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Abstract
Dense text embeddings are a core representa-
tion in modern NLP, supporting tasks such as
retrieval, clustering, classification, and seman-
tic search. However, embeddings often have
hundreds or thousands of dimensions, creating
substantial storage and efficiency challenges
at scale. In this work, we present a system-
atic study of post-hoc dimensionality reduction
methods for text embeddings across multiple
modern embedding backbones, compression
ratios, and downstream tasks. We introduce
GEOPRES, a simple geometry–preserving re-
duction method: a learned linear map trained
to preserve pairwise distances in the original
embedding space—motivated by the Johnson–
Lindenstrauss lemma from metric geometry.
Our experiments show that embedding dimen-
sionality can often be substantially reduced
with minimal downstream task performance
loss, and that GEOPRES outperforms compet-
ing methods across many settings. We further
find that preserving internal similarity rankings
strongly correlates with downstream utility, pro-
viding a useful proxy for evaluating reduction
quality. Overall, our results offer practical rec-
ommendations for selecting dimensionality re-
duction techniques in text embedding models.

1 Introduction

Text embeddings are central to modern NLP, pro-
viding a shared vector space in which sentences,
documents, and queries can be compared. Use
cases include semantic search and clustering, topic
discovery, recommendation, dataset curation, and
retrieval-augmented generation (Opitz et al., 2025).
Typically, embedding models are contrastively
trained to map text to dense, fixed-dimensional
vectors—see, e.g., the pioneering works of Reimers
and Gurevych (2019) and Gao et al. (2021) with
extension to decoder-based LLMs by Muennighoff
(2022) and BehnamGhader et al. (2024).

Due to their usefulness, embeddings are often
produced at massive scale. In combination with
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Figure 1: Effect of embedding dimensionality on ANN
search. Both query latency and recall@K deteriorate
as dimensionality increases, consistent with practical
curse-of-dimensionality effects. Results are averaged
over five runs with 20,000 points and 300 queries.

their high dimensionality, this creates practical
pressure points across the stack, including storage
and memory footprint, similarity computation, and
nearest-neighbor search. For example, simulations
with Hierarchical Navigable Small World graphs
(HNSW, Malkov and Yashunin, 2018) show that
search accuracy and latency deteriorate as dimen-
sionality increases (Figure 1).

This motivates a practical question: How can
embedding dimensionality be reduced while pre-
serving downstream utility?

In this work, we focus on post-hoc dimension-
ality reduction methods that are broadly appli-
cable, computationally lightweight, and capable
of maintaining strong downstream performance
across tasks and embedding models.

The practical relevance of this problem has
motivated several related studies. For instance,
Takeshita et al. (2025) recently found that randomly
removing 50% of dimensions in text embeddings
has limited impact on retrieval and classification
tasks, suggesting that modern embedding spaces
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contain substantial redundancy. However, their re-
ported accuracy loss of “less than 10%” may still
be too large for some applications. Random dimen-
sion removal is an interesting and strong baseline,
but not necessarily a sufficient compression strat-
egy.

Another focal concept is “Matryoshka Repre-
sentation Learning” (MRL; Kusupati et al. (2022))
that trains with intertwined sub-embedding losses.
While highly effective, MRL-based approaches are
tightly integrated into backbone training and are
limited to models explicitly optimized for this ob-
jective; they therefore fall outside a strict post-hoc
setting.

Our contributions are fourfold:

1. We present a systematic empirical study of
post-hoc dimensionality reduction methods
for modern text embeddings across multiple
embedding backbones, compression ratios,
and downstream tasks.

2. We propose GEOPRES, a lightweight
geometry-preserving linear mapping trained
to match pairwise structure in embedding
spaces, providing a simple and broadly
applicable post-hoc reduction method.

3. We analyze the relationship between intrin-
sic geometric preservation metrics and down-
stream embedding performance, finding that
preserving similarity rankings strongly corre-
lates with task utility.

4. Based on our experimental results, we derive
practical recommendations for selecting di-
mensionality reduction techniques under dif-
ferent deployment scenarios.

Broadly, our study also investigates the relation-
ship between geometric fidelity and downstream
embedding utility. We ask to what degree down-
stream task performance, such as clustering perfor-
mance, can be predicted by intrinsic metrics that
compare the spaces before and after dimensionality
reduction. For instance, we ask whether preserving
angles is more important than preserving distances
or the rankings of internal similarities.

We will release our SentenceTransformer-
compatible implementation, trained models, and
experimental framework at anonymized_github to
facilitate future research.

2 Related Work

Matryoshka Representation Learning (MRL) intro-
duces a nested optimization objective that hierar-
chically organizes information across embedding
dimensions, enabling truncation-based reduction
without retraining (Kusupati et al., 2022). While
effective, such approaches are tightly coupled to
the training process and therefore limited to models
explicitly designed for this objective.

From a theoretical perspective, random projec-
tions based on the Johnson–Lindenstrauss lemma
guarantee approximate distance preservation un-
der dimensionality reduction (Johnson and Lin-
denstrauss, 1984). Empirical studies demonstrate
that such simple, model-agnostic methods can per-
form competitively in practice (Bingham and Man-
nila, 2001). Complementing this view, recent work
shows that even randomly removing a substantial
fraction of embedding dimensions leads to only
moderate degradation in downstream performance,
further suggesting significant redundancy in mod-
ern embedding spaces (Takeshita et al., 2025).

In contrast, established manifold learning tech-
niques such as t-SNE, UMAP, and Isomap con-
struct low-dimensional representations by jointly
optimizing over a fixed dataset, preserving local or
global geometric structure (McInnes et al., 2018;
Tenenbaum et al., 2000). However, their offline
nature—i.e., they do not learn an explicit out-of-
sample mapping and typically require recomputing
the embedding when new points are added—limits
their applicability in typical embedding pipelines,
where each input is embedded individually rather
than jointly with others.

Overall, prior work highlights a trade-off be-
tween structural fidelity, computational efficiency,
and general applicability, motivating lightweight,
post-hoc approaches that can operate on arbitrary
embeddings while preserving their geometric and
semantic properties.

3 Method

3.1 Formal Research Problem

Given a function g : X → Y ⊆ Rn, where X is an
arbitrary set1 and n is large, and given k < n, we
are interested in a function f∗ : Y → Rk, with
the property that downstream task performance
achieved by f∗ ◦ g closely matches that of g. With

1In the present context, X is a set of sentences, and g maps
these sentences into a vector space.
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such a function, for any x ∈ X , the embedding
f∗(g(x)) ∈ Rk serves as a low-dimensional rep-
resentative of g(x) ∈ Rn, significantly reducing
computational cost without substantial loss in task
performance.

3.2 Idea

Our approach is straightforward: we generate a
large collection of high-dimensional vectors us-
ing g, which serve as training data to approximate
f∗ with a linear model f(y) = Wy, optimized
via backpropagation (Section 4.2) using a distance-
preserving loss function (Section 3.3). This ap-
proach rests on two assumptions: first, that a linear
function with the desired properties exists; and sec-
ond, that preserving intrinsic properties for a large
set of vectors in the image of g is predictive of
downstream task performance.

Note that PyTorch weight matrices happen to be
initialized such that the conclusion of the Johnson–
Lindenstrauss lemma applies to the initial projec-
tion W ; that is, W starts out approximately pre-
serving pairwise distances with high probability.2

Hence, our method can be seen as “refining” the
pairwise distance preservation for the underlying
function g.

3.3 Loss Function

We optimize f by minimizing a pairwise dis-
tance preservation loss. Formally, let B =
{y1, y2, . . . , ym} ⊆ Rn be a training batch. For
yi, yj ∈ B, let di,j denote the Euclidean distance
between yi and yj , and let dfi,j denote the Euclidean
distance between f(yi) and f(yj). The loss is de-
fined as

L =
1(
m
2

) ∑
i<j

(
di,j − dfi,j

)2
. (1)

Since cosine similarity is the predominant metric
in downstream evaluation, one might expect opti-
mizing for cosine similarity preservation to yield
better results. Contrary to this expectation, our
findings indicate that optimizing for Euclidean dis-
tance preservation yields slightly better results, as
discussed in Section A.1.1. Experiments with alter-
native loss functions are discussed in Section A.1.

