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Abstract

Semantic text representation is a fundamen-
tal task in the field of natural language pro-
cessing. Existing text embedding (e.g., Sim-
CSE and LLM2Vec) have demonstrated ex-
cellent performance, but the values of each
dimension are difficult to trace and interpret.
Bag-of-words, as classic sparse interpretable
embeddings, suffers from poor performance.
Recently, Benara et al. (2024) propose inter-
pretable text embeddings using large language
models, which forms “0/1” embeddings based
on responses to a series of questions. These in-
terpretable text embeddings are typically high-
dimensional (larger than 10,000). In this work,
we propose Low-dimensional (lower than 500)
Dense and Interpretable text embeddings with
Relative representations (LDIR). The numeri-
cal values of its dimensions indicate semantic
relatedness to different anchor texts through
farthest point sampling, offering both seman-
tic representation as well as a certain level of
traceability and interpretability. We validate
LDIR on multiple semantic textual similarity,
retrieval, and clustering tasks. Extensive exper-
imental results show that LDIR performs close
to the black-box baseline models and outper-
forms the interpretable embeddings baselines
with much fewer dimensions. Code is available
at https://github.com/szu-tera/LDIR.

1 Introduction

Text embedding is an important technique for nat-
ural language processing by transforming textual
data into numerical representations that capture se-
mantics. The embeddings encode the meaning of
contexts in a vector space where similar texts are
close together in the representation space, playing
vital roles in multiple tasks such as semantic tex-
tual similarity (Agirre et al., 2012), information
retrieval (Karpukhin et al., 2020), and retrieval-
augmented generation (Lewis et al., 2020).

*Corresponding author.

Embeddings Type Interp. Examples

SimCSE Dense Emb
✗

0.71, -0.03, ..., 0.13
LLM2Vec (768∼4,096 dim.) (uninterpretable)

Bag-of-Words
Sparse Emb

✓
12, 5, ..., 0

(∼30,000 dim) (occurrence of <word>i)

QAEmb-MBQA 0/1 Emb
✓

1, 0, ..., 1
CQG-MBQA (∼10,000 dim.) (“yes/no” to <question>i)

LDIR (Ours) Dense Emb
✓

0.16, 0.83, ..., 0.35
(∼500 dim.) (relatedness to <anchor>i)

Table 1: Comparing existing text embedding with LDIR.
In particular, our text embedding is relatively low-
dimensional and dense, while maintaining interpretable.

Seminal text embedding models mainly fall into
two categories. The first is based on lightweight
pre-trained models such as BERT (Devlin et al.,
2019), including Sentence-BERT (Reimers and
Gurevych, 2019), SimCSE (Gao et al., 2021), etc.
The second is based on current large language
models such as LLaMA-3 (Dubey et al., 2024),
including LLM2Vec (BehnamGhader et al., 2024),
AngIE (Li and Li, 2024), etc. The text embeddings
usually have 768 to 4096 dimensions correlated
with the hidden size of the model and perform well
across tasks. However, the values on each dimen-
sion are difficult to trace and interpret directly.

In contrast, bag-of-words is a classical sparse
and interpretable text representation where each
dimension’s value represents the frequency of a
specific word. However, its representational capa-
bility is limited. Recent QAEmb-MBQA (Benara
et al., 2024) and CQG-MBQA (Sun et al., 2025)
generate interpretable text embeddings based on
large language models, where the value on each
dimension is restricted to “0/1”, reflecting “yes/no”
answers to different crafted questions, as shown
in Table 1. These works pave the way for new
developments in interpretable text embedding.

In the aforementioned interpretable text embed-
dings, the value on each dimension are explicitly
defined. However, due to the limitations of their
sparse or “0/1” representations, they often require
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a high dimensionality. For example, bag-of-words
is associated with the word vocabulary size, which
typically reaches around 30K sizes in current mod-
els. QAEmb-MBQA and CQG-MBQA rely on de-
signing a large number of questions, usually around
10K. In this work, we aim to mitigate the limi-
tations of sparse or “0/1” representation and the
requirement of high dimensionality.

Inspired by Moschella et al. (2023), we pro-
pose building low-dimensional, dense, and inter-
pretable text embeddings with relative representa-
tions (LDIR). Specifically, the value on each dimen-
sion represents the relatedness to different “anchor
texts” by automatic farthest point sampling, which
can be floating-point numbers instead of “0/1”,
thereby leading a overall flexible and dense em-
beddings. We hope the dimensionality of vectors
can be significantly reduced in this way, achieving
a balance among semantic expressiveness, repre-
sentational efficiency, and interpretability.

We conduct extensive experiments to validate the
semantic expressiveness of LDIR, including eval-
uations on seven semantic textual similarity tasks,
six retrieval tasks, and seven clustering tasks. Ex-
perimental results show that our embeddings, with
only 500 embedding dimensions, achieve compa-
rable performance to black-box embeddings, and
outperforms interpretable embedding baselines of
QAEmb-MBQA and CQG-MBQA.

