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Abstract

Dense retrieval systems increasingly face an
asymmetry between complex instruction-like
queries and relatively simple, static document
collections. While stronger embedders can
better understand such queries, re-embedding
large corpora or fine-tuning large models is of-
ten impractical. We propose Efficient Retrieval
Adapter (ERA), a query-side adapter learning
framework for re-index-free retrieval adapta-
tion. ERA first aligns the embedding spaces
of a strong query embedder and a lightweight
document embedder using unlabeled corpus
documents, and then adapts the aligned query
representation with a small number of labeled
query-document pairs. Across 126 MAIR re-
trieval tasks from six domains, ERA improves
average nDCG@10 by up to 8.2 points in sym-
metric settings and by more than 12 points in
asymmetric settings, while using substantially
fewer labels than supervised adapter training.
These results show that retrieval systems can
benefit from stronger query understanding with-
out updating backbone embedders or rebuilding
document indexes.

1 Introduction

Dense retrieval systems (Karpukhin et al., 2020)
are increasingly expected to handle queries that
go far beyond short keyword-like inputs. In many
realistic scenarios, users express complex intent
through long instructions, multi-step constraints,
or task-specific descriptions, while the target docu-
ments remain comparatively simple and static. Re-
cent studies (Sun et al., 2024; Weller et al., 2025;
van den Elsen et al., 2025) have introduced bench-
marks that reflect this asymmetry, where queries
are often long and instruction-like. This asymme-
try creates a fundamental mismatch in retrieval:
understanding the query may require strong rea-
soning and instruction-following ability, whereas
representing the document collection efficiently
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Figure 1: ERA enables re-index-free asymmetric dense
retrieval by aligning a strong query embedder with a
lightweight document index. Unlike conventional sym-
metric retrieval, ERA trains a lightweight query-side
adapter in two stages: self-supervised alignment using
unlabeled corpus documents and supervised adaptation
using limited labeled query-document pairs.

demands a lightweight indexing pipeline. How-
ever, most existing retrieval systems treat the query
and document sides symmetrically, using the same
model, the same adaptation strategy, or the same
optimization assumptions for both, as illustrated in
the left part of Figure 1. As a result, they either fail
to account for the complexity and semantic gaps
between queries and documents, or do so only at
the substantial cost of fine-tuning.

A natural solution would be to fine-tune a LLM-
based retrieval model (Zhang et al., 2025; Lee et al.,
2025) so that it can better follow complex instruc-
tions. In practice, however, this is difficult to de-
ploy. Fine-tuning large embedding models is com-
putationally expensive, memory-intensive, and op-
erationally burdensome, especially when multiple
tasks or domains must be supported. Beyond train-
ing cost, supervised adaptation itself depends on
collecting query-document relevance labels, which
is often the real bottleneck. Such labels are expen-
sive to create, highly task-dependent, and difficult
to scale across domains. Recent work (Sanjeev and
Troynikov, 2024; Yoon et al., 2024) has explored
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lightweight alternatives to fine-tuning, such as train-
ing retrieval adapters. However, these methods still
require a large number of labeled examples per task
and do not effectively address the representation
gap between different embedding models or the
semantic gap between complex queries and simple
documents. Moreover, empirical evidence (Sanjeev
and Troynikov, 2024) suggests that adapter-based
training alone may not yield noticeable gains unless
each task has at least around 1,500 labeled query-
document pairs, making low-resource adaptation
challenging even when full fine-tuning is avoided.

In many realistic settings, however, practition-
ers do not have enough labeled data to support
heavy supervised adaptation, nor the computational
budget to repeatedly fine-tune large embedders or
re-index a potentially large-volume document cor-
pus. This motivates a different question: can re-
trieval be efficiently adapted to complex queries
without updating the backbone model and without
re-indexing the potentially large-volume document
corpus? To the best of our knowledge, address-
ing query-document complexity mismatch using a
lightweight retrieval adapter alone, while keeping
the underlying embedding models frozen, has not
been systematically studied.

In this work, we propose Efficient Retrieval
Adapter (ERA), a novel framework for training
retrieval adapters in a label-efficient manner. In-
spired by the pre-training and supervised fine-
tuning stages of LLMs, the key idea of ERA is to
decouple retrieval adapter training into two stages:
a self-supervised alignment stage and a supervised
adaptation stage. In the alignment stage, we train
the retrieval adapter to align the embedding spaces
between a query embedder and a document em-
bedder using self-supervised learning on unlabeled
data. This step reduces the semantic gap between
the two embedding spaces, making subsequent su-
pervised training more effective and efficient, al-
lowing the retrieval adapter to achieve performance
gains even with fewer labeled examples, as ob-
served in LLM fine-tuning after pre-training (De-
vlin et al., 2019). In the supervised adaptation
stage, we tune the retrieval adapter using a small
number of labeled query-document pairs, capturing
semantic nuances between the query and document
embedding spaces that are not fully captured by the
alignment stage. This design avoids the prohibitive
cost of re-embedding the corpus with a large model,
while allowing the system to benefit from richer
query understanding at inference time.

The key contributions are as follows:

• We propose ERA, a novel framework for train-
ing retrieval adapters in a label-efficient man-
ner, which decouples the training into a self-
supervised alignment stage and a supervised
adaptation stage.

• We conduct extensive experiments with five em-
bedding models from three model families on
the MAIR benchmark (Sun et al., 2024), span-
ning 126 retrieval tasks across six domains. We
show that ERA, despite being a linear adapter,
effectively combines stronger query embedders
with weaker document embedders, including
across different model families, by bridging
both the representation gap between embedding
models and the semantic gap between complex
queries and simple documents, improving aver-
age nDCG@10 by up to 12% over zero-shot
retrieval of the document embedder without ex-
pensive corpus re-indexing.

• We observe that the alignment stage significantly
improves the label efficiency of adapter training,
allowing ERA to achieve substantial performance
gains with fewer than 100 labeled examples per
task, which is a significant reduction compared to
prior methods that require around 1,500 labeled
examples for noticeable gains.

• We analyze the robustness of ERA against out-of-
domain tasks and its hyperparameters, showing
that it is a practical solution for real-world re-
trieval scenarios.