2Linear layers in PyTorch are initialized with weights from
a mean-centered uniform distribution, which satisfies the con-
ditions of the Johnson–Lindenstrauss lemma (Vershynin, 2018,
Lemma 9.2.4).

4 Experimental Setup

4.1 Backbones

We experiment with four widely used embedding
models as backbones, chosen for their practical
relevance and computational efficiency. To ensure
diverse coverage, two support MRL and two do
not.

jinaai/jina-embeddings-v2-small-en (Jina) (Gün-
ther et al., 2023) A 33M-parameter English-only
model based on a modified BERT architecture
(JinaBERT). It produces non–ℓ2-normalized 512-
dimensional embeddings via mean pooling.

sentence-transformers/all-mpnet-base-v2 (MP-
Net) A 110M-parameter English-only sentence
embedding model, fine-tuned on large-scale
sentence-pair data, based on MPNet (Song et al.,
2020). It produces ℓ2-normalized 768-dimensional
embeddings via mean pooling.

Alibaba-NLP/gte-multilingual-base (mGTE)
(Zhang et al., 2024) A 305M-parameter multi-
lingual text encoder (mGTE-TRM). It produces
ℓ2-normalized 768-dimensional embeddings via
[CLS] pooling.

Qwen/Qwen3-Embedding-0.6B (Qwen) (Zhang
et al., 2025) A 0.6B-parameter decoder-based
model built on the Qwen3-0.6B-Base LLM (Team,
2025). Unlike the encoder backbones, it uses
last-token pooling, producing ℓ2-normalized 1024-
dimensional embeddings.

MRL support. Among the four models, mGTE
and Qwen support MRL; MPNet and Jina do not.

4.2 Training Setup

For each backbone, text embeddings are precom-
puted for both training and evaluation, as described
in Section 3.2.

For training, we randomly sample 10,000,000
text passages from the English subset of the Colos-
sal Clean Crawled Corpus (C4) (Raffel et al., 2020),
a massive web-crawled corpus. We hypothesize
that random sampling is sufficient for our objective:
because f is trained only to preserve the intrinsic
geometry of a fixed embedding distribution (rather
than to model any downstream task or domain), we
primarily need broad coverage of “typical” points
in the backbone’s latent space. Samples from a
large, heterogeneous corpus such as C4 provide a
broad mixture of topics and styles, making them
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suitable for this objective. We also hypothesize that
English data alone suffices even for multilingual
backbones: since f operates purely on the embed-
ding space rather than on raw text tokens, it is the
geometry of that space that we aim to model (we
empirically examine this assumption below).

We optimize the parameters using the AdamW
optimizer (Loshchilov and Hutter, 2017) with a
learning rate of 10−2 and a weight decay of 0.1.
Training is conducted with a large batch size of
20,000 points (drawn uniformly at random from
the training set) to ensure that the pairwise distance
matrix captures a broad approximation of the global
geometric structure in every step. We employ a
linear learning rate scheduler with a warmup ratio
of 0.1 and train for a total of 10 epochs. Early
stopping with a patience of 3 evaluation steps is
used to prevent overfitting, restoring the checkpoint
with the lowest validation loss.

For validation and testing, we evaluate on two
batches of 10,000 paraphrase pairs, ensuring cover-
age of both similar and unrelated texts. This choice,
however, is largely optional: any sufficiently large
random sample of texts naturally yields a broad
variety of pairwise relationships in the embedding
space, as a large heterogeneous corpus inherently
spans a wide range of semantic similarities.3

4.3 Baselines

We compare our method against the following base-
lines. Each baseline can be viewed as a head
applied on top of a frozen backbone embedding
model, mapping high-dimensional embeddings in
Rn to a lower-dimensional space Rk during infer-
ence.

Autoencoder. The autoencoder (Hinton and
Salakhutdinov, 2006) is an intuitive baseline for
neural dimensionality reduction. It consists of
an encoder fenc : Rn → Rk and a decoder
fdec : Rk → Rn, both parameterized as single-
layer networks with ReLU activations, trained
jointly to minimize the mean squared reconstruc-
tion loss 1

|B|
∑

xi∈B ∥xi − fdec(fenc(xi))∥22 (where
B denotes a training batch).

The autoencoder is trained under the same setup
as our proposed model, using the same precom-
puted embeddings, batch size, and number of train-
ing steps, ensuring a fair comparison. At inference
time, only the encoder fenc is used as the projection

3Dataset: https://hf.co/datasets/agentlans/
sentence-paraphrases

head, discarding the decoder. Unlike our method,
the autoencoder is trained to minimize reconstruc-
tion error in the input space, with no explicit objec-
tive to preserve geometric structure in Rk.

Random Selection. Following Takeshita et al.
(2025), random selection uniformly samples a sub-
set S ⊂ {1, . . . , n} of size k without replacement,
and retains only those dimensions: yS ∈ Rk. Un-
like truncation, the selected dimensions are not
necessarily the leading ones. The random subset S
is fixed at evaluation time for reproducibility.

Random Projection. A random matrix Wrand ∈
Rk×n is sampled once and then fixed. Its entries are
drawn i.i.d. from N (0, 1), and it is used to project
y as z = Wrandy ∈ Rk. This construction is moti-
vated by the Johnson–Lindenstrauss lemma (John-
son and Lindenstrauss, 1984), which guarantees
that pairwise distances are approximately preserved
with high probability under Wrand when k =
O(ε−2 logm), for a distortion tolerance ε > 0
and m data points. It is thus also an ideal baseline
for our approach because our method directly opti-
mizes the projection weights to preserve distances.

Principal Component Analysis (PCA).
PCA (Pearson, 1901; Hotelling, 1933) com-
putes an orthonormal basis for Rn by performing
an eigendecomposition of the empirical covariance
matrix Σ = 1

mY ⊤Y ∈ Rn×n, where Y ∈ Rm×n

is the matrix of mean-centered training embed-
dings. The eigenvectors corresponding to the k
largest eigenvalues form the projection matrix
WPCA ∈ Rk×n. At inference time, the vector
y ∈ Rn is projected as z = WPCAy ∈ Rk. In
practice, WPCA is estimated from a subset of
m = 300,000 embeddings sampled from the
precomputed training set. The choice of 300,000
vectors is intended to provide a stable estimate
of the leading principal components. Since all
evaluated embedding dimensions satisfy n ≤ 1024,
this sample size is several hundred times larger
than the ambient dimension, and is therefore a
conservative choice for estimating the empirical
covariance structure used by PCA.

Truncation & Matryoshka Representation
Learning. Truncation retains only the first k com-
ponents of each embedding vector, yielding the
projection y1:k ∈ Rk. This is a parameter-free
and computationally trivial baseline. For back-
bones supporting MRL, truncation is the intended

4
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Figure 2: Normalized MTEB score retained as a function of the fraction of original embedding dimensions retained.

inference-time mechanism, as MRL explicitly en-
courages the model to encode coarse-grained infor-
mation in the leading dimensions and finer-grained
information in later ones (Kusupati et al., 2022).
For non-MRL backbones, however, no such order-
ing is guaranteed, and truncation discards poten-
tially informative dimensions arbitrarily.