2 Related Work

Semantic Text Embedding. For pre-trained
neural model based text embeddings, Sentence-
BERT (Reimers and Gurevych, 2019) and Sim-
CSE (Gao et al., 2021) use siamese network
or contrastive learning to improve the semantic
representations of BERT (Devlin et al., 2019).
For large language model based text embeddings,
MetaEOL (Lei et al., 2024) elicit the text em-
beddings from a single-token through prompting
LLaMA (Touvron et al., 2023). AngIE (Li and
Li, 2024) optimizes angle differences instead of
cosine similarity for better modeling semantics.
LLM2Vec (BehnamGhader et al., 2024) enables
bidirectional attention and avoid the limitations
of decoder-only models in encoding texts. NV-
Embed (Lee et al., 2025) propose latent attention
layer to enhance the general-purpose embedding
tasks of decoder-only models. Although these
methods produce dense text embedding and show
strong performance on benchmarks, however, it’s

difficult to interpret each dimension of the resulted
dense representations.
Interpretable Text Embedding. Bag-of-words
(BoW) is one of the most classic and interpretable
text embedding, where each dimension represents
the frequency of occurrence for each word in the
vocabulary. However, its representation capacity is
largely limited. LISA (Patel et al., 2023) distills lin-
guistically interpretable style attribute embeddings
for author style representation, which is not gen-
eral semantics oriented. QAEmb-MBQA (Benara
et al., 2024) proposes designing multiple questions
and use the “yes/no” answers by language mod-
els as “0/1” embeddings for semantic representa-
tions. CQG-MBQA (Sun et al., 2025) further im-
proves the question generation module and reduce
the costs for obtaining the “0/1” embeddings. Un-
like these approaches, we develop low-dimensional
dense text embeddings which can improve the gen-
eral semantic expressiveness while preserving a
certain of interpretability.
Relative Representation. Moschella et al. (2023)
observe that the latent similarity between each
sample and a fixed set of anchors in neural net-
works shows invariance for different training set-
tings. They call such latent similarity as relative
representation and verify the findings on the space
of word embeddings (Mikolov, 2013; Bojanowski
et al., 2017) or model stitching (Bansal et al., 2021).
Norelli et al. (2023) use relative representations to
align images and text for zero-shot classification.
Maniparambil et al. (2024) also leverage such cross-
modal alignment for caption matching and retrieval
tasks. Overall, the above studies primarily illustrate
the potential of relative representation for feature
alignment, rather than utilizing it for sentence-level
semantic representations.

3 Method

3.1 QA-Embedding Baseline

Formally, we define the semantic text embedding
e(t) of a given a text t as:

e(t) = E(t) = [v1, v2, ..., vd], (1)

where E is an embedding model, v1, v2, ..., vd are
the values in each dimension. For neural model
E , the embedding [v1, v2, ..., vd] generally encode
some high-level semantic features. However, it is
difficult to interpret the specific meanings of each
value vi directly.
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During the holiday, the streets
are bustling with crowds.

It's not advisable to eat at 9
PM.

The seaside at night is very
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Figure 1: Comparison between baselines (top) and our method (bottom). Benara et al. (2024) and Sun et al. (2025)
uses the generated questions and “yes/no” answers to build high-dimensional “0/1” text embeddings. We use anchor
texts via farthest point sampling to calculate the relatedness and build low-dimensional dense text embeddings.

Benara et al. (2024) propose generating inter-
pretable QA-Embedding to make the values in each
dimension meaningful. In particular, they first gen-
erate k questions q1, q2, ..., qk by leveraging GPT-4
with specific prompts, then obtain the k “yes” or
“no” responses {rj}kj=1 by using large language
models M (e.g., GPT-4 or LLaMA-3):

r1, ..., rk = M(q1 ⊕ t), ...,M(qk ⊕ t), (2)

where ⊕ indicates concatenation operation, and the
answer rj is either “yes” or “no” to the question qj .

The interpretable text embedding is defined as
the “0/1” sequence of according to the answers:

e
interp
0/1 (t) = [r̂1, r̂2, ..., r̂k],

r̂j =

{
1, if rj = M(qj ⊕ t) is “yes”,
0, otherwise.

(3)

Sun et al. (2025) further improves the QA-
Embedding by reducing the costs of calling LLMs
through applying external trainable question gen-
eration module. We show an example of QA-
Embedding in the top of Figure 1.

Both Benara et al. (2024) and Sun et al. (2025)
rely on high-quality questions {qj}kj=1 generated
via GPT-4 or trained models, followed by extra
filtering. On the other hand, since r̂j can only be
0 or 1, the number of questions is extremely large,
often reaching 9000∼10000 (i.e., the number k).

3.2 “0/1” Embedding to Dense Embedding
Although the above values {r̂j}kj=1 of the embed-
ding einterp(t) is interpretable, the expressive power
is greatly limited because all values are either 0 or 1.
Therefore, we consider using dense representations
with floating-point number of each dimension. The
overview of our dense and interpretable embedding
is illustrated in the bottom of Figure 1.