2 Related Work

LLM Embedders. While traditional BERT-
based embedders (Karpukhin et al., 2020; Chen
et al., 2024) have long been the standard for re-
trieval, recent LLM-based embedders (Lee et al.,
2025; Zhang et al., 2025) often achieve stronger
performance due to their superior reasoning and
instruction-following abilities. However, these
gains come at a substantial cost: LLM-based em-
bedders are expensive to fine-tune and deploy, mak-
ing them less practical for real-world settings that
must support many tasks or domains, especially
given their large model sizes (e.g., 4B+ parame-
ters).
Embedding Adapters. While prior work has
explored fine-tuning for retrieval improvement
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No Parameter < 1000 Asymmetric Domain Adaptation
Methods Access Label Train Embeddings Generality Signal

Zero-shot Retrieval ✓ ✗ ✗ ✓ ✗

Embedding Adapter (Sanjeev and Troynikov, 2024) ✓ ✗ ✗ ✗ Relevance labels
Search Adaptor (Yoon et al., 2024) ✓ ✗ ✗ ✗ Relevance labels
Drift-Adapter (Vejendla, 2025) ✓ ✗ ✓ ✓ Alignment Only

ERA (Ours) ✓ ✓ ✓ ✓ Alignment + Relevance

Table 1: Comparison of the proposal, ERA, with existing methods. “Adaptation Signal” summarizes the supervision
used to train the adapter. ERA combines cross-embedder alignment with relevance-aware supervised adaptation.

(Kim and Baek, 2025; Dai et al., 2023; Schlatt
et al., 2025), Embedding Adapters (Sanjeev and
Troynikov, 2024) and Search Adaptor (Yoon et al.,
2024) provide lightweight alternatives to full fine-
tuning, but remain limited in our setting: both
rely on substantial task-specific supervision and
require at least 1,500 labeled examples per task for
noticeable gains. Moreover, neither is designed
to bridge the representation gap between hetero-
geneous query and document embedders. Drift-
Adapter (Vejendla, 2025) shows that adapters can
align embedding spaces across versions of the
same model for re-index-free retrieval adaptation,
but does not study supervised label-efficient re-
trieval improvement. Overall, although embedding
adapters are promising for retrieval adaptation, as
summarized in Table 1, their label efficiency and
ability to bridge both cross-model representation
gaps and query-document semantic gaps remain
underexplored.
Transferability of Embeddings. Recent work sug-
gests that representations from different models
share meaningful geometric structure. Chen et al.
(2025) show that affine stitches can transfer linear
features across language models, Huh et al. (2024)
argue that representations increasingly converge
as models scale, and Jha et al. (2025) show that
embeddings from different text encoders can be
translated through a shared latent structure even
without paired data. However, these studies mainly
support the assumption that cross-model geome-
try is transferable, rather than showing how to use
it for retrieval adaptation under query-document
asymmetry.

3 Efficient Retrieval Adapter, ERA

To address the challenges of retrieval adaptation
under query-document complexity asymmetry, we
propose Efficient Retrieval Adapter (ERA), a novel
framework for training retrieval adapters in a label-
efficient manner. In this section, we first formulate

the problem of retrieval with an adapter, and then
describe the design principles of ERA, followed by
our training recipe.

3.1 Task Formulation
Zero-shot Retrieval. In a traditional retrieval set-
ting (Karpukhin et al., 2020; Maekawa et al., 2024;
Taguchi et al., 2025), we have an embedding model
E that maps a query q and a document d to their re-
spective embeddings, E(q) ∈ Rh and E(d) ∈ Rh,
where h is the embedding dimension. The retrieval
process typically involves computing the similar-
ity between the query and document embeddings
sim(E(q), E(d)), often using cosine similarity, to
rank documents based on their relevance to the
query.
Retrieval with Adapter. Embedding Adapter (San-
jeev and Troynikov, 2024) introduces a lightweight
adapter module W ∈ Rh×h that transforms the
query embedding space. The adapted query em-
bedding is computed as E(q)W, which is then L2-
normalized, and the retrieval process is based on
the similarity sim(E(q)W, E(d)). This allows for
task-specific adaptation without updating the full
embedding model, but it typically requires a large
number of labeled examples to train effectively.
Asymmetric Retrieval with Adapter. In our set-
ting, we consider a more general scenario where
the query and document embeddings are generated
by different models, denoted as Eq and Ed, respec-
tively. The retrieval process is based on the simi-
larity sim(Eq(q)W, Ed(d)), where W ∈ Rhq×hd

is the retrieval adapter that transforms the query
embedding space to better align with the docu-
ment embedding space. This formulation allows
for asymmetric embedding spaces, which is more
realistic in scenarios where queries require power-
ful reasoning models while documents are indexed
with lightweight encoders.

3.2 Design Principles
ERA is designed with the following principles:
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Figure 2: The overview of Efficient Retrieval Adapter. In the alignment stage, the same unlabeled document is
encoded by both embedders and used as a positive pair. In the adaptation stage, labeled query-document pairs and
hard negatives train the same adapter for retrieval.

• No Parameter Access: ERA requires no access
to the base embedding model parameters, making
it compatible with black-box APIs.

• Low Label Requirement: ERA is designed to
be effective with fewer than 100 labeled query-
document pairs per task, making it practical for
real-world scenarios where labeled data is scarce.

• Asymmetric Embeddings: ERA supports het-
erogeneous encoder pairs, including embedders
from entirely different model families, reflect-
ing realistic deployments where queries demand
powerful reasoning models while documents are
efficiently indexed with lightweight encoders.

• Domain Generality: ERA is designed to be ef-
fective across a wide range of domains and tasks,
without requiring domain-specific adaptations or
assumptions.

To achieve these design goals, ERA uses a re-
trieval adapter, a lightweight module, to transform
the query embedding space toward the document
embedding space. ERA trains this adapter in two
stages: a self-supervised alignment stage with no
supervised labels and a supervised adaptation stage
with limited labeled data, as illustrated in Figure
2. In the alignment stage, we train the retrieval
adapter on unlabeled data to align the embedding
spaces of the query and document embedders. This
helps bridge the representation gap between the
two asymmetric spaces, reduces the semantic gap,
and makes subsequent supervised training more
effective and efficient. In the adaptation stage,
we fine-tune the adapter on limited labeled query-
document pairs to capture semantic nuances not

fully addressed during alignment, improving under-
standing of complex queries and retrieval perfor-
mance without re-indexing the corpus.

3.3 Training Recipe
Alignment Training Stage. The core idea of
the alignment training stage is to match the em-
beddings from the query embedder and the docu-
ment embedder by using identical input documents.
Specifically, we first collect a large set of unla-
beled documents from the target corpus. For each
document d, we compute its embedding using the
query embedder, Eq(d) and its embedding using
the document embedder, Ed(d). Then, we train
the retrieval adapter W to maximize the similarity
between the adapted query-encoder representation
of the document and the document embedding, i.e.,
sim(Eq(d)W, Ed(d)). We use cosine similarity as
the similarity function sim in our experiments since
it is widely-used and employed in our retrieval pro-
cess. This training process encourages the retrieval
adapter to learn a transformation that aligns the
query embedding space with the document embed-
ding space, effectively bridging the representation
gap between the two models.
Supervised Adaptation Stage. After the align-
ment training stage, we fine-tune the retrieval
adapter using a small number of labeled query-
document pairs. Specifically, we have a set of la-
beled examples {(qi, d+i , {d−i,j}kj=1)}Ni=1, where qi

is a query, d+i is a relevant document, and {d−i,j}kj=1

are irrelevant documents. We compute the adapted
query embedding as Eq(qi)W, the positive docu-
ment embedding as Ed(d

+
i ), and the negative doc-

ument embeddings as {Ed(d
−
i,j)}kj=1. Then, we

optimize the adapter W to maximize the similarity
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between the adapted query embedding and the pos-
itive document embedding while minimizing the
similarity with the negative document embeddings.
This can be achieved using a contrastive loss func-
tion, such as the InfoNCE loss (Oord et al., 2018)
or the triplet loss (Reimers and Gurevych, 2019).
This supervised training process allows the adapter
to capture the semantic nuances between the query
and document embedding spaces that are not cap-
tured by the alignment stage.
Domain Generality. To support general-domain
coverage, we train a single retrieval adapter across
all tasks and domains. Specifically, we sample
training examples from the full dataset in both
the alignment and adaptation stages, enabling
the adapter to capture shared structure across di-
verse retrieval scenarios without requiring domain-
specific adaptation.