4.4 Evaluation Tasks and Metric
We evaluate on four general task groups
from the Massive Text Embedding Benchmark
(MTEB) (Muennighoff et al., 2023): STS, Re-
trieval, Classification, and Clustering. For each
task, we report the average of the primary metric
over the test split of all included datasets. Follow-
ing the notation of Section 3, let g : X → Rn

denote the backbone embedding model and f :
Rn → Rk the dimensionality reduction mapping.
For a given task metric M , we define the normal-
ized score of the composition f ◦ g relative to the
backbone alone as:

M̃(f ◦ g) = M(f ◦ g)
M(g)

, (2)

where M(f ◦ g) denotes the value of the metric ob-
tained using the reduced-dimensional embeddings
f(g(x)), and M(g) is the value of the metric using
the backbone’s high-dimensional embeddings g(x).
A normalized score of M̃(f ◦ g) = 1 indicates
perfect preservation of the original performance,
while values below 1 reflect performance degra-

dation. This normalization allows us to directly
compare the relative efficacy of different dimen-
sionality reduction methods across diverse tasks
and backbones. The score can exceed 1 when the
reduced embedding achieves a higher evaluation
score than the original backbone embedding.

5 Main Results

Overall NLP Task Performance. At a high
level, we ask the following question: Across all
tested backbones, which dimensionality reduction
method works best? Figure 2a illustrates the mean
normalized MTEB score retained by each method
as a function of the ratio of dimensions kept. The
plot confirms that GEOPRES (blue line) consis-
tently achieves the highest average retention across
nearly all compression ratios, while PCA remains
a competitive and consistent baseline. Random
projection, random selection, and the autoencoder
underperform, with the latter showing substantial
training instability.

To further analyze the results, Figure 2b presents
a scatter plot where each point represents a specific
configuration of backbone, method, and dimension-
retention ratio. Again, the x-axis denotes the ratio
of original dimensions retained, while the y-axis
shows the per-backbone-normalized MTEB score.
This visualization highlights two key insights. First,
the superiority of GEOPRES is not driven by a sin-
gle backbone; blue markers (GEOPRES) consis-
tently occupy the upper envelope of the distribu-
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Figure 3: Fine-grained task performance (% retention, y-axis) of dimensionality reduction methods across degrees
of reduction (x-axes). Top/bottom row: average of models without/with an MRL-trained backbone.

tion across all backbones. Second, the plot reveals
the sensitivity of non-MRL backbones (Jina and
MPNet) to truncation. For these models, truncation
scores often fall below those of Random Selection
or Random Projection at low ratios, confirming
that without hierarchical training, the leading di-
mensions do not necessarily contain the most se-
mantic information. Conversely, for MRL-enabled
backbones (mGTE and Qwen), truncation remains
highly effective, yet GEOPRES still manages to
extract marginal but consistent gains, demonstrat-
ing that even in hierarchically structured spaces,
GEOPRES can outperform coordinate slicing.

Individual Tasks and Matryoshka Backbones.
Figure 3 gives a fine-grained overview of indi-
vidual tasks, split by models with and without
MRL-trained backbone. For most dimensionalities,
GEOPRES outperforms all other methods. This
also holds for MRL-trained backbones, suggesting
MRL may not always be the best strategy, despite
its popularity. We observe strong robustness for
MRL, particularly at lower dimensions in retrieval.
For all other tasks, GEOPRES tends to perform best
on average.

6 Analysis

Intrinsic Metrics and Downstream Performance.
Differences between reduction methods raise a ge-
ometric question: Can we predict downstream task

performance from how points are arranged in the
reduced space?

Answering this question could provide valuable
insights into the relationship between geometric fi-
delity and downstream task utility. If certain spatial
properties strongly correlate with extrinsic perfor-
mance on MTEB tasks, we could use this infor-
mation as a fast proxy for costly extrinsic bench-
marking, and, more importantly, validate whether
our design choices for the loss function are well-
aligned with downstream task requirements.

To investigate this relationship, we compute the
Spearman correlation coefficient between the aver-
age MTEB score and three intrinsic preservation
metrics across all dimensionality reduction meth-
ods and target dimensions, computed on the held-
out test set described in Section 4.2. The metrics
are Euclidean distance preservation (Positional),
cosine similarity preservation (Angular), and co-
sine similarity rank preservation4 (Spearman), as
described in Sections 3.3 and A.1.

The results are shown in Table 1, which re-
veals a striking result: Spearman Rank Loss on
pairwise cosine similarities exhibits an exception-
ally strong correlation with average MTEB perfor-
mance (ρ = 0.9360, p < 10−55). This correlation

4We adopt a local variant for computational tractability,
computing the per-row rank correlation and averaging across
all points.
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Intrinsic Preservation Metric Spearman ρ p-value

Spearman 0.9360 < 10−55

Positional 0.4954 < 10−9

Angular 0.6292 < 10−14

Table 1: Spearman correlation between intrinsic metrics
and average MTEB score. All correlations are statisti-
cally significant (p < 10−9).

is both statistically significant and practically mean-
ingful. Note that ρ measures monotonic associa-
tion (not variance explained); as a rough heuristic,
ρ2 ≈ 0.88 for ρ = 0.9360.

Based on this insight, we tried directly optimiz-
ing a differentiable Spearman rank objective com-
puted over the cosine-similarity matrices with the
PyTorch sort package (Blondel et al., 2020). How-
ever, it shows slightly inferior MTEB results com-
pared to our main method based on Euclidean dis-
tance preservation (Section A.1). We suspect this
gap is partly attributable to optimization details
rather than a contradiction of the correlation re-
sult: explicit hyperparameter tuning tailored to the
Spearman-rank loss may yield higher performance.

However, given the strong correlation between
Spearman Rank loss and MTEB performance, in-
trinsic evaluation using Spearman Rank loss could
serve as a computationally efficient proxy for ex-
trinsic benchmarking during method development.
Computing Spearman Rank loss on a small valida-
tion set requires only the precomputed embeddings
and takes seconds, whereas full MTEB evaluation
requires running multiple downstream tasks and
can take hours or days depending on the backbone
model. Hence, we suggest that observing the in-
ternal rankings of embedding similarities may lead
to good model development, but it should not be
directly optimized without further exploration.

Cross-lingual Generalization. Our proposed
method is general and makes few assumptions
about the training data, working directly on the
abstract representation space. However, since we
trained on representations generated from mono-
lingual English data, one might wonder if the re-
duction generalizes to other languages. For this
experiment, we use the AmazonReviews classifica-
tion dataset. This dataset is ideal for the purpose
because it is parallel, and hence language-specific
performances are immediately comparable.

For each non-English language and target dimen-
sion, we define retention as follows. First, we com-

Backbone Dim de es fr ja zh

mGTE

2 +0.085 +0.048 +0.104 +0.142 +0.221
32 +0.061 +0.058 +0.065 +0.071 +0.110
64 +0.007 +0.013 +0.019 +0.010 +0.016

128 +0.031 +0.018 +0.023 +0.019 +0.017
256 +0.013 +0.011 +0.009 +0.012 +0.010

Qwen

2 +0.062 +0.077 +0.098 +0.080 +0.239
32 +0.024 +0.048 +0.045 +0.018 +0.074
64 +0.044 +0.048 +0.053 +0.038 +0.065

128 +0.008 +0.006 +0.016 +0.003 +0.028
256 -0.007 -0.001 +0.005 +0.002 +0.004
512 -0.003 +0.001 -0.000 -0.004 -0.002

Table 2: Retention ∆lang
dim on AmazonReviews classi-

fication. Positive values suggest better performance
preservation than English.

pute the accuracy of the original backbone model
in the given language. Second, we compute the ac-
curacy of the reduced model in the same language
and dimension. The retention ratio Rlang

dim is the
reduced-model accuracy divided by the original-
backbone accuracy. We then compute the retention
delta relative to English: ∆lang

dim = Rlang
dim − REN

dim.
Positive values indicate that performance is pre-
served better for the non–English language than for
English.

Table 2 shows the retention delta ∆lang
dim (non-

English minus English) for both multilingual back-
bones. We observe that non–English languages
are not disadvantaged: at low dimensions, perfor-
mance tends to be preserved slightly better than
English, and the gap narrows to near zero as dimen-
sionality increases. This pattern holds across both
backbones and all five non–English languages.