Instead of generating k questions q1, q2, ..., qk,
we first select n representative texts a1, a2, ..., an
which we called “anchor texts” (detailed in the
following subsection). Then, for each anchor text
aj , we compute the relatedness between aj and t.

sj = REL(aj , t), (4)

where REL(aj , t) indicates the relatedness score
of aj and t, which can be computed through gen-
eral encoder or trained text encoders using widely
used cosine similarity (Mikolov, 2013; Reimers
and Gurevych, 2019; Ethayarajh, 2019):

REL(aj , t) =
ENC(aj) · ENC(t)

||ENC(aj)|| · ||ENC(t)|| , (5)

where ENC can be an pre-trained encoder such as
SimCSE (Gao et al., 2021), ModernBERT (Warner
et al., 2024), and AngIE (Li and Li, 2024), without
further fine-tuning.

After obtaining the relatedness scores {sj}nj=1,
our dense and interpretable embeddings is:

e
interp
dense(t) = [s1, ..., sn]

= [REL(a1, t), ..., REL(an, t)].
(6)
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(d) Maximize(a) Initialization (b) Maximize (c) Maximize

Figure 2: Example of extracting four anchor texts us-
ing farthest point sampling. Each dot represents a text
embedding through an encoder, with the blue dots indi-
cating the extracted anchor texts.

Comparing Eq. 6 with Eq. 3, our embeddings
e

interp
dense(t) are represented based on floating-point

numbers, which can alleviate the requirement for
high dimensionality. In practice, we find that
200∼500 (i.e., the number n) anchor texts are
enough to achieve better performance.

3.3 Anchor Texts Selection

In contrast to other interpretable embedding meth-
ods that rely on the extensive general knowledge of
large language models (e.g., GPT-4) to derive and
filter explanatory questions, we propose to automat-
ically sample anchor texts from the corpus without
generation and filtering. Selecting representative
texts a1, a2, ..., an as anchor texts are important.
For example, if all the anchor texts are similar to
each other, then values in the final embeddings in
Eq. 6 will also be close, thus the representativeness
of overall embedding is limited. In practice, we use
the farthest point sampling algorithm to select the
representative anchor texts and compare with other
sampling methods such as uniform sampling and
K-Means in Section 5.1.

Farthest point sampling (FPS) is a widely used
method that identifies representative subset within
the complete feature space. In our workflow,
the generation process begins by applying an en-
coder to the corpus texts, producing N embeddings
{e1, e2, ..., eN}. Then a subset {ê1, ê2, ..., ên} is
sampled gradually such that the distance between
any two embedding vectors (êi, êj) are farther apart
than that of any embedding vector pair in the re-
maining set {e1, e2, ..., eN−n}. Therefore, the text
corresponding to the collected subset of embed-
dings constitutes the anchor texts a1, a2, ..., an re-
quired. An example of FPS procedure is shown
in Figure 2. Benara et al. (2024) uses AngIE (Li
and Li, 2024) to encode texts in corpus for generat-
ing questions by GPT-4. We follow them and set
AngIE as the text encoder.

Embeddings Type Dim.↓ †Ext. Costs↓ Interp.↑ Perf.↑
SimCSE

Dense Medium Medium Low High
LLM2Vec

Bag-of-Words Sparse Large Low High Low

QAEmb-MBQA
0/1 Emb. Large High High Medium

CQG-MBQA

LDIR (Ours) Dense Small Low Medium High

Table 2: Overall comparison between existing embed-
dings and LDIR. †: The external costs indicate the costs
for external training or calling large language models.

3.4 Overall Comparison
We make an overall comparison to existing em-
bedding methods in Table 2. Comparing from dif-
ferent perspectives, we achieve low-dimensional
and dense embeddings with low costs. Specif-
ically, SimCSE and LLM2Vec require additional
contrastive learning to fine-tune models, QAEmb-
MBQA and CQG-MBQA require extra calls on
GPT-4 or training question generation modules. As
comparison, LDIR primarily employs a automat-
ically farthest point sampling strategy to extract
anchor texts, and the calculation of embeddings
does not require prompting large language models.

We also notice a trade-off between inter-
pretability and performance across embeddings.
For example, SimCSE and LLM2Vec exhibit
strong semantic representation capabilities, but
their interpretability is relatively low. On the other
hand, bag-of-words offers high interpretability but
performs poorly. Compared to QAEmb-MBQA
and CQG-MBQA, LDIR sacrifices some inter-
pretability (as the overall semantic relatedness is
less direct and explicit than responses to questions)
but achieves better performance, comparable to em-
beddings like SimCSE (see experimental results in
Section 4.2). In Section 5.3, we further discuss
how to obtain fine-grained relatedness to enhance
the interpretability of our approach.

4 Experiments

4.1 Settings
Corpus. We use the same texts resource MEDI21

and pre-processing steps (merging and filtering)
by Sun et al. (2025), which results in a final corpus
of approximately 6.8 million sentences for task-
agnostic anchor texts extraction.
Tasks and Datasets. For semantic textual simi-
larity (STS) tasks, we evaluate on SemEval STS

1https://huggingface.co/datasets/GritLM/MEDI2
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Model Dim. Type
Spearman Correlation (STS)

STS12 STS13 STS14 STS15 STS16 STS-B SICK-R Avg.