4 Experiments

We apply ERA to conduct extensive experiments
to explore the following research questions: (RQ1)
Can we effectively combine a stronger query embed-
der with a weaker document embedder using ERA,
and can query and document embedders come from
different model families? (RQ2) How does ERA
perform under different label resource settings?
(RQ3) Is a general adapter obtained by ERA effec-
tive across different domains? (RQ4) How sensi-
tive is ERA to key design and training choices?

4.1 Setup

Embedders. We use the Qwen3-embedding-
8B/0.6B (Zhang et al., 2025), OpenAI embeddings
(OpenAI, 2024), and BGE-M3 (Chen et al., 2024)
as the base embedders for all methods, including
ERA and baselines. We refer to these models as
Qwen3-8B/-0.6B, OpenAI-small, and BGE-M3.
The details are summarized in Appendix A.
Datasets. We evaluate ERA and the baselines on
the MAIR benchmark (Sun et al., 2024), which
contains 126 retrieval tasks across six domains:
Academic, Code, Finance, Legal, Medical, and
Web. Built on widely used benchmarks such as
BEIR (Thakur et al., 2021) and KILT (Petroni et al.,
2021), MAIR provides broad coverage across do-
mains and tasks. At the same time, it contains
only about 80 labeled examples per task on average
(10,038 queries in total), making it an ideal testbed
for evaluating label efficiency. To simulate explicit
user intent, we use the queries with instructions

in the MAIR benchmark. We split labeled exam-
ples into 5%–40% for training (roughly 500–4,000
queries across all tasks), 10% for validation, and
50% for testing. As we vary the training label per-
centage, we keep the validation and test sets fixed
for fair comparison across label settings.
Methods. We compare methods under the con-
straints targeted by ERA: frozen backbone em-
bedders, a fixed document index, and limited la-
beled query-document pairs. These constraints ex-
clude full fine-tuning, LoRA-style adaptation, and
document-side adaptation such as Search Adap-
tor from our primary comparison. We instanti-
ate them as follows. Zero-shot Retrieval uses
the frozen document embedder without adapta-
tion. Embedding Adapter trains a query-side lin-
ear adapter using only labeled pairs, serving as
the closest supervised-only fixed-index baseline1.
ERA w/o adapt. uses only self-supervised align-
ment on unlabeled corpus documents. ERA is the
full method, combining self-supervised alignment
with supervised adaptation. In addition, to evaluate
the effectiveness of asymmetric embedding spaces,
we compare Symmetric ERA, where the same
model is used for both query and document en-
coding, with Asymmetric ERA, where a stronger
model (Qwen3-8B) is used for query encoding and
a weaker model is used for document encoding.
Training Details. For the alignment stage, we sam-
ple 1,000 unlabeled documents from the corpus of
each training task, which corresponds to only 5.2%
of the full MAIR corpus in terms of token cost. We
report the detailed token cost analysis in Appendix
B.2. We train the retrieval adapter for 100 epochs
with a learning rate of 1e-3, a weight decay of 1e-2,
and a batch size of 256. We then train the adapter
on labeled query-document pairs in the adaptation
stage for up to 1,000 epochs with early stopping
(patience of 5 epochs based on validation loss), a
learning rate of 1e-5, a weight decay of 1e-4, and a
batch size of 256. For negative sampling, we use
TopK-PercPos (Moreira et al., 2025), which selects
hard negatives based on retrieval scores after the
alignment stage. We also evaluate naive top-k neg-
ative sampling and random negative sampling as
ablations.2 We provide more details about training
setup in Appendix B.1.

1Embedding Adapter corresponds to ERA without the
alignment stage.

2For Embedding Adapter, we use random negatives be-
cause, without alignment, hard negatives are less effective for
bridging the representation gap.
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Base model Variant Avg Academic Code Finance Legal Medical Web

BGE-M3

Zero-shot 34.03 34.81 34.85 52.44 37.01 25.25 33.28
Embedding Adapter 26.18 21.66 30.44 42.09 25.24 18.76 26.55
Sym. ERA w/o adapt. 34.17 35.01 33.79 53.58 38.41 25.54 33.35
Sym. ERA 42.14 40.28 40.25 60.77 41.78 32.35 44.08
Asym. ERA w/o adapt. 43.69 39.15 40.16 58.66 40.65 34.49 47.84
Asym. ERA 46.59 42.50 46.19 59.27 45.20 38.24 49.28

OpenAI-small

Zero-shot 36.74 35.62 41.35 50.36 31.77 30.64 36.67
Embedding Adapter 29.67 23.68 34.10 38.17 25.34 26.64 30.66
Sym. ERA w/o adapt. 37.19 36.32 41.01 50.13 30.79 31.09 37.71
Sym. ERA 44.95 42.34 48.33 56.88 37.16 38.02 46.87
Asym. ERA w/o adapt. 46.63 41.69 49.48 52.68 34.72 40.40 50.86
Asym. ERA 49.10 45.45 52.81 54.73 39.75 42.34 52.40

Qwen3-0.6B

Zero-shot 50.37 48.48 58.34 60.56 48.58 44.55 49.17
Embedding Adapter 38.94 34.49 48.68 51.02 35.15 32.51 38.26
Sym. ERA w/o adapt. 51.12 49.28 57.28 62.17 49.85 45.53 50.20
Sym. ERA 52.19 49.41 58.49 63.57 49.99 46.28 51.76
Asym. ERA w/o adapt. 51.44 50.11 57.53 63.13 48.35 44.70 51.07
Asym. ERA 53.33 50.72 59.14 63.86 49.66 45.68 54.06

Qwen3-8B

Zero-shot 57.91 56.94 61.85 69.38 57.89 53.75 56.65
Embedding Adapter 46.30 43.23 53.44 58.26 42.75 37.12 47.01
Sym. ERA w/o adapt. 58.51 58.85 61.53 70.03 58.25 53.39 57.56
Sym. ERA 59.38 59.13 63.03 71.83 58.58 53.50 58.63

Table 2: nDCG@10 (%) on MAIR using 20% labeled query-document pairs. Bold indicates the best result per model
and domain. Embedding Adapter and Symmetric ERA use the same model for both query and document embedders.
Asymmetric ERA uses Qwen3-8B as the query embedder and the base model as the document embedder.