We conclude that, on AmazonReviews classifi-
cation, there is no evidence that English-only train-
ing harms retention for the tested non-English lan-
guages.

Extreme Case: Two Dimensions. Two-
dimensional embeddings are an extreme case
of dimensionality reduction, where substantial
performance loss seems inevitable. Nevertheless,
such extreme reductions are often used to visualize
text embeddings. We therefore examine how
the different methods behave under this extreme
reduction setting. Table 3 reports the normalized
MTEB scores at two dimensions across all four
backbones and methods.

Several observations emerge. First, performance
collapses dramatically across all methods: even
the strongest configurations retain only around 35–
38% of original MTEB score, confirming that 2D
is an exceptionally harsh reduction. Second, classi-
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Method MTEB STS Retr. Class. Clust.

GEOPRES 0.343 0.342 0.000 0.701 0.293
Rand. Sel. 0.327 0.392 0.000 0.705 0.132
Rand. Proj. 0.333 0.453 0.000 0.680 0.098

m
G

T
E

Autoencoder – – – – –
PCA 0.355 0.394 0.000 0.703 0.272
Truncation 0.348 0.441 0.000 0.699 0.169

GEOPRES 0.367 0.364 0.001 0.751 0.299
Rand. Sel. 0.345 0.385 0.000 0.766 0.123
Rand. Proj. 0.358 0.396 0.001 0.794 0.135

Ji
na

Autoencoder – – – – –
PCA 0.379 0.417 0.000 0.746 0.277
Truncation 0.334 0.361 0.000 0.745 0.135

GEOPRES 0.364 0.348 0.000 0.733 0.348
Rand. Sel. 0.336 0.406 0.000 0.717 0.141
Rand. Proj. 0.341 0.416 0.000 0.728 0.137

Q
w

en

Autoencoder 0.330 0.425 0.000 0.654 0.161
PCA 0.374 0.407 0.001 0.731 0.311
Truncation 0.336 0.430 0.000 0.665 0.171

GEOPRES 0.379 0.393 0.001 0.811 0.263
Rand. Sel. 0.366 0.461 0.001 0.776 0.130
Rand. Proj. 0.360 0.442 0.001 0.787 0.119
Autoencoder 0.342 0.335 0.001 0.788 0.202

M
PN

et

PCA 0.376 0.386 0.001 0.819 0.249
Truncation 0.359 0.400 0.001 0.810 0.154

Table 3: Normalized MTEB scores at 2 dimensions
across all backbones and methods. Autoencoder failed
to converge for the mGTE and Jina backbones.

fication performance is surprisingly well retained,
ranging from roughly 65% to 82% of the origi-
nal scores, while retrieval scores are effectively
zero across all methods. Third, GEOPRES and,
mainly, PCA remain the most robust methods at
this extreme, consistently occupying the top posi-
tions across backbones. Fourth, truncation benefits
from MRL backbones, but degrades on non-MRL
ones, even though they were not trained to per-
form for 2 dimensions. Finally, the autoencoder
fails to converge for Jina and mGTE entirely, and
underperforms if it does converge, reinforcing our
recommendation against reconstruction-based com-
pression.

7 Discussion and Conclusions

Practical Recommendations for Embedding
Compression. Our results suggest several practi-
cal guidelines for selecting dimensionality reduc-
tion methods for modern embedding systems.

1. Across most settings and tasks, GEOPRES re-
duces dimensionality by 75% with minimal
performance loss; for some tasks, such as STS
and Clustering, score retention of up to 100%
can be achieved.

2. GEOPRES is a simple, linear, post-hoc
geometry-preserving method that performs
consistently across embedding backbones
and target dimensions and outperforms all
baselines on average. It is especially use-
ful for models without native MRL support
and for deployment scenarios requiring cus-
tom target dimensionalities, where coordinate-
slicing methods like truncation are unreli-
able. To ease adoption, we provide it as a
SentenceTransformer-compatible wrapper.

3. Truncation is robust, but only when the embed-
ding model is explicitly trained with MRL and
the target dimensionality matches a dimen-
sion supported during MRL training. If not,
truncation often leads to substantially weaker
retention.

4. Random selection and random projection are
simple and computationally cheap, but con-
sistently underperform all other approaches;
random projection is more robust at very low
dimensions, random selection more competi-
tive at moderate and high ones. Autoencoder-
based compression, under the same training
setup as GEOPRES, is harder to optimize and
yields weaker retention, so we do not recom-
mend it. PCA is a strong non-neural, linear
baseline, especially at very low dimensions
and for clustering, but it is less consistent than
GEOPRES across tasks and backbones.

Geometric Structure and Embedding Utility.
Beyond the empirical comparison of reduction tech-
niques, our results offer two broader insights into
embedding compression.

1. Preserving cosine similarity rankings corre-
lates with downstream task performance sub-
stantially more strongly than preserving Eu-
clidean distances or angles. Rank-based intrin-
sic metrics can therefore serve as useful prox-
ies for downstream evaluation when develop-
ing compression methods, providing meaning-
ful estimates of quality at a fraction of the cost
of full MTEB evaluation.

2. 2D reductions, though common for visualiz-
ing documents and clusters, should be inter-
preted with caution: our results show they
cannot be achieved without severe loss of rep-
resentational information.
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Limitations

Although each individual training run requires only
a few minutes on consumer hardware, our ex-
periments required substantial computational re-
sources because we varied multiple factors, includ-
ing embedding model, dimensionality reduction
technique, target dimensionality, and NLP task.
This large-scale experimentation allowed us to
derive general conclusions and recommendations.
Nevertheless, our study is not exhaustive, and cer-
tain target dimensionalities, backbone models, or
task settings may exhibit different patterns.

Our projection models are trained on English C4
data. Although our cross-lingual experiment sug-
gests that this does not harm retention on Amazon-
Reviews classification for the tested multilingual
backbones, this result may not generalize to all
languages, domains, or tasks. Specialized corpora,
such as historical, biomedical, or legal text, may
induce different embedding-space geometry.

We also evaluate only four embedding back-
bones and a selected set of MTEB task groups.
These cover common embedding use cases, but
they do not cover all embedding systems or deploy-
ment scenarios, such as sparse or hybrid retrievers,
long-document retrieval, reranking pipelines, or
production-scale retrieval under strict latency and
memory constraints.
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A Appendix

A.1 Alternative Loss Functions

We evaluate two alternative loss functions
to validate our choice of Euclidean distance
preservation as the primary training objec-
tive. Comprehensive experiments were con-
ducted using the GTE-Multilingual-Base and
Jina-Embeddings-V2-Small-En backbones,
which span both MRL-enabled and non-MRL
configurations. Due to computational constraints,
we did not extend these experiments to the
remaining backbones. After identifying the best-
performing configuration through this ablation
study (Section 3.3), we adopted it as the primary
method throughout this work.

A.1.1 Cosine Similarity Preservation
As an alternative to preserving Euclidean distances,
we experimented with directly preserving pair-
wise cosine similarities. Given a batch B =
{y1, y2, . . . , ym} ⊆ Rn, we first ℓ2-normalize both
the high- and low-dimensional embeddings, and
compute the corresponding similarity matrices S
and Sf , where si,j = ⟨ỹi, ỹj⟩ and ỹ denotes the
normalized vector. The loss is then defined as the
mean squared error over the upper-triangular en-
tries:

Lcos =
1(
m
2

) ∑
i<j

(
si,j − sfi,j

)2
. (3)

A.1.2 Spearman Rank Preservation
We also explored optimizing directly for rank-order
preservation of pairwise similarities, rather than
their absolute values. Using the differentiable soft
ranking operator of Blondel et al. (2020), we com-
pute a smooth approximation of Spearman’s ρ be-
tween the upper-triangular entries of S and Sf . 5

The loss is defined as Lspr = 1− ρ, where ρ is the
differentiable Spearman correlation.

