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Abstract

Dense retrievers powered by pretrained em-
beddings are widely used for document re-
trieval but struggle in specialized domains due
to the mismatches between the training and
target domain distributions. Domain adapta-
tion typically requires costly annotation and
retraining of query-document pairs. In this
work, we revisit an overlooked alternative:
applying PCA to domain embeddings to de-
rive lower-dimensional representations that pre-
serve domain-relevant features while discard-
ing non-discriminative components. Though
traditionally used for efficiency, we demon-
strate that this simple embedding compression
can effectively improve retrieval performance.
Evaluated across 9 retrievers and 14 MTEB
datasets, PCA applied solely to query embed-
dings improves NDCG@10 in 75.4% of model-
dataset pairs, offering a simple and lightweight
method for domain adaptation.

1 Introduction

With recent advancements in retrieval-augmented
generation (Lewis et al., 2020b; Fan et al., 2024),
dense retrievers (Karpukhin et al., 2020) have be-
come increasingly prominent. These models pro-
duce vector embeddings that encode semantic infor-
mation from text, enabling effective matching and
retrieval of contextually relevant documents. How-
ever, dense retrievers pretrained on general, large-
scale corpora inherently encode semantic features
reflecting the training data distribution (Reimers
and Gurevych, 2019). Consequently, when ap-
plied to specialized domains such as biomedical
or finance, these pretrained retrievers face chal-
lenges due to distribution shifts between training
data and domain-specific text (Lupart et al., 2023).
Such shifts can lead retrievers to overlook criti-
cal domain-specific information or fail to capture
essential nuances during the retrieval process.

Recent works (Gururangan et al., 2020; Siri-
wardhana et al., 2023; Hashemi et al., 2023;
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Figure 1: PCA compresses embeddings to become
domain-specific, providing a more efficient domain
adaptation method than traditional fine-tuning, with an
additional advantage of a lower retrieval cost.

Li and Gaussier, 2024) have addressed domain
adaptation by fine-tuning retrievers on annotated
domain-specific datasets, typically comprising
query-document pairs. Nonetheless, acquiring
high-quality domain-specific annotated data can
often be tedious due to annotation costs and data
availability constraints.

In this work, we explore a simpler yet over-
looked approach for domain adaptation: dimension-
ality reduction through Principal Component Anal-
ysis (PCA) (Abdi and Williams, 2010). While tra-
ditionally employed for dimensionality reduction
to speed up retrieval (Ma et al., 2021), we hypothe-
size that PCA also highlights principal dimensions
critical to the domain’s semantic space, refocusing
retrieval on domain-relevant information without
introducing new knowledge. We posit that PCA,
by identifying principal components in a domain-
specific corpus or query embeddings, implicitly
highlights dimensions critical to the domain’s se-
mantic space. Retaining only the top principal
dimensions thus refocuses the retriever’s attention
on domain-relevant information.

Our contribution includes:

• We demonstrate that a simple application of
PCA to queries alone improves retrieval per-
formance (NDCG@10) in a majority (75.4%)
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of the evaluated model-dataset combinations.

• To the best of our knowledge, we are the first
to establish that fitting PCA solely on queries
is more effective for domain adaptation than
using both queries and documents.

• We investigate the relationship between
model domain familiarity and performance
gains from PCA, revealing divergent, model-
specific adaptation patterns.

• We show that PCA, a zero-cost method, can
outperform a state-of-the-art compressive do-
main adaptation technique (Thakur et al.,
2023) that relies on computationally expen-
sive pseudo-label curation and fine-tuning.

2 Related Works

Unsupervised Domain Adaptation with Syn-
thetic Data: Recent works have explored domain
adaptation through synthetic data generation and
pseudo-labeling. Wang et al. (2021, 2022) lever-
age denoising auto-encoders and pseudo-relevance
labeling to adapt retrievers without annotated
data, while Hashemi et al. (2023); Meng et al.
(2022); Bonifacio et al. (2022) generate synthetic
queries and documents through text generation
models. Building on Generative Pseudo Labeling
(GPL) (Wang et al., 2022), the work Thakur et al.
(2023) apply Joint Product Quantization (Zhan
et al., 2021) to a GPL-trained Tas-B model (Hof-
stätter et al., 2021) to enable compact, efficient
retrieval at a modest effectiveness cost. These ap-
proaches demonstrate that synthetic data can mit-
igate domain shift, but they require substantial
computation for data generation and fine-tuning.
In contrast, our study isolates the underexplored
role of PCA as a simple, training-free compres-
sion/adaptation technique.

Few-Shot and Zero-Shot Adaptation: Alter-
native approaches minimize annotation require-
ments by using large language models (LLMs) for
few-shot data generation. Dai et al. (2022) cre-
ate task-specific retrievers from as few as 8 ex-
amples via LLM-generated queries, and Huang
et al. (2023) adapt conversational retrievers using
only 6 dialogue examples. While effective, these
methods depend on the availability of powerful
LLMs and carefully crafted prompts. Additionally,
Promptriever (Weller et al., 2024) can adapt to a
new domain by following task-related instructions.

Methods such as Morris and Rush (2024) adapt
retrievers by modifying the architecture and train-
ing objective to incorporate neighboring-document
information, improving out-of-domain retrieval.

Despite avoiding reliance on annotations, these
methods require substantial changes to the model’s
architecture or training process, inapplicable to
other already-trained models.

PCA for Retrieval: Prior work has used dimen-
sionality reduction primarily to improve retrieval
efficiency (Ma et al., 2021). Raunak et al. (2019)
apply PCA to pre-trained embeddings for down-
stream task performance, while Chen et al. (2020)
binarizes PCA-compressed embeddings for image
retrieval. However, these methods either optimize
for training data characteristics or sacrifice embed-
ding expressivity, limiting their adaptability.

3 Preliminaries and Notation

We set up the framework and notations, starting
with defining the retrieval problem (§3.1), followed
by matrix projection (§3.2).

3.1 Standard Dense Retrieval
The retrieval problem: Given a collection of
documents D = {dj}mj=1 and a set of likely queries
Q = {qi}ni=1, the fundamental task is to, given
query qi ∈ Q, retrieve a ranked list of the most
relevant documents in D:

top-kj∈[1,m](sim(qi, dj)), (1)

where sim(., .) is a similarity metric that quantifies
relevance between a query qi and a document dj .

Dense retrieval: In the special case of dense re-
trieval, a pre-trained neural network, which we de-
note as the ENC, maps both queries and documents
into shared high-dimensional embeddings:

qi ← ENC(qi) ∈ Rd, dj ← ENC(dj) ∈ Rd.

Given these dense representations, the similarity
between a query qi and a document dj is com-
puted via the cosine similarity between their d-
dimensional representation:

sim(qi, dj) :=
qi ·dj

∥qi∥ ∥dj∥
, (2)

which is used to rank and retrieve documents for
each query based on this similarity score. Our work
builds upon this foundation by introducing a dimen-
sionality reduction step for domain adaptation after
the initial encoding.
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Figure 2: Pipeline for adapting embeddings to a test time domain using PCA (§3.2). The encoder in the top branch
processes text samples (queries, documents, or a mixture) from the test domain. These samples are used by the PCA
algorithm to learn a projection matrix of the top d′ principal components. This matrix then transforms both the test
domain’s query and document embeddings. Finally, a similarity match is performed on the transformed embeddings
to retrieve the most relevant documents.

3.2 Matrix Projection with PCA

PCA is a widely used framework for project-
ing high-dimensional data to a lower-dimensional
space. Let X ∈ Rk×d represent the matrix of k
items (e.g., documents), each with d-dimensional
embeddings. The first step is mean-centering. Let
X̃ = X − 1kµ

⊤ be the mean-centered version,
where µ = 1

kX
⊤1k is the column-wise mean vec-

tor and 1k is a k-dimensional vector of ones.
To reduce dimensionality from Rk×d to Rk×d′ ,

PCA finds an orthogonal projection matrix W ∈
Rd×d′ that maximizes variance in the projected
data:

W∗ = argmaxW⊤W=Id′
W⊤X̃⊤X̃W, (3)

where Id′ is the d′ × d′ identity matrix.