4.2 Main Results (RQ1)

Table 2 shows the nDCG@10 results of Symmet-
ric/Asymmetric ERA and baselines on the MAIR
benchmark using 20% of labeled query-document
pairs for training. We report a widely used retrieval
metric, nDCG@10, as the main metric in the paper.
We also evaluate other training ratios in Appendix
C.1 and other metrics such as Recall@100 and
MAP@100 in Appendix C.2, which show the same
trend as the results in this section.

ERA enables effective asymmetric retrieval
without updating the backbone models or re-
indexing the corpus. As shown in the table, asym-
metric ERA retrieval consistently outperforms zero-
shot retrieval and symmetric ERA retrieval across
all document embedders, demonstrating the effec-
tiveness of ERA in enabling asymmetric retrieval
even when the query and document embedders are
from different model families. Notably, the perfor-
mance improvement is more significant when the
document embedder is weaker, i.e., more than 12%
nDCG@10 improvement for OpenAI-small and
BGE-M3, which suggests that ERA can effectively
bridge the representation gap between a stronger
query embedder and a weaker document embed-
der, allowing for more effective retrieval adaptation
without the need for re-indexing the corpus.

ERA’s alignment stage is a key driver of its per-
formance, and supervised adaptation further
enhances the results. Comparing ERA w/o adapt.
with zero-shot retrieval, we see that the alignment
stage alone already provides consistent improve-
ments across models and domains, highlighting the
value of bridging the representation gap between
the query and document embedders. This is espe-
cially evident for asymmetric ERA, where align-
ment substantially improves retrieval even before
supervised adaptation. Full ERA then adds further
gains on top of this aligned starting point, indicat-
ing that supervised adaptation captures semantic
distinctions between queries and documents that
alignment alone does not model. We conjecture
that part of the alignment-only gain comes from
training on unlabeled documents from the target
corpus itself, which adapts the query-side represen-
tation to the corpus geometry and makes retrieval
more compatible even before using labeled pairs.

4.3 Label Efficiency (RQ2)

To evaluate the label efficiency of ERA, we conduct
experiments with varying percentages of labeled
query-document pairs for training, ranging from
5% to 40%. We use Qwen3-8B as the query embed-
der and Qwen3-0.6B, OpenAI-small, and BGE-M3
as the document embedders for ERA and Embed-
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Figure 3: nDCG@10 of zero-shot, ERA w/o adaptation, Embedding Adapter, and ERA retrieval at varying train
ratios, where we use Qwen3-8B as the query embedder.
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(a) nDCG@10 comparison between zero-shot, ERA trained
on all domains, and ERA trained on all domains except the
target domain.
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(b) nDCG@10 difference (ERA trained on only the target do-
main − ERA trained on all domains); positive values indicate
that training on only the target domain yields better perfor-
mance.

Figure 4: Domain generality analysis using Qwen3-8B as the query embedder and Qwen3-0.6B as the document
embedder, trained on 20% of labeled query-document pairs.

ding Adapter, while zero-shot retrieval uses the
same embedder for both query and document en-
coding. Figure 3 shows the results of asymmetric
ERA and baselines across different label resource
settings. Since zero-shot and ERA w/o adaptation
do not use any labeled examples, their performance
remains constant thus is shown as horizontal lines.
ERA consistently improves retrieval perfor-
mance across low-label resource settings. ERA
consistently outperforms zero-shot retrieval and
Embedding Adapter across all training ratios. Even
with only 5% of labeled query-document pairs, i.e.,
500 queries in total, ERA still yields clear gains
over zero-shot retrieval.
Alignment matters most in the lowest-label set-
tings. Across all training ratios, ERA w/o adap-
tation remains above zero-shot retrieval, and the
large gap between ERA and Embedding Adapter in
the 5% and 10% settings indicates that alignment
is what makes the supervised stage effective in the
low-label regime.

4.4 Domain Generality (RQ3)

To evaluate the domain generality of ERA, we con-
duct two sets of experiments with Qwen3-8B as the
query embedder and Qwen3-0.6B as the document
embedder: 1) Out-of-Domain Experiment, where
we train ERA on all domains except the target do-
main, and 2) Domain-specific Experiment, where
we train ERA using only the target domain. We use
20% of labeled query-document pairs for training
in both sets of experiments. The results of other
train ratios are provided in Appendix C.3, which
show the same trends as the results with 20% of
labeled query-document pairs.
(1. Out-of-Domain) ERA is robust against out-
of-domain tasks. As shown in Figure 4a, while
ERA trained on all domains except the target do-
main shows comparable or slightly lower perfor-
mance than zero-shot retrieval for the target domain
(see the diagonal elements in the top six rows), it
improves the performance in other domains over
zero-shot. This indicates that training on other
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Figure 5: Ablation on negative sampling strategy with
varying train ratios.

domains does not significantly degrade the perfor-
mance on out-of-domain tasks. We conjecture that
ERA’s linear transformation is simple enough to
avoid overfitting to the training domains, which
allows it to maintain its generalization ability to
out-of-domain tasks.
(2. Domain-specific) A general adapter trained
across all domains can perform comparably
with a domain-specific adapter while excelling in
other domains. As shown in Figure 4b, while the
performance of domain-specific adapters trained
on only the target domain can be slightly better
than the general adapter trained on each domain
where they are trained, the performance difference
is generally small across all domains. This encour-
ages the use of a single general adapter for retrieval
adaptation across different domains, avoiding the
need for domain-specific adaptations and switching
between different adapters for different domains,
which can increase the complexity of the system,
introduce maintenance overhead, and scale poorly
with the number of domains.

4.5 Ablation Study (RQ4)

We conduct ablation studies on the negative sam-
pling strategy, the number of negative samples, and
the adapter complexity. The hyperparameter analy-
sis on weight decay and learning rate is provided
in Appendix C.4.

4.5.1 Negative Sampling Strategy
We use Qwen3-8B as the query embedder and
Qwen3-0.6B as the document embedder. We com-
pare TopK-PercPos, naive top-k negative sampling,
and random negative sampling. Naive top-k se-
lects the top-k most similar documents to the query
as negatives based on the base embedder’s sim-
ilarity scores, while random sampling selects k
documents uniformly from the corpus.

# Negatives 5 10 50 100 200

nDCG@10 (%) 53.02 52.80 52.89 52.65 52.66

Table 3: Number of negative samples ablation. We set
the train ratio to 10%.

