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Abstract

Contextualized token-level embeddings from
encoders, e.g., mBERT, are used for several
cross-lingual tasks, e.g., machine translation
(MT) evaluation and alignment tasks, but fine-
tuning is required for the specific task set-
tings. In contrast, multilingual sentence embed-
dings are trained under sentence-level objec-
tives on parallel data, but their token-level rep-
resentations remain unclear whether they carry
cross-lingual semantics, although not explic-
itly trained with token-level objectives. In this
paper, we investigate token representations ex-
tracted from multilingual sentence embedding
models for MT evaluation and word alignment.
Experimental results and analysis show that
sentence embedding models can provide useful
token-level representations for direct similarity-
based tasks. Although the observed advantage
is not consistent across all settings, the results
indicate that multilingual sentence-level train-
ing may support token-level semantic similarity
without explicit token-level training.

1 Introduction

Natural language processing has shifted from
surface-level matching to contextual embedding-
based similarity. This shift has also influenced ma-
chine translation (MT) evaluation and word align-
ment. In MT evaluation, embedding-based metrics
such as BERTScore (Zhang et al., 2020) compute
semantic similarity between candidate and refer-
ence translations using contextualized token rep-
resentations. In word alignment, methods such as
SimAlign (Jalili Sabet et al., 2020) and Awesome-
Align (Dou and Neubig, 2021) use multilingual
contextual embeddings to identify corresponding
words across languages. Because contextualized
embedding models (Devlin et al., 2019) are trained
with token-level objectives such as masked lan-
guage modeling, their token representations are
expected to encode rich information.

Meanwhile, multilingual sentence embedding
models have made progress. Models such as
LaBSE (Feng et al., 2022), multilingual E5 (Wang
et al., 2024) are trained to produce sentence-level
representations that perform well in multilingual
retrieval and semantic similarity tasks. Although
these models are not explicitly trained for token-
level objectives, their sentence-level training may
still induce token representations that support cross-
lingual token matching. Such representations
could be useful for similarity-based tasks such as
MT evaluation and word alignment, without task-
specific training.

In this paper, we investigate whether token rep-
resentations extracted from multilingual sentence
embedding models are useful for two token-level
similarity tasks: MT evaluation and word align-
ment. For MT evaluation, we use these represen-
tations in a BERTScore-style framework in place
of standard contextualized token representations.
For word alignment, we apply a simple mutual
nearest-neighbor method based on cosine similar-
ity between source and target token representations.
Both settings directly use pretrained sentence em-
bedding models and require no task-specific fine-
tuning or alignment training.

Experimental results and analysis show that
token-level representations extracted from sen-
tence embedding models can be used for direct
similarity-based tasks. While their effectiveness
varies across settings, the results suggest that multi-
lingual sentence-level training may also learn token
representations suitable for token-level semantic
similarity tasks. A layer-wise analysis reveals dif-
ferent tendencies across tasks: higher layers are
effective for MT evaluation, while intermediate
layers are suited to word alignment. This pattern
is consistent between contextualized embedding
models and sentence embedding models, suggest-
ing that sentence embedding models also preserve
both abstract semantic information and token-level
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correspondence information across layers despite
the absence of explicit token-level training.

2 Related Work

Word and Sentence Embeddings Contextual-
ized encoder models such as BERT (Devlin et al.,
2019) produce context-dependent token represen-
tations, improving many semantic similarity tasks,
such as general language understanding and ques-
tion answering. Sentence embedding models have
also advanced in recent years (Feng et al., 2022;
Wang et al., 2024; Chen et al., 2024). These mod-
els are continually trained to produce semantically
meaningful sentence-level embeddings using con-
trastive learning from pretrained encoder models
and achieve strong performance on multilingual
semantic similarity and retrieval tasks. Although
they are optimized for sentence-level semantics,
prior work has shown that multilingual sentence
encoders can be adapted into cross-lingual lexi-
cal encoders using only a small bilingual dictio-
nary (Vulić et al., 2023). Other work has also
demonstrated that sentence embedding models can
capture semantic changes within sentences by rep-
resenting edits in sentence embedding space (Goto
et al., 2026).