Solving this objective: The solution W∗ con-
sists of the top d′ eigenvectors of the sample co-
variance matrix 1

k−1X̃
⊤X̃, corresponding to the di-

rections of greatest variance. The associated eigen-
values quantify how much variance each principal
axis explains. This solution can also be obtained di-
rectly via the Singular Value Decomposition (SVD)
of the mean-centered matrix X̃.

4 Method: Unsupervised Representation
Compression for Retrieval

We detail our approach for adapting pre-trained
dense retrievers to a target domain using dimen-
sionality reduction.

Retrieval on down-projected embeddings: The
goal is to project the high-dimensional embeddings
into a lower-dimensional subspace Rd′ (where

d′ < d) that effectively captures the semantic struc-
ture of the target domain, by discarding informa-
tion that does not allow distinguishing the target
domain. Formally, let W be a projection matrix
used to linearly transform both query and document
embeddings into the lower-dimensional space:

q′
i ← qiW, d′

j ← djW.

These down-projections effectively re-align the
original embedding features, emphasizing semantic
components aligned with the target domain. Note
that none of this involves adapting the parameters
of the pre-trained Encoder.

Using the down-projected embeddings, retrieval
is carried out in the reduced space as defined in
Eq. 1 and 2. We now describe how the projection
matrix W is derived.

Down-projection with PCA: At the core of our
approach is learning a projection matrix W ∈
Rd×d′ that reduces the dimensionality of embed-
dings obtained from the target domain. This matrix
is obtained by applying Principal Component Anal-
ysis (PCA) to embeddings produced by a fixed, pre-
trained dense retriever (see Fig. 2). Specifically, we
explore two strategies for fitting the PCA:
(1) Query Compression: The PCA model is com-

puted exclusively on the set of query embed-
dings {qi}ni=1. This approach aims to find a
subspace that maximizes the variance observed
within the query distribution, potentially high-
lighting dimensions crucial for distinguishing
query intents in the target domain.

(2) Query+Document Compression: The PCA
model is computed on the union of query and
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document embeddings, {qi}ni=1 ∪ {dj}mj=1.
This captures the variance across the entire tar-
get corpus to find a subspace shared by both
query and document semantics.

See Alg. 1 for the details of the construction.

Algorithm 1: PCA Domain Adaptation
Input: Encoder (pretrained retriever), query set

Q = {qi}ni=1, document set D = {dj}mj=1,
target dim d′ < d

Output: Ranked document list for each qi ∈ Q
1 Encode queries: qi ← Encoder(qi) for all qi ∈ Q
2 Encode docs: dj ← Encoder(dj) for all dj ∈ D
3 Fit PCA on {qi} or {qi} ∪ {dj} to obtain mean µ

and projection matrix W ∈ Rd×d′

4 Project: x′ ← (x− µ)W for all x ∈ {qi} ∪ {dj}
5 foreach qi ∈ Q do
6 foreach dj ∈ D do
7 Compute similarity: sij ← q′

i·d′
j

∥q′
i∥∥d′

j∥

8 Rank D by sij in descending order

9 return ranked document lists for all qi

Assumptions: Our approach assumes access to a
corpus of documents and queries from the target do-
main. Importantly, it operates solely on raw queries
and documents, without relying on labeled query-
document relevance pairs typically required for su-
pervised retrieval. This is a practical assumption in
many settings where unlabeled data is abundant.

4.1 Insights Behind Embedding Projection
IR representations are low-rank: As noted in
§3.2, PCA identifies a low-dimensional subspace
whose eigenvectors capture the directions of great-
est variance in the target-domain embeddings. The
corresponding eigenvalue for each principal axis
represents its importance. We noticed that, similar
to the examples shown in Fig. 3, the eigenvalue
spectra for the embeddings of a dataset typically
exhibit a power-law-like decay (See Appendix A),
facilitating lower-dimensional representation.
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Figure 3: The distribution of the eigenvalues for the prin-
cipal components after applying PCA to fit the queries’
embeddings of the Sentence-T5 model on each dataset
(ArguAna and SciDocs).

The projection helps domain adaptation by pre-
serving salient information for the target: The
core hypothesis is that these high-variance direc-
tions preferentially capture the most salient seman-
tic variations specific to the target domain. Pro-
jecting onto the subspace defined by these direc-
tions filters out low-variance components—often
associated with source-domain artifacts or noise—
thereby improving focus on the target domain.

This approach relies on three key premises:
1. The pre-trained encoder, even without fine-

tuning, captures sufficient domain-relevant in-
formation within its embeddings.

2. The primary semantic variations characteristic
of the target domain manifest as directions of
high variance in the embedding space.

3. Variance from the source domain or noise often
lies orthogonal to the target domain’s principal
components and is attenuated by projection.

5 Experimental Setup

Variations: We evaluate three PCA compression
strategies. No Compression (Baseline): Use raw
model embeddings without dimensionality reduc-
tion. Query Compression: Fit PCA on domain-
specific query embeddings and apply the projection
to both queries and documents. Query+Document
Compression: Fit PCA on the combined query and
document embeddings to capture broader domain
variance. The retention ratio r is defined as:

r = ⌊d′/d⌋, (4)

where d is the original embedding dimension and
d′ is the number of retained principal components.
Unless otherwise noted, we use r = 0.9 in our
experiments (§6.1) and also explore the trade-offs
across retention ratios from 0.1 to 1.0 in increments
of 0.1.

Datasets: We assess PCA-based adaptation on 14
diverse datasets from the MTEB benchmark (Muen-
nighoff et al., 2023), comparing against per-
formance with uncompressed embeddings (Ap-
pendix I). We also include 11 additional MTEB
datasets (Appendix E) where the number of queries
for each is smaller than the target PCA dimension,
leading to lower-than-intended retention ratios.

These datasets span multiple domains (e.g., soft-
ware engineering, biomedical, finance, and scien-
tific literature, news), and even multiple languages
(English, Danish, and German), allowing a com-
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Datasets↓ Query Compression Query+Document Compression

MiniLM GTE Instr. Dis-Ro MP-QA MP-All Sent-T5 BGE SFR MiniLM GTE Instr. Dis-Ro MP-QA MP-All Sent-T5 BGE SFR

Code 1.2 2.3 -1.0 6.0 1.1 1.3 38.7 4.0 -0.2 -0.7 1.0 -1.8 0.7 -1.0 -1.3 18.8 -1.3 -0.6
Apps -4.1 1.1 -14.5 -16.2 1.1 -11.1 18.0 -16.1 -0.2 -21.1 -1.5 -24.8 -52.8 -12.4 -22.1 5.1 -36.8 -1.2
SciDocs -0.2 18.5 3.0 -0.5 -1.0 3.3 3.8 4.8 2.1 -0.4 13.3 2.5 0.5 -0.3 2.4 -5.2 -7.9 1.9
MedQA 2.1 2.0 2.1 2.7 2.2 1.9 6.9 0.4 0.5 1.9 1.4 1.6 2.2 1.3 0.9 5.6 -0.4 0.5
ArguAna 1.2 -2.2 3.0 0.6 0.3 -0.3 11.1 2.2 -1.3 0.4 -2.5 1.6 -0.4 -1.1 -1.4 7.1 0.4 -2.0
StackOverflow 0.1 -0.1 -1.1 0.4 -0.1 1.2 2.9 0.4 -0.9 0.1 0.0 -1.1 -0.8 -0.1 0.4 2.9 -0.1 -1.1
TV2Nord 40.2 4.4 2.8 17.1 17.7 7.4 1.2 0.3 5.5 24.9 2.7 2.6 11.7 4.2 4.0 -0.6 -0.2 2.7
GerDa 6.2 3.5 15.7 -1.4 7.4 7.0 3.2 1.8 7.8 -1.7 -10.1 2.0 -10.8 -1.6 -0.6 -7.9 -14.2 -13.4
ARC 2.5 1.4 12.9 2.7 3.0 2.0 11.1 7.3 4.4 3.7 1.7 13.1 2.3 3.8 1.9 9.4 8.2 3.0
FeedbackQA -1.9 1.0 -3.7 0.2 -2.2 -3.2 -2.4 -0.4 -0.2 -2.7 0.5 -6.0 -6.9 -5.3 -3.5 -4.6 -1.2 -1.2
FaithDial 0.3 5.1 4.0 0.8 0.8 1.8 4.2 7.9 4.8 1.3 4.8 2.3 -0.2 1.3 0.8 3.1 7.9 4.6
MLQA 0.5 0.6 2.5 0.8 1.0 0.4 -0.4 0.2 1.8 0.2 0.6 2.5 0.4 0.8 0.3 -1.6 0.3 1.7
NarrativeQA 11.0 41.5 7.1 15.3 13.1 5.8 20.5 1.6 2.6 7.1 37.0 4.7 11.6 8.5 1.5 17.4 1.1 1.6
SpartQA 620.0 149.5 343.0 508.4 1954.6 511.0 119.7 192.5 849.2 626.7 173.4 717.7 463.1 1509.1 632.3 248.1 209.0 829.7