TopK-PercPos negative sampling is more effec-
tive than naive top-k and random negative sam-
pling. As shown in Figure 5, TopK-PercPos con-
sistently outperforms both naive top-k and ran-
dom negative sampling across different train ratios,
demonstrating the importance of selecting hard neg-
atives based on retrieval scores after the alignment
stage for effective supervised adaptation. As re-
ported by Moreira et al. (2025), naive top-k nega-
tives can degrade performance by selecting false
negatives, i.e., relevant documents mislabeled as
negatives.

4.5.2 Number of Negative Samples
We evaluate the impact of the number of negative
samples on the performance of ERA under TopK-
PercPos negative sampling strategy. We vary the
number of negative samples from 5 to 200 and
evaluate the nDCG@10 with a train ratio of 10%.
ERA is robust against the number of negative
samples. As shown in Table 3, the performance
of ERA is relatively stable across different num-
bers of negative samples, with the best performance
achieved with 5 negative samples. This suggests
that ERA can be effective even with a small number
of negative samples, which can reduce the computa-
tional cost of training while still maintaining strong
retrieval performance.

4.5.3 Adapter Complexity
We evaluate the impact of adapter complexity on
the performance of ERA by comparing a linear
adapter with a two-layer MLP adapter which has
1024 hidden units and ReLU activation. The other
setup and hyperparameter search space are the
same as those described in Section 4.1. Through
the hyperparameter search, we set the weight decay
and learning rate to 0.01 and 5e-5, respectively.

Table 4 shows that ERA with MLP obtains simi-
lar retrieval performance in all metrics. To provide
a more detailed comparison, we investigate how
many tasks in MAIR (126 tasks) MLP outperforms
Linear. The nDCG@10 results show MLP wins 41
tasks while Linear wins 84 tasks (ties in one task).
We conjecture that a linear weight is sufficiently
capable for ERA and does not overfit to a small
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Method nDCG@10 Recall@100 MAP@100

MLP ERA w/o adapt. 50.33 70.79 39.74
MLP ERA 51.84 72.49 41.27
Linear ERA 53.02 72.96 42.39

Table 4: Adapter complexity analysis (%). We set the
train ratio to 10%, a query encoder to Qwen3-8B, and a
document encoder to Qwen3-0.6B.

set of training samples due to its simplicity. This
observation corresponds to the findings in (Sanjeev
and Troynikov, 2024).

5 Conclusion

We propose Efficient Retrieval Adapter (ERA), a
novel framework for training retrieval adapters in
a label-efficient manner to address the challenges
of retrieval adaptation under query-document com-
plexity asymmetry. ERA employs a two-stage train-
ing process, self-supervised alignment training and
supervised adaptation, to effectively bridge the rep-
resentation gap between different embedding mod-
els and the semantic gap between complex queries
and simple documents. Our experiments demon-
strate that ERA efficiently and effectively improves
retrieval performance across various models, do-
mains, and label resource settings, and enables
asymmetric retrieval with different query and doc-
ument embedders without the need for re-indexing
the corpus.

Limitations

While ERA improves retrieval performance with-
out updating backbone embedders or re-indexing
the document corpus, it has several limitations.
First, ERA uses a linear adapter, and we do not
investigate whether non-linear or deeper adapters
further improve cross-model alignment. Second,
although ERA avoids full-corpus re-indexing, the
alignment stage still requires embedding a small
sampled set of unlabeled documents with both
query and document embedders. As we mentioned
in Section 4, we sample only 1,000 documents for
each training task, which is a substantially smaller
number than the size of the full corpus. Third,
while we evaluate ERA on a wide range of re-
trieval tasks across different domains, we do not
evaluate it on other retrieval settings such as multi-
modal retrieval and cross-lingual retrieval, which
can be interesting directions for future work. Lastly,
while there are many potential strategies for the re-
trieval performance improvement under the setting

of frozen backbone embedders and fixed document
index such as sparse and dense fusion, re-ranking,
document-side adaptation, and few-shot prompt-
ing, we focus on the retrieval adapter approach in
this work. We leave the exploration of the com-
bination of retrieval adapters with other strategies
for future work because they are complementary
to each other and can potentially lead to further
retrieval performance improvement rather than a
direct comparison between them.

Ethical Considerations

Our work focuses on improving retrieval perfor-
mance by training retrieval adapters in a label-
efficient manner. While we do not foresee any
direct ethical concerns with our method, it is im-
portant to consider the potential downstream appli-
cations of retrieval systems that utilize ERA, such
as information retrieval, question answering, and
recommendation systems. These applications may
have ethical implications related to user privacy,
bias in retrieved results, and the potential for mis-
use in spreading misinformation. Therefore, it is
crucial for practitioners to carefully evaluate and
mitigate any ethical concerns when deploying re-
trieval systems that incorporate ERA, and to ensure
that the benefits of improved retrieval performance
are balanced with responsible and ethical use.

We made use of AI tools such as ChatGPT and
Copilot to support coding and refining this paper,
but all content was carefully reviewed and edited by
us to ensure it adheres to our standards and aligns
with our research objectives.
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A Embedding Models

We summarize the details of the models used in
our experiments in Table 5. All models are ac-
cessed through HuggingFace except for OpenAI-
small, which is accessed through the OpenAI API.
We adhere their intended usage and licenses for
all models since the models are used for retrieval
purposes in our experiments.

B Experiment Details

We provide additional details of our experiments in
this section, including the hyperparameters used for
training ERA and baselines, the negative sampling
strategy, and the evaluation metrics.

1https://openai.com/policies/
services-agreement/ [Accessed: May 22, 2026]

B.1 Training Details

We use the AdamW optimizer (Loshchilov and
Hutter, 2019) in both stages. For the label-based
training stage, we apply linear warmup for the first
10% of training steps. When using the InfoNCE
loss, we set the temperature to 0.05.

For the adaptation stage, we test different learn-
ing rates (1e-3, 5e-4, 1e-4, 5e-5, 1e-5) and weight
decays (1e-2, 1e-3, 1e-4) with Qwen3-8B as
a query embedder and Qwen3-0.6B as a docu-
ment embedder, trained on 10% of labeled query-
document pairs. While we find that performance
is generally stable across these hyperparameters,
we use for all experiments the hyperparameter set
described in Section 4.1, which yields the best re-
trieval evaluation performance. We also tune the
hyperparameters for the Embedding Adapter and
use the best set, 1e-3 for the learning rate and 1e-4
for weight decay, which we use for all experiments.
We show the hyperparameter search results in the
Appendix C.4.

B.2 Token Cost Analysis

The alignment stage requires encoding only a small
subset of the MAIR corpus rather than the full
document collection. We compute token counts
using the cl100k_base tokenizer. Across MAIR,
the full corpus contains 8,958,270 documents with
2,549,625,873 tokens in total, whereas the align-
ment sample used in our experiments contains
114,858 documents with 132,526,211 tokens. This
corresponds to 1.28% of the documents and 5.20%
of the total corpus tokens. Therefore, the additional
cost of the alignment stage is substantially small
relative to full-corpus processing.