(Black-Box Embeddings)
BERTbase (Devlin et al., 2019) 768 Dense 38.78 57.98 57.98 63.15 61.06 46.35 58.40 54.81
GloVe (Pennington et al., 2014) 300 Dense 54.64 69.16 60.81 72.31 65.34 61.54 55.43 62.74
USE (Cer et al., 2018) 512 Dense 64.49 67.80 64.61 76.83 73.18 74.92 76.69 71.22
LLM2Vec (BehnamGhader et al., 2024) 4,096 Dense 61.60 79.71 72.11 82.18 79.41 77.44 72.16 74.94
SimCSEunsup (Gao et al., 2021) 768 Dense 66.05 81.49 73.61 79.72 78.12 76.52 72.24 75.39
SBERTori (Reimers and Gurevych, 2019) 768 Dense 74.53 77.00 73.18 81.85 76.82 79.10 74.29 76.68
SimCSEsup (Gao et al., 2021) 768 Dense 75.30 84.67 80.19 85.40 80.82 84.25 68.38 79.86
WhitenedCSE (Zhuo et al., 2023) 768 Dense 74.65 85.79 77.49 84.71 80.33 81.48 75.34 79.97
SBERTnew (Reimers and Gurevych, 2019) 768 Dense 73.08 82.13 76.73 85.58 80.23 83.09 79.32 80.02
text-embedding-ada-002 (OpenAI, 2022) 1,536 Dense 72.84 86.10 81.15 88.49 85.08 83.56 79.00 82.31
ModernBERTemb (Warner et al., 2024) 1,024 Dense 80.67 87.87 83.80 88.59 86.82 87.40 80.31 85.07
AngIE (Li and Li, 2024) 1,024 Dense 79.09 89.62 85.02 89.51 86.61 89.06 82.62 85.93

(Interpretable Embeddings)
Bag-of-Words (with BERT vocabulary) 28,996 Sparse 44.75 52.06 54.78 68.65 60.59 54.85 57.87 56.22
QAEmb-MBQA (Benara et al., 2024) 10,654 0/1 Emb. 59.40 63.19 57.68 69.29 63.18 71.33 72.33 65.20
CQG-MBQA (Sun et al., 2025) 9,614 0/1 Emb. 69.21 80.19 73.91 80.66 78.30 82.69 78.21 77.60
LDIR (with SBERTnew) 200 Dense 74.44 77.73 73.58 81.93 77.98 80.82 78.42 77.84
LDIR (with SBERTnew) 500 Dense 72.51 79.92 74.93 82.93 78.44 81.88 79.34 78.55
LDIR (with ModernBERTemb) 200 Dense 72.99 79.63 75.09 82.52 79.93 82.61 78.43 78.74
LDIR (with ModernBERTemb) 500 Dense 72.30 81.97 75.48 82.86 79.88 83.22 80.72 79.49
LDIR (with AngIE) 200 Dense 79.28 82.16 80.96 84.64 83.68 85.32 77.92 81.99
LDIR (with AngIE) 500 Dense 78.85 84.35 80.93 84.79 83.61 86.31 80.85 82.82

Table 3: Comparison between baselines and LDIR on semantic textual similarity (STS) tasks. Among the inter-
pretable embeddings, the best results in each column are in bold, and the second-best results are underlined.

tasks 2012-2016 (Agirre et al., 2012, 2013, 2014,
2015, 2016), STS Benchmark (Cer et al., 2017),
and SICK-Relatedness (Marelli et al., 2014).

For retrieval tasks, we use 1% of the samples
from the MS MARCO (Bajaj et al., 2016) devel-
opment set, ArguAna (Wachsmuth et al., 2018),
FiQA-2018 (FQA; Maia et al., 2018), NFCorpus
(NFC; Boteva et al., 2016), SCIDocs (Cohan et al.,
2020), and SciFact (Wadden et al., 2020).

For clustering tasks, we use TwentyNewsgroups
(TNG), StackExchange (SE-P2P), Biorxiv (BR-
P2P, BR-S2S), Medrxiv (MR-P2P, MR-S2S), and
Reddit (RD-P2P) from massive text embedding
benchmark (MTEB; Muennighoff et al., 2023).
Baselines. We use the baselines in Sun et al.
(2025), including GloVe (Pennington et al., 2014),
USE (Cer et al., 2018), BERT (Devlin et al.,
2019), SBERT (Reimers and Gurevych, 2019),
SimCSE (Gao et al., 2021), API-based text-
embedding-ada-002 (OpenAI, 2022), Whitened-
CSE (Zhuo et al., 2023), AngIE (Li and Li,
2024), Bag-of-Words, BM25 (Robertson et al.,
2009), QAEmb-MBQA (Benara et al., 2024). We
also use LLM2Vec (BehnamGhader et al., 2024),
ModernBERT (Warner et al., 2024), and CQG-
MBQA (Sun et al., 2025) as additional baselines.
Evaluations. We use the official evaluation suite
of BEIR (Thakur et al., 2021) for MS MARCO
and MTEB (Muennighoff et al., 2023) for other

datasets. Spearman correlation, nDCG@10, and
V-measure metrics are used as metrics for STS,
retrieval, and clustering tasks, respectively.