Summary 11/14 12/14 10/14 10/14 11/14 10/14 12/14 10/14 9/14 9/14 8/14 8/14 7/14 8/14 8/14 9/14 6/14 8/14

Table 1: NDCG@10 improvement (%) comparison between Query Compression (left) and Query+Document
Compression (right). Positive gains are highlighted green for Query Compression and blue for Query+Document
Compression, negative values are red. The “Summary” row indicates the number of datasets with improvements,
per model. The table shows that both Query Compression and Query+Document Compression improve retrieval
quality. However, Query Compression yields more consistent gains, improving 95 out of 126 data–model pairs
(75.4%), compared to 71 out of 126 (56.3%) for Query+Document Compression. More detailed results with raw
performance values can be found in Appendix F.

prehensive evaluation of PCA’s effectiveness in
handling various distribution shifts.

Models: We evaluate 9 popular pretrained dense
retrieval models with fewer than 2B parame-
ters. Our selection includes five models from
the Sentence Transformers library (Dis-Ro, MP-QA,
MiniLM, MP-All, Sent-T5) and four other widely
used models: BGE, GTE, SFR, and Instr. A com-
plete list of the models, their abbreviations, and cor-
responding references is provided in Appendix J.

Metrics and evaluation: We primarily use
NDCG@10 to evaluate retrieval performance. We
have also added results for Precision@10 and Re-
call@10 in Appendix C.

Overall, each data-model pair is evaluated under
three configurations (baseline, Query Compression,
and Query+Document Compression). With 9 mod-
els and 14 + 11 datasets, this results in a total of
675 retrieval runs. All experiments are conducted
with an RTX 4090 GPU for around 36 hours.

6 Empirical Results

6.1 Main Findings
Query Compression Generally Improves Per-
formance: Table 1 presents the NDCG@10 im-
provements obtained from applying 90% Query
Compression across various dataset-model com-
binations. Query-only compression consistently
demonstrates effectiveness across diverse domains,

Dataset # of Queries # of Docs Success Rate

MedQA 2048 2048 9/9
SpartQA 3594 1592 9/9
FaithDial 2042 3539 9/9
NarrativeQA 10557 355 9/9
ARC 1172 9350 9/9
TV2Nord 2048 2048 9/9
MLQA 11582 9916 8/9
GerDa 12234 9969 8/9
Code 14918 280310 7/9
ArguAna 1406 8674 6/9
SciDocs 1000 25657 6/9
StackOverflow 1994 19931 5/9
Apps 3765 8765 3/9
FeedbackQA 1992 2364 2/9

Table 2: Per-dataset summary statistics. For each
dataset, we report its size (# of queries and docu-
ments) and the success rate of 90% Query Compres-
sion—defined as the proportion of embedder representa-
tions that see improved performance after compression.
As shown in the success rate column, some datasets
consistently benefit from query-only compression
across all or many choices of representations.

with improvements observed in 75.4% of model-
dataset pairings. All models, except for SFR,
achieve improvements in 10 to 11 datasets. No-
tably, GTE and Sent-T5 show positive gains across
12 out of 14 datasets, making them the most robust
models for Query Compression. Most degrada-
tions are within 4%. In contrast, several positive
outliers are substantial: TV2Nord + MiniLM, Nar-
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Figure 4: NDCG@10 at various retention ratios ranging from 0.1 to 1, with step size of 0.1 and an additional
inclusion of a very extreme 0.05. While the optimal Query retention ratio is dataset- and model-dependent, in
most cases where Query Compression dominates the original embeddings, the dominance can continue even
until the retention ratio is around 50%.

rativeQA + GTE, and Code + Sent-T5 each achieve
gains of over 40%.

Table 2 summarizes the success rate of Query
Compression on the 14 datasets, where 12 of them
have the majority of models improved, and 6 of
them have all models improved. Whether a dataset
can be successfully adapted through compression
is not dependent on the number of queries it con-
tains. Overall, these results highlight that Query
Compression generally allows the model to adapt
to a new domain with minimal loss or even consid-
erable performance gains.

Query+Document Compression underperforms
Query Compression: As a general observation
in Table 1, while Query Compression achieves
improvements on 75.4% of data-model com-
binations, the percentage drops to 56.3% for
Query+Document Compression. On the Apps
dataset, for example, nearly all models ex-
perience a substantial performance drop with
Query+Document Compression, exemplified by
a drastic fall of up to -52.8% for Dis-RoBERTa.
A similar pattern is visible on the GerDa dataset,
where Query Compression shows mostly gains, but
Query+Document Compression results in signifi-
cant performance loss for almost every model. This
indicates that queries alone are better at captur-
ing domain-specific user information needs, which

aligns the PCA projection more precisely with the
search task. In contrast, high-variance directions in
the full document corpus may reflect broad topical
or stylistic variation rather than the relevance dis-
tinctions expressed by the queries, thereby diluting
this effect. Despite a few dataset-model combi-
nations that benefit more from Query+Document
compression, the overall evidence shows that query-
only compression remains the safer, more consis-
tently effective strategy.

Hierarchical Query Structures Amplify PCA
Gains: While Table 1 shows that PCA provides
widespread benefits, the magnitude of these gains
varies significantly across datasets. We argue that
this variance is strongly linked to the inherent struc-
ture of the domain; specifically, domains with clear
hierarchical or categorical query patterns benefit
the most from PCA. This effect is exemplified by
SpartQA, a dataset organized by a logical structure
of attributes like shapes, colors, and spatial rela-
tions. Its queries possess a highly regular, almost
combinatorial nature, which helps explain the out-
sized performance improvements observed across
all models. Similarly, for MedQA, where models
consistently achieve positive gains, the queries are
classifiable by a certain medical hierarchy (e.g., dis-
eases, symptoms, treatments). In such structured
domains, the principal components identified by
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Figure 5: Correlation between domain familiarity (Equation 6) and performance improvement after 90% Query
Compression. For BGE, Instructor, and Dis-Ro, retrieval performance after compression benefits from higher
domain familiarity.

PCA are more likely to correspond directly to these
meaningful semantic axes. The projection, there-
fore, acts as a targeted feature selection process,
magnifying the benefits of compression.

6.2 Further Analysis

Performance at various Retention Ratios: We
further investigate the trade-off between perfor-
mance and retention ratio. Figure 4 shows the
NDCG@10 at different Query Retention ratios for
8 of the 14 datasets.

In general, a moderate retention ratio optimizes
performance before information loss leads to de-
cline. On CodeSearch, MiniLM peaked at 82.8
NDCG@10 with 80% of dimensions, up from 77.4,
while Sent-T5 saw a dramatic rise from 63.0 to
87.3 with 90% of dimensions. This suggests an
optimal balance between conciseness and informa-
tional integrity.