C Additional Results

C.1 Main Results with Varying Train Ratios

We show the nDCG@10 results of ERA and base-
lines on the MAIR benchmark using varying per-
centages of labeled query-document pairs for train-
ing, including 5%, 10%, and 40% in Tables 6, 7,
and 8, respectively. We observe the same trend that
ERA consistently improves retrieval performance
across all models in most domains, compared with
zero-shot retrieval and Embedding Adapter, demon-
strating the effectiveness of ERA in improving re-
trieval performance under different label resource
settings.
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Model Size Context Dimension HuggingFace / API License

Qwen3-8B (Zhang et al., 2025) 8B 32k 4096 Qwen/Qwen3-Embedding-8B Apache license 2.0
Qwen3-0.6B (Zhang et al., 2025) 0.6B 32k 1024 Qwen/Qwen3-Embedding-0.6B Apache license 2.0
OpenAI-small (OpenAI, 2024) - 8k 1536 text-embedding-3-small OpenAI Service Terms1

BGE-M3 (Chen et al., 2024) 0.6B 8k 1024 BAAI/bge-m3 MIT

Table 5: Models used in experiments. Dimensions denote the output embedding sizes. Model sizes are not publicly
disclosed (-).

Base model Variant Avg Academic Code Finance Legal Medical Web

BGE-M3

Zero-shot 34.03 34.81 34.85 52.44 37.01 25.25 33.28
Emb. Adapter 7.48 6.59 14.36 8.92 6.65 4.04 6.60
Sym. ERA w/o adapt. 34.17 35.01 33.79 53.58 38.41 25.54 33.35
Sym. ERA 39.80 38.75 39.62 58.45 39.60 29.65 41.02
Asym. ERA w/o adapt. 43.69 39.15 40.16 58.66 40.65 34.49 47.84
Asym. ERA 45.04 41.25 42.48 58.47 43.31 35.72 48.65

OpenAI-small

Zero-shot 36.74 35.62 41.35 50.36 31.77 30.64 36.67
Emb. Adapter 8.36 6.47 15.62 4.85 5.82 5.75 8.46
Sym. ERA w/o adapt. 37.19 36.32 41.01 50.13 30.79 31.09 37.71
Sym. ERA 41.51 40.65 44.44 53.63 34.21 35.38 42.65
Asym. ERA w/o adapt. 46.63 41.69 49.48 52.68 34.72 40.40 50.86
Asym. ERA 47.63 43.61 50.11 52.80 37.65 40.90 51.63

Qwen3-0.6B

Zero-shot 50.37 48.48 58.34 60.56 48.58 44.55 49.17
Emb. Adapter 14.83 12.21 23.04 17.22 9.31 9.53 15.49
Sym. ERA w/o adapt. 51.12 49.28 57.28 62.17 49.85 45.53 50.20
Sym. ERA 51.38 48.96 57.35 62.46 49.67 45.38 50.93
Asym. ERA w/o adapt. 51.44 50.11 57.53 63.13 48.35 44.70 51.07
Asym. ERA 52.69 50.26 57.86 64.09 49.62 45.36 53.21

Qwen3-8B

Zero-shot 57.91 56.94 61.85 69.38 57.89 53.75 56.65
Emb. Adapter 19.77 17.72 26.67 19.25 12.84 12.31 22.18
Sym. ERA w/o adapt. 58.51 58.85 61.53 70.03 58.25 53.39 57.56
Sym. ERA 58.53 58.66 62.03 70.61 57.38 52.44 57.91

Table 6: nDCG@10 (%) on the MAIR benchmark with 5% of labeled query-document pairs.

Base model Variant Avg Academic Code Finance Legal Medical Web

BGE-M3

Zero-shot 34.03 34.81 34.85 52.44 37.01 25.25 33.28
Embedding Adapter 17.37 14.68 22.16 27.52 15.27 11.67 17.51
Sym. ERA w/o adapt. 34.17 35.01 33.79 53.58 38.41 25.54 33.35
Sym. ERA 40.77 39.57 38.94 59.36 40.47 31.15 42.43
Asym. ERA w/o adapt. 43.69 39.15 40.16 58.66 40.65 34.49 47.84
Asym. ERA 45.70 42.01 44.20 59.33 44.13 37.16 48.59

OpenAI-small

Zero-shot 36.74 35.62 41.35 50.36 31.77 30.64 36.67
Embedding Adapter 20.63 17.98 26.01 21.56 17.35 17.88 21.12
Sym. ERA w/o adapt. 37.19 36.32 41.01 50.13 30.79 31.09 37.71
Sym. ERA 43.26 41.56 46.89 56.05 35.91 36.84 44.42
Asym. ERA w/o adapt. 46.63 41.69 49.48 52.68 34.72 40.40 50.86
Asym. ERA 48.18 44.57 50.93 53.52 38.34 41.65 51.84

Qwen3-0.6B

Zero-shot 50.37 48.48 58.34 60.56 48.58 44.55 49.17
Embedding Adapter 28.71 23.47 39.04 37.71 22.41 22.62 28.92
Sym. ERA w/o adapt. 51.12 49.28 57.28 62.17 49.85 45.53 50.20
Sym. ERA 51.62 49.49 57.85 62.74 49.52 45.96 50.95
Asym. ERA w/o adapt. 51.44 50.11 57.53 63.13 48.35 44.70 51.07
Asym. ERA 53.02 50.73 59.32 63.27 49.45 45.21 53.55

Qwen3-8B

Zero-shot 57.91 56.94 61.85 69.38 57.89 53.75 56.65
Embedding Adapter 35.32 33.45 43.34 43.45 29.77 24.64 36.88
Sym. ERA w/o adapt. 58.51 58.85 61.53 70.03 58.25 53.39 57.56
Sym. ERA 58.92 58.61 63.26 70.75 57.72 53.33 58.03

Table 7: nDCG@10 (%) on the MAIR benchmark with 10% of labeled query-document pairs.

C.2 Main Results with Recall@100 and
MAP@100

In addition to nDCG@10, we also evaluate the per-
formance of ERA and baselines using Recall@100
and MAP@100, which are shown in Table 9 and
Table 10, respectively.