A.1.3 Comparison against Main Method
Similarly to Section 4, we evaluated on MTEB,
reporting (now un-normalized) scores across STS,
Retrieval, Classification, and Clustering tasks.

Tables 4 and 5 present the MTEB evaluation
results comparing all alternative loss function vari-
ants against the loss function used in our main
method (positional loss). The positional loss
achieves the highest MTEB performance across

5We adopt a local variant as described in Section 6.

Method MTEB AVG STS AVG Retr. AVG Class. AVG Clust.

Dim = 32

Angular 0.517 0.749 0.343 0.547 0.431
Spearman 0.511 0.749 0.325 0.553 0.418
Positional 0.527 0.771 0.349 0.555 0.433

Dim = 64

Angular 0.592 0.794 0.508 0.581 0.485
Spearman 0.580 0.787 0.479 0.579 0.476
Positional 0.600 0.805 0.523 0.585 0.485

Dim = 128

Angular 0.634 0.821 0.592 0.608 0.516
Spearman 0.625 0.813 0.576 0.601 0.510
Positional 0.637 0.823 0.595 0.618 0.512

Dim = 256

Angular 0.658 0.834 0.621 0.647 0.529
Spearman 0.655 0.831 0.618 0.637 0.532
Positional 0.658 0.833 0.618 0.654 0.528

Table 4: Extrinsic evaluation: alternative loss functions
for GTE-Multilingual-Base. Higher is better.

Method MTEB AVG STS AVG Retr. AVG Class. AVG Clust.

Dim = 32

Angular 0.500 0.758 0.310 0.566 0.366
Spearman 0.495 0.754 0.304 0.572 0.350
Positional 0.498 0.761 0.310 0.561 0.359

Dim = 64

Angular 0.566 0.794 0.464 0.593 0.414
Spearman 0.565 0.789 0.462 0.585 0.422
Positional 0.562 0.797 0.465 0.581 0.407

Dim = 128

Angular 0.599 0.808 0.536 0.614 0.437
Spearman 0.608 0.809 0.552 0.612 0.458
Positional 0.608 0.811 0.554 0.613 0.454

Dim = 256

Angular 0.614 0.812 0.565 0.626 0.453
Spearman 0.614 0.812 0.566 0.626 0.451
Positional 0.614 0.812 0.565 0.625 0.453

Table 5: Extrinsic evaluation: alternative loss functions
for Jina-Embeddings-V2-Small-En. Higher is better.

most configurations, confirming our selection of
this variant as our main method.

Overall, the extrinsic evaluation results confirm
that the distance-preserving (positional) loss is the
most effective training objective among all vari-
ants tested. While optimizing for cosine similarity
or rank-order preservation seems like the desired
objective intuitively, the results disagree.

A.1.4 Raw MTEB Scores
Previously, we reported normalized, average
MTEB results (see Section 4.4). For completeness
and to enable direct comparison with other work
that reports the original metrics, we include the cor-
responding non-normalized MTEB results below.
Here, RP denotes Random Projection, RS Random
Selection, AE Autoencoder, and GEOPRES our pro-
posed method.
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768 – 0.7751 0.8555 0.8168 0.8894 0.8434 0.8646 0.7934 0.8801 0.6303 0.4011 0.5809 0.6751 0.5834 0.7155 0.8057 0.3993 0.7568 0.6831 0.4105 0.5577 0.6413

256

PCA 0.752 0.824 0.788 0.873 0.821 0.844 0.807 0.875 0.610 0.393 0.569 0.651 0.562 0.652 0.780 0.389 0.720 0.669 0.405 0.551 0.627
RP 0.769 0.845 0.808 0.881 0.845 0.862 0.791 0.874 0.597 0.365 0.544 0.641 0.546 0.679 0.762 0.364 0.694 0.644 0.389 0.505 0.577
RS 0.772 0.855 0.812 0.881 0.836 0.857 0.787 0.878 0.605 0.371 0.559 0.640 0.557 0.680 0.750 0.373 0.705 0.660 0.395 0.513 0.583
Trunc 0.773 0.857 0.814 0.884 0.841 0.863 0.791 0.877 0.613 0.378 0.566 0.666 0.576 0.684 0.772 0.385 0.719 0.669 0.400 0.527 0.617
AE 0.722 0.815 0.758 0.840 0.814 0.826 0.786 0.841 0.398 0.227 0.446 0.510 0.550 0.593 0.695 0.357 0.643 0.603 0.368 0.499 0.570
GEOPRES 0.773 0.852 0.812 0.887 0.842 0.865 0.796 0.877 0.620 0.395 0.574 0.659 0.584 0.677 0.787 0.392 0.731 0.682 0.403 0.553 0.630

128

PCA 0.729 0.801 0.759 0.852 0.803 0.821 0.803 0.862 0.551 0.347 0.536 0.603 0.541 0.609 0.742 0.375 0.682 0.631 0.395 0.527 0.605
RP 0.761 0.834 0.804 0.872 0.834 0.854 0.778 0.866 0.559 0.318 0.510 0.600 0.523 0.653 0.714 0.346 0.658 0.634 0.368 0.439 0.515
RS 0.774 0.849 0.805 0.871 0.824 0.845 0.786 0.869 0.559 0.337 0.512 0.607 0.533 0.661 0.717 0.345 0.682 0.634 0.368 0.454 0.499
Trunc 0.768 0.852 0.805 0.881 0.836 0.858 0.789 0.873 0.583 0.344 0.538 0.640 0.551 0.648 0.737 0.373 0.692 0.637 0.388 0.508 0.581
AE 0.735 0.821 0.762 0.847 0.819 0.833 0.790 0.844 0.423 0.247 0.462 0.533 0.562 0.592 0.690 0.356 0.639 0.614 0.374 0.504 0.580
GEOPRES 0.759 0.842 0.802 0.875 0.835 0.855 0.795 0.871 0.583 0.357 0.550 0.644 0.562 0.644 0.736 0.372 0.679 0.656 0.393 0.538 0.606

64

PCA 0.697 0.771 0.724 0.826 0.774 0.789 0.786 0.837 0.399 0.238 0.449 0.508 0.511 0.593 0.717 0.365 0.665 0.615 0.368 0.480 0.569
RP 0.751 0.819 0.785 0.855 0.811 0.834 0.764 0.851 0.460 0.248 0.426 0.517 0.459 0.624 0.645 0.314 0.614 0.606 0.324 0.323 0.395
RS 0.765 0.820 0.781 0.856 0.810 0.831 0.778 0.853 0.454 0.244 0.417 0.511 0.465 0.641 0.678 0.320 0.626 0.628 0.318 0.341 0.370
Trunc 0.765 0.846 0.794 0.867 0.833 0.856 0.780 0.861 0.506 0.283 0.481 0.603 0.521 0.604 0.683 0.350 0.641 0.620 0.363 0.457 0.526
AE 0.686 0.767 0.710 0.821 0.788 0.792 0.760 0.793 0.202 0.124 0.279 0.336 0.469 0.590 0.659 0.342 0.614 0.586 0.331 0.438 0.517
GEOPRES 0.742 0.823 0.783 0.854 0.820 0.837 0.774 0.853 0.464 0.262 0.475 0.552 0.532 0.605 0.704 0.358 0.642 0.620 0.368 0.508 0.580

32

PCA 0.644 0.725 0.674 0.796 0.742 0.741 0.752 0.780 0.180 0.109 0.258 0.278 0.408 0.585 0.675 0.348 0.621 0.582 0.320 0.404 0.497
RP 0.733 0.804 0.761 0.825 0.778 0.819 0.746 0.800 0.241 0.111 0.237 0.373 0.352 0.573 0.589 0.288 0.578 0.572 0.246 0.217 0.253
RS 0.729 0.755 0.724 0.821 0.757 0.779 0.736 0.790 0.210 0.098 0.227 0.314 0.306 0.598 0.651 0.313 0.616 0.586 0.245 0.216 0.218
Trunc 0.748 0.822 0.769 0.845 0.817 0.836 0.769 0.832 0.327 0.176 0.358 0.507 0.457 0.562 0.634 0.322 0.617 0.598 0.324 0.395 0.456
AE 0.619 0.706 0.649 0.780 0.732 0.726 0.730 0.667 0.056 0.034 0.097 0.126 0.303 0.572 0.630 0.318 0.617 0.567 0.261 0.342 0.428
GEOPRES 0.706 0.794 0.738 0.822 0.797 0.806 0.735 0.803 0.199 0.094 0.266 0.299 0.435 0.589 0.649 0.329 0.616 0.592 0.328 0.441 0.529