Notably, certain datasets are more tolerant of
compression. On ArguAna and MedQA, the per-
formance remains strong down to a 40% retention
ratio. GTE even peaks in MedQA at 10% compres-
sion, equivalent to embeddings with 76 dimensions.
We attribute this to the quality of MedQA queries
that consist of systematic questions, providing valu-
able guidance for domain-specific projection. Fur-
thermore, rather than indicating that a few com-
ponents are essential, being robust to compression
could mean that the remaining principal compo-

nents are sufficiently representative to distinguish
between queries/documents within the dataset.

Does PCA Compression Adapt Models Better to
Niche Domains than Familiar Ones? To inves-
tigate whether PCA compression enhances model
adaptation to niche domains further, we analyzed
the relationship between a model’s intrinsic famil-
iarity with a target domain and its post-PCA per-
formance gain. We quantify domain familiarity
through paraphrasing robustness, measuring how
consistently a model represents semantic equiva-
lence under textual variations. Formally, given a
text snippet ti and its paraphrases {t1i , . . . , tni }, an
encoder E’s familiarity to ti is defined as:

TFn(E, ti) =
1

n

n∑

j=1

sim
(
E(ti), E(tji )

)
, (5)

where sim denotes cosine similarity. The domain
familiarity for dataset D = {t1, . . . , tm} with re-
spect to E is then:

DFm(E,D) =
1

m

m∑

i=1

TFn(E, ti). (6)

Higher DF indicates stronger familiarity, as the
model produces stable embeddings for paraphrased
content within the domain. We randomly sampled
10 queries from each dataset, each producing 3
paraphrases (m=10, n=3).1 Fig. 5 shows the FD

1Despite the small size, the variance was acceptably low.
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against the post-PCA (90% compression) perfor-
mance gain on each dataset 2 for 8 of the models.

The results reveal varied trends. Sent-T5,
MiniLM, and MP-All exhibit weak negative to neg-
ligible correlations, all statistically insignificant.
Conversely, Instructor (Instr.) and BGE demon-
strate strong, statistically significant positive cor-
relations. Distilled Roberta (Dis-Ro) also shows a
statistically significant, moderate positive correla-
tion. Finally, GTE and SFR indicate weak positive
correlations that are not statistically significant.

The interpretation of these mixed results remains
complex. On one hand, lower domain familiarity
(and thus lower DF) might signal an opportunity
for PCA to improve embeddings by removing task-
irrelevant variance that dominates in unfamiliar
contexts; this could align with the negative corre-
lations observed in Sent-T5 and MiniLM. On the
other hand, strong positive correlations, as seen
with Instructor, BGE, and Distilled Roberta, sug-
gest that PCA might be more effective when the
model already has a foundational understanding
(higher familiarity) of the domain, possibly by re-
fining already relevant features. The statistically
insignificant results for several models, and the
presence of both positive and negative trends, sug-
gest that the relationship between domain famil-
iarity and PCA’s impact is model-dependent and
potentially influenced by other factors not captured
by DF alone.

6.3 Comparison with Other
Domain-Adaptation Methods

Our main experiments isolate PCA compression
as a training-free adaptation mechanism: it re-
quires neither synthetic data generation nor model
fine-tuning. This isolation keeps the 9-model, 14-
dataset study focused on the effect of the projection
itself, rather than on the many design choices intro-
duced by heavier adaptation pipelines. To connect
this analysis with stronger adaptation methods, we
additionally compare PCA with fine-tuning meth-
ods on the subset of datasets shared by both studies.

Specifically, we compare with Injecting Do-
main Adaptation (IDA) by Thakur et al. (2023).
IDA augments a GPL-adapted Tas-B encoder with
deep hashing schemes—Joint Product Quantiza-
tion (JPQ) (Zhan et al., 2021) and Binary Passage
Retrieval (BPR) (Yamada et al., 2021)— to obtain

2We do not include SpartQA in this analysis because its
performance gain is an outlier.

Dataset PCA GPL GPL + JPQ GPL + BPR

SciDocs 12.1 13.4 4.0 2.0
ArguAna 10.3 29.8 3.3 -17.4
FiQA 14.3 14.6 -1.6 3.0
NFCorpus 1.9 8.1 1.5 -6.2
SciFact 3.2 4.8 1.8 -3.1

Table 3: Relative improvement (%) over the original Tas-
B encoder. PCA matches GPL on SciDocs and FiQA,
and outperforms both GPL + JPQ and GPL + BPR on all
5 datasets.

a compact index. We evaluate on the five datasets
used by both our work and IDA. Table 3 reports
relative improvements over the base Tas-B encoder;
the numbers for GPL, GPL + JPQ, and GPL + BPR
are taken directly from IDA.

PCA matches GPL on SciDocs and FiQA, while
GPL remains stronger on ArguAna, NFCorpus, and
SciFact. PCA also outperforms both compact IDA
variants, GPL + JPQ and GPL + BPR, on all five
shared datasets. These results suggest that PCA
is not a replacement for full synthetic-data fine-
tuning when compute is available, but it is a strong
training-free baseline and a practical first step be-
fore practitioners pay the cost of data generation,
pseudo-label curation, and fine-tuning.

7 Conclusion

Our analysis demonstrates that unsupervised PCA-
based compression is an effective and training-free
mechanism for domain adaptation in dense retrieval
systems. It is proven to be competitive even against
heavyweight pipelines (Section 6.3). By identify-
ing principal axes from the variance patterns of the
target domain queries, PCA achieves consistent per-
formance gains across diverse models and datasets,
particularly through query-only compression that
outperforms Query+Document Compression (Sec-
tion 6.1). Our findings indicate that moderate di-
mensionality reduction (preserving 50-90% of com-
ponents) frequently enhances retrieval performance
(Figure 4). Notably, these gains persist even when
models exhibit varying degrees of pre-existing do-
main familiarity (Figure 5), underscoring PCA’s
general utility. This paradigm is especially valu-
able when labeled domain data is scarce, though
practitioners should validate retention ratios for
their specific use case. Future work could explore
integrating PCA with synthetic data generation or
nonlinear manifold learning.
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8 Limitations

While our approach demonstrates promising re-
sults, several limitations merit consideration. First,
the method assumes pre-trained encoders already
capture sufficient domain-relevant information–for
highly specialized domains with unique terminol-
ogy, PCA’s ability to enhance performance is con-
strained by the original model’s knowledge bound-
aries. Second, though unsupervised, our technique
still requires an adequate amount of unlabeled tar-
get domain samples for reliable covariance estima-
tion; insufficient queries may lead to unstable com-
ponent extraction. Third, the optimal retention ratio
proves model- and dataset-dependent, necessitating
empirical validation rather than offering universal
prescriptive guidelines. In practice, we use r = 0.9
as a conservative default and recommend sweeping
a small set of retention ratios when validation data
is available, falling back to the original embeddings
when compression hurts performance. Developing
automatic criteria for choosing the optimal reten-
tion ratio remains an important direction for future
work.
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A General Trend for Eigenvalue
distribution

The curves in Fig.3 are approximately linear on
log–log axes, consistent with a power-law-like de-
cay. To move beyond visual evidence, we quantify
this trend across all evaluated datasets with the
Sentence-T5 embeddings through the Kolmogorov-
Smirnov (KS) test (Clauset et al., 2009).

Procedure: For each dataset, we form the sample
covariance of mean-centered embeddings, C =
1

n−1X
⊤
c Xc, and obtain its eigenvalues λ1 ≥ λ2 ≥

· · ·. We then fit the tail of the spectrum to a rank–
size power law

λk ≈ C k−β, k ≥ kmin,

choosing kmin automatically to minimize the
Kolmogorov-Smirnov (KS) distance between the
empirical tail and its fitted curve, with a min-
imum tail length of 10 (i.e., the default lower
bound (Clauset et al., 2009)). The decay expo-
nent β is estimated by ordinary least squares (OLS)
on log–log scales,

log λk = a− β log k + εk, k ≥ kmin,

and we report (i) the estimated β with an
OLS-based 95% confidence interval, (ii) the log–
log R2, and (iii) a KS goodness-of-fit p-value ob-
tained by parametric bootstrap under the fitted
power law.

