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ABSTRACT As we know, cross-lingual word embedding alignment is critically important for reference-free
machine translation evaluation, where source texts are directly compared with system translations. In this
paper, it is revealed that multilingual knowledge distillation for sentence embedding alignment could achieve
cross-lingual word embedding alignment implicitly. A simplified analysis is given to explain the implicit
alignment reason. And according to the analysis, it could be deduced that using the last layer embeddings of
the distilled student model will have the best alignment effect, which is also validated by the experimental
results on the WMT 19 datasets. Furthermore, with the assistant of a target-side language model, BERTScore
and Word Mover’s Distance using the cross-lingual word embeddings get very competitive results (4 best
average scores on 3 types of language directions and ranking first among more than half of all 18 language
pairs for the system-level evaluations) in the WMT19’s reference-free machine translation evaluation tasks
when the current state-of-the-art (SOTA) metrics are chosen for comparison.

INDEX TERMS Cross-lingual word embedding, machine translation evaluation, multilingual knowledge

distillation, target-side language model, word embedding alignment.

I. INTRODUCTION

Reference texts are provided and compared with system
translations in traditional machine translation (MT) evalua-
tion methods, such as those used by the famous n-gram based
metric BLEU [1] and recent word embedding based metrics
BERTScore [2] and BLEURT [3].

However, reference sentences could only cover a tiny
fraction of input source sentences, and non-professional
translators can not yield high-quality human reference trans-
lations [4]. Recently, with the rapid progress of deep learn-
ing in multilingual language processing [5], [6], [7], [8],
[9], [10], [11], [12], there has been a growing interest in
reference-free MT evaluation, which is also referred to as
“quality estimation” (QE) in the MT community [13]. In QE,
evaluation metrics compare system translations with source
sentences directly. Therefore, the alignment between source
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sentences and system translations is crucial for reference-free
MT evaluation. To the best of our knowledge, previous works
focus on the direct alignments on cross-lingual lexical, word
embedding or sentence embedding levels [14], [15], [16],
[17], [18], [19], [20].

In this paper, we highlight that cross-lingual word embed-
ding alignment could be achieved implicitly by multilingual
knowledge distillation (MKD) for sentence embedding align-
ment [21]. The reason why the alignment could be achieved
implicitly is theoretically analyzed under a simplified con-
dition. And from the analysis, it is drawn that the word
embeddings in the last layer of the distilled student model
have the best alignment effect. We choose 8 language pairs
from WMT19 datasets to validate this, and the experimental
results are in complete agreement with the theoretical analy-
sis. Moreover, from the experimental results on all the 18 lan-
guage pair datasets of WMT19, BERTScore [2] and Word
Mover’s Distance (WMD) [22] using the cross-lingual word
embeddings are competitive metrics for both segment-level
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and system-level reference-free MT evaluations. With the
assistant of the target-side language model [23], the two
reference-free metrics show much greater competitiveness by
getting the best average scores on the majority of the language
directions of WMT19.

Overall, the main contributions of this paper are as
follows:

« To the best of our knowledge, we are the first to highlight
the cross-lingual word embedding alignment could be
implicitly achieved by MKD.

o With these cross-lingual word embeddings, we design
two reference-free metrics for MT evaluation under the
frameworks of BERTScore and WMD.

o With the assistant of the target-side language model
proposed in [23], the two metrics get very competitive
results for both segment-level and system-level MT eval-
uations on WMT19.

A shorter conference version of this paper appeared in [24].
This initial conference paper did not provide a quantitative
analysis for MKD, design reference-free metrics for MT
evaluation under the framework of WMD or introduce the
target-side language model to the designed metrics. This
manuscript addresses these issues — it provides a quantitative
analysis for MKD and designs much better reference-free
metrics under the frameworks of BERTScore and WMD with
the help of the target-side language model [23].

Il. RELATED WORK

With the rapid progress in deep learning for machine
translation [25], various methods have been proposed for
reference-free MT evaluation [14], [15], [16], [17], [18],
[19], [20], [26], [27], [28], [29], [30]. These methods can be
divided into three main representative directions.

The first direction is lexicon-based methods that align
words or named entities between source sentences and system
translations. Popovic et al. exploited a bag-of-word trans-
lation model for quality estimation, which sums over the
likelihoods of aligned word pairs between source and transla-
tion texts [14]. Specia et al. used language-agnostic linguistic
features extracted from source texts and system translations
to estimate quality [15]. Gekhman et al. proposed a simple
and effective Knowledge-Based Evaluation (KoBE) method
by measuring the recall of entities found in source texts and
system translations [19]. Although these methods are simple
and interpretable, they suffer from the coverage of lexical
alignments.