2

PCA 0.284 0.338 0.270 0.348 0.351 0.344 0.363 0.000 0.000 0.000 0.000 0.000 0.001 0.540 0.531 0.240 0.534 0.518 0.132 0.128 0.178
RP 0.359 0.419 0.337 0.384 0.362 0.411 0.373 0.000 0.000 0.000 0.000 0.000 0.000 0.523 0.529 0.230 0.536 0.466 0.081 0.031 0.046
RS 0.312 0.262 0.284 0.387 0.372 0.292 0.381 0.000 0.000 0.000 0.000 0.000 0.001 0.511 0.570 0.246 0.513 0.528 0.095 0.061 0.057
Trunc 0.452 0.322 0.290 0.381 0.381 0.379 0.368 0.000 0.000 0.000 0.000 0.000 0.001 0.505 0.523 0.242 0.531 0.547 0.130 0.069 0.073
AE – – – – – – – – – – – – – – – – – – – – –
GEOPRES 0.198 0.322 0.216 0.264 0.369 0.271 0.356 0.000 0.000 0.000 0.000 0.000 0.001 0.498 0.564 0.247 0.558 0.489 0.124 0.144 0.203

Table 6: Raw task scores for Alibaba-NLP/gte-multilingual-base. The autoencoder failed to converge at a
target dimension of 2.
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512 – 0.7366 0.8330 0.7917 0.8730 0.8360 0.8404 0.7672 0.8718 0.5648 0.3265 0.5156 0.6533 0.4674 0.6598 0.8242 0.2778 0.7087 0.6596 0.3456 0.4757 0.5399

256

PCA 0.722 0.818 0.783 0.865 0.831 0.832 0.768 0.870 0.502 0.276 0.428 0.628 0.431 0.657 0.824 0.277 0.707 0.660 0.342 0.474 0.543
RP 0.733 0.826 0.787 0.864 0.827 0.831 0.766 0.864 0.477 0.274 0.455 0.622 0.441 0.625 0.795 0.269 0.676 0.617 0.303 0.409 0.469
RS 0.736 0.822 0.785 0.864 0.836 0.835 0.762 0.869 0.520 0.294 0.489 0.637 0.453 0.649 0.807 0.274 0.700 0.655 0.328 0.441 0.504
Trunc 0.739 0.829 0.786 0.869 0.833 0.837 0.764 0.867 0.522 0.296 0.493 0.635 0.447 0.655 0.811 0.276 0.694 0.643 0.325 0.446 0.507
AE 0.747 0.812 0.766 0.844 0.816 0.808 0.733 0.842 0.405 0.281 0.416 0.573 0.440 0.594 0.786 0.262 0.673 0.632 0.257 0.398 0.435
GEOPRES 0.738 0.834 0.793 0.873 0.837 0.841 0.768 0.871 0.563 0.321 0.515 0.649 0.468 0.656 0.823 0.278 0.709 0.658 0.345 0.470 0.544

128

PCA 0.730 0.816 0.781 0.861 0.823 0.827 0.756 0.856 0.455 0.266 0.379 0.603 0.418 0.628 0.817 0.273 0.697 0.649 0.332 0.477 0.553
RP 0.733 0.816 0.781 0.851 0.813 0.826 0.763 0.855 0.388 0.214 0.396 0.598 0.414 0.608 0.774 0.262 0.661 0.599 0.259 0.342 0.380
RS 0.740 0.816 0.779 0.854 0.827 0.828 0.758 0.860 0.430 0.243 0.430 0.621 0.430 0.628 0.764 0.267 0.664 0.649 0.285 0.378 0.419
Trunc 0.730 0.809 0.778 0.860 0.827 0.830 0.760 0.858 0.427 0.250 0.442 0.606 0.408 0.633 0.797 0.270 0.682 0.655 0.277 0.377 0.431
AE 0.652 0.713 0.667 0.752 0.732 0.726 0.694 0.612 0.016 0.010 0.027 0.047 0.161 0.560 0.728 0.241 0.641 0.587 0.148 0.252 0.289
GEOPRES 0.743 0.838 0.793 0.867 0.835 0.837 0.762 0.861 0.528 0.325 0.490 0.653 0.465 0.631 0.817 0.274 0.701 0.641 0.335 0.480 0.547

64

PCA 0.717 0.798 0.757 0.838 0.801 0.805 0.751 0.835 0.243 0.133 0.231 0.442 0.363 0.577 0.813 0.264 0.699 0.609 0.262 0.455 0.501
RP 0.715 0.789 0.763 0.835 0.798 0.807 0.756 0.831 0.244 0.130 0.288 0.475 0.341 0.588 0.759 0.255 0.636 0.562 0.205 0.244 0.274
RS 0.730 0.800 0.756 0.832 0.808 0.810 0.743 0.838 0.266 0.153 0.299 0.538 0.359 0.619 0.714 0.254 0.635 0.620 0.213 0.264 0.315
Trunc 0.725 0.791 0.764 0.835 0.804 0.809 0.746 0.838 0.251 0.165 0.317 0.547 0.342 0.618 0.752 0.260 0.668 0.656 0.220 0.277 0.317
AE 0.719 0.783 0.736 0.816 0.790 0.780 0.720 0.807 0.177 0.141 0.253 0.444 0.355 0.563 0.778 0.252 0.675 0.622 0.199 0.364 0.399
GEOPRES 0.734 0.822 0.777 0.850 0.821 0.820 0.756 0.843 0.340 0.230 0.384 0.569 0.421 0.576 0.791 0.262 0.679 0.595 0.275 0.448 0.500

32

PCA 0.680 0.752 0.711 0.794 0.765 0.767 0.741 0.775 0.071 0.024 0.077 0.174 0.256 0.566 0.807 0.256 0.708 0.593 0.194 0.369 0.409
RP 0.688 0.764 0.724 0.800 0.762 0.764 0.734 0.757 0.082 0.038 0.123 0.274 0.240 0.552 0.702 0.237 0.622 0.551 0.162 0.159 0.190
RS 0.713 0.763 0.735 0.799 0.779 0.777 0.730 0.771 0.077 0.042 0.119 0.337 0.245 0.588 0.674 0.246 0.633 0.609 0.160 0.161 0.198
Trunc 0.699 0.749 0.736 0.796 0.773 0.766 0.727 0.764 0.078 0.052 0.124 0.298 0.235 0.593 0.705 0.244 0.656 0.641 0.157 0.176 0.209
AE 0.625 0.697 0.645 0.747 0.721 0.707 0.689 0.513 0.007 0.004 0.013 0.005 0.123 0.553 0.743 0.244 0.656 0.574 0.142 0.257 0.297
GEOPRES 0.711 0.778 0.731 0.820 0.785 0.783 0.722 0.796 0.114 0.081 0.182 0.338 0.350 0.566 0.751 0.246 0.659 0.585 0.226 0.398 0.453

2

PCA 0.390 0.338 0.272 0.288 0.363 0.392 0.323 0.000 0.000 0.000 0.000 0.000 0.000 0.512 0.562 0.225 0.518 0.519 0.106 0.116 0.155
RP 0.267 0.295 0.279 0.339 0.385 0.337 0.346 0.000 0.000 0.000 0.000 0.000 0.003 0.506 0.620 0.217 0.600 0.540 0.084 0.038 0.061
RS 0.359 0.288 0.277 0.243 0.369 0.309 0.338 0.000 0.000 0.000 0.000 0.000 0.001 0.524 0.575 0.222 0.561 0.515 0.081 0.038 0.048
Trunc 0.357 0.275 0.234 0.317 0.324 0.257 0.285 0.000 0.000 0.000 0.000 0.000 0.001 0.505 0.537 0.210 0.511 0.567 0.087 0.046 0.051
AE – – – – – – – – – – – – – – – – – – – – –
GEOPRES 0.218 0.373 0.256 0.340 0.354 0.234 0.294 0.000 0.000 0.001 0.000 0.000 0.002 0.528 0.533 0.216 0.544 0.531 0.112 0.132 0.164

Table 7: Raw task scores for jinaai/jina-embeddings-v2-small-en. The autoencoder failed to converge at a
target dimension of 2.