Summary statistics: Across all evaluated spec-
tra, β̄ = 82.716 ± 7.909, R2 = 0.971 ± 0.012,
and every dataset passes the KS check with p ≥
0.10 (100%). These results indicate a consistently
steep power-law–like decay of eigenvalues across
datasets, supporting the practical use of aggressive
low-rank compression: a relatively small number
of leading components accounts for the bulk of the
variance, while later components contribute negli-
gibly.

Remarks: This analysis is descriptive rather than
generative: eigenvalues are ordered and not inde-
pendent, and the precise value of β̂ can vary with
the tail threshold and normalization choice. Nev-
ertheless, the agreement between visual log–log
linearity, and the uniformly good KS diagnostics
makes the power-law interpretation a robust sum-
mary of the spectra observed; the two datasets in
Fig. 3 serve as representative exemplars.

B Generalizability of Domain Semantics

To verify that our method captures generalizable
domain semantics rather than merely overfitting to
a specific set of test queries, we conducted a 3-fold
cross-validation experiment.

For each dataset, we randomly split the queries
into 3 folds. In each run, we fit the PCA only
on the observed folds (simulating historical data)
and evaluated on the held-out fold (unseen future
queries). Table 4 presents the percentage improve-
ment in NDCG@10 for Query Compression under
this strict cross-validation setting.

The results are highly consistent with the results
reported in the main paper. For example, Narra-
tiveQA with GTE retains a ∼41% improvement
even on unseen queries. This confirms that the prin-
cipal components learned from a sample of queries
successfully encode the underlying domain struc-
ture (user intent variance) rather than just memo-
rizing the test set.

Dataset MiniLM GTE Instr. Dis-Ro MP-All MP-QA Sent-T5 BGE SFR

Apps -2.6 0.5 -13.8 -13.3 1.3 -11.4 19.9 -14.9 -0.2
SciDocs -1.3 19.3 2.8 -0.3 -1.1 2.9 3.3 4.3 2.0
MedQA 2.0 1.8 1.6 2.5 1.7 2.2 6.9 0.8 0.5
ArguAna 1.4 -1.7 2.5 0.3 -0.1 -0.2 10.9 2.4 -1.3
StackOverflow 0.1 -0.1 -1.1 0.4 -0.1 1.3 2.9 0.6 -0.9
TV2Nord 37.5 4.2 2.7 16.1 15.9 7.4 1.5 0.1 5.4
MLQA 0.4 0.6 2.2 0.7 1.0 0.6 0.8 0.2 1.8
NarrativeQA 10.9 41.8 5.6 16.4 13.5 5.8 20.9 2.2 3.0
SpartQA 537.4 124.2 304.7 456.9 1813.6 434.7 110.7 163.6 841.7

Table 4: NDCG@10 improvement (%) for Query Com-
pression using 3-fold cross-validation. Positive gains
are highlighted green, negative values are red. This set-
ting evaluates the method on unseen queries to ensure
generalization.

C Recall and Precision

Tables 5, 6 and Tables 7, 8 show the results for
Recall@10 and Precision@10 similar to Table 1.
Their performance gain patterns are almost identi-
cal with Table 1.

D Random Compression Baseline

To verify that the improvements in Table 1 are not
by chance, we also experiment on 90% Random
Compression (Table 9), where 10% of the original
embedding dimensions are randomly chosen and
removed. It confirms that Random Compression is
unlikely to improve retrieval performance, and the
gains from Query Compression are not by chance.
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Datasets Query Compression

MiniLM GTE Instr. Dis-Ro MP-QA MP-All Sent-T5 BGE SFR

Code 1.0 0.8 -0.7 5.0 0.97 0.85 30.4 2.5 -0.1
Apps -1.6 0.2 -12.3 -13.6 -11.4 2.75 13.7 -13.9 -0.3
SciDocs -0.3 19.2 4.4 -0.4 2.7 -1.2 4.5 3.0 0.8
MedQA 1.7 1.2 1.0 1.7 2.0 1.4 5.7 1.6 0.5
ArguAna 0.4 -1.1 1.3 0.6 -0.2 -0.2 9.6 2.9 -0.6
StackOverflow 0.1 -0.3 -1.0 0.2 1.1 -0.1 3.2 0.1 -1.0
TV2Nord 33.4 3.3 2.5 15.9 7.4 15.1 1.6 0.1 5.6
GerDa 11.2 5.4 18.0 2.1 7.1 8.0 3.4 3.0 8.4
ARC 2.5 5.0 14.3 6.5 1.8 2.9 11.6 8.2 6.5
FeedbackQA -0.9 0.7 -3.3 0.9 -2.7 -1.3 -1.5 -0.3 -0.2
FaithDial 0.9 4.8 5.2 -0.1 2.7 1.7 5.1 8.9 3.3
MLQA 0.5 0.8 2.1 0.7 0.6 1.0 -0.2 0.2 1.5
NarrativeQA 10.4 39.8 3.2 18.9 4.9 15.2 20.1 2.2 3.7
SpartQA 362.2 73.9 232.4 313.8 265.2 1207.1 106.8 116.5 696.3

Summary 11/14 12/14 10/14 11/14 11/14 10/14 12/14 12/14 9/14

Table 5: Recall@10 improvement (%) for Query Com-
pression. Positive gains are highlighted green, negative
values are red. This method enhances performance in
98 out of 126 data–model pairs (77.8%).

Datasets Query+Document Compression

MiniLM GTE Instr. Dis-Ro MP-QA MP-All Sent-T5 BGE SFR

Code -0.7 -0.1 -1.2 0.5 -1.3 -1.0 16.1 -1.0 -0.3
Apps -17.5 -1.3 -22.8 -48.1 -23.9 -11.0 4.5 -35.0 -1.3
SciDocs -0.0 14.3 3.6 1.0 2.3 0.0 -4.6 -7.8 0.4
MedQA 1.6 1.0 1.3 1.6 1.6 0.9 4.6 1.4 0.6
ArguAna 0.1 -1.3 0.8 -0.3 -1.3 -1.5 6.3 1.6 -0.9
StackOverflow 0.0 -0.3 -1.1 -0.7 0.3 -0.1 3.2 -0.3 -1.0
TV2Nord 20.7 2.3 1.8 9.3 3.4 3.4 0.0 0.0 2.8
GerDa 1.1 -9.3 3.9 -8.4 -1.2 -2.1 -9.4 -11.9 -11.8
ARC 5.0 5.8 12.8 5.1 2.3 2.5 8.5 7.6 3.3
FeedbackQA -1.9 0.8 -5.1 -6.7 -4.6 -3.1 -3.5 -0.7 -0.7
FaithDial 1.6 4.7 3.6 -0.1 1.6 1.8 4.1 8.2 3.4
MLQA 0.4 0.8 2.1 0.3 0.4 0.9 -1.3 0.4 1.2
NarrativeQA 7.0 35.9 0.5 14.5 -0.1 10.8 17.0 2.0 2.9
SpartQA 371.1 86.2 492.9 281.6 340.0 1035.7 214.9 118.1 713.8

Summary 9/14 9/14 10/14 8/14 8/14 7/14 9/14 7/14 8/14

Table 6: Recall@10 improvement (%) for
Query+Document Compression. Positive gains
are highlighted blue, negative values are red. This
method enhances performance in 75 out of 126
data–model pairs (59.5%).

E Low-Query Regime Analysis

The datasets in Table 10 and 11 with limited
queries (typically much lower than the original
768-dimensional embeddings, as suggested by the
table caption referring to scenarios where query
count is less than the target PCA dimension) reveal
PCA’s adaptive robustness under Query Compres-
sion. The legal QA dataset AILASt shows strong
positive gains across all nine listed models (ranging
from +19.1% for GTE to +111.2% for Dis-Ro), indi-
cating PCA effectively isolates structured variance
even under severe rank constraints.