The second direction is embedding-based methods that
align word or sentence embeddings between source sen-
tences and system translations. YiSi-2 evaluates system
translations by summing similarity scores over words pairs
which are best-aligned mutual translations [16]. Moreover,
by introducing cross-lingual linear projection, Lo and Larkin
greatly improved the effect of YiSi-2 [17]. However, the
cross-lingual linear projection is trained on limited sub-word
token pairs and polysemy tokens will affect the projection
effect. Zhao et al. proposed MoverScore metric using n-gram

32242

Teacher EN sentence vector
Teacher

Model

[0.8,-0.2,0.3]
Hello Worl

Parallel Data (EN-ZH) MSE Loss

VJ?’AJ'TH#—L

FIGURE 1. Procedure of Multilingual knowledge distillation (MKD) for
sentence embedding alignment [21].
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contextualized embeddings and Earth Mover Distance [18].
To mitigate the misalignment of cross-lingual word embed-
ding spaces, Zhao et al. proposed XMoverScore metric which
is a cross-lingual extension of MoverScore with post-hoc re-
alignment strategies [28]. Song et al. proposed an unsuper-
vised metric SentSim by incorporating a notion of sentence
semantic similarity [20]. How to get high quality aligned
word embeddings is crucial for these methods. Although
directly aligning cross-lingual word embeddings is proposed
in [31], the target language embeddings are constrained by
their initialization, and the word pairs required for training
are often noisy when they are obtained through unsupervised
methods.

The third direction is model-based methods that train
score models with annotated data. COMET-QE encodes
segment-level representations of source and translation texts
as the input to a feed forward regressor [27], [29]. UniTE
is an unified framework engaged with abilities to han-
dle reference-based and reference-free MT evaluations [30].
These methods work well if high-quality annotated data is
sufficient. However, high-quality annotated data is still scarce
in the field of reference-free MT evaluation [32].

In this paper, we follow the second direction and find
out that the word embedding alignment could be implicitly
achieved by sentence embedding alignment, where MKD
can directly make use of large-scale parallel sentences and
the contextual word embedding can alleviate the polysemy
problem.

lll. METHODOLOGY

A. MKD

The procedure of MKD proposed in [21] for sentence embed-
ding alignment is shown in Fig. 1, where the teacher model
is a monolingual SBERT [33] model, the student model is
a multilingual pretrained model like mBERT or XLM-R, and
the training data is composed of parallel sentences. The train-
ing procedure is to map the sentence embeddings of source
and target sentences in parallel data that are obtained through
the student model to the same location in the vector space as
the source sentence embedding that is obtained through the
teacher model by means of the MSE loss.

In this paper, we highlight that the word embedding align-
ment can be achieved implicitly by MKD. A theoretical anal-
ysis is first provided under a simplified condition.

Supposing s and s’ are two source sentences, and ¢ and
t/ are the corresponding target sentences. In the simplified
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TABLE 1. Results of similarity metrics SS and ST for different layers (3rd, 6th, 9th and 12th) of model pmmb-v2 on 8 language pairs of WMT19 (Larger is

better).

Metric | Layer | de-en | fi-en | gu-en | zh-en | en-cs | en-ru | en-zh | fr-de

3 0.530 | 0.426 | 0.309 | 0.460 | 0.491 | 0.478 | 0.430 | 0.505

59 6 0.708 | 0.669 | 0.521 | 0.660 | 0.703 | 0.697 | 0.635 | 0.726

9 0.795 | 0.775 | 0.624 | 0.760 | 0.800 | 0.788 | 0.743 | 0.824

12 0.858 | 0.847 | 0.707 | 0.829 | 0.804 | 0.839 | 0.811 | 0.895

3 0.559 | 0.446 | 0352 | 0422 | 0.459 | 0.446 | 0.429 | 0.520

ST 6 0.723 | 0.671 | 0.550 | 0.627 | 0.690 | 0.676 | 0.629 | 0.736

9 0.801 | 0.771 | 0.648 | 0.732 | 0.798 | 0.776 | 0.736 | 0.829

12 0.853 | 0.836 | 0.708 | 0.804 | 0.870 | 0.837 | 0.812 | 0.897

condition, s and ¢ are supposed to be the prefix substrings
of s/ and ¢’ respectively. Then after tokenization, the four
sentences could be represented as:

’
S Sm), 8 = (s, ...