12



Dim Method ST
S1

2

ST
S1

3

ST
S1

4

ST
S1

5

ST
S1

6

ST
SB

en
ch

m
ar

k
SI

CK
-R

Q
uo

ra
Re

tri
ev

al
H

ot
po

tQ
A

D
BP

ed
ia

N
Q

M
SM

A
RC

O
A

rg
uA

na
A

m
az

on
Co

un
te

rfa
ct

ua
lC

la
ss

ifi
ca

tio
n

A
m

az
on

Po
la

rit
yC

la
ss

ifi
ca

tio
n

A
m

az
on

Re
vi

ew
sC

la
ss

ifi
ca

tio
n

Im
db

Cl
as

sifi
ca

tio
n

To
xi

cC
on

ve
rs

at
io

ns
Cl

as
sifi

ca
tio

n

A
rx

iv
Cl

us
te

rin
gS

2S
Re

dd
itC

lu
ste

rin
g

St
ac

kE
xc

ha
ng

eC
lu

ste
rin

g

1024 – 0.7712 0.8006 0.7677 0.8607 0.8410 0.8460 0.8116 0.8718 0.6515 0.3925 0.5303 0.6699 0.6755 0.7481 0.8238 0.3863 0.7994 0.6436 0.4388 0.5123 0.6443

256

PCA 0.767 0.821 0.768 0.860 0.844 0.847 0.809 0.873 0.547 0.225 0.399 0.538 0.671 0.703 0.810 0.379 0.785 0.632 0.429 0.509 0.631
RP 0.763 0.801 0.759 0.850 0.842 0.842 0.803 0.869 0.509 0.157 0.311 0.462 0.649 0.710 0.788 0.353 0.734 0.603 0.425 0.469 0.606
RS 0.759 0.797 0.760 0.851 0.834 0.836 0.807 0.872 0.512 0.142 0.311 0.476 0.655 0.713 0.768 0.365 0.752 0.632 0.427 0.468 0.597
Trunc 0.767 0.799 0.756 0.856 0.836 0.842 0.812 0.868 0.501 0.150 0.304 0.463 0.664 0.689 0.818 0.385 0.783 0.619 0.432 0.489 0.635
AE 0.793 0.811 0.764 0.831 0.837 0.826 0.796 0.866 0.492 0.109 0.286 0.407 0.672 0.709 0.781 0.369 0.789 0.621 0.419 0.450 0.583
GEOPRES 0.779 0.819 0.775 0.861 0.848 0.849 0.811 0.875 0.567 0.179 0.366 0.514 0.672 0.713 0.815 0.381 0.787 0.637 0.433 0.516 0.640

128

PCA 0.760 0.824 0.758 0.851 0.833 0.838 0.800 0.864 0.456 0.227 0.376 0.537 0.655 0.670 0.787 0.368 0.757 0.621 0.414 0.503 0.618
RP 0.750 0.799 0.751 0.841 0.834 0.837 0.795 0.862 0.405 0.126 0.261 0.394 0.607 0.686 0.758 0.338 0.713 0.601 0.415 0.425 0.553
RS 0.754 0.788 0.746 0.839 0.828 0.827 0.797 0.863 0.397 0.100 0.244 0.431 0.616 0.699 0.740 0.351 0.720 0.628 0.411 0.413 0.523
Trunc 0.765 0.794 0.750 0.849 0.830 0.840 0.810 0.861 0.420 0.131 0.244 0.419 0.644 0.660 0.795 0.384 0.764 0.597 0.426 0.462 0.618
AE 0.798 0.824 0.757 0.834 0.832 0.824 0.794 0.860 0.421 0.138 0.302 0.457 0.646 0.660 0.763 0.360 0.742 0.599 0.400 0.466 0.582
GEOPRES 0.779 0.830 0.773 0.859 0.844 0.848 0.805 0.868 0.482 0.178 0.362 0.502 0.656 0.673 0.792 0.372 0.754 0.622 0.423 0.505 0.630

64

PCA 0.746 0.807 0.738 0.832 0.817 0.823 0.792 0.846 0.295 0.168 0.288 0.463 0.605 0.625 0.771 0.359 0.722 0.586 0.378 0.472 0.576
RP 0.755 0.781 0.723 0.823 0.819 0.817 0.782 0.844 0.230 0.073 0.160 0.296 0.520 0.655 0.737 0.323 0.670 0.555 0.389 0.324 0.451
RS 0.742 0.766 0.726 0.815 0.811 0.811 0.777 0.841 0.205 0.050 0.127 0.311 0.532 0.660 0.705 0.318 0.688 0.554 0.378 0.319 0.397
Trunc 0.746 0.794 0.737 0.834 0.819 0.827 0.803 0.845 0.286 0.096 0.188 0.306 0.595 0.617 0.770 0.362 0.736 0.594 0.407 0.423 0.578
AE 0.773 0.806 0.738 0.827 0.815 0.827 0.787 0.842 0.242 0.124 0.230 0.426 0.599 0.618 0.756 0.356 0.714 0.589 0.373 0.465 0.567
GEOPRES 0.765 0.817 0.757 0.843 0.830 0.836 0.801 0.853 0.309 0.143 0.281 0.435 0.609 0.631 0.763 0.354 0.690 0.600 0.392 0.473 0.598

32

PCA 0.704 0.783 0.703 0.805 0.793 0.791 0.780 0.802 0.117 0.063 0.152 0.247 0.520 0.603 0.754 0.352 0.682 0.581 0.339 0.424 0.537
RP 0.716 0.752 0.684 0.789 0.781 0.781 0.756 0.784 0.072 0.019 0.060 0.102 0.388 0.612 0.658 0.294 0.661 0.579 0.338 0.224 0.301
RS 0.711 0.743 0.694 0.778 0.786 0.779 0.745 0.763 0.056 0.013 0.031 0.115 0.350 0.646 0.709 0.294 0.673 0.558 0.307 0.208 0.269
Trunc 0.735 0.776 0.710 0.817 0.794 0.803 0.788 0.809 0.123 0.056 0.116 0.226 0.498 0.577 0.747 0.351 0.716 0.583 0.379 0.382 0.526
AE 0.732 0.761 0.689 0.799 0.787 0.790 0.776 0.781 0.068 0.036 0.082 0.126 0.478 0.593 0.758 0.346 0.691 0.565 0.300 0.411 0.500
GEOPRES 0.719 0.784 0.720 0.810 0.802 0.809 0.787 0.808 0.109 0.057 0.127 0.221 0.516 0.611 0.748 0.343 0.669 0.586 0.369 0.426 0.568

