this paper, we focus on five BEIR benchmark
datasets (Thakur et al., 2021): TREC-COVID, Ro-
bust04, Quora, TREC-NEWS, and HotpotQA. The
statistics for each dataset, including the number of
documents, test queries, and relevant documents

per query, can be found in Table 7.

A.6 Licenses for Artifacts

All datasets and pretrained models were used
strictly for research purposes, in accordance with
their intended use and license terms. All datasets
are English-only, and no demographic annotations
were used. We complied with all license restric-
tions, including non-commercial clauses where
applicable (e.g., DPR under CC BY-NC 4.0).
The datasets are publicly available via BEIR on
GitHub® and Hugging Face’ under their respec-
tive licenses. Pretrained models were obtained
from Hugging Face under their original licenses:
DPR (CC BY-NC 4.0), coCondenser (Apache-2.0),
COCO-DR (MIT), ColBERT (MIT), and MonoT5
(MPL-2.0). We will release our code and train-
ing scripts for research and educational use only,
which is compatible with the access conditions of
the original resources.

A.7 Use of Packages

We used spaCy (Honnibal et al., 2020) for text
pre-processing before document sampling, includ-

®https://github.com/beir-cellar/beir
"https://huggingface.co/BeIR
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Adaptation ||

Large Corpus

‘ ‘ Total AVG

Retriever Method
| T RB QR TN HQ |
First-stage Retriever
BM25 — | 6559 4070 789 398 603 | 44.49
— 1 706 392 853 39 59 58.62
ColBERT  DUQGen 74.18 4495 8557 3693 63.44 61.01
Unlte 7343 4637 85.09 3748 60.64 60.6
Reranking BM25 Top-100
— 7 81.39 51.81 84.65 459 69.79 66.71
InPars 80.3 51 — — — -
monoT5
DUQGen 84.76 54.04 88.17 45.04 71.54 68.71
Unlte 85.09 5391 88.1 4579 71.25 68.83

Table 6: Retrieval performance (nDCG@ 10) on BEIR across late interaction and reranking model and adaptation
methods. Bold entries mark the highest performances per dataset for each retriever, while the Underlined entries
indicate the second-highest. "AVG" columns report the overall average. findicates values taken from the original
paper, and * denotes a statistically significant improvement over DUQGen (p<0.05).

TREC-COVID | Robust04 | Quora | TREC-NEWS | HotpotQA
Domain Bio-Medical News Quora News Wikipedia
Total # Queries 50 249 10,000 57 7,405
Total # Documents 171.3k 528k 522k 594k 5.2M
Relevant Document / Query 1326.7 1250.6 1.6 53.35 2.1

Table 7: Detailed statistics of the seven subtasks in the BEIR Benchmark that are employed in our experiments.
This table includes the number of queries, the number of documents, and the number of relevant documents for a
query, for each subtask.

ing tokenization and stop-word removal for in-
verse document frequency (IDF) computation. We
employed Tevatron (Gao et al., 2022) to train
coCondenser and COCO-DR.
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A.8 Prompts

Example 1:

Document: December 25, 1990, Tuesday, Orange County EditionA mobile-home fire that killed an
elderly woman Sunday night was accidental andstarted in her bed, Orange County Fire Department
officials said Monday."Some sort of smoking materials in the bedding ignited the fire," said
KathleenCha, a County Fire Department spokeswoman.The 75-year-old woman, whose name has
been withheld pending notification ofrelatives, . ..

Relevant Query: What caused the fatal mobile-home fire in Dana Point that killed an elderly
woman?.

Example 2:

Document: 930818A LABOUR government would impose a levy of up to 1.5 per cent of
payrollcosts on companies which failed to comply with training guidelines, MrGordon Brown,
shadow chancellor, said yesterday.The levy, intended to help pay for upgrading government training
programmes,compares with earlier plans for a maximum levy of 0.5 per cent on allcompanies not
spending that amount.The revised proposal emerged in a paper for Labour’s annual conference
nextmonth, in which Mr Brown further distances the party from thehigher-taxation manifesto on
which it fought the 1992 general election.Promising to cut taxes ’if I can’, Mr Brown confirmed
the Labourleadership’s determination to discard the party’s redistributionist image.’Labour is
not against wealth, nor will we seek to penalise it,” he said.Mr Brown said the revised training
proposals were aimed at encouragingcompanies to develop their own training programmes, rather
than rely on thegovernment.’ There are a large number of companies which are failing to make
thetraining investment which is necessary. That is not only harming the countryas a whole, it is
harming those companies which are prepared to make theinvestment because they are finding that
their trained workers are being ...

Relevant Query: What are Labour’s proposed training levy guidelines for companies and the
rationale behind them?

Example 3:

Document: BFN[Unattributed report: "A Loose EU Is Not Necessarily to OurAdvantage"][Text]
As a member of the European Union [EU], Finlandmust not become subservient to the interests
of any of the bigpowers in the EU. Finland must not align itself with either theBritish or the
French ideology, but act as defender of theinterests of Europe’s northeast corner. A loose EU
is notnecessarily advantageous to Finland.These were the points that SDP [Social Democratic
Party]Chairman Paavo Lipponen stressed in his speech at a seminarorganized by the Trade and
Industry Delegation on Wednesday [4May]. Lipponen pointed out that Finland has eight months
toprepare its membership policy and get ready to take fulladvantage of membership. He added that
Finland cannot functionfor a single day in the EU without a clearly defined platform ofpolicy."Will
it be the French or the British philosophy? The Frenchfocus on finality, a clearly defined goal for
a closelyintegrated, federalist EU. The British prefer to advancepragmatically and favor a loose
community until this is provenwrong." . ..

Relevant Query: What stance does Finland’s SDP Chairman Paavo Lipponen take on a loose
versus closely integrated EU, and how does this relate to Finland’s interests?

Example:

Document: {document_text}

Relevant Query:

Figure 7: Prompt template with in-context examples for query generation for the Robust04 Dataset.
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A.9 Use of AI Assistants

We used ChatGPT for grammatical corrections.
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