C.3 Domain Generality with Varying Train
Ratios

C.3.1 Out-of-Domain Experiment.
We show the nDCG@10 results of domain gener-
ality analysis with varying percentages of labeled
query-document pairs for training, including 5%,
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Base model Variant Avg Academic Code Finance Legal Medical Web

BGE-M3

Zero-shot 34.03 34.81 34.85 52.44 37.01 25.25 33.28
Embedding Adapter 33.24 28.17 37.72 48.70 33.55 24.28 34.05
Sym. ERA w/o adapt. 34.17 35.01 33.79 53.58 38.41 25.54 33.35
Sym. ERA 43.65 41.18 43.27 61.57 43.39 34.46 45.15
Asym. ERA w/o adapt. 43.69 39.15 40.16 58.66 40.65 34.49 47.84
Asym. ERA 47.27 42.91 47.89 60.50 48.03 38.05 49.49

OpenAI-small

Zero-shot 36.74 35.62 41.35 50.36 31.77 30.64 36.67
Embedding Adapter 37.21 30.74 42.68 47.38 31.47 32.23 38.71
Sym. ERA w/o adapt. 37.19 36.32 41.01 50.13 30.79 31.09 37.71
Sym. ERA 46.37 42.37 50.59 57.32 39.14 39.98 48.24
Asym. ERA w/o adapt. 46.63 41.69 49.48 52.68 34.72 40.40 50.86
Asym. ERA 50.12 46.25 54.67 55.81 42.62 43.40 52.81

Qwen3-0.6B

Zero-shot 50.37 48.48 58.34 60.56 48.58 44.55 49.17
Embedding Adapter 43.76 38.92 54.98 54.03 39.69 36.76 43.22
Sym. ERA w/o adapt. 51.12 49.28 57.28 62.17 49.85 45.53 50.20
Sym. ERA 52.57 49.46 59.13 64.03 51.73 46.85 51.80
Asym. ERA w/o adapt. 51.44 50.11 57.53 63.13 48.35 44.70 51.07
Asym. ERA 54.03 51.23 59.95 63.79 52.60 46.64 54.33

Qwen3-8B

Zero-shot 57.91 56.94 61.85 69.38 57.89 53.75 56.65
Embedding Adapter 51.79 49.51 59.85 63.16 50.43 43.10 51.42
Sym. ERA w/o adapt. 58.51 58.85 61.53 70.03 58.25 53.39 57.56
Sym. ERA 59.99 59.20 64.57 71.82 59.16 54.75 58.96

Table 8: nDCG@10 (%) on the MAIR benchmark with 40% of labeled query-document pairs.

Base model Variant Avg Academic Code Finance Legal Medical Web

BGE-M3

Zero-shot 55.50 69.34 68.05 84.97 58.20 20.99 54.44
Embedding Adapter 51.49 63.09 65.85 75.59 56.98 19.53 49.82
Sym. ERA w/o adapt. 55.28 70.35 66.55 84.28 58.43 20.76 54.27
Sym. ERA 64.17 78.53 73.59 89.03 66.86 26.56 65.78
Asym. ERA w/o adapt. 65.91 76.80 79.19 89.52 65.44 26.14 68.86
Asym. ERA 68.62 80.58 81.22 90.20 69.77 30.65 70.81

OpenAI-small

Zero-shot 60.99 74.67 75.96 88.69 62.11 27.82 59.29
Embedding Adapter 57.71 65.21 73.27 81.62 60.62 27.14 56.91
Sym. ERA w/o adapt. 61.18 75.88 75.26 87.99 61.02 27.01 60.23
Sym. ERA 67.83 81.18 81.18 92.02 69.25 32.90 67.85
Asym. ERA w/o adapt. 68.62 79.34 83.84 91.87 66.55 33.35 69.75
Asym. ERA 70.98 83.92 84.50 93.52 71.59 36.00 71.48

Qwen3-0.6B

Zero-shot 70.24 82.39 88.53 91.87 71.11 36.58 69.01
Embedding Adapter 63.52 75.18 81.86 85.36 66.96 28.84 62.22
Sym. ERA w/o adapt. 70.44 83.05 88.10 91.54 70.99 36.46 69.54
Sym. ERA 72.00 84.48 88.03 91.77 73.48 37.39 71.90
Asym. ERA w/o adapt. 71.33 83.95 88.31 93.35 71.97 35.24 71.24
Asym. ERA 73.56 86.31 89.02 93.51 74.06 37.13 74.39

Qwen3-8B

Zero-shot 76.22 87.62 90.57 96.69 76.78 43.74 76.34
Embedding Adapter 70.24 81.84 85.47 93.12 72.58 34.82 70.31
Sym. ERA w/o adapt. 76.36 87.57 90.42 97.46 76.83 42.77 76.95
Sym. ERA 77.08 88.10 90.73 97.87 79.05 43.06 77.76

Table 9: Recall@100 (%) on the MAIR benchmark with 20% of labeled query-document pairs.

10%, and 40% in Figures 6 and 7, respectively. We
observe the same trend that ERA trained on all
domains except the target domain shows compara-
ble or slightly lower performance than zero-shot
retrieval for the target domain while largely improv-
ing the performance in other domains.

C.3.2 Domain-specific Experiment.
We show the nDCG@10 difference between ERA
trained on all domains and ERA trained on the tar-
get domain with varying percentages of labeled
query-document pairs for training, including 5%,
10%, and 40% in Figures 7a, 7b, and 7c, re-
spectively. The experimental results show the

same trend that while the performance of domain-
specific adapters trained on only the target do-
main can be slightly better than the general adapter
trained on each domain where they are trained, the
performance difference is generally small across
all domains.

C.4 Hyperparameter Search Results
We show the hyperparameter search results for the
learning rate and weight decay of the adaptation
stage in Table 11. We observe that the performance
is generally stable, i.e., 0.27% nDCG@10 differ-
ence between the best and worst configurations,
which suggests that ERA is not sensitive to the
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Base model Variant Avg Academic Code Finance Legal Medical Web

BGE-M3

Zero-shot 26.93 30.23 29.99 47.80 30.66 11.83 26.39
Embedding Adapter 19.31 17.34 25.66 37.17 21.29 7.43 18.91
Sym. ERA w/o adapt. 27.01 30.49 29.40 49.03 30.22 11.70 26.66
Sym. ERA 33.29 35.28 35.05 56.08 34.70 14.60 35.03
Asym. ERA w/o adapt. 33.34 33.43 34.43 53.55 30.05 13.44 37.63
Asym. ERA 36.20 36.70 40.34 54.55 33.94 16.20 39.44

OpenAI-small

Zero-shot 28.97 30.25 36.35 46.19 27.65 14.12 29.07
Embedding Adapter 22.04 19.19 29.29 33.80 20.66 11.96 22.56
Sym. ERA w/o adapt. 29.29 30.83 36.05 46.01 26.59 13.43 30.23
Sym. ERA 35.80 36.43 42.58 52.50 32.07 17.81 37.97
Asym. ERA w/o adapt. 36.70 35.48 43.96 48.46 30.15 18.25 40.74
Asym. ERA 39.22 39.15 47.22 50.17 35.11 19.76 42.64