4.2 Main Results

We apply different encoders ENC in Eq. 5 and sam-
ple different number of anchor texts (n = 200 and
n = 500) for comparison.
Semantic Textual Similarity. The results are
shown in Table 3. LDIR demonstrates significant
performance improvements among interpretable
text embedding models while achieving compet-
itive results compared to state-of-the-art black-
box models. For example, LDIR outperforms the
best interpretable embeddings CQG-MBQA (82.82
vs. 77.60), and also surpasses black-box models
including SBERTnew (80.02) and OpenAI’s text-
embedding-ada-002 (82.31).

Comparing different dimensional settings, the
500-dimensional embeddings perform slightly bet-
ter than the 200-dimensional ones. Among differ-
ent backbone encoder models, AngIE gives the best
results, while SBERT performs the worst, reflecting
their differences in semantic encoding capabilities.
Retrieval. The results are shown in Table 4. LDIR
achieves a nDCG@10 score of 46.68 with AngIE
encoder and 500 dimensions, outperforming the
traditional retrieval algorithm BM25 (43.23) and
significantly outperforms the interpretable embed-
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Model Dim. Type
nDCG@10 (Retrieval)

MS MARCO ArguAna FQA NFC SCIDocs SciFact Avg.

(Black-Box Embeddings)
BERTbase (Devlin et al., 2019) 768 Dense 16.86 28.29 2.19 4.30 2.82 13.34 11.30
SimCSEunsup (Gao et al., 2021) 768 Dense 44.63 38.34 9.84 9.88 5.50 25.72 22.32
GloVe (Pennington et al., 2014) 300 Dense 44.27 36.30 10.09 13.87 8.04 29.58 23.69
SimCSEsup (Gao et al., 2021) 768 Dense 47.86 39.33 10.41 12.42 7.53 29.59 24.52
LLM2Vec (BehnamGhader et al., 2024) 4,096 Dense 63.48 51.73 28.56 26.29 10.39 66.36 41.14
SBERTnew (Reimers and Gurevych, 2019) 768 Dense 88.74 47.13 37.27 32.25 21.82 62.64 48.31
ModernBERTemb (Warner et al., 2024) 1,024 Dense 87.39 46.56 45.18 33.99 21.40 69.98 50.75
AngIE (Li and Li, 2024) 1,024 Dense 90.43 66.15 44.84 38.65 22.98 74.07 56.19
text-embedding-ada-002 (OpenAI, 2022) 1,536 Dense 92.18 58.05 55.00 42.07 23.11 77.77 58.03

(Interpretable Embeddings)
Bag-of-Words (with BERT vocabulary) 28,996 Sparse 29.79 34.25 3.99 21.51 6.79 47.36 23.95
BM25 (Robertson et al., 2009) †N/A Sparse 68.42 49.28 25.14 32.08 15.78 68.70 43.23
QAEmb-MBQA (Benara et al., 2024) 10,654 0/1 Emb. 40.51 34.75 8.23 3.87 3.74 12.01 17.19
CQG-MBQA (Sun et al., 2025) 9,614 0/1 Emb. 62.21 47.75 18.63 9.74 8.67 32.80 29.97
LDIR (with ModernBERTemb) 200 Dense 57.65 33.62 21.06 16.05 11.27 49.59 31.54
LDIR (with ModernBERTemb) 500 Dense 64.75 37.91 26.34 18.06 13.87 52.13 35.84
LDIR (with SBERTnew) 200 Dense 78.24 42.25 25.94 25.35 18.34 55.42 40.92
LDIR (with SBERTnew) 500 Dense 82.01 44.89 30.52 26.06 19.74 56.25 43.24
LDIR (with AngIE) 200 Dense 83.11 57.11 30.86 27.06 15.44 59.85 45.57
LDIR (with AngIE) 500 Dense 82.00 60.10 33.34 24.67 17.72 62.26 46.68

Table 4: Comparison between baselines and LDIR on retrieval tasks. †: BM25 is a lexical retrieval algorithm and
does not generate fixed-dimensional vectors.

Model Dim. Type
V-Measure (Clustering)

TNG SE-P2P BR-P2P BR-S2S MR-P2P MR-S2S RD-P2P Avg.

(Black-Box Embeddings)
SimCSEunsup (Gao et al., 2021) 768 Dense 23.21 28.50 24.90 19.55 23.60 21.97 45.14 26.70
GloVe (Pennington et al., 2014) 300 Dense 25.83 28.51 29.27 19.18 26.12 20.38 35.82 26.44
BERTbase (Devlin et al., 2019) 768 Dense 23.35 26.55 30.12 24.77 26.09 23.60 43.32 28.26
SimCSEsup (Gao et al., 2021) 768 Dense 34.86 29.45 30.15 24.67 26.25 24.12 47.74 31.03
LLM2Vec (BehnamGhader et al., 2024) 4,096 Dense 32.02 36.36 38.39 31.31 31.47 27.87 61.67 37.01
SBERTnew (Reimers and Gurevych, 2019) 768 Dense 47.47 33.13 36.99 33.21 34.25 32.24 54.80 38.87
ModernBERTemb (Warner et al., 2024) 1,024 Dense 51.26 34.73 39.47 34.67 34.40 31.63 64.68 41.55
AngIE (Li and Li, 2024) 1,024 Dense 51.72 36.72 39.38 37.23 33.22 31.18 65.35 42.11
text-embedding-ada-002 (OpenAI, 2022) 1,536 Dense 58.14 36.88 38.03 36.53 32.70 31.27 67.96 43.07