MT Evaluation With the rise of multilingual pre-
trained language models, contextualized embed-
ding evaluation methods have also been proposed.
COMET (Rei et al., 2020) utilizes cross-lingual
pretrained language models to predict human judg-
ment scores by incorporating source, reference, and
system outputs. COMET-QE (Rei et al., 2021) is an
extension of COMET to reference-free evaluation
by eliminating references and directly evaluates
the similarity between the source and generated
sentences by predicting human evaluation score.
BERTScore (Zhang et al., 2020) compute token-
level semantic similarity directly using pretrained
language models such as BERT and multilingual
BERT (mBERT) (Devlin et al., 2019).

Word Alignment Contextualized embedding
methods have been proposed along with the pre-
trained language models. SimAlign (Jalili Sabet
et al., 2020) finds word alignment using multi-
lingual contextualized embeddings and achieves
strong performance without explicit alignment su-
pervision or parallel training data. Awesome-
Align (Dou and Neubig, 2021) further im-
proves embedding-based alignment by fine-tuning

multilingual pretrained language models using
alignment-oriented objectives and proposes align-
ment extraction methods based on this method, ex-
tract alignments from these fine-tuned models.

3 Proposed Method

In this work, we investigate the use of token rep-
resentations extracted from multilingual sentence
embedding models for MT evaluation and word
alignment. Instead of using the final aggregated
sentence embedding, we utilize contextualized to-
ken representations extracted from intermediate
hidden layers. Our approach directly utilizes pre-
trained sentence embedding models without train-
ing or parallel data.

Token Representation Extraction Given a par-
allel sentence pair x = {x1, x2, . . . , xn} and
y = {y1, y2, . . . , ym}, we extract token representa-
tions from the i-th layer of the sentence embedding
model:

X(i) = (x
(i)
1 , . . . ,x(i)

n ),Y (i) = (y
(i)
1 , . . . ,y(i)

m ).
(1)

where x
(i)
j and y

(i)
k denote contextualized token

representations of the j-th and k-th subword tokens
at layer i, respectively. Each representation is a d-
dimensional vector: x(i)

j ,y
(i)
k ∈ Rd.

MT Evaluation For MT evaluation, we incorpo-
rate token representations extracted from sentence
embedding models into similarity-based evaluation
in the same manner as BERTScore (Zhang et al.,
2020). Specifically, contextualized token repre-
sentations from sentence embedding models are
used in place of token representations derived from
pretrained encoder models such as BERT (Devlin
et al., 2019). Given a candidate translation x and
a reference translation y, we extract token repre-
sentation sequences X(i) and Y (i) from the i-th
layer, as described above. Token-level semantic
similarity is computed using cosine similarity:

s(i)(j, k) = cos
(
x
(i)
j ,y

(i)
k

)
. (2)

Following BERTScore (Zhang et al., 2020), each
token is matched with the most similar token in the
opposite sentence. Precision is computed as:

PBERT =
1

|x|
∑

xj∈x
max
yk∈y

s(i)(j, k), (3)

where s(i)(j, k) denotes the cosine similarity be-
tween the j-th candidate token representation and
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the k-th reference token representation. Recall is
computed symmetrically, and F1 is obtained from
precision and recall.

Word Alignment Based on token representa-
tions extracted from sentence embedding models,
we first compute a cosine similarity matrix between
source and target subwords. We then construct
alignments using mutual nearest-neighbor match-
ing, also known as mutual argmax matching in
similarity-based word alignment (Jalili Sabet et al.,
2020). Concretely, we apply L2 normalization to
the extracted token representations and compute co-
sine similarity between source and target subwords
defined in Equation (2). A source subword x

(i)
j

and target subword y
(i)
k are aligned when they are

mutual nearest neighbors in the embedding space:

k = arg max
1≤t≤m

s(i)(j, t), j = arg max
1≤u≤n

s(i)(u, k)

(4)
Here, t ranges over all target subwords and u ranges
over all source subwords. A source subword x

(i)
j

and target subword y
(i)
k are aligned only when they

are the most similar tokens to each other in both
directions. Finally, subword-level alignments are
merged into word-level alignments.