For datasets with extremely few queries, the chal-
lenge for PCA becomes more pronounced. For in-
stance, the chemistry dataset ChemNQ, with only
27 queries, saw most models exhibit performance
drops under Query Compression. This suggests

Datasets Query Compression

MiniLM GTE Instr. Dis-Ro MP-QA MP-All Sent-T5 BGE SFR

Code 0.9 0.8 -0.7 5.0 0.9 0.8 30.4 2.4 -0.1
Apps -2.0 0.2 -12.3 -14.0 -11.2 2.4 14.1 -13.7 -0.3
SciDocs -0.2 18.9 4.3 -0.4 2.8 -1.1 4.3 2.8 0.8
MedQA 1.6 1.2 1.0 1.7 1.9 1.4 5.7 1.5 0.5
ArguAna 0.5 -1.0 1.2 0.6 -0.1 -0.1 9.4 2.9 -0.6
StackOverflow 0.1 -0.3 -0.9 0.2 0.9 -0.1 3.1 0.1 -0.9
TV2Nord 33.3 3.3 2.3 15.7 7.5 14.9 1.6 0.0 5.5
GerDa 12.5 5.6 17.8 2.7 6.9 7.5 3.2 2.9 7.7
ARC 2.3 5.0 14.4 6.5 2.1 2.9 11.4 8.2 6.7
FeedbackQA -0.9 0.7 -3.3 0.8 -2.6 -1.2 -1.5 -0.2 -0.2
FaithDial 0.8 4.7 5.3 -0.2 2.6 1.5 5.3 8.6 3.2
MLQA 0.5 0.7 2.0 0.6 0.5 1.0 -0.2 0.2 1.5
NarrativeQA 10.4 39.8 3.4 18.7 5.0 15.1 20.2 2.2 3.5
SpartQA 428.3 97.9 329.1 390.1 300.0 1433.3 84.0 148.0 784.6

Summary 11/14 12/14 10/14 11/14 11/14 10/14 12/14 11/14 9/14

Table 7: Precision@10 improvement (%) for Query
Compression. Positive gains are highlighted green,
negative values are red. This method enhances per-
formance in 97 out of 126 data–model pairs (77.0%).

Datasets Query+Document Compression

MiniLM GTE Instr. Dis-Ro MP-QA MP-All Sent-T5 BGE SFR

Code -0.7 0.0 -1.1 0.5 -1.2 -1.0 16.1 -1.0 -0.3
Apps -17.1 -1.2 -22.4 -48.4 -24.1 -11.2 5.0 -35.0 -1.2
SciDocs 0.0 14.1 3.6 0.9 2.4 0.0 -4.6 -7.7 0.3
MedQA 1.6 1.0 1.3 1.6 1.5 0.8 4.5 1.3 0.5
ArguAna 0.1 -1.2 0.7 -0.2 -1.2 -1.4 6.2 1.7 -0.9
StackOverflow 0.0 -0.3 -1.0 -0.6 0.2 -0.1 3.1 -0.2 -1.0
TV2Nord 20.7 2.3 1.7 9.2 3.5 3.2 0.0 0.0 2.7
GerDa 2.5 -9.3 3.6 -6.9 -2.3 -1.5 -9.0 -11.7 -12.2
ARC 4.7 5.9 12.6 5.4 2.6 2.4 8.5 7.5 3.3
FeedbackQA -1.9 0.8 -5.1 -6.7 -4.6 -3.0 -3.5 -0.7 -0.7
FaithDial 1.7 4.5 3.5 -0.2 1.5 1.7 4.2 7.9 3.4
MLQA 0.5 0.7 2.0 0.2 0.2 0.9 -1.3 0.3 1.2
NarrativeQA 7.2 35.8 0.5 14.1 0.0 10.6 17.0 2.0 2.9
SpartQA 456.6 115.0 697.9 373.7 373.5 1255.5 195.6 151.5 810.2

Summary 9/14 9/14 10/14 8/14 8/14 7/14 9/14 7/14 8/14

Table 8: Precision@10 improvement (%) for
Query+Document Compression. Positive gains are high-
lighted blue, negative values are red. This method en-
hances performance in 75 out of 126 data–model pairs
(59.5%).

that such a sparse dataset may not provide suffi-
cient information for PCA to effectively identify
and emphasize task-relevant variance across most
models, with Instr. being an exception showing
a marginal improvement (+3.7%).

Similarly, COVID, with only 50 queries, pre-
sented a challenging scenario. However, it’s note-
worthy that despite this limitation, a majority of
models (five out of nine, including GTE +14.2%,
MiniLM +8.9%, and Instr. +7.2%) still achieved
performance gains with Query Compression. This
highlights PCA’s potential utility even when query
data is scarce. Nevertheless, specific models like
Sent-T5 (-22.8%) still showed significant perfor-
mance degradation, indicating that for some archi-
tectures or pre-training regimes, compression with
very limited data can be detrimental if crucial high-
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Datasets 90% Random Compression

MiniLM GTE Instr. Dis-Ro MP-All MP-QA Sent-T5 BGE SFR

Code -0.23 -0.18 -0.03 -0.12 -0.13 -0.02 -0.94 0.07 -0.18
Apps -2.58 -0.23 -1.87 0.81 -0.83 -0.78 0.76 -2.17 -0.67
SciDocs -1.2 -1.95 0.22 -0.09 -0.76 -0.75 -0.31 0.37 1.74
MedQA 0.65 -0.31 0.18 -0.22 0.68 0.02 -0.28 -0.65 -0.46
ArguAna -0.48 -0.21 -1.04 -0.65 -0.8 -0.45 -1.29 -0.43 -0.99
StackOverflow -0.48 -0.15 -0.09 -0.39 -0.13 -0.32 -0.12 -0.15 -0.73
TV2Nord -3.78 -0.91 -0.52 -0.18 -0.69 -0.38 -0.38 -0.32 -1.21
GerDa 0 -1.5 -0.27 -0.23 -1.06 -0.39 -0.14 -0.5 -6.22
ARC -0.53 -2.18 -0.72 -0.96 0.85 0.09 -0.12 -2.22 2.5
FeedbackQA 0.03 -0.49 -0.11 0.12 -0.37 -0.03 -0.73 -0.13 -0.65
FaithDial -0.25 -0.35 -0.43 -0.12 0.41 -0.08 0.34 0.25 0.88
MLQA -0.62 -0.33 -0.54 -0.44 -0.32 -0.26 -0.58 -0.54 1.51
NarrativeQA -2.42 -0.96 -0.54 0.19 1.04 2.68 -2.43 -0.64 -0.69
SpartQA 3.03 -0.64 14.56 -16.76 -18.18 -3.94 8.17 8.54 -27.12

Summary 3/14 0/14 3/14 3/14 4/14 3/14 3/14 4/14 4/14

Table 9: NDCG@10 performance (%) using 90% Ran-
dom Compression. Positive values are highlighted
green and negative values are red. The “Summary” row
indicates the number of datasets with improvements per
model.

Datasets Query Compression

MiniLM GTE Instr. Dis-Ro MP-QA MP-All Sent-T5 BGE SFR

CosQA 1.3 -1.6 0.7 10.4 4.5 6.3 7.0 7.7 7.0
SciFact -0.4 -0.1 1.4 -0.8 -1.2 0.2 2.1 1.7 -2.1
NFCorpus -2.7 0.3 -0.1 -2.8 -4.7 -1.9 0.5 -1.1 -0.2
FiQA 0.0 -0.2 2.5 -1.0 -0.6 -0.1 0.3 -1.0 -2.2
BuiltBench 0.1 1.6 3.6 1.5 2.3 2.7 2.9 4.3 6.3
Legal 4.7 24.4 22.3 1.8 27.9 9.1 8.9 14.6 20.0
AILACDocs 19.7 29.8 0.4 20.3 28.4 14.7 11.5 8.5 31.5
CodeTrans -6.4 -10.9 -3.2 -1.5 0.7 -0.5 -8.2 -0.8 -5.1
AILASt 40.7 19.1 53.6 111.2 58.4 70.9 51.9 32.0 63.5
COVID 8.9 14.2 7.2 -7.5 0.8 2.8 -22.8 -6.9 -11.9
ChemNQ -10.8 -18.7 3.7 -14.8 -19.5 -19.6 -14.5 -24.7 -11.2

Summary 6/11 6/11 9/11 5/11 7/11 7/11 7/11 6/11 5/11

Table 10: NDCG@10 improvement (%) comparison
for Query Compression for datasets where the number
of queries is lower than most model’s target PCA di-
mension. Positive gains are highlighted green, negative
values are red. Summary rows show the number of
datasets with improvements per model.

dimensional interactions are disrupted.