2

PCA 0.305 0.356 0.269 0.331 0.361 0.329 0.367 0.000 0.000 0.000 0.000 0.000 0.003 0.535 0.568 0.253 0.606 0.523 0.148 0.150 0.199
RP 0.400 0.285 0.287 0.350 0.329 0.340 0.378 0.000 0.000 0.000 0.000 0.000 0.001 0.561 0.573 0.237 0.563 0.542 0.107 0.049 0.062
RS 0.386 0.271 0.267 0.330 0.326 0.352 0.378 0.000 0.000 0.000 0.000 0.000 0.001 0.613 0.567 0.236 0.543 0.479 0.114 0.045 0.065
Trunc 0.435 0.292 0.273 0.329 0.361 0.382 0.380 0.000 0.000 0.000 0.000 0.000 0.001 0.499 0.497 0.221 0.526 0.518 0.115 0.072 0.086
AE 0.366 0.291 0.285 0.331 0.385 0.387 0.374 0.000 0.000 0.000 0.000 0.000 0.000 0.511 0.507 0.203 0.514 0.489 0.116 0.068 0.072
GEOPRES 0.225 0.205 0.236 0.365 0.330 0.289 0.337 0.000 0.000 0.000 0.000 0.000 0.000 0.543 0.586 0.239 0.618 0.506 0.160 0.159 0.237

Table 8: Raw task scores for Qwen/Qwen3-Embedding-0.6B.
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768 – 0.7263 0.8348 0.7800 0.8566 0.8003 0.8342 0.8059 0.8746 0.3929 0.3209 0.5045 0.6668 0.4654 0.6222 0.6714 0.2683 0.7117 0.6105 0.3935 0.5463 0.5365

256

PCA 0.719 0.832 0.775 0.853 0.797 0.831 0.811 0.874 0.380 0.327 0.500 0.654 0.462 0.603 0.663 0.265 0.698 0.601 0.391 0.540 0.517
RP 0.717 0.829 0.774 0.848 0.796 0.828 0.797 0.870 0.328 0.289 0.477 0.675 0.444 0.600 0.661 0.257 0.677 0.575 0.380 0.489 0.448
RS 0.724 0.832 0.777 0.849 0.792 0.826 0.801 0.871 0.340 0.299 0.483 0.648 0.456 0.613 0.641 0.256 0.693 0.596 0.383 0.508 0.480
Trunc 0.720 0.827 0.771 0.848 0.795 0.827 0.800 0.870 0.343 0.286 0.480 0.651 0.447 0.610 0.644 0.261 0.682 0.589 0.384 0.500 0.467
AE 0.695 0.809 0.758 0.836 0.744 0.806 0.759 0.862 0.367 0.312 0.492 0.627 0.429 0.576 0.625 0.254 0.679 0.573 0.351 0.430 0.360
GEOPRES 0.731 0.838 0.783 0.856 0.803 0.839 0.808 0.874 0.375 0.313 0.497 0.652 0.463 0.610 0.669 0.266 0.704 0.611 0.395 0.544 0.518

128

PCA 0.704 0.816 0.751 0.833 0.771 0.808 0.803 0.864 0.290 0.296 0.464 0.599 0.451 0.571 0.634 0.255 0.667 0.569 0.376 0.525 0.494
RP 0.710 0.826 0.769 0.840 0.791 0.823 0.789 0.864 0.275 0.253 0.445 0.658 0.420 0.588 0.645 0.254 0.648 0.559 0.360 0.424 0.376
RS 0.718 0.821 0.766 0.839 0.784 0.817 0.792 0.865 0.266 0.244 0.452 0.623 0.443 0.602 0.606 0.247 0.645 0.575 0.360 0.440 0.401
Trunc 0.712 0.819 0.758 0.836 0.783 0.817 0.794 0.865 0.265 0.249 0.449 0.619 0.435 0.604 0.621 0.254 0.651 0.586 0.361 0.438 0.396
AE 0.722 0.825 0.756 0.834 0.791 0.829 0.792 0.863 0.272 0.272 0.455 0.603 0.441 0.561 0.615 0.253 0.656 0.566 0.356 0.506 0.443
GEOPRES 0.730 0.833 0.776 0.846 0.796 0.834 0.806 0.868 0.307 0.292 0.475 0.632 0.456 0.581 0.641 0.261 0.682 0.585 0.385 0.527 0.480

64

PCA 0.664 0.784 0.714 0.809 0.744 0.773 0.791 0.841 0.141 0.172 0.388 0.522 0.402 0.559 0.617 0.249 0.657 0.544 0.350 0.497 0.460
RP 0.698 0.801 0.748 0.817 0.790 0.804 0.777 0.850 0.177 0.179 0.383 0.615 0.375 0.555 0.645 0.246 0.638 0.529 0.319 0.340 0.289
RS 0.704 0.801 0.749 0.825 0.770 0.803 0.777 0.850 0.153 0.160 0.387 0.588 0.392 0.573 0.572 0.242 0.623 0.568 0.307 0.344 0.275
Trunc 0.689 0.794 0.738 0.818 0.770 0.801 0.779 0.850 0.150 0.143 0.365 0.593 0.381 0.575 0.591 0.241 0.594 0.561 0.306 0.329 0.282
AE 0.675 0.793 0.720 0.812 0.770 0.797 0.786 0.841 0.138 0.175 0.374 0.517 0.400 0.560 0.615 0.249 0.658 0.550 0.346 0.501 0.449
GEOPRES 0.716 0.816 0.757 0.825 0.781 0.818 0.801 0.854 0.172 0.197 0.407 0.569 0.425 0.571 0.606 0.251 0.658 0.576 0.355 0.490 0.415

32

PCA 0.612 0.742 0.658 0.777 0.706 0.719 0.756 0.792 0.039 0.054 0.235 0.356 0.323 0.543 0.609 0.239 0.640 0.532 0.312 0.428 0.404
RP 0.674 0.773 0.715 0.780 0.776 0.781 0.749 0.806 0.059 0.069 0.246 0.424 0.310 0.556 0.614 0.233 0.630 0.531 0.255 0.227 0.183
RS 0.680 0.769 0.725 0.797 0.749 0.779 0.759 0.802 0.055 0.063 0.247 0.417 0.322 0.556 0.570 0.229 0.597 0.542 0.251 0.241 0.179
Trunc 0.663 0.743 0.703 0.794 0.747 0.777 0.753 0.801 0.052 0.043 0.226 0.435 0.309 0.557 0.574 0.233 0.571 0.551 0.231 0.208 0.177
AE 0.614 0.739 0.649 0.773 0.725 0.732 0.753 0.789 0.033 0.052 0.221 0.340 0.296 0.539 0.589 0.236 0.635 0.534 0.299 0.419 0.388
GEOPRES 0.690 0.770 0.712 0.787 0.751 0.783 0.770 0.809 0.046 0.073 0.256 0.371 0.358 0.543 0.590 0.245 0.637 0.560 0.315 0.407 0.350

2

PCA 0.340 0.331 0.274 0.259 0.346 0.279 0.345 0.001 0.000 0.000 0.000 0.000 0.001 0.511 0.573 0.211 0.570 0.497 0.113 0.136 0.119
RP 0.370 0.314 0.312 0.334 0.382 0.408 0.374 0.000 0.000 0.000 0.000 0.000 0.002 0.527 0.515 0.206 0.515 0.507 0.100 0.039 0.036
RS 0.355 0.359 0.327 0.392 0.382 0.392 0.395 0.000 0.000 0.000 0.000 0.000 0.003 0.511 0.505 0.205 0.524 0.493 0.092 0.049 0.051
Trunc 0.326 0.286 0.266 0.365 0.315 0.329 0.367 0.000 0.000 0.000 0.000 0.000 0.001 0.511 0.530 0.207 0.582 0.505 0.110 0.066 0.052
AE 0.181 0.331 0.240 0.310 0.319 0.214 0.297 0.000 0.000 0.000 0.000 0.000 0.001 0.514 0.523 0.201 0.526 0.509 0.093 0.103 0.101
GEOPRES 0.445 0.270 0.263 0.227 0.351 0.344 0.318 0.001 0.000 0.000 0.000 0.000 0.002 0.507 0.568 0.209 0.528 0.527 0.134 0.140 0.114

Table 9: Raw task scores for sentence-transformers/all-mpnet-base-v2.
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