4 Experimental Settings

Embedding Models We use the following multi-
lingual encoder models as baselines: mBERT (De-
vlin et al., 2019) and XLM-R (Conneau et al.,
2020), and the following multilingual sentence em-
bedding models: (i) LaBSE (Feng et al., 2022),
which is based on mBERT and trained for sen-
tence embeddings; (ii) E5 (Wang et al., 2024), and
(iii) BGE-M3 (Chen et al., 2024)1. E5 and BGE-
M3 are based on XLM-R and further trained with
contrastive learning. For MT evaluation, we first
perform layer selection on the development set and
then evaluate the selected layer on the test set. For
word alignment, we analyze all hidden layers and
report the best-performing layer as an oracle mea-
sure of token-level representation quality.

MT Evaluation MT evaluation experiments use
data from the WMT Metrics Shared Tasks. For
layer selection, we use WMT 2022 (Freitag et al.,
2022) as the development set and WMT 2021 as the
test set. WMT 2022 provides MQM annotations for

1Although BGE-M3 have been jointly trained on sentence-
level and token-level, we also included as representative of
sentence embedding model.

en–de, en–ru, and zh–en, as well as DA scores for
{cs, ja, ru, de, uk}–en. Automatic metrics are eval-
uated at the system level using Pearson correlation
with human judgments. For each model, we select
the layer with the highest mean Pearson correlation
across the three WMT 2022 MQM language pairs:
en–de, en–ru, and zh–en. The selected layer and its
corresponding mean Pearson correlation are also re-
ported. We then fix the selected layer and evaluate
the model on the WMT 2021 News MQM dataset,
which contains the same three language pairs, with-
out any further layer selection or tuning. Therefore,
we report the resulting system-level Pearson corre-
lations on WMT 2021.

Word Alignment We use the fine-tuned
Awesome-Align (Dou and Neubig, 2021) as a su-
pervised baseline. For all other models, we extract
source and target subword representations from
each model and apply mutual nearest-neighbor
matching, where a source–target subword pair is
aligned only when they are each other’s nearest
neighbors under cosine similarity. We report
Alignment Error Rate (AER) following Dou and
Neubig (2021). We evaluate performance on five
language pairs: de–en, fr–en, ro–en, ja–en, and
zh–en, following Dou and Neubig (2021). Because
our main setting does not use task-specific training,
we directly evaluate the models on benchmark
datasets. We use the de–en dataset from Vilar et al.
(2006), the fr–en and ro–en datasets from Mihalcea
and Pedersen (2003), the ja–en dataset based on
the Kyoto Free Translation Task word alignment
corpus (Neubig, 2011), and the zh–en dataset from
the TsinghuaAligner benchmark (Liu and Sun,
2015). To account for sampling variation in the
evaluation data (Koehn, 2004), we use bootstrap
resampling over all annotated sentence pairs for
each language pair: 508 for de–en, 447 for fr–en,
248 for ro–en, 582 for ja–en, and 450 for zh–en.
For each language pair, we resample sentence
pairs with replacement, compute AER on each
resampled dataset, and repeat this procedure 1,000
times. We then compute 95% bootstrap confidence
intervals for AER. These intervals are used to
assess the robustness of observed performance
differences between models.

5 Results

5.1 MT Evaluation
Layer Selection Results Table 1 shows the Pear-
son correlation with MQM on the development set

47433



Model (↑) Layer en–de en–ru zh–en

COMET-22 - 0.771 0.900 0.942
COMET-20 - 0.876 0.936 0.970

BS(mBERT) 12 0.460 0.822 0.841
BS(XLM-R) 10 0.489 0.864 0.830

BS(LaBSE) 12 0.608 0.746 0.927
BS(E5) 12 0.611 0.783 0.936
BS(BGE-M3) 24 0.648 0.815 0.955

Table 1: Pearson correlation coefficients with human
evaluation on the WMT 2022 as the development set.
BS denotes under BERTScore calculation framework.