F Detailed NDCG@10 Results for Query
Compression

Table 1 reports only the relative NDCG@10
changes (%) from Query Compression. For com-
pleteness, Table 12 and 13 provides the correspond-
ing absolute NDCG@10 values, with the relative
change shown in parentheses.

G SpartQA

SpartQA is not a typical retrieval dataset, where in
MTEB’s setting, the multiple-choice answers for
each query are all dumped together, forming a cor-
pus of 1.5k instances. Without PCA, some of the
models initially have nearly zero NDCG@10. This
is because without knowing that SpartQA focuses

Datasets Query+Document Compression

MiniLM GTE Instr. Dis-Ro MP-QA MP-All Sent-T5 BGE SFR

CosQA 2.5 -1.5 5.0 4.1 8.8 -0.4 -1.2 -2.9 0.7
SciFact -1.3 0.4 0.5 -2.9 -2.3 -0.9 -1.1 -0.8 -1.2
NFCorpus -7.8 0.0 -3.9 -9.9 -3.3 -8.5 -4.8 -4.4 -5.1
FiQA -0.2 0.1 2.9 -0.7 -0.5 0.1 -2.2 -1.6 -1.2
BuiltBench 0.0 -0.3 0.6 0.4 -0.4 0.2 -1.2 -0.6 1.5
Legal 6.2 10.1 -5.5 -11.1 -4.6 4.3 -11.6 7.1 -3.5
AILACDocs 12.2 26.1 4.2 16.3 12.2 25.1 8.9 -1.3 22.7
CodeTrans -4.8 0.4 -2.7 4.4 1.6 1.6 -2.2 1.5 -0.2
AILASt 11.9 -0.3 23.8 38.6 38.5 29.1 5.4 7.1 32.8
COVID -2.1 16.9 7.0 -4.2 -2.6 -2.0 -27.2 -20.9 -2.5
ChemNQ -0.0 10.3 2.3 -3.6 0.3 1.7 1.6 -5.0 1.2

Summary 4/11 7/11 8/11 5/11 5/11 7/11 3/11 3/11 5/11

Table 11: NDCG@10 improvement (%) comparison for
Query+Document Compression for datasets where the
number of queries is lower than most models’ target
PCA dimension. Positive gains are highlighted blue,
negative values are red. Summary rows show the num-
ber of datasets with improvements per model.

on spatial reasoning and that questions needs to be
distinguished by the objects and colors occurred,
the semantics of texts in SpartQA are highly simi-
lar and therefore less discriminative (i.e., all about
spatial relations, colors, and shapes).

H Failure Analysis

Query Level Effects We present an exam-
ple where PCA compression reduces the perfor-
mance. On FeedbackQA + Sent-T5 encoder, the
NDCG@10 drops by 2.4%. Although the loss is
small, a closer look reveals a nuanced redistribution
of performance rather than a uniform degradation.
There are 119 queries improved (the ground-truth
document was ranked higher after PCA), while 179
queries regressed (the ground-truth document was
ranked lower after PCA). Hence, PCA reshapes
the embedding space in a way that facilitates re-
trieval on a non-trivial subset of queries even while
slightly hurting the mean.

Similarity-Score Distributions We compared
cosine-similarity distributions between queries and
their relevant (ground truth) versus non-relevant
(hard-negative) documents before and after PCA
(See Table 14)

PCA increases the mean gap between relevant
and non-relevant scores (better class separation),
but it also inflates the standard deviation for both
classes. The heavier tails create a larger overlap
region near the decision boundary, introducing am-
biguity for borderline documents. These additional
borderline cases explain the modest overall decline
in NDCG: PCA resolves some rank-ordering er-
rors but simultaneously introduces new ones. The
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Dataset MiniLM GTE Instr. Dis-Ro MP-All MP-QA Sent-T5 BGE SFR

Apps 6.3 (-4.1) 58.3 (+1.1) 7.8 (-14.5) 3.1 (-16.2) 8.5 (+1.1) 6.8 (-11.1) 7.7 (+18.0) 12.4 (-16.1) 49.5 (-0.2)
SciDocs 21.6 (-0.2) 23.1 (+18.5) 19.1 (+3.0) 21.6 (-0.5) 23.5 (-1.1) 18.0 (+3.3) 16.6 (+3.8) 17.1 (+4.8) 25.9 (+2.0)
MedQA 61.6 (+2.1) 72.9 (+2.0) 68.8 (+2.1) 61.9 (+2.7) 68.0 (+2.2) 67.7 (+1.9) 65.0 (+6.9) 68.4 (+0.4) 75.1 (+0.5)
ArguAna 50.8 (+1.2) 72.8 (-2.2) 57.2 (+3.0) 48.2 (+0.6) 46.6 (+0.3) 50.9 (-0.3) 43.8 (+11.1) 55.2 (+2.2) 69.9 (-1.3)
StackOverflow 84.0 (+0.1) 91.1 (-0.1) 84.0 (-1.1) 72.1 (+0.3) 90.2 (-0.1) 82.6 (+1.2) 83.8 (+2.9) 80.9 (+0.4) 89.1 (-0.9)
TV2Nord 47.8 (+40.2) 74.5 (+4.4) 75.8 (+2.8) 45.8 (+17.1) 49.5 (+17.7) 56.9 (+7.5) 69.1 (+1.2) 94.6 (+0.3) 72.2 (+5.5)
GerDa 2.6 (+6.2) 15.2 (+3.5) 13.0 (+15.7) 4.2 (-1.4) 4.1 (+7.4) 5.5 (+7.0) 7.2 (+3.2) 32.6 (+1.8) 15.4 (+7.8)
ARC 9.7 (+2.5) 13.5 (+1.4) 14.1 (+12.9) 10.7 (+2.7) 12.2 (+3.0) 11.1 (+2.0) 18.0 (+11.1) 9.7 (+7.3) 14.2 (+4.4)
FeedbackQA 57.2 (-1.9) 70.6 (+1.0) 62.7 (-3.7) 48.8 (+0.2) 58.1 (-2.2) 60.3 (-3.2) 62.8 (-2.4) 69.0 (-0.4) 71.0 (-0.2)
FaithDial 24.1 (+0.3) 24.2 (+5.1) 24.0 (+4.0) 24.5 (+0.8) 24.7 (+0.8) 24.9 (+1.8) 24.2 (+4.2) 21.7 (+7.9) 26.2 (+4.8)
Code 78.4 (+1.2) 90.2 (+2.3) 90.7 (-1.0) 82.4 (+6.0) 78.1 (+1.1) 81.9 (+1.3) 87.3 (+38.7) 92.5 (+4.0) 97.3 (-0.2)
MLQA 61.4 (+0.5) 70.3 (+0.6) 67.7 (+2.5) 61.9 (+0.8) 62.7 (+1.0) 64.6 (+0.4) 60.6 (-0.4) 70.9 (+0.2) 68.8 (+1.8)
NarrativeQA 20.2 (+11.0) 42.6 (+41.5) 27.8 (+7.1) 18.3 (+15.3) 21.8 (+13.1) 21.7 (+5.8) 24.8 (+20.5) 49.5 (+1.6) 40.2 (+2.5)
SpartQA 11.9 (+620.0) 19.5 (+149.5) 7.0 (+343.0) 10.9 (+508.4) 4.5 (+1954.5) 7.8 (+511.0) 4.6 (+119.7) 21.9 (+192.5) 11.2 (+849.1)

Table 12: Raw NDCG@10 under Query Compression, with the relative change from the uncompressed baseline
shown in parentheses (%). This table provides the absolute values corresponding to the improvement-only summary
in Table 1. Positive gains are highlighted green, negative values are red.