Qwen3-0.6B

Zero-shot 39.97 42.48 52.62 55.83 39.11 21.88 39.21
Embedding Adapter 29.90 28.59 43.32 46.57 27.99 13.51 29.50
Sym. ERA w/o adapt. 40.59 43.26 52.00 57.76 39.40 21.61 40.38
Sym. ERA 41.88 43.60 53.62 58.77 40.68 22.07 42.17
Asym. ERA w/o adapt. 40.71 44.01 51.78 58.45 37.87 20.61 41.06
Asym. ERA 42.70 44.58 54.14 59.11 39.89 21.51 43.92

Qwen3-8B

Zero-shot 47.08 50.76 56.21 63.82 47.24 28.38 47.02
Embedding Adapter 36.45 36.72 47.69 52.14 35.39 16.64 37.50
Sym. ERA w/o adapt. 47.65 52.53 56.01 64.75 47.02 27.21 48.21
Sym. ERA 48.55 52.56 57.80 66.99 47.64 27.14 49.26

Table 10: MAP@100 (%) on the MAIR benchmark with 20% of labeled query-document pairs.
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(c) 40% train ratio

Figure 6: nDCG@10 comparison between zero-shot, ERA trained on all domains, and ERA trained on all domains
except the target domain with varying train ratios, where we use Qwen3-8B as the query embedder and Qwen3-0.6B
as the document embedder.
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Figure 7: nDCG@10 difference between ERA trained on all domains and ERA trained on the target domain with
varying train ratios, where we use Qwen3-8B as the query embedder and Qwen3-0.6B as the document embedder.

choice of these hyperparameters.

C.5 Results on Non-instructed Retrieval
Benchmark

To examine whether ERA’s effectiveness depends
on the instruction-rich setting, e.g., MAIR, we ad-

ditionally evaluate ERA on MS MARCO from the
BEIR benchmark (Thakur et al., 2021), whose
queries contain no task instructions. We use
Qwen3-0.6B for a document embedder and Qwen3-
8B for a query embedder in the asymmetric setting
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WD \ LR 10−5 5× 10−5 10−4 5× 10−4 10−3

10−2 52.83 52.59 52.60 52.58 52.60
10−3 52.83 52.59 52.57 52.57 52.58
10−4 52.84 52.59 52.56 52.57 52.60

Table 11: Hyperparameter search results (nDCG@10 %). Rows: weight decay (WD), columns: learning rate (LR).
Bold = best configuration.

Method nDCG@10 Recall@100 MAP@100

Zero-shot 26.30 72.83 22.29
ERA (0.6B → 0.6B) 32.95 82.97 28.16
ERA (8B → 0.6B) 33.52 82.91 28.74

Table 12: Retrieval performance (%) on MS MARCO
dev (8.8M passages, exact cosine top-100 search). ERA
is trained on MAIR and applied to MS MARCO without
any in-domain training.

and employed the linear weight trained from MAIR
with a 40% train ratio, i.e., we do not train the
weight on MS MARCO.

Table 12 shows that ERA achieves better perfor-
mance than zero-shot in the MS MARCO dataset.
This is a similar trend to the results on the MAIR
benchmark. The result indicates ERA is helpful
for not only instructed retrieval but non-instructed
retrieval.

C.6 Comparison with Exact Alignment

ERA’s alignment stage is intended to provide a
retrieval-compatible initialization, rather than to
reconstruct the document embedding space point-
wise. We therefore compare ERA’s learned align-
ment with an exact alignment solution that directly
minimizes the discrepancy between paired embed-
dings of identical texts. To this end, we additionally
test closed-form Orthogonal Procrustes alignment.
Given paired embeddings X and Y of the same
texts, let µX and µY denote their respective mean
vectors, and define the centered embeddings as
Xc = X − µX and Yc = Y − µY . We then com-
pute

X⊤
c Yc = UΣV ⊤, R = UV ⊤.

The aligned embedding is

ŷ = (x− µX)R+ µY .

Because the symmetric setting uses the same
1024-dimensional Qwen3-0.6B model on both
sides, R is a square orthogonal matrix. We store
this transformation as a standard linear adapter,

Method nDCG@10 R@100 MAP@100

Procrustes w/o adapt. 51.13 70.43 40.59
Sym. ERA w/o adapt. 51.12 70.44 40.59
Procrustes label training 51.58 71.72 41.25
Sym. ERA 51.62 71.75 41.29

Table 13: Comparison of the closed-form alignment
baseline. The train ratio for labal training is set to 10%.

with weight R⊤ and bias µY −µXR, and apply the
same output normalization as ERA. For the label-
training experiment, we simply use the resulting
Procrustes adapter as the initialization and then run
the same label-training pipeline as ERA. We con-
duct a hyperparameter search for the label-training
with the same space of weight decay and learning
rate for the main experiments and used the best
parameter.

Table 13 shows the results comparing closed-
form alignment against ERA Our investigation re-
veals that Procrustes alignment without refinement
yields retrieval performance nearly identical to that
of ERA’s initial alignment phase. Nevertheless,
the full ERA framework demonstrates a marginal
performance advantage following the supervised
adaptation stage. We hypothesize that employing
a consistent optimization objective across both the
alignment and adaptation phases facilitates more
robust parameter refinement, which is particularly
advantageous in low-label settings.

Classical Orthogonal Procrustes requires the two
embedding spaces to have the same dimensionality.
For different-dimensional embeddings, alternatives
such as affine ridge regression could be considered;
we leave their investigation to future work.

C.7 Combination with Reranking

ERA operates at the first-stage retrieval level and is
therefore orthogonal to downstream reranking. To
test whether its gains persist in a standard two-stage
retrieval pipeline, we apply the same reranker to
the candidates produced by the zero-shot retriever
and ERA. Specifically, we use a strong reranker,
Qwen3-reranker-8B (Zhang et al., 2025), after re-
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Base model Variant Before Reranked

BGE-M3

Zero-shot 34.14 53.49
Embedding Adapter 26.18 50.04
Sym. ERA w/o adapt. 34.17 53.49
Sym. ERA 42.14 59.29
Asym. ERA w/o adapt. 43.68 60.12
Asym. ERA 46.59 61.86

Qwen3-0.6B

Zero-shot 51.12 62.01
Embedding Adapter 38.94 58.70
Sym. ERA w/o adapt. 51.11 62.02
Sym. ERA 52.19 62.60
Asym. ERA w/o adapt. 51.44 62.93
Asym. ERA 53.34 63.68

Table 14: nDCG@10 (%) on the MAIR benchmark
before and after reranking with Qwen3-Reranker-8B.
Top-100 first-stage candidates are reranked. Bold indi-
cates the best result for each base model and column.
Asymmetric ERA uses Qwen3-8B as the query encoder
and the base model as the document encoder.

trieving top-100 documents by baselines and ERA.
Other settings are the same as Table 2 in the paper.

Table 14 shows the results. We observe that
reranking improves all methods and Asymmetric
ERA with reranking achieves the best nDCG@10
in both BGE-M3 and Qwen3-0.6B. This indicates
that ERA and reranking are orthogonal and combin-
ing them provides further improvement over using
only one of them.
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