Model (↑) Layer en–de en–ru zh–en

COMET-22 - 0.771 0.900 0.942
COMET-20 - 0.876 0.936 0.970

BS(mBERT) 12 0.907 0.657 0.500
BS(XLM-R) 10 0.809 0.388 0.441

BS(LaBSE) 12 0.805 0.544 0.515
BS(E5) 12 0.916 0.721 0.523
BS(BGE-M3) 24 0.796 0.605 0.498

Table 2: Pearson correlation coefficients with human
evaluation on the WMT 2021 as the test set. BS denotes
under BERTScore calculation framework.

across different multilingual embedding models un-
der the same BERTScore calculation framework.
Results with DA are provided in Appendix A. Be-
cause the scoring architecture is fixed across all
settings, the performance differences reflect the
quality of the token representations. COMET is
included as a reference for the supervised setting.
Sentence embedding models show strong perfor-
mance on en–de and zh–en, whereas the contextu-
alized encoder baselines remain stronger on en–ru.
In particular, BGE-M3 achieves the highest cor-
relation among the BERTScore-based models on
zh–en and performs close to COMET, while E5
and LaBSE also perform strongly on en–de.

Test Set Results Next, we evaluate the layers se-
lected on the development set using the held-out
test set. Table 2 reports the Pearson correlation
with MQM under the same BERTScore calcula-
tion framework. On the test set, E5 achieves the
highest correlation among the BERTScore-based
models across all three language pairs. In contrast,
LaBSE does not retain the same relative advantage
observed during development set layer selection.
Although the performance advantage of sentence
embedding models is not consistent across all set-
tings, the test results suggest that they can never-
theless provide useful token-level representations
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Figure 1: Layer-wise performance for mBERT and
LaBSE. Higher is better in MT evaluation task and lower
is better in word alignment task.

for direct similarity-based MT evaluation. Results
with DA under oracle layer selection are reported
separately in Appendix A.

5.2 Word Alignment

Table 3 shows AER across different multilingual
embedding models. Our main comparison is
among models without alignment-specific fine-
tuning. The fine-tuned Awesome-Align result is in-
cluded as a task-specific fine-tuned reference rather
than as a directly comparable baseline. Under
unsupervised setting, LaBSE shows the strongest
performance across language pairs, outperforming
Awesome-Align without fine-tuned setting. This is
consistent with the sentence-level retrieval anal-
ysis in Appendix 6, where LaBSE also shows
the strongest cross-lingual retrieval performance
among the sentence embedding models. These re-
sults suggest that, despite its simplicity, mutual
nearest-neighbor matching achieves strong align-
ment performance when combined with strong mul-
tilingual sentence embedding representations.

6 Analysis

Layer-wise Performance We analyze how to-
ken representations from different layers affect MT
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Model (↓) Layer de–en fr–en ro–en ja–en zh–en

Awesome Align (w/ ft) - 15.2 4.1 22.6 37.4 13.4
Awesome Align (w/o ft) - 17.4 [16.4, 18.4] 5.59 [4.98, 6.23] 27.9 [25.9, 30.0] 45.6 [44.1, 47.0] 17.9 [17.1, 18.7]

mBERT 8 20.1 [19.1, 21.1] 6.1 [5.5, 6.8] 32.1 [30.0, 34.2] 49.4 [47.9, 50.9] 20.4 [19.6, 21.3]
XLM-R 8 19.5 [18.5, 20.6] 6.7 [5.9, 7.4] 25.9 [24.0, 28.1] 59.1 [57.6, 60.4] 25.3 [24.3, 26.3]

LaBSE 8 16.4 [15.5, 17.3] 3.8 [3.3, 4.3] 22.1 [20.2, 24.2] 44.6 [43.4, 45.9] 16.4 [15.6, 17.2]
E5 7 19.5 [18.4, 20.5] 5.2 [4.6, 5.9] 26.3 [24.3, 28.6] 55.8 [54.4, 57.2] 23.6 [22.7, 24.4]
BGE-M3 13 20.1 [19.1, 21.1] 5.8 [5.2, 6.4] 26.0 [24.0, 28.1] 60.4 [59.1, 61.7] 25.1 [24.3, 25.8]

Table 3: AER across multilingual embedding models. Sentence embedding models are used with mutual nearest
neighbor matching. Values in brackets denote 95% bootstrap confidence intervals.

