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Abstract—Cross-lingual machine translation (MT) evaluation
or quality estimation is usually performed either from cross-
lingual transfer in supervised tasks or via unsupervised multi-
lingual textual similarity. XMoverScore [1] investigates a range
of state-of-the-art cross-lingual evaluations by feature extraction
on token-level similarity and multilingual pre-trained models
mBERT [2] and LASER [3]. In this paper, monolingual and
sentence-level embedding is used as a teacher encoder (Teach-
erSim) to align cross-lingual MT sentences. It is found that
the monolingual teacher encoder can enhance both quality
and usability in that: (a) A monolingual embedding teacher
assures cross-lingual semantic alignment and enhances evaluation
performance. (b) The last layer always delivers the best perfor-
mance based on the Sentence Transformer architecture, while
layer selection is sensitive for different models with BERTScore
[4]. Experiments like segment-level MT evaluation show that
TeacherSim surpasses most strong baselines for all language
pairs.

I. INTRODUCTION

Automatic MT evaluation or quality estimation has been
studied for years. It has progressed significantly in recent
years as the pre-trained contextual word embeddings improve.
Different evaluation metrics are designed to estimate the
semantic equivalence between the input text (e.g. a source
sentence) and output text that is produced or revised (e.g. a
machine translation), and to assess the translation quality (e.g.
fluency and accuracy). Therefore, it is clearly that evaluation
metrics are supposed to make input-output comparisons.

There are generally two types of generation evaluation
methods: token-level evaluation and semantic-level evaluation.
Token-level evaluation methods include the famous BLEU [5],
METEOR [6], and ROUGE [7]. Based on n-gram matching,
these methods break reference and target sentences down to
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Fig. 1. Kendall correlation of cross-lingual MT evaluation of WMTI18
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unigram, bigram, trigram, and four-gram words, and then
calculate the proportion of repeated words to all words to
get the similarity. The more similar words, the higher the
similarity. Evaluation methods based on BLEU and others
are widely used in various research domains, such as MT
evaluation, dialog generation, and summarization. This evalu-
ation has two typical problems: (1) It can only achieve token-
level evaluation. The similarity of synonyms is not necessarily
high and of antonyms is not necessarily low. (2) Cross-lingual
or multilingual evaluation cannot be implemented because
different languages have different vocabularies.

In order to solve the semantic similarity problem that token-
level matching cannot solve, many studies tried to use semantic
similarity for evaluation. [4] proposed the BERTScore method,
which decomposes both the source and target sentences into
words, obtains the semantic representation of each word, and
then calculate the count of source-sentence words in the target
sentence as well as the count of target-sentence words in the
source sentence. The cross-lingual similarity is obtained by



calculating the corresponding F1 value. [8] used the Word
Mover’s Distance (WMD), not cosine similarity, to obtain the
semantic similarity of each word, thus getting the sentence-
level semantic similarity. In addition, this method implements
one-to-many matching. That is, one word in the source sen-
tence may match multiple target words, and vice versa. In
this case, a higher accuracy rate is obtained. [9] obtains the
sentence-level similarity by adding an average pooling layer to
the word-level representation, and then linearly combines the
sentence-level similarity and word-level similarity for higher
accuracy.

For multilingual sentence embedding, [3] used the LASER
approach, which is based on zero-shot transfer (zero-shot
learning is about leveraging deep learning networks already
trained by supervised learning in other ways, without addi-
tional supervised learning) of NLP models from several lan-
guages, for example, English and Chinese, to scores of other
languages, including those with limited training data. LASER
uses one single model or embedding to handle all varieties
of languages, including very low-resource languages, and it is
not best embedding of language-pair sentences alignment and
evaluation.

Based on knowledge distillation [10], this paper proposes a
cross-lingual representation model and a multilingual semantic
evaluation model. This approach is implemented by using a
monolingual teacher model and a multilingual student model.
The teacher model is designed as non-training, while the stu-
dent model can be trained and its parameters can be changed.
In the training process, the input is semantically aligned sen-
tences. This process tries to make the outputs of student model
semantically aligned with the output of the teacher model. It is
ideal to make the representations of same-meaning sentences
in different languages 100% similar. Through this knowledge
distillation process, different sentences with the same semantic
meaning can be effectively aligned, and sentences with similar
semantic meaning can be brought closer while sentences with
different semantic meanings can be pushed farther. In the
inference process, the input is semantically different sentences,
and different semantic representations are obtained through the
student model. By calculating the cosine similarity, the cross-
lingual similarity can be evaluated. This approach is called
TeacherSim. Experiments show that TeacherSim outperforms
the strongest baselines of most language pairs.

In summary, TeacherSim makes the following contributions:

1) A Knowledge-Distillation Cross-lingual Machine Trans-
lation method is provided, which is evaluated by multi-
lingual embedding model with monolingual embedding
model as Teacher.

2) Language models have been shown useful for evaluation
[1], and also work with TeachSim to get SOTA perfor-
mance.

3) Two visualization analyses are provided, showing that
(1) TeacherSim is not sensitive to layer selection like
SBERT [9], and its last layer is most accuate for
semantic sentence presentation; while for BERTScore,
layer selection is sensitive for different models. (2)

TeacherSim better distinguishes token alignment than
other pre-trained models.

II. RELATED WORK

a) MT evaluation based on token-level matching: Token-
level evaluation methods include the famous BLEU or Sent-
BLEU [5], NIST [11], chrF++ [12], and METEOR++ [13].
Based on the n-gram matching mechanism, they decompose
sentences into unigram, bigram, trigram, or four-gram words
or phrases, and then calculates the proportion of the same
phrases to obtain the translation similarity. As mentioned
earlier, token-level matching can only achieve word-level
evaluation, where synonyms may get a low similarity and
antonyms may get a high similarity. Worse still, this evaluation
cannot be used across languages [14] [15].

b) MT evaluation based on semantic-level matching:
With the development of deep learning and pre-trained lan-
guage models, it has become mainstream to evaluate MT
quality by comparing semantic similarity at the sentence level.
[16] and [17] convert the sentence representation into a vector
embedding by using the pre-trained model, and use the vector
similarity to obtain the sentence similarity without considering
the position of the words. [8] uses an approach that is based on
the word position and WMD, and realizes that the closer the
words, the higher the similarity. Also, HW-TSC [18] provides
a model based on Seq2Seq translation model and HW-TSC2
[19] provides only an encoder model that achieves best WMT
2020/2021 QE performance.

¢) MT evaluation for Cross-lingual matching: With the
development of multilingual pre-trained models, including
mBERT [20], XLM-RoBERTa [21], and LASER [22], they
are introduced to MT quality evaluation. These models use
aligned multilingual corpora for semantic similarity alignment,
and use the same model to output similarity between different
languages. There are two ways to calculate the similarity. [10]
adds an average pooling layer to the word representations,
and calculates the cosine similarity of the pooling layer to
obtain the sentence-level similarity. [2] and [21] use the word
distance to optimize the similarity calculation. They calculate
the shortest moving distance of similar words in different
languages to obtain cross-lingual similarity.

III. PROPOSED APPROACH

A. TearcherSim Knowledge Distillation Framework

Like [10], the knowledge-distillation style framework for
cross-lingual MT evaluation is based on a student model and
a teacher model. For the training process, parallel data of
language pairs are provided to the student model and a source
sentence is provided to the teacher model. The teacher model
is frozen and only the student model is optimized. Two student
embeddings are aligned with the teacher embedding with
two Mean squared error (MSE) loss. After training, Student
can align cross-lingual sentences. When in evaluation, source
and target sentences are fed to the student model, and the
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Fig. 2. TeacherSim framework: Cross-lingual evaluation based on multilingual
sentence embedding model with monolingual embedding model as Teacher

evaluation score is calculated by cosine similarity between two
student sentence embeddings.

Loss = M SFEloss(Tea(tl), Stu(tl))

+ MSEloss(Tea(tl), Stu(sl)) O

Score = CosSim(Stu(sl), Stu(t2)), (2)

where Tea is the teacher model, Stu is the student model,
(s1,t1) is a parallel sentence pair, (s1,¢2) is an evaluation
sentence pair, training loss is two M SE Loss summarization,
and the predicted score is C'osSim between two presentations.

B. Sentence-level Similarity

The idea is borrowed from Computer Vision research, which
uses Siamese and Triplet network structures to derive a fixed-
sized sentence embedding vector and then uses a similarity
measure like cosine similarity or Manhatten/Euclidean dis-
tance to compute semantically similar sentences. Just like
SBERT and other sentence embedding pre-trained models,
some specific layer or just the last layer is chosen as the rep-
resentation layer. Cross-entropy loss of sentence embeddings
is chosen for Classification scenarios, MSE loss is chosen
for Regression scenarios, and Cosine Similarity is chosen for
Predicted Score.

CLS_Loss := Softmax(s,t,s — t) 3)
REG_Loss := MSE(s,t,s —t) )
TeaSim_Score := cos(s,t)) Q)

. where s,t are source and targe sentences embeddings, |st|
is embedding difference, Softmaxz, M SE are training losses,
and T'eaSim_Score is TeacherSim predicted score.

C. Language Model

As language models (LMs) can effectively reflect the
fluency of the language, LM of the target language can be
used to evaluate the translation quality. LM scores can be used
to improve the performance of our metrics based on fluency.
In this paper, the authors use the logarithmic form of the

geometric mean perplexity (PPL) of all sentences calculated
by using XLM-R as a metric of LM evaluation.
TeacherSim Score with LM is defined below.

TeaSim_Score_LM = Score(s,t) + Ax PPL; (6)

where A is a hyper-parameter to combine two scores.
TeaSim_Score_LM is TeacherSim predicted score with lan-
guage model enhancement. According to experiments, the best
A is near 0.15.

IV. EXPERIMENTS

In this work, the proposed method is tested with the
WMTI18 metrics segment-level task data. For multilingual
reference-free evaluation, (source, candidate) is chosen like
QE as a metric.

Experiments are contrasted with two types of systems,
including:

o M-BERT and LASER as multiligual pretrained model

o XMoverScore and XMoverScore+LM as strong baselines

A. Datasets

Our experiments use the WMTI18 news dataset as the
evaluation dataset, which includes 3000 source sentences. The
evaluation dataset also includes the translated sentences of
all teams participating in WMT18. These target sentences
are classified into 14 language pairs, such as DE-EN, FI-EN,
and ZH-EN. The DE-EN sentences are the largest in number
(177,811) while the CS-EN are the least in number (5,110).
Pairwise comparison is conducted on the target sentences by
professional multilingual experts before these sentences are
used as the test data.

B. Models

From [9] and [23], we selected SBERT-nli-stsb, the model
with the highest quality of aligned multilingual sentences,
as the teacher model. It is an optimization of the SBERT
model and outputs sentence-level representations through a
pre-trained model and an average pooling layer. Based on the
Siamese architecture, the model is fine-tuned based on multi-
ple Natural Language Inference (NLI) datasets and semantic
textual similarity (STS) datasets. In the language of English,
this model enables the best sentence-level discrimination.
The cosine similarity of similar sentences’ representations
is higher, of dissimilar sentences is lower, and of identical
sentences is closer to 1. If the sentences are random, the cosine
similarity is approaching 0.5 or even lower.

According to [24] and [25], our student model of knowledge
distillation is fine-tuned based on XLM-R or mBERT. Many
papers have shown that XLM-R offers better quality than
mBERT because XLM-R does not need to take into account
the context of the sentence.

The knowledge distillation dataset is a multilingual STS
2017 dataset that contains DE-EN, ZH-EN, EN-AR, EN-
ES, EN-FI, and EN-TR aligned corpus. Some of the data is
augmented by an MT engine. The data is cleaned and filtered
by professional human translators before being used.



Language-Pair | de-en cs-en | et-en fi-en ru-en zh-en | tr-en

RR-Systems 16 5 14 9 8 5 14

Dev-Datasize 177811 | 5110 | 56712 | 15648 | 10404 | 33357 | 5525
TABLE T

WMT18 SEGMENT-LEVEL DATASETS THAT INCLUDES TO-EN LANGUAGE-PAIR MACHINE TRANSLATION TO ENGLISH. RR-SYSTEMS IS SYSTEM NUMBER
OF HUMAN-LABELED TRANSLATED SENTENCES. DEV-DATASIZE IS THE NUMBER OF EVALUATION SENTENCE PAIRS OF EACH LANGUAGES.

C. Training Parameters and Hyperparameters

In the training, the warm-up steps are 10,000, epoches
are 15, learning rate is 2e-5, with the batch size being 64
for training and 32 for evaluation. MSE loss is measured
and optimized on sentences pairs. For language model score
parameter A\, grid search is experimented from 0.1 to 0.9 with
step 0.05, and best results achieved with 0.15.

D. Main Results

Based on multiple datasets such as the WMTI18 to-EN
datasets, we compare the similarity of the source and trans-
lated sentences and make an estimation by using the Kendall
rank correlation coefficient. The result reveals that Teacher-
Sim (19%) outperforms mBERT (11%), LASER (15%), and
XMoverScore (15%). And TeacherSim+LM (29%) surpasses
TeacherSim (19%) and XMoverScore+LM (27%).

V. ANALYSIS

A. Visualization for Token-level Alignment

Like BERTScore [4], computing a similarity score for
each token in the candidate sentence with each token in the
reference sentence. This paper compares token-level alignment
visualization with BERTScore both on multilingual pre-trained
model XLM-R and TeacherSim. Typical case in Fig3 of ZH-
EN shows that the similarity score of all words in the multi-
language pre-trained model XLM-R exceeds 0.9, making it
difficult to make a discrimination. However, the token-level
similarity distribution based on TeacherSim is quite uneven,
which indicates that semantic similarity of multiple language
tokens is much more accurate than pre-trained models in Fig4.

VI. RESULTS

In this work, The TeacherSim evaluation method is pro-
posed, with a monolingual teacher model and a multilingual
student model. With the multilingual knowledge distillation
strategy and LM enhancement, TeacherSim surpasses many
other strong baselines both in sentence-level alignment and
token-level alignment. In particular, layer selection is not
sensitive for different models with TeacherSim, making Teach-
erSim much easier to use.

In future work, the authors will aim to improve fine-tuing
performance of TeacherSim for a wider adoption in more
languages and domains, like BLEURT.
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