Datasets Query+Document Compression

MiniLM GTE Instr. Dis-Ro MP-All MP-QA Sent-T5 BGE SFR

Apps 5.2 (-21.1) 56.8 (-1.5) 6.8 (-24.8) 1.8 (-52.8) 7.4 (-12.4) 6.0 (-22.1) 6.9 (+5.0) 9.3 (-36.8) 49.0 (-1.1)
SciDocs 21.6 (-0.4) 22.0 (+13.3) 19.0 (+2.5) 21.8 (+0.5) 23.7 (-0.3) 17.8 (+2.4) 15.1 (-5.2) 15.0 (-7.9) 25.8 (+1.9)
MedQA 61.5 (+1.9) 72.5 (+1.4) 68.5 (+1.6) 61.6 (+2.2) 67.4 (+1.3) 67.0 (+0.9) 64.2 (+5.6) 67.8 (-0.4) 75.0 (+0.5)
ArguAna 50.4 (+0.4) 72.6 (-2.5) 56.4 (+1.6) 47.8 (-0.4) 46.0 (-1.1) 50.3 (-1.4) 42.2 (+7.1) 54.2 (+0.4) 69.4 (-2.0)
StackOverflow 84.1 (+0.1) 91.2 (+0.0) 84.0 (-1.1) 71.3 (-0.8) 90.3 (-0.1) 82.0 (+0.5) 83.8 (+2.9) 80.5 (-0.1) 89.0 (-1.1)
TV2Nord 42.6 (+24.9) 73.3 (+2.7) 75.6 (+2.6) 43.7 (+11.7) 43.8 (+4.2) 55.1 (+4.0) 67.9 (-0.6) 94.1 (-0.2) 70.2 (+2.7)
GerDa 2.4 (-1.7) 13.2 (-10.1) 11.4 (+2.0) 3.8 (-10.8) 3.7 (-1.6) 5.1 (-0.6) 6.4 (-7.9) 27.5 (-14.2) 12.4 (-13.4)
ARC 9.8 (+3.7) 13.5 (+1.7) 14.1 (+13.1) 10.6 (+2.3) 12.3 (+3.8) 11.1 (+1.9) 17.7 (+9.4) 9.8 (+8.2) 14.0 (+3.0)
FeedbackQA 56.7 (-2.7) 70.2 (+0.5) 61.2 (-6.0) 45.4 (-6.9) 57.3 (-3.5) 59.0 (-5.3) 61.4 (-4.6) 68.5 (-1.2) 70.3 (-1.2)
FaithDial 24.4 (+1.3) 24.2 (+4.8) 23.6 (+2.3) 24.3 (-0.2) 24.9 (+1.4) 24.7 (+0.8) 24.0 (+3.1) 21.7 (+7.9) 26.2 (+4.6)
Code 76.9 (-0.7) 89.0 (+1.0) 90.0 (-1.8) 78.3 (+0.7) 76.5 (-1.0) 79.8 (-1.3) 74.8 (+18.8) 87.8 (-1.2) 96.9 (-0.6)
MLQA 61.2 (+0.2) 70.3 (+0.6) 67.7 (+2.5) 61.6 (+0.4) 62.6 (+0.8) 64.5 (+0.3) 59.8 (-1.6) 71.0 (+0.3) 68.7 (+1.7)
NarrativeQA 19.5 (+7.1) 41.3 (+37.0) 27.2 (+4.7) 17.7 (+11.6) 20.9 (+8.5) 20.8 (+1.5) 24.1 (+17.4) 49.2 (+1.1) 39.8 (+1.6)
SpartQA 12.0 (+626.7) 21.4 (+173.4) 12.9 (+717.7) 10.1 (+463.1) 3.5 (+1509.1) 9.3 (+632.3) 7.2 (+248.1) 23.1 (+208.9) 11.0 (+829.7)

Table 13: Raw NDCG@10 under Query+Document Compression, with the relative change from the uncompressed
baseline shown in parentheses (%). This table provides the absolute values corresponding to the improvement-only
summary in Table 1. Positive gains are highlighted blue, negative values are red.

Original PCA-compressed

Relevant µ=0.8361, σ=0.0460 µ=0.4700, σ=0.1402
Non-relevant µ=0.6923, σ=0.0546 µ=0.0038, σ=0.1236

Table 14: Cosine Similarity distribution for relevant and
non-relevant documents before and after PCA.

mixed outcome underscores that PCA’s impact is
query-specific: it can sharpen the signal for certain
queries while blurring it for others.

I Dataset Details

The 14 datasets from MTEB with sufficient queries
are: COIRCodeSearchNetRetrieval (python sub-
set) (Li et al., 2025), AppsRetrieval (Hendrycks
et al., 2021), ArguAna (Wachsmuth et al.,

2018), MedicalQARetrieval (Ben Abacha and
Demner-Fushman, 2019), SciDocs(Cohan et al.,
2020), StackOverflowQA (Li et al., 2025),
TV2Nord (Enevoldsen et al., 2024), ARC (Clark
et al., 2018), GerDa (Wrzalik and Krechel, 2021),
FeedbackQA (Li et al., 2022), FaithDial (Dziri
et al., 2022), NarrativeQA (Kočiský et al., 2018),
MLQA (eng-eng subset) (Lewis et al., 2020a), and
SpartQA (Mirzaee et al., 2021).

The 11 datasets with not enough queries
are: SciFact (Wadden et al., 2020),
ChemNQRetrieval (Kasmaee et al., 2024),
FiQA2018 (Yang et al., 2018), NFCorpus (Boteva
et al., 2016), TRECCOVID (Voorhees et al., 2021),
Legal (Hoppe et al., 2021), CodeTransDL (Yan
et al., 2023), CosQA (Huang et al., 2021),
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Dataset #Queries #Docs Language Content Category

AILACasedocs 50 186 English Legal Case Documents
CodeTransOceanDL 180 816 Code Code Translation
CosQA 500 20604 English Code QA
StackOverflowQA 1994 19931 English Programming Q&A
TV2NordRetrieval 2048 2048 Danish News Articles
GerDaLIRSmall 12234 9969 German Legal Documents
LegalQuAD 200 200 German Legal Q&A
AILAStatutes 50 82 English Legal Statutes
ARCChallenge 1172 9350 English Science QA
BuiltBenchRetrieval 334 2761 English Engineering Retrieval
FeedbackQARetrieval 1992 2364 English Public Service QA
MedicalQARetrieval 2048 2048 English Medical QA
ChemNQRetrieval 27 22933 English Chemistry QA
AppsRetrieval 3765 8765 English Code Snippet Retrieval
FiQA2018 648 57638 English Finance QA
NFCorpus 323 3633 English Biomedical Abstracts
SCIDOCS 1000 25657 English Scientific Papers
SciFact 300 5183 English Scientific Fact Verification
COIRCodeSearchNetRetrieval 14918 280310 Code Code Search Retrieval
ArguAna 1406 8674 English Argumentative Texts
TRECCOVID 50 171332 English COVID-19 QA
MLQARetrieval 11582 9916 English General QA
NarrativeQARetrieval 10557 355 English Narrative QA
SpartQA 3594 1592 English Spatial Reasoning QA
FaithDial 2042 3539 English Dialogue

Table 15: Overview of retrieval datasets: number of queries and documents, primary language, and content category.

BuiltBench (Shahinmoghadam and Motamedi,
2024), AILAStat and AILADocs (Bhattacharya
et al., 2019).

More details on each dataset has been given in
Table 15.

J Model Details

Abbrev. Full model name

Sentence-Transformers family (Reimers and Gurevych, 2019)
Dis-Ro all-distilroberta-v1
MP-QA multi-qa-mpnet-base-dot-v1
MiniLM all-MiniLM-L6-v2
MP-All all-mpnet-base-v2

Other embedding models
Sent-T5 sentence-t5-xl (Ni et al., 2022)
BGE BGE_M3 (Chen et al., 2024)
GTE GTE (Zhang et al., 2024)
SFR SFRCode (Liu et al., 2025)
Instr. Instructor (Su et al., 2023)

Table 16: Pretrained dense retrieval models evaluated in
this work.

Table 16 lists the pretrained dense retrieval mod-
els used in our evaluation, along with the abbrevia-
tions used throughout the paper.

377


