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Abstract

We disentangle multilingual sentence embed-
dings into language-dependent and language-
agnostic components, leveraging the latter to
improve cross-lingual similarity estimation.
Previous studies focused on encoder-based ap-
proaches that use only the input sentence; in
contrast, this study examines the effective-
ness of disentanglement methods across a
broader range of sentence embeddings, includ-
ing decoder-based approaches and those that uti-
lize prompts. Experimental results demonstrate
that embedding disentanglement is effective for
a wide variety of sentence embeddings.

1 Introduction

Multilingual sentence embeddings (Feng et al.,
2022; Wang et al., 2024; Zhang et al., 2025;
Babakhin et al., 2025) are widely used as a foun-
dational technique for cross-lingual similarity esti-
mation (Cer et al., 2017; Specia et al., 2020). How-
ever, previous studies have reported the issue of
language specificity, where embeddings are influ-
enced by language-specific information and tend to
form language-specific subspaces (Libovicky et al.,
2020; Tiyajamorn et al., 2021). To address this prob-
lem, prior work (Tiyajamorn et al., 2021; Kuroda
et al., 2022; Ki et al., 2024; Fukushima et al., 2025)
proposed disentangling sentence embeddings into
two components: language-specific information
(hereafter, language embeddings) and language-
independent information (hereafter, meaning em-
beddings), showing that using the latter improves
cross-lingual task performance.

Existing disentanglement methods have proven
effective for Transformer encoder-based ap-
proaches (Devlin et al., 2019; Conneau et al.,
2020; Feng et al., 2022; Wang et al., 2024). How-
ever, their effectiveness for recently introduced,
high-performing decoder-based and prompt-based
embedding methods (Llama Team, 2024; Qwen
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Figure 1: Overview of meaning embedding derivation.
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Team, 2025; Jiang et al., 2022, 2024; Zhang et al.,
2025; Babakhin et al., 2025; Enevoldsen et al.,
2025) remains largely underexplored. While a
concurrent study has analyzed disentanglement
from the perspective of loss functions (Nonomura
et al., 2026), a comprehensive evaluation across
diverse architectures and extraction methods is still
lacking.

As illustrated in Figure 1, this study systematizes
the derivation of meaning embeddings across four
dimensions: language model architectures, embed-
ding model fine-tuning, sentence embedding extrac-
tion, and disentanglement methods. We comprehen-
sively evaluate the effectiveness of disentanglement
methods on such systematically organized diverse
sentence embeddings.

Experimental results on the machine translation
Quality Estimation (QE) task from WMT20 (Spe-
cia et al., 2020) show that disentanglement methods
consistently improve performance across diverse
sentence embeddings. Furthermore, through geo-
metric analysis of embedding spaces, we demon-
strate that the fine-tuning of embedding models is
a key factor affecting the degree of performance
improvement obtained through disentanglement.
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2 Taxonomy of Meaning Embeddings

In this section, we systematize meaning embedding
derivation across four dimensions: language model
architecture, embedding model fine-tuning, extrac-
tion methods, and disentanglement methods.

2.1 Language Model Architectures

Current Transformer-based language models
are broadly categorized into encoder-based and
decoder-based models.  While encoder-based
models (Devlin et al., 2019; Conneau et al., 2020)
are pretrained to produce contextualized word
embeddings for language understanding and
decoder-based models (Llama Team, 2024; Qwen
Team, 2025) generate the next token for language
generation, both serve as highly transferable
foundational models for various tasks.

2.2 Embedding Model Fine-Tuning

Pretrained language models (Devlin et al., 2019;
Conneau et al., 2020; Llama Team, 2024; Qwen
Team, 2025) are strongly affected by anisotropy, an
uneven distribution of embeddings that degrades
downstream performance (Gao et al., 2019; Liet al.,
2020; Gao et al., 2021). To mitigate this, con-
trastive learning has become a standard training
approach (Reimers and Gurevych, 2019; Gao et al.,
2021), and recently decoder-based models (Zhang
et al., 2025; Babakhin et al., 2025) have achieved
strong benchmark performance alongside tradi-
tional encoder-based models (Feng et al., 2022;
Wang et al., 2024; Enevoldsen et al., 2025).

2.3 Sentence Embedding Extraction

Traditional sentence embeddings (Feng et al., 2022;
Wang et al., 2024) use only the input sentence with
mean pooling or the CLS token. In contrast, re-
cent methods generate task-specific embeddings
by switching prompts depending on the target ap-
plication during the training of embedding mod-
els (Zhang et al., 2025; Babakhin et al., 2025). Fur-
thermore, PromptBERT (Jiang et al., 2022) and
PromptEOL (Jiang et al., 2024) demonstrated that
prompt utilization alone can improve performance,
even without fine-tuning the embedding model.

2.4 Disentanglement Methods

Ideally, multilingual sentence embeddings should
map sentences with similar meanings across dif-
ferent languages to nearby vectors. However, they
often suffer from the language specificity problem,

where embeddings cluster by language (Tiyajamorn
etal.,2021). To address this, previous studies disen-
tangle an original sentence embedding e € R into
a meaning embedding e(™) and a language embed-
ding e, demonstrating that utilizing the former im-
proves cross-lingual task performance (Tiyajamorn
et al., 2021; Kuroda et al., 2022; Ki et al., 2024;
Fukushima et al., 2025).

To formulate the objectives of these methods, let
(x4, yi) denote the i-th pair of parallel sentences
in languages X and Y within a batch, and let j
denote a different index representing non-parallel
sentences in the same batch. We describe four rep-
resentative disentanglement methods below:

DREAM (Tiyajamorn et al., 2021): DREAM
extracts meaning and language embeddings via two
multi-layer perceptrons: e(™ = MLP v (e) and
el) = MLPy (e). It relies on a meaning 10ss Liean
to align parallel sentences (z;, y;) and push apart
non-parallel ones:

zi 0 Sy
+ max (0, cos (eg_”), eé’}”))

+ max (O, cos (egﬁ), eé@)) .

Lyean = 1 — cos (e(m)7 e(m))

It also utilizes a language 10ss Ljayg to maximize

similarity between same-language sentences:
Ligng = 2 — cos (eg}, e%)) — Cos (eéli), egj))

In addition, DREAM employs an identification loss

Ljq4 that trains an auxiliary classifier to predict the
language from e(!).

MEAT (Kuroda et al., 2022): MEAT extends
DREAM with an adversarial discriminator to elim-
inate language identifiability from e(") by driving
its predicted language distribution toward a uniform
distribution. Furthermore, MEAT replaces MSE in
the reconstruction loss with cosine similarity and
introduces a cross-reconstruction 10ss L;oss. This
ensures meaning and language embeddings are in-
terchangeable across parallel sentences:

Lyecon = 2 — cos (ez“ eg(g‘) + egf})
— cos (eym egin) + e?(jl))
Lcross =2 —cos (exi’ ez(,”:"b) + egi))

— cos (eyi, egz_l) + e?(ji)) .
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Language Pair  Training Pairs

en—de, en—zh 1,000k
ro—en, et—en 200k
ne—en, si—en 50k

Table 1: Training data size per language pair.

ORACLE (Ki et al.,2024): To mitigate semantic
leakage in frameworks like DREAM and MEAT,
ORACLE introduces an auxiliary objective that ex-
plicitly enforces orthogonality between meaning
and language embeddings.

SEED (Fukushima et al., 2025): To prevent in-
formation loss caused by using multiple MLPs,
SEED uses a single MLP for meaning and defines
the language representation strictly as the residual:
e™ = MLP(e), el) = e — el™). Alongside
Lean, Liang, and a separation loss Lgep, SEED ex-
pands L to reconstruct embeddings swapped be-
tween both parallel and same-language sentences:

LCrOss =4 — cos (ex“ e(y:n) + e:(vli))

— cos (eyw el + egi))

— cos (exi, egj’?) + e%})
(m) 4 e(l_)) .

— Cos (eyi, ey %

3 Evaluation on the WMT20 QE Task

We evaluate the effectiveness of disentanglement
methods (Tiyajamorn et al., 2021; Kuroda et al.,
2022; Fukushima et al., 2025) across diverse sen-
tence embeddings using the WMT20 QE task (Spe-
cia et al., 2020). We address this task, which esti-
mates translation quality without references, under
an unsupervised setting since only parallel corpora
are used for training.! QE is adopted in this study
because it strongly preserves semantic consistency
between source and translated sentence pairs, mak-
ing it a suitable task for evaluating the disentangle-
ment of meaning and language.

3.1 Experimental Setup

Dataset The WMT20 QE task provides 1,000
evaluation sentence pairs annotated with human
quality scores across six language pairs.” The eval-

'In supervised settings, models are trained with source
sentences, target sentences, and human scores, but our unsu-
pervised setting does not use human scores during training.

https://github.com/facebookresearch/mlge
English—-German, English—Chinese, Romanian—English,
Estonian—English, Nepali—English, and Sinhala—English.

Model Dimensions (d)

mBERT 768

LaBSE 768

XLM-R 1024
mES5 1024
Llama3.1 4096
Llama-Emb. 4096
Qwen3 4096
Qwen-Emb. 4096

Table 2: Model embedding dimensions.

uated machine translation systems are Transformer
models (Vaswani et al., 2017; Ott et al., 2019). For
training the disentanglement models, we used a sub-
set of the available parallel corpora.’ We detail the
exact dataset sizes per language pair in Table 1.

Models We pair pretrained language models
with their fine-tuned embedding counterparts.
For encoder-based models, we use mBERT-
base* (Devlin et al., 2019) with LaBSE> (Feng
et al., 2022), and XLM—R—large6 (Conneau et al.,
2020) with mES5-large’ (Wang et al.,, 2024).
For decoder-based models, we use Llama3.1-
8B® (Llama Team, 2024) with Llama-Embed-
Nemotron-8B? (Babakhin et al., 2025), and Qwen3-
8B!Y (Qwen Team, 2025) with Qwen3-Embedding-
8B!! (Zhang et al., 2025). For disentanglement,
we train a single-layer MLP while keeping the em-
bedding models frozen. Dimensionality details are
provided in Table 2.

Methods for Obtaining Sentence Embeddings
We compare settings with and without prompts. For
the encoder-based embedding models, LaBSE and
mES5, when prompts are not used, the [CLS] to-
ken and mean pooling are used as the sentence
embeddings, respectively. For the corresponding
language models, mBERT and XIL.M-R, sentence

*Randomly sampled from http://www.statmt.org/
wmt20/quality-estimation-task.html in quantities
comparable to prior work (Kuroda et al., 2022).

*https://huggingface.co/google-bert/
bert-base-multilingual-cased

https://huggingface.co/
sentence-transformers/LaBSE

*https://huggingface.co/FacebookAI/
xlm-roberta-large

"https://huggingface.co/intfloat/
multilingual-e5-large

*https://huggingface.co/meta-1lama/Llama-3.
1-8B

*https://huggingface.co/nvidia/
llama-embed-nemotron-8b

Yhttps://huggingface.co/Qwen/Qwen3-8B

"https://huggingface.co/Qwen/
Qwen3-Embedding-8B
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Encoder-based Decoder-based

Embedding model ~ Sentence embedding ... glement
training method mBERT XLM-R Llama3.1 Qwen3
Baseline 0.107 0.091 0.013 0.010
Input onl DREAM 0.345 0.384 0.311 0.230
put ony MEAT 0.184 0217 0.252 0.150
SEED 0.331 0.372 0.204 0.226
w/o training Baseline 0.138 0.165 0.271 0.156
Prompt DREAM 0.306 0.389 0.413 0.331
P MEAT 0.164 0.173 0.393 0.337
SEED 0.296 0.372 0.414 0.412
LaBSE mES Llama-Emb. Qwen-Emb.
Baseline 0.396 0.407 - -
Input onl DREAM 0.458 0.494 - -
put ony MEAT 0.491 0.489 - -
w/ training SEED 0.482 0.496 - -
Baseline - - 0.524 0.456
Prompt DREAM - - 0.488 0.369
P MEAT - - 0.531 0.459
SEED - - 0.527 0.478

Table 3: Pearson correlation with human evaluation scores in the WMT20 QE task (average over six language pairs).

embeddings are obtained using the same methods
as their corresponding embedding models. When
prompts are used, we follow the method of Prompt-
BERT (Jiang et al., 2022).'? For the decoder-based
embedding models, Llama-Embed-Nemotron-8B
and Qwen3-Embedding-8B, prompts are incorpo-
rated into the model input,’? and mean pooling
and the [E0S] token are used as sentence embed-
dings, respectively (Babakhin et al., 2025). For the
corresponding language models, Llama3.1-8B and
Qwen3-8B, we adopt the same sentence embedding
settings as those used for their embedding model
counterparts. When prompts are used, we follow
the PromptEOL (Jiang et al., 2024).'4

Disentanglement Methods We apply three disen-
tanglement methods (DREAM, MEAT, and SEED)
and compare their performance against a baseline
using original sentence embeddings without disen-
tanglement.

Hyperparameters Training is conducted using
HuggingFace Transformers (Wolf et al., 2020),
with a batch size of 512 and the Adam opti-
mizer (Kingma and Ba, 2015). The learning rate is

2We use the prompt “This sentence : "[X]" means
[MASK] .” and extract the embedding of the final-layer hidden
state at the position of the [MASK] token. Here, [X] denotes a
placeholder for the input sentence.

BWe use the instruction “Retrieve semantically
similar text” for the STS task.

“We input “This sentence : "[X]" means in one
word:"” and use the embedding of the final-layer hidden state
at the position of the closing quotation mark at the end of the
sentence.

set to 1e — 4 for DREAM and SEED, and 1e — 5
for MEAT. For validation, 10% of the training data
is randomly sampled. Training is terminated if the
validation loss does not improve for three epochs.

3.2 Experimental Results

As shown in Table 3, applying disentanglement
generally outperforms the Baseline across diverse
sentence embeddings, though the optimal method
depends on the embedding type. Notably, models
without embedding-specific fine-tuning exhibit sub-
stantially larger performance gains. This is likely
because fine-tuned models already acquire cross-
lingual semantic alignment via contrastive learn-
ing, which functionally overlaps with the disentan-
glement objectives. Furthermore, decoder-based
models tend to show smaller improvements than
encoder-based models. This suggests that decoder-
based models already filter out language-specific
information to some extent at the embedding stage,
due to their larger scale and use of prompts.

4 Geometric Analysis

To investigate how embedding model fine-tuning
affects disentanglement, we analyze embedding
spaces using Alignment and Uniformity (Wang and
Isola, 2020), metrics widely used to evaluate repre-
sentation learning (Gao et al., 2021; Chuang et al.,
2022; Li et al., 2024). For the analysis, we eval-
uate one pretrained language model and one fine-
tuned embedding model per architecture: mBERT-
base and LaBSE (encoder), and Llama3.1-8B and
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Figure 2: Changes in Alignment and Uniformity every
3 epochs during disentanglement training.

Llama-Embed-Nemotron-8B (decoder). For pre-
trained models, we obtain sentence embeddings
using only the input sentence, denoting the L2-
normalized meaning embedding of an input x as
h(x).

4.1 Alignment and Uniformity

Alignment, which measures how close the meaning
embeddings of parallel sentences are in the normal-
ized embedding space, is defined as follows, where
x and y are sentences in languages X and Y, and
Ppos s the distribution of parallel pairs (x,y):

~ ~ 2
Ligm= E [ -h@| .

(z,y) ~Ppos

Smaller values indicate better cross-lingual align-
ment, with parallel sentences closer together.
Uniformity, which measures how evenly normal-
ized embeddings are distributed across the entire
space, is defined as follows using the marginal dis-
tribution pga, across all language pairs:
~ ~ 2
672Hh(9c)7h(z)H .

Luniform = log ) E (2
xvzlgj‘pdata

Smaller values indicate that embeddings are uni-

formly dispersed across the hypersphere, utilizing

the entire space rather than collapsing locally.

4.2 Analysis Results

Following the settings in Section 3.1, we measured
Alignment and Uniformity every three epochs dur-
ing training using 1,000 randomly sampled valida-
tion instances per language pair.

As shown in Figure 2, pretrained models exhibit
larger geometric improvements (decreased metrics)
after disentanglement compared to embedding mod-
els, providing geometric evidence that fine-tuning
dictates the degree of performance improvement.
While mBERT-base initially shows a deceptively
low Alignment, its extremely high Uniformity indi-
cates that embeddings are collapsed into a limited
region. Therefore, the drastic improvement in Uni-
formity during training more than compensates for
the slight deterioration in Alignment, as evidenced
by its significant downstream performance gains
after applying disentanglement. Overall, the pres-
ence or absence of embedding model training deter-
mines the degree of geometric improvement, which
directly translates to downstream task performance.

5 Conclusion

We comprehensively investigated the effectiveness
of disentanglement methods across diverse multi-
lingual sentence embeddings. Experiments on the
WMT?20 QE task and geometric analyses demon-
strate that these methods are broadly effective, and
notably, that embedding model fine-tuning signifi-
cantly dictates the magnitude of performance im-
provement.
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Limitations

We evaluate disentanglement methods only on the
WMT20 QE task. While this task is suitable for as-
sessing cross-lingual semantic representations and
has been widely adopted in prior work, the effec-
tiveness of disentanglement methods on other tasks,
such as retrieval and classification, has not been
sufficiently investigated.

In addition, we disentangle sentence embeddings
into only two components: meaning and language.
Prior work has explored disentanglement along dif-
ferent factors, such as separating semantics from
syntax (Chen et al., 2019; Huang et al., 2021). Our
work focuses specifically on the language factor
and does not consider other disentanglement axes.
Furthermore, sentence embeddings may contain ad-
ditional attributes, such as domain (Kondo et al.,
2025) and style. Our approach does not extend
to finer-grained disentanglement of these factors,
which we leave for future work.
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Model (Extraction) Method en-de en-zh ro-enm et-en ne-en si-en  Avg.

Baseline  0.094  0.040 0.223 0.112  0.064 - 0.107

mBERT (Input only) DREAM 0.143  0.124 0.676 0.378  0.406 - 0.345
y MEAT 0.136  0.060 0.419 0269  0.037 - 0.184

SEED 0.164 0.108 0.644 0371 0.370 - 0.331

Baseline  -0.071 -0.022 0.347 0.032 0.059 0201 0.091
DREAM  0.122 0.197 0.693 0421 0463 0.406 0.384
MEAT 0.074 0.103 0498 0212 0178 0237 0.217
SEED 0.110  0.190 0.667 0417 0441 0406 0372

XLM-R (Input only)

Baseline -0.002 0.043  0.307 0.172 0.169 - 0.138
mBERT (Prompt) DREAM  0.031 0.113 0.653 0.369  0.365 - 0.306
MEAT 0.088 0.103 0362 0.182 0.086 - 0.164
SEED 0.027  0.109 0.638 0.375 0.330 - 0.296

Baseline  -0.024 -0.026 0.457 0.158 0227 0.199 0.165
DREAM 0.106  0.178 0.691 0.456 0.492 0408 0.389
MEAT 0.091 0.065 0316 0.123 0.162 0278 0.173
SEED 0.119 0.154 0.661 0447 0453 0395 0372

Baseline  0.084  0.036 0.705 0.550 0.547 0455 0.396
DREAM 0.151 0.156 0.711 0.549 0.627  0.552  0.458
MEAT 0215 0.222 0.717 0.587 0.634 0571 0.491
SEED 0.192  0.192 0.725 0583 0.633 0565 0.482

Baseline  0.020 0.100 0.734  0.556 0538 0493 0.407
DREAM 0.172  0.257 0.783 0.629 0.584  0.541 0.494
MEAT 0.184 0243 0.783 0.629 0.566 0530 0.489
SEED 0.176 0248 0.781 0.635 0.591 0.543 0.496

Baseline  -0.088 -0.127 0.122 -0.279 0.293  0.155 0.013
DREAM 0.067 0.139 0.657 0379 0351 0271 0.311
MEAT 0.084 0.174 0576 0300 0316 0.059 0.252
SEED 0.064 0.135 0636 0377 0.045 -0.034 0.204

Baseline  -0.068 -0.040 0.095 -0.018 0.018 0.068 0.010
DREAM 0.071 0.124 0534 0290 0215 0.143 0.230
MEAT 0.063  0.079 0460 0.134 0.081 0.085 0.150
SEED 0.157 0.156 0.600 0.329 0.154 -0.041 0.226

Baseline  0.009  0.152 0477 0240 0403 0343 0.271
DREAM 0.102 0.211 0.685 0412 0569 0.499 0413
MEAT 0.141 0220 0.664 0367 0515 0449 0.393
SEED 0.107 0215 0.687 0423 0.562 0487 0.414

Baseline  -0.007 0.092 0.572 0.132  0.098 0.049 0.156
DREAM 0.126  0.201  0.560 0.376 0.449 0272 0.331
MEAT 0.080 0241 0678 0409 0410 0201 0.337
SEED 0.170  0.258 0.701 0.469 0.548 0323 0.412

Baseline 0203  0.283  0.817 0.602 0.711 0.528 0.524
DREAM 0.217 0274 0.773 0562 0.620 0482 0.488
MEAT 0232 0309 0806 0.610 0.695 0.536 0.531
SEED 0209 0288 0.814 0.602 0.709 0538 0.527

Baseline  0.186 0.261 0.755 0476 0.626  0.431 0.456
DREAM  0.203  0.230 0.623 0.359 0468 0.332 0.369
MEAT 0.183 0268 0.766 0502 0.619 0413 0.459
SEED 0.222 0293 0.757 0518 0.625 0454 0478

XLM-R (Prompt)

LaBSE (Input only)

mES5 (Input only)

Llama3.1 (Input only)

Qwen3 (Input only)

Llama3.1 (Prompt)

Qwen3 (Prompt)

Llama-Emb. (Prompt)

Qwen3-Emb. (Prompt)

Table 4: Detailed Pearson correlation scores for each language pair on the WMT20 QE task. mBERT does not
support Sinhala(si), hence the missing scores.
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