(Interpretable Embeddings)
Bag-of-Words (with BERT vocabulary) 28,996 Sparse 8.52 17.64 4.70 3.32 11.39 13.05 15.67 10.61
QAEmb-MBQA (Benara et al., 2024) 10,654 0/1 Emb. 36.72 25.68 24.66 21.16 25.53 22.85 46.57 29.02
CQG-MBQA (Sun et al., 2025) 9,614 0/1 Emb. 40.00 28.22 34.88 31.13 31.02 28.71 54.40 35.48
LDIR (with ModernBERTemb) 200 Dense 29.72 37.03 25.93 21.06 31.12 27.65 52.65 32.17
LDIR (with ModernBERTemb) 500 Dense 30.18 37.36 28.40 23.53 32.42 29.27 52.77 33.42
LDIR (with AngIE) 200 Dense 36.93 40.60 34.27 31.61 33.62 32.84 58.88 38.39
LDIR (with AngIE) 500 Dense 37.63 38.82 34.82 33.05 34.79 33.63 57.92 38.67
LDIR (with SBERTnew) 200 Dense 36.72 39.44 35.81 30.81 36.20 33.98 52.60 37.94
LDIR (with SBERTnew) 500 Dense 40.43 37.86 38.07 33.32 37.63 35.63 52.54 39.36

Table 5: Comparison between baselines and LDIR on clustering tasks.

dings baseline CQG-MBQA (29.97). This shows
that, although the relatedness scores are computed
through general and symmetric semantic similarity,
LDIR can still encode the unsymmetrical features
of relationship between the query and the document
in retrieval tasks.

We also notice that the traditional sparse rep-
resentation method BM25 performs well in some
tasks, such as achieving nDCG@10 results of 32.08
and 68.70 on NFC and SciFact, respectively. This
indicates that embeddings based on sparse repre-
sentation are still useful in some specific retrieval
scenarios and have better interpretability. Never-

theless, our best averaged results are still slightly
better than BM25 algorithm.
Clustering. The results are shown in Table 5. Dif-
ferent from STS and retrieval tasks, LDIR with
SBERTnew encoder gives the best results (39.36),
outperforming the CQG-MBQA baseline (35.48)
by 10.9%. It also achieve comparable results to
the embeddings by the backbone model SBERTnew
(38.87) and ModernBERT (41.55), validating the
superior representation compactness of LDIR in
unsupervised clustering. For ModernBERT and
AngIE, the performance of LDIR with these en-
coders decrease, which may due to the trans-
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Model Dim. Type Perf.
Cognitive Load ↓

STS12 STS13 STS14 STS15 STS16 STS-B SICK-R Avg.

Bag-of-Words (with BERT vocabulary) 28,996 Sparse 56.22 8 4 6 5 8 7 6 6
QAEmb-MBQA (Benara et al., 2024) 10,654 0/1 Emb. 65.20 1,626 1,571 1,625 1,443 1,577 1,408 1,018 1,467
CQG-MBQA (Sun et al., 2025) 9,614 0/1 Emb. 77.60 481 439 458 426 478 446 413 449
CQG-MBQA (Sun et al., 2025) †1,000 0/1 Emb. 75.24 48 44 43 41 44 42 37 43

LDIR (with AngIE, binarization) 500 0/1 Emb. 75.87 15 13 14 12 14 13 14 14
LDIR (with AngIE, binarization) 200 0/1 Emb. 71.34 6 5 5 4 5 5 5 5

LDIR (with AngIE, no binarization) 500 Dense 82.82 50 52 48 47 51 43 38 47
LDIR (with AngIE, no binarization) 200 Dense 81.99 15 16 15 14 15 13 12 14

Table 6: Evaluation on cognitive load using STS tasks. †: The corresponding performance and cognitive load with
1000 dimensional embeddings are not provided and we estimate them from the curves in Sun et al. (2025).

formation of relative representations in the low-
dimensional space leads to a weakening of cluster-
ing characteristics for the high-dimensional repre-
sentation space of these two embeddings.

4.3 Evaluation on Cognitive Load
We follow Sun et al. (2025) by using the “cognitive
load” for measuring the interpretability. Formally,
cognitive load is defined as the inner product of
two binary embedding vectors µ and υ:

cognitive load = ⟨µ, υ⟩ =
m∑

i=1

µiυi, (7)

where a smaller cognitive load indicates stronger
model interpretability, which means we only need
to focus on fewer but more representative anchors
to understand the text representation. This metric
is originally used for binary embeddings and we
transfer LDIR to binary embeddings by setting top-
k (k = 25 according to the average) high values as
1 and the other values in different dimensions as 0.

The results are shown in Table 6. Firstly, bag-of-
words gives a very cognitive load with 6, showing
the highest interpretability. CQG-MBQA exhibits a
cognitive load of 449 with 9000 dimensions, which
reduces to 43 with 1000 dimensions, with a sac-
rifice of overall performance. Our LDIR with di-
mensions of 500 and 200, giving cognitive load
values of 14 and 5 after binarization, respectively,
showing a favorable performance (71.34∼75.87)
while maintaining a low cognitive load.

For LDIR without binarization, we find that it
gives 47 and 14 cognitive load directly through
Eq. 7, although this metric is not applicable to non-
binary embeddings. Nevertheless, how to define
the “interpretability” for text embeddings and de-
sign more suitable metrics that reflects interpretabil-
ity for dense text embeddings still remains a valu-
able and open question.

(a) Anchor Texts Sampling Methods (b) Length of Anchor Texts

Figure 3: Comparison of different anchor texts sampling
methods (a) and different settings of anchor texts length
(b). The horizontal axis represents the different number
(20∼800) of different anchor texts.

5 Analyses and Discussions

In our main experiments, we remove the long texts
in corpus and use FPS to extract the anchor texts.
We analysis the impact of sampling methods (Sec-
tion 5.1) and the length of anchor texts (Section 5.2)
below. Then we discuss how to obtain a more inter-
pretable dense embeddings with the calculation of
fine-grained relatedness (Section 5.3), compare dif-
ferent metrics on relatedness (Section 5.4). Finally,
we show a case study (Section 5.5) and discuss the
usage of relative representation based embeddings
(Section 5.6).

5.1 Anchor Texts Sampling Methods
We compare three anchor texts sampling methods:
FPS, uniform sampling, and K-Means . The re-
sults are shown in Figure 3(a). The trends of the
three methods across different numbers of anchors
were similar in general. FPS generally performed
the best, with its performance converging with uni-
form sampling at 800 dimensions, while K-Means
performed relatively poorly. The advantage of
FPS in the low-dimensional range stems from its
maximum diversity sampling strategy. The con-
vergence of uniform sampling with FPS at 800
dimensions may be related to the properties of
high-dimensional spaces when the dimensionality
is sufficiently high, random uniform sampling can
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Figure 4: Comparison between the calculation of gen-
eral (top) and fine-grained (bottom) relatedness scores.

Model STS12 STS13 STS14 Avg.

Bag-of-Words (with BERT vocabulary) 44.75 52.06 54.78 50.53
QAEmb-MBQA (Benara et al., 2024) 59.40 63.19 57.68 60.09
CQG-MBQA (Sun et al., 2025) 69.21 80.19 73.91 74.44
LDIR (with fine-grained relatedness) 57.88 67.33 58.96 61.39

Table 7: The results of LDIR using the concatenated 800
dimensional embeddings with fine-grained relatedness.

approximately cover the boundary regions of the
semantic space. Notably, the K-Means method,
constrained by the high similarity of cluster cen-
ters, resulted in insufficient semantic diversity in
the anchor set compared to the other two methods,
leading to suboptimal performance.

5.2 The Impact of Length of Anchor Texts

We investigate the impact of different length of an-
chor texts, including short (less than 20 tokens),
medium (20∼100 tokens), and long (longer than
100 tokens) texts. The results are shown in Fig-
ure 3(b). We observe that for different settings of
length, the performance improved rapidly using
less than 200 anchor texts, after which the improve-
ment is largely limited. The performance gap be-
tween short texts and medium texts narrowed and
almost converged with 240 or more anchor texts,
with both significantly outperforming long texts.
We hypothesize that this may be attributable to the
more intricate semantics and the potential inclusion
of greater noise within longer texts in the corpus.

5.3 Fine-grained Relatedness Calculation

In Eq. 5, the relatedness score is rather general,
which reflects the overall semantic correlation be-
tween anchor text aj and text t. We further propose
calculate more fine-grained relatedness score by ap-
plying different encoders tuned on different tasks,
as shown in Figure 4 (bottom).

Metrics/Distance Type STS Results in Avg.

Edit Distance surface-based 17.99
Jaccard surface-based 22.34

Sokalsneath vector-based & binary 79.04
Jaccard vector-based & binary 79.49
Hamming vector-based & binary 80.00
Dice vector-based & binary 80.07

Chebyshev vector-based & dense 79.33
Euclidean vector-based & dense 80.76
Manhattan vector-based & dense 81.19
Cosine (this work) vector-based & dense 82.82

Table 8: The results of LDIR using different surface-
based and vector-based metrics.

We use tasks in the general language understand-
ing evaluation (GLUE; Wang et al., 2019) bench-
mark, which tests the text understanding ability
from different perspectives. In particular, we select
CoLA, STS-B, SST-2, and QNLI subtasks such
that the fine-tuned models can encode syntactic, se-
mantic, sentiment, and natural language inference
features in fine-grained levels. Different models
are fine-tuned on the training data and serve as en-
coders for calculating relatedness. The relatedness
scores via 200 anchor texts are concatenated as a
final 800-dimensional dense embeddings.

The results on STS12, STS13, and STS14 are
shown in Table 7. We find that LDIR with fine-
grained relatedness still outperforms the QAEmb-
MBQA baseline (61.39 vs. 60.09). However, its
overall performance decreases in STS tasks, under-
performing the CQG-MBQA baseline (61.39 vs.
74.44). This show that, although the fine-grained
relatedness scores have improved interpretability,
their overall performance will not be enhanced in
general semantic similarity tasks, which also re-
flects the trade-off between performance and inter-
pretability, as discussed in Table 2.

5.4 Surface-based and Vector-based Metrics

We further try surface-based metrics as well as
other various vector-based metrics for calculating
the relatedness, and the results for 500 dimensional
embeddings are shown in Table 8. We find that
surface-based distances cannot effectively repre-
sent semantic relationships, where the results are
very poor. On the other hand, other vector-based
distance (even when applied to LDIR after bina-
rization) consistently show close results, despite
differences in distances calculation against the co-
sine distances in downstream tasks.
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Anchor Text #1:
A novel, high-performing architecture for end-to-end named entity recognition and
relation extraction that is fast to train.

Anchor Text #2:
Predicting affective states expressed through an emote-aloud procedure from auto-
tutor’s mixed-initiative dialogue.

Anchor Text #3:
Planar High-Gain Dielectric-Loaded Antipodal Linearly Tapered Slot Antenna for
E- and W -Band Gigabyte Point-to-Point Wireless Services

Anchor Text #4:
Design of a Monopulse Antenna Using a Dual V-Type Linearly Tapered Slot Ant-
enna (DVLTSA).

Texts (↓) and LDIR Embeddings (→) Dim #1 Dim #2 Dim #3 Dim #4

Text A:
Morphological Embeddings for Named Entity

0.7554 0.5312 0.3801 0.3607
Recognition in Morphologically Rich Languages.

Text B:
Design Approach to a Novel Dual-Mode Wide-

0.3941 0.3373 0.6874 0.6561
band Circular Sector Patch Antenna.

Table 9: LDIR embeddings of text A and text B. We
only show values on four dimensions for brevity.

5.5 Case Study

Table 9 shows a case of four-dimensional LDIR
embeddings of two title texts from SCIDocs. Text
A has the highest relevance to anchor text 1, while
text B is more related to anchor texts 3 and 4, re-
sulting in the difference in their LDIR embeddings.

5.6 The Usage of Relative Representation

Our approach is based on transforming relative
representations using an existing backbone model,
where we consider its potential applications here
briefly. For instance, some studies have shown
that it is possible to recover original training data
or sensitive information from embeddings them-
selves (Morris et al., 2023; Li et al., 2023; Huang
et al., 2024). Therefore, directly exposing embed-
ding interfaces may lead to data privacy or leakage
issues. Consider a scenario where an embedding
provider (such as text-embedding-Ada series by
OpenAI) does not want directly provide users with
high-dimensional raw embeddings outputs. Instead,
they could offer low-dimensional relative represen-
tation vectors based on anchor text (which can be
provided by the provider or defined by the user).
This approach 1) can help avoid some data privacy
or leakage concerns; 2) performs well in certain
downstream applications; 3) allows for obtaining
more text representations with the same storage
and computational cost with low-dimensionality;
4) provides interpretability and reliability with the
flexibility of anchor text.

6 Conclusion

We propose LDIR, a low-dimensional dense and
interpretable text embeddings with relative repre-
sentations. The numerical values in LDIR repre-
sent the correlation between the text and the anchor
texts automatically obtained through farthest point
sampling, which improves the expressiveness at

a low cost compared with QA-based 0/1 embed-
dings. Across multiple tasks and datasets, LDIR
demonstrates better semantic expressiveness com-
pared to multiple interpretable embedding base-
lines. We also discuss the need for more suitable
interpretability metrics and how to further enhance
the interpretability of LDIR, which can serve as
our future work for interpretable text embeddings.

Limitations

Interpretable text embeddings is a relatively new
research topic and the baselines of interpretable
text embeddings we used is limited. Also, as we
mentioned, there is still room for improvement in
the interpretability of our embeddings. Accord-
ing to our approach, the anchor texts are sampled
from the entire corpus, and we can further optimize
these anchor texts for different downstream tasks
for better task-related expressiveness. Additionally,
the human evaluation and application scenarios of
interpretable text embeddings can be further ex-
plored, which is also crucial for explainable AI.
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Model Checkpoint

BERT https://huggingface.co/google-bert/bert-base-uncased
GloVe https://huggingface.co/sentence-transformers/average_word_embeddings_glove.6B.300d
SimCSEunsup https://huggingface.co/princeton-nlp/sup-simcse-bert-base-uncased
SimCSEsup https://huggingface.co/princeton-nlp/unsup-simcse-bert-base-uncased
WhitenedCSE https://huggingface.co/SupstarZh/whitenedcse-bert-base
SBERTori https://huggingface.co/sentence-transformers/all-mpnet-base-v1
SBERTnew https://huggingface.co/sentence-transformers/all-mpnet-base-v2
ModernBERTemb https://huggingface.co/lightonai/modernbert-embed-large
text-embedding-ada-002 https://openai.com/index/new-and-improved-embedding-model/
AngIE https://huggingface.co/WhereIsAI/UAE-Large-V1
LLM2Vec https://huggingface.co/McGill-NLP/LLM2Vec-Meta-Llama-3-8B-Instruct-mntp-unsup-simcse
BM25 https://github.com/xhluca/bm25s

Table 10: Checkpoints of baseline models we used in experiments.
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