Model (↑) en–de en–ru zh–en

LaBSE 0.914 0.802 0.939
E5 0.890 0.774 0.922
BGE-M3 0.904 0.788 0.936

Table 4: Sentence-level retrieval results across multilin-
gual sentence embedding models.

evaluation and word alignment. Figure 1 shows the
layer-wise results for mBERT and LaBSE. Over-
all, token representations extracted from LaBSE
outperform those from mBERT across most layers
in both tasks. For MT evaluation, higher layers
achieve better performance, with the final layer
obtaining the best or near-best correlation across
language pairs. For word alignment, intermediate
layers perform better than the final layer, with the
best alignment performance observed around the
middle layers. These layer-wise tendencies are con-
sistent between mBERT and LaBSE. This suggests
that sentence embedding models can encode token
representations effective for token-level semantic
similarity tasks, similar to contextualized encoder
models, despite being optimized for sentence-level
objectives rather than explicit token-level training.
However, even with sentence embedding models,
the challenge of requiring layer selection remains.
The most useful layer depends on whether the task
requires sentence-level semantic similarity or lo-
cal token correspondence, indicating that practical
use of these representations would require layer
selection based on development data rather than
selecting layers directly on the evaluation set.

Cross-Lingual Sentence Retrieval To exam-
ine whether the observed word alignment perfor-
mance is specific to word alignment or reflects a
broader limitation of multilingual sentence embed-
ding models, we additionally conduct a sentence-
level retrieval analysis using the Tatoeba MT

dataset (Tiedemann, 2020). Given a source sen-
tence, we retrieve its corresponding target-language
translation from a pool of candidate sentences us-
ing cosine similarity between sentence embeddings.
Table 4 reports retrieval accuracy for each mul-
tilingual sentence embedding model, measuring
whether the correct translation is ranked as the most
similar sentence. Among the evaluated sentence
embedding models, LaBSE achieves the strongest
cross-lingual retrieval performance. This tendency
is consistent with the word alignment results, sug-
gesting that stronger sentence-level cross-lingual
semantic alignment may also contribute to better
token-level alignment quality.

7 Conclusion

In this paper, we investigated whether multilingual
sentence embedding models contain useful token-
level representations for MT evaluation and word
alignment. Experimental results and analysis show
that, despite variation across settings, multilingual
sentence-level training may produce useful token
representations for direct token-level semantic sim-
ilarity evaluation without explicit token-level train-
ing. These findings motivate future work on how
multilingual sentence-level training supports token-
level semantic representation and which training
factors contribute to this capability.

8 Limitation

This study has several limitations. First, we focus
on two token-level similarity tasks, MT evaluation
and word alignment. Although these tasks provide
complementary evidence, our findings may not di-
rectly generalize to other token-level tasks, such
as syntactic analysis, morphological analysis, or
token classification.

Second, our experiments cover a limited set of
language pairs, and the results show clear varia-
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tion across languages. In particular, the behav-
ior observed for en–ru in MT evaluation suggests
that the usefulness of token-level similarity may
depend on language-specific factors, such as tok-
enization, morphology, and contextual token repre-
sentations. The observed differences may instead
be related to token-level matching or aggregation
rather than sentence-level embedding quality. Fu-
ture work should examine a broader range of lan-
guage pairs and more carefully separate sentence-
level and token-level effects.

Third, our methods are limited to direct
similarity-based approaches without task-specific
fine-tuning. This design helps isolate the effect
of the representations themselves, but it does not
show whether sentence embedding models remain
competitive when used with supervised metrics or
alignment-specific training.

Finally, our layer selection protocol is limited.
We report the best-performing layer for each set-
ting, which should be interpreted as an oracle anal-
ysis of representation quality rather than a practical
model-selection procedure. This choice helps us ex-
amine whether sentence embedding models contain
useful token-level information without underesti-
mating their representational capacity. However, it
may overestimate performance in practical use. In
a realistic setting, the layer should be selected using
development data or a fixed layer-selection strategy
before evaluation. This is particularly important be-
cause our layer-wise analysis shows that the most
useful layer differs by task: higher layers are more
effective for MT evaluation, while intermediate
layers are more effective for word alignment.

9 Ethical Consideration

Dataset Usage and Licenses We use publicly
available benchmark datasets for MT evaluation,
word alignment, and sentence-level retrieval. We
follow the intended research use of these datasets
and refer users to the original dataset releases for li-
cense and usage conditions. Our work does not use
new human annotations or collect personal data.

Harmful Content Because the experiments are
conducted on existing public datasets, the data may
contain harmful, biased, or offensive content inher-
ited from the original sources. Our work does not
aim to generate or amplify such content; instead,
it evaluates representation quality using automatic
metrics and benchmark annotations. Nevertheless,
model representations and evaluation results may

reflect biases present in the underlying datasets and
pretrained models.

AI-assistant Usage We used an AI assistant to
support parts of the writing process, such as im-
proving wording and linguistic clarity. All techni-
cal content, experimental design, analysis scripts,
interpretation of results, and final decisions were
made by the authors.
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A MT Evaluation on DA

Table 5 shows the Pearson correlation with DA
across different multilingual embedding models
under the same BERTScore calculation frame-
work. The trend is substantially different from
that observed for MQM. In MQM, the final layer
achieved the highest correlation with human eval-
uation across all models. In contrast, for DA, the
layer with the highest correlation differs depend-
ing on the model. The differences between models
are also smaller, suggesting that DA may be less
sensitive to the choice of representation layer than
MQM.

B Additional Word Alignment Analysis

Additionally, we added one more alignment extrac-
tion methods, then compared with MNN. The addi-
tion is Awesome-style extraction, which follows the
extraction process used in Awesome-Align (Dou
and Neubig, 2021) while replacing the underlying
token representations with those from each model.

Table 6 shows AER across different multilingual
embedding models. “Awesome-Align-Style Ex-
traction” denotes the alignment extraction method
of Awesome-Align. Replacing mBERT representa-
tions with token representations extracted from sen-
tence embedding models affects alignment quality.
Under Awesome-Align-Style extraction without
fine-tuning, mBERT still achieves strong overall
performance.
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Models (↑) Layer cs–en de–en ja–en ru–en uk–en zh–en

COMET-22 - 0.821 0.446 0.976 0.857 0.714 0.135
COMET-20 - 0.827 0.424 0.989 0.847 0.723 0.330

BS(mBERT) 7 0.381 0.381 0.991 0.849 0.721 0.494
BS(XLM-R) 12 0.825 0.389 0.991 0.834 0.712 0.520

BS(LaBSE) 4 0.821 0.385 0.993 0.835 0.724 0.487
BS(E5) 4 0.834 0.400 0.992 0.832 0.706 0.491
BS(BGE-M3) 9 0.834 0.399 0.992 0.834 0.712 0.494

Table 5: Pearson correlation coefficients with DA on the WMT 2022 Metrics Shared Task. BS denotes BERTScore
calculation framework.

Model (↓) Align. Layer fr–en ja–en ro–en zh–en

Awesome Align - - 4.1 37.4 22.6 13.4

mBERT ASE - 5.6 45.6 27.9 18.1
MNN 8 5.9 48.6 30.5 19.5

XLM-R ASE - 9.2 62.0 28.6 30.3
MNN 8 6.5 57.5 25.9 24.2

LaBSE ASE - 12.6 51.6 24.1 28.7
MNN 8 3.9 43.2 22.0 16.4

E5 ASE - 8.6 57.3 27.6 27.6
MNN 7 5.4 55.5 25.8 22.9

BGE-M3 ASE - 9.6 73.5 34.3 38.8
MNN 13 5.7 58.1 25.8 25.0

Table 6: Word alignment AER across multilingual em-
bedding models and alignment methods. ASE denotes
Awesome-Align-Style Extraction, and MNN denotes
mutual nearest neighbor matching.

C Language Pair Abbreviations

We use the following language pair abbreviations
throughout the paper: English–German (en–de),
English–Russian (en–ru), French–English (fr–en),
Romanian–English (ro–en), Japanese–English (ja–
en), and Chinese–English (zh–en).
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