’
Sttt =, .y, ..

s =(s1,..
t=(tq,..

S Sy e
s In)- 2

According to the mean pooling strategy used in
SBERT [33] and MKD [21], the sentence embedding is the
average of all token embeddings in the last layer of the given
model. For sentence s, the sentence embedding (SE) is:

1 m
SE(s) = — > Er(si), 3)
i=1

where Ej (s;) stands for the contextual word embedding of s;
in the last layer (LL).

According to the training strategy in MKD, the sentence
embeddings in the student model (after distillation) satisfy:

SE(s) ~ SE(t), SE(s") ~ SE(t"), 4)
i.e.,

1 & 1<

— > Ew(s)~ - > Epn), (5)
m“ P

i=1 i=1

1< 1
= > E(s)~ = > Er(t). (6)

i=1 i=1

m

If m ~ pand n ~ ¢, we could have: > Er;(s;j) ~

i=1
p m p
SUEp(t), > Erp(si) = > Epp(t;), then we can deduce:

i=1 i=1 i=1

n q
> Euy~ D Ew). )

i=m+1 Jj=p+1
And whenn —m = 1 and ¢ — p = 1, it could be drawn:
Erp(sn) =~ Erp(ty), (®)

which means the cross-lingual word embedding alignment
could be achieved implicitly through MKD.

Although the analysis is simple, we could still infer that
the last layer has the best cross-lingual word embedding
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FIGURE 2. First two principle components of contextual token
embeddings of mBERT (9th layer), XLM-R (9th layer) and pmmb-v2

(9th and 12th layers) for 100 zh-en parallel sentences in WMT19 by t-SNE
(The more areas that do not cover each other, the worse the word
embedding alignment effectiveness).

alignment among all the layers in the student model. This is
different from mBERT and XLM-R models, where the best
layer is the 9th among all the 12 layers for reference-based
MT evaluation with BERTScore [2].

In order to illustrate the alignment effect intuitively,
we design an example to compare the distilled student model
with classic multilingual pretrained models mBERT [5] and
XLM-R [10]. We choose the pretrained model paraphrase-
multilingual-mpnet-base-v2! (distilled from XLM-R) as the
student model (hereinafter referred to as pmmb-v2), and show
the comparison results in Fig. 2.

In Fig. 2, each point represents a word in 100 zh-en parallel
sentences from the WMT 19 news translation shared task [13]
and is composed of the first two principle components of the
word embeddings of the respective models by t-SNE [34].
Because each word could be well aligned in the high-quality
parallel sentences, the points representing the two language
words will be covered by each other if no misalignment exists
in the cross-lingual embedding spaces. From Fig. 2, it could

Imore details in https://www.sbert.net/docs/pretrained_models.html
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TABLE 2. SS values and source sentence ratios on different word count intervals for 8 language pair (LP) datasets from WMT19. (0, 10] represents the
source sentences with the numbers of words in this interval, and so on for others.

LP (0, 10] ' (10, 20] ' (20 30] (30 40] (40, 50] ' (50 +o00)
SS Ratio S Ratio Ratio Ratio S Ratio Ratio
de-en | 0.863 | 9.35% | 0.850 | 31.70% 0.857 27.90% 0.866 17.15% | 0.859 8.75% 0.857 5.15%
fi-en 0.835 | 892% | 0.847 | 37.07% | 0.846 | 30.86% | 0.850 | 15.83% | 0.849 5.46% 0.841 1.85%
gu-en | 0.716 | 4.82% | 0.716 | 31.20% | 0.703 | 32.78% | 0.697 | 15.35% | 0.712 8.66% 0.714 7.19%
zh-en | 0.848 | 2.40% | 0.837 | 21.95% | 0.837 | 24.30% | 0.838 | 18.95% | 0.829 | 12.75% | 0.819 | 19.65%
en-cs | 0832 | 6.71% | 0.864 | 24.39% | 0.864 | 24.89% | 0.864 | 21.68% | 0.866 | 13.97% | 0.866 8.36%
en-ru | 0.850 | 6.71% | 0.846 | 24.39% | 0.842 | 24.89% | 0.834 | 21.68% | 0.833 | 13.97% | 0.843 8.36%
en-zh | 0.800 | 6.71% | 0.808 | 24.39% | 0.815 | 24.89% | 0.812 | 21.68% | 0.812 | 13.97% | 0.807 8.36%
fr-de 0875 | 4.17% | 0.888 | 20.40% | 0.898 | 23.87% | 0.898 | 21.75% | 0.896 | 12.99% | 0.892 | 16.81%

be clearly discovered that the misalighment areas in the
parts (c) and (d) for pmmb-v2 are much smaller than the parts
(a) and (b) for mBERT and XLM-R. That is to say, MKD
benefits cross-lingual word embedding alignment.

However, as shown in Fig. 2, part (d) (last layer) has better
cluster properties than part (c) (9th layer), but it is not obvious
that part (d) has a better alignment effect than part (c). In order
to compare the word alignment effects of different layers in
the student model pmmb-v2 quantitatively, we compute two
similarity metrics on the word level for the set of high-quality
parallel sentences (x, y), which are defined:

S = ZZmaxEL(x» EL(y) / lel ©)

(x y ) Xi€X

ST =2 > maxEr(y) Er(x) / Z|y|

(x.y) Yi€y

(10)

where Ey is the cross-lingual word embeddlng in the selected
layer (L) for a given token, and |x| and |y| denote the token
numbers in sentences x and y respectively. From the above
definition, it could be seen that the two metrics SS and ST
measure the degree of word alignment in source and target
sentences (the larger the better)

‘We calculate the SS and ST for the 3rd, 6th, 9th and 12th
layers of model pmmb-v2 (a total of 12 layers) on 8 language
pair datasets from WMT19 (de-en, fi-en, gu-en, zh-en, en-
cs, en-ru, en-zh and fr-de), and the results are illustrated in
Table 1. From Table 1, it is obvious that the last layer of
pmmb-v2 has the best results on all selected language pairs,
which is consistent with our analysis. And we also find that
the layer closer to the last layer has better results, which is
very intuitive.

Since the word embedding alignment is achieved by sen-
tence embedding alignment, the number of words in a sen-
tence would affect the alignment effectiveness. Therefore,
we report the SS values with different word count inter-
vals for 8 language pair datasets from WMT19 in Table 2
(the 12th layer of model pmmb-v2 is used for de-en, fi-
en, gu-en, zh-en, en-cs, en-ru, en-zh and fr-de). We divide
the parallel sentences into 6 intervals according to the num-
ber of words in source sentences ((0, 10], (10, 20], (20, 30],
(30, 40], (40, 50] and (50, +00)), and calculate the SS value
for each interval. From Table 2, although the word
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embedding alignment effect somewhat degrades with the
increase of words in sentences, it is still very robust because
the SS values do not change much.

In short, through the above analysis and case stud-
ies on pmmb-v2, it could be seen that MKD could
achieve cross-lingual word embedding alignment implicitly.
Although the effectiveness of MKD is validated by the
experimental results on reference-free MT evaluation in this
paper, the reason why MKD could achieve cross-lingual word
embedding alignment is still very worthy of in-depth analysis.

B. BERTScore

BERTScore [2] is an effective and robust automatic
evaluation metric for text generation, which uses contextual
embeddings to compute a similarity score for each token in
the candidate sentence X with each token in the reference
sentence x. In the absence of token importance weighting, the
recall R, precision P and F'1 score are defined as:

1
R = —ZmaxE(xi |X)TE()AC]' | %), (11)
|x| Xi€EX )’Eje'ﬁ
1 aopanT
= G MM EG DT E@ 0. (12
Xj€x
P-R
Fl=2—"—, (13)
P+R

where E is the contextual word embedding for a given token,
the outputs of E are normalized to reduce similarity compu-
tation, and x; and X; denote the i-th and j-th tokens in x and X
respectively.

For MT evaluation, BERTScore with a pretrained model is
usually used as a reference-based metric, which demonstrates
stronger correlations with human judgments than BLEU. It is
shown in this paper that BERTScore with the distilled student
model is also suitable as a reference-free metric.

C. WMD

Word Mover’s Distance (WMD) [22] measures the dissimi-
larity between two text documents as the minimum amount of
distance that the embedded words of one document need to
“travel” to reach the embedded words of the other document.
WMD has been proven to generate high-quality results for
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various text similarity tasks. Zhao et al. combined contextual
embeddings and WMD as MoverScore [18] and proposed the
extension XMoverScore [28] for text generation evaluation.
Althoughiitis observed that using WMD does not consistently
improve BERTScore for reference-base MT evaluation [2],
WMD is also chosen as a reference-free metric when the
cross-lingual word embeddings of the distilled student model
are used.

D. TARGET-SIDE LANGUAGE MODEL

As we know, faithfulness and fluency are two fundamental
factors of translation quality [35]. In this paper, the alignment
of cross-lingual word embeddings is mainly for the faithful-
ness of system translations; the target-side language model is
for fluency, similar to the way used in [28]. A little different
from the original sentence perplexity calculation [36], the cal-
culation proposed in [23] for the pretrained language models
like mBERT or XLM-R is used:

1 1
PPLy) = — > log ——,
v |y|yzl_ ® POl — )

(14)
where PPL is the perplexity for given sentence y, and
P(yily — y;) is the probability of token y; predicted by the
pretrained language model when y; is replaced by [MASK]
in sentence y.

E. METRICS
The cross-lingual word embeddings of the distilled student
model are used in the framework of BERTScore or WMD
as metrics for reference-free MT evaluation. In order to
further improve the performance, a linear combination of
BERTScore (or WMD) and the target-side language model
(LM) is introduced.

For a source sentence x and a system translation sentence
y, the combined score (cs) for BERTScore is:

¢s = (1 — A\) - BERTScorep(x,y) — A - PPL(y), (15)
and the score for WMD is:
cs=(1—X-WMD(x,y)+ A\ - PPL(y), (16)

where )\ is a hyper-parameter and the values of BERTScore,
WMD and PPL are normalized before combination (using a
min-max normalization function f(z) = (z — a)/(b — a)).

It should be pointed out that minus is used in the combina-
tion for BERTScore because the smaller PPL is better (same
for WMD), and the opposite for BERTScore.

IV. EXPERIMENT SETUP
In this section, we evaluate the performances of our above
metrics by correlating them with human judgments of trans-
lation quality for reference-free MT evaluations, where both
segment-level and system-level evaluations are included for
full comparisons and are defined as follows.

Segment-level metrics (the input is a source sentence
and a system translation sentence): The outputs of the last

VOLUME 11, 2023

layer in the model pmmb-v2 are chosen as the cross-lingual
word embeddings. We denote BERTScore’> and WMD?
that use those word embeddings as MKD-BERTScore and
MKD-WMD metrics respectively. And the combinations
with the target-side language model are denoted as MKD-
BERTScore+LM and MKD-WMD++LM metrics, where the
parameters (a, b) in normalization function f(z) are set to
(0.5, 1.0), (0.0,2.0) and (1.0,3.0) for MKD-BERTScore,
MKD-WMD and LM respectively.

System-level metrics (the input is a set of source sentences
and the corresponding system translation sentences): The
mean values of our segment-level metrics on each pair of the
sentences are used as the scores of our system-level metrics.

A. DATASETS

The source language sentences, and their system and ref-
erence translations are collected from the WMTI19 news
translation shared tasks [13], which contain predictions of
233 translation systems across 18 language pairs.* Each lan-
guage pair in WMT19 has about 3,000 source sentences, and
each source sentence is associated with one reference transla-
tion and with the automatic translations generated by partic-
ipating systems. All 18 language pairs in WMT19, including
3 types of language directions (into-English (xx2en), from-
English (en2xx), and none-English (xx2xx)), are evaluated in
this paper.

B. BASELINES

From the above descriptions of our four metrics (MKD-
BERTScore, MKD-WMD, MKD-BERTScore+LM and
MKD-WMD+LM), it could be seen that these metrics do
not require specific annotated data for MT evaluation, which
means that these metrics are unsupervised embedding-based
methods. Therefore, a range of reference-free metrics that are
unsupervised or embedding-based are chosen for fair compar-
ison: UNI and UNI+ [13], YiSi-2 [16] and YiSi-24+CLP [17],
KoBE [19], XMoverScore [28], Prism-src [26]. To the best
of our knowledge, the above metrics could cover most of
the current SOTA metrics for reference-free MT evaluation.
In addition, BERTScore that uses XLM-R® is denoted as
BERTScore+XLM-R (the word embeddings in the 9th layer
are used accroding to [2]) and is selected to directly compare
the cross-lingual word embedding alignment effect with
our metric MKD-BERTScore; and reference-based baseline
metrics BLEU and sentBLEU [37] are selected as references.
It should be pointed out that only the results of our metrics
and BERTScore+XLM-R are calculated in this paper, and the
results of the other metrics are from their respective papers.

C. EVALUATION MEASURES
Pearson correlation () and Kendall’s Tau correlation (t) [13]
are used as measures for system-level and segment-level

2https ://github.com/Tiiiger/bert_score

3 https://github.com/src-d/wmd-relax

4https ://github.com/AIPHES/ACL20-Reference-Free-MT-Evaluation
5 https://huggingface.co/xIm-roberta-base
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TABLE 3. Segment-level metric results for into-English language pairs of WMT19: absolute Kendall’s Tau correlation of segment-level metric scores with

DA. Best results excluding sentBLEU are in bold.

Metrics de-en | fi-en | gu-en | kk-en | It-en | ru-en | zh-en | Avg
sentBLEU 0.056 | 0.233 | 0.188 | 0.377 | 0.262 | 0.125 | 0.323 | 0.223
UNI 0.022 | 0.202 - - 0.084 - -

UNI+ 0.015 | 0.211 - - - 0.089 - -

YiSi-2 0.068 | 0.126 | -0.001 | 0.096 | 0.075 | 0.053 | 0.253 | 0.096
YiSi-2+CLP 0.116 | 0.271 | 0.249 | 0.370 | 0.281 | 0.121 | 0.340 | 0.250
Prism-src 0.109 | 0.300 | 0.102 | 0.391 | 0.356 | 0.178 | 0.336 | 0.253
BERTScore+X1L.M-R 0.084 | 0.185 | 0.149 | 0.176 | 0.144 | 0.057 | 0.157 | 0.136
MKD-BERTScore 0.093 | 0.234 | 0.171 | 0310 | 0.211 | 0.089 | 0.208 | 0.188
MKD-BERTScore+LM | 0.129 | 0.294 | 0.226 | 0.333 | 0.290 | 0.124 | 0.282 | 0.240
MKD-WMD 0.094 | 0.233 | 0.175 | 0.310 | 0.206 | 0.080 | 0.214 | 0.188
MKD-WMD+LM 0.139 | 0.307 | 0.248 | 0.342 | 0.307 | 0.130 | 0.302 | 0.254

TABLE 4. Segment-level metric results for from-English language pairs of WMT19: absolute Kendall’s Tau correlation of segment-level metric scores with

DA. Best results excluding sentBLEU are in bold.

Metrics en-cs | en-de | en-fi | en-gu | en-kk | en-It en-ru | en-zh | Avg
sentBLEU 0.367 | 0.248 | 0.396 | 0.465 | 0.392 | 0.334 | 0.469 | 0.270 | 0.368
UNI 0.060 | 0.129 | 0.351 - - - 0.226 - -

UNI+ - - - - - - 0.222 - -

YiSi-2 0.069 | 0.212 | 0.239 | 0.147 | 0.187 | 0.003 | -0.155 | 0.044 | 0.093
YiSi-2+CLP 0.299 | 0.329 | 0459 | 0.512 | 0459 | 0314 | 0.078 | 0.158 | 0.326
Prism-src 0470 | 0402 | 0.555 | 0.215 | 0.507 | 0.499 | 0.486 | 0.287 | 0.428
BERTScore+XLM-R 0.045 | 0.204 | 0.224 | 0.289 | 0.253 | 0.013 | -0.151 | 0.040 | 0.115
MKD-BERTScore 0.151 | 0.284 | 0.357 | 0.326 | 0.280 | 0.179 | -0.065 | 0.085 | 0.200
MKD-BERTScore+LM | 0.461 | 0.395 | 0.531 | 0438 | 0433 | 0.489 | 0.307 | 0.324 | 0.422
MKD-WMD 0.133 | 0.278 | 0.342 | 0.335 | 0.294 | 0.165 | -0.079 | 0.087 | 0.194
MKD-WMD+LM 0455 | 0374 | 0.518 | 0.389 | 0.363 | 0.493 | 0.306 | 0.309 | 0.401

metric evaluations respectively. Pearson correlation is defined
as:

. S (H; — H)M; — M)
\/2?21(Hi —H)? \/Z?:](Mi —M)?

where H; are human assessment scores of all systems
(or sentence pairs) in a given translation direction, M; are the
corresponding scores predicted by a given metric, and H and

M are their mean values respectively.
And Kendall’s Tau correlation is defined as:
|Concordant| — |Discordant |

, a7

(13)

" |Concordant| + |Discordant|’

where Concordant is the set of all human comparisons for
which a given metric suggests the same order, and Discordant
is the set of all human comparisons with which a given metric
disagrees.

V. RESULTS

A. MAIN RESULTS

Tables 3-5 and Tables 6-8 show the comparison results of
segment-level and system-level evaluations on the 18 lan-
guage pairs of WMTI19 respectively, where the hyper-
parameter A for our metrics MKD-BERTScore+LM and
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TABLE 5. Segment-level metric results for none-English language pairs of
WMT19: absolute Kendall's Tau correlation of segment-level metric scores
with DA. Best results excluding sentBLEU are in bold.

Metrics de-cs | de-fr | fr-de Avg
sentBLEU 0.203 | 0.235 | 0.179 | 0.206
YiSi-2 0.199 | 0.186 | 0.066 | 0.150
YiSi-2+CLP 0.355 | 0.294 | 0.226 | 0.292
Prism-src 0.444 | 0.374 | 0.312 | 0.377
BERTScore+XLM-R 0.201 | 0.184 | 0.049 | 0.145
MKD-BERTScore 0412 | 0.231 | 0.186 | 0.276
MKD-BERTScore+LM | 0.442 | 0.295 | 0.238 | 0.325
MKD-WMD 0.407 | 0.241 | 0.170 | 0.272
MKD-WMD+LM 0.439 | 0.308 | 0.232 | 0.326

MKD-WMD+LM is set to 0.1 on the xx2en and xx2xx
language directions, and set to 0.4 on the en2xx language
direction.

From the comparison results of BERTScore+XLM-
R and MKD-BERTScore metrics, it could be seen that
MKD-BERTScore has significantly better results on all lan-
guage pairs for both segment-level (avg. xx2en 0.136 —
0.188, en2xx 0.115 — 0.200, xx2xx 0.145 — 0.276) and
system-level (avg. xx2en 0.396 — 0.806, en2xx 0.238 —
0.469, xx2xx 0.173 — 0.763) evaluations, which indicates
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TABLE 6. System-level metric results for into-English language pairs of WMT19: absolute Pearson correlation of system-level metric scores with DA. Best

results excluding BLEU are in bold.

Metrics de-en | fi-en | gu-en | kk-en | It-en ru-en | zh-en | Avg
BLEU 0.849 | 0982 | 0.834 | 0946 | 0961 | 0.879 | 0.899 | 0.907
UNI 0.846 | 0.930 - - - 0.805 - -

UNI+ 0.850 | 0.924 - - - 0.808 - -

YiSi-2 0.796 | 0.642 | 0566 | 0324 | 0.442 | 0339 | 0.940 | 0.578
YiSi-2+CLP 0.898 | 0959 | 0.739 | 0981 | 0935 | 0461 | 0.980 | 0.850
KoBE 0.863 | 0.538 | 0.828 | 0.899 | 0.704 | 0.928 | 0.907 | 0.810
XMoverScore 0.625 | 0.890 | -0.060 | 0.993 | 0.851 | 0.928 | 0.968 | 0.742
Prism-src 0.890 | 0941 | 0.171 0.961 | 0989 | 0.845 | 0.971 | 0.824
BERTScore+XLM-R 0.785 | 0.866 | -0.007 | 0.117 | 0.657 | -0.372 | 0.728 | 0.396
MKD-BERTScore 0.823 | 0956 | 0.420 | 0.828 | 0.946 | 0.747 | 0.924 | 0.806
MKD-BERTScore+LM | 0.888 | 0.951 | 0.579 | 0.941 | 0.978 | 0.851 | 0.991 | 0.883
MKD-WMD 0.818 | 0959 | 0465 | 0.849 | 0941 | 0.288 | 0914 | 0.748
MKD-WMD+LM 0.894 | 0947 | 0.684 | 0984 | 0977 | 0.761 | 0.943 | 0.884

TABLE 7. System-level metric results for from-English language pairs of WMT19: absolute Pearson correlation of system-level metric scores with DA. Best
results excluding BLEU are in bold.

Metrics en-cs | en-de | en-fi en-gu | en-kk en-lt en-ru en-zh Avg
BLEU 0.897 | 0921 | 0969 | 0.737 | 0.852 | 0.989 0.986 0.901 | 0.907
UNI 0.028 | 0.841 | 0.907 - - - 0.919 - -

UNI+ - - - - - - 0.918 - -

YiSi-2 0.324 | 0924 | 0.696 | 0.314 | 0.339 | 0.055 0.766 0.097 | 0.439
YiSi-2+CLP 0.773 | 0.963 | 0906 | 0.890 | 0.977 | 0.761 0.473 0.449 | 0.774
KoBE 0.597 | 0.888 | 0.521 | -0.340 | 0.827 | -0.049 | 0.895 0.216 | 0.444
Prism-src 0.865 | 0.976 | 0.933 | 0.444 | 0.959 | 0.908 0.822 0.793 | 0.838
BERTScore+XLM-R 0.035 | 0.893 | 0.765 | 0.549 | 0.650 | -0.084 | -0.779 | -0.127 | 0.238
MKD-BERTScore 0.585 | 0.948 | 0.844 | 0.612 | 0.567 | 0.501 | -0.473 | 0.164 | 0.469
MKD-BERTScore+LM | 0.895 | 0.985 | 0.945 | 0.809 | 0.976 | 0.904 0.662 0.944 | 0.890
MKD-WMD 0.498 | 0.944 | 0.833 | 0.621 0.636 | 0.442 | -0.704 | 0.119 | 0.424
MKD-WMD+LM 0.896 | 0984 | 0.945 | 0.740 | 0.931 0.917 0.653 0.955 | 0.878

the cross-lingual word embeddings by MKD have much bet-
ter alignment effect because only the word embeddings are
different for the two metrics.

And when being compared with the current SOTA metrics
involved in this paper for both segment-level and system-level
evaluations in WMT19, with the assistant of the target-side
language model, our metrics get 4 best average results on all
3 types of language directions (avg. segment-level 0.254 for
xx2en, and system-level (0.884,0.890, 0.898) for xx2en,
en2xx, xx2xx) and rank first on more than half of the 18 lan-
guage pairs for system-level evaluations (11/18).

Prism-src is a very competitive unsupervised metric, which
frames the task of MT evaluation as one of scoring machine
translation output with a sequence-to-sequence paraphraser
conditioned on source text [26]. The results in Table 7 and
Table 8 show that our metrics have better performances than
Prism-src on the system-level evaluations of the from-English
and none-English language pairs, although they do not out-
perform Prism-src on the segment-level evaluations as illus-
trated in Table 4 and Table 5.
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TABLE 8. System-level metric results for none-English language pairs of
WMT19: absolute Pearson correlation of system-level metric scores with
DA. Best results excluding BLEU are in bold.

Metrics de-cs | de-fr fr-de Avg
BLEU 0941 | 0.891 | 0.864 | 0.899
YiSi-2 0.606 | 0.721 | 0.530 | 0.619
YiSi-2+CLP 0.860 | 0.853 | 0.461 | 0.725
Prism-src 0.973 | 0.889 | 0.739 | 0.867
BERTScore+XLM-R 0.572 | 0.692 | -0.746 | 0.173
MKD-BERTScore 0.979 | 0.826 0.483 0.763
MKD-BERTScore+LM | 0.979 | 0.892 | 0.809 | 0.893
MKD-WMD 0.983 | 0.823 | 0.259 | 0.688
MKD-WMD+LM 0.978 | 0.914 0.802 0.898

Therefore, our metrics are very competitive for reference-
free MT evaluation. In addition, it is worth mentioning
that BERTScore and WMD are almost the same in our
metrics for reference-free MT evaluation, which is con-
sistent with the conclusion in [2] for reference-based MT
evaluation.
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FIGURE 3. Mean absolute Kendall’s Tau correlation of MKD-BERTScore and BERTScore+XLM-R with different layers of word embeddings

for segment-level reference-free MT evaluation on WMT19.
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FIGURE 4. Mean absolute Pearson correlation of MKD-BERTScore and BERTScore+XLM-R with different layers of word embeddings for

system-level reference-free MT evaluation on WMT19.

B. EFFECT OF EMBEDDING LAYERS

BERTScore is sensitive to the layer of the model selected
to generate the contextual token embeddings [2]. We still
investigate which layer is the best choice for the model
pmmb-v2 on WMT19 through experimental comparisons,
although the last layer is theoretically proved to be the best
under the simplified condition. The metric MKD-BERTScore
is selected for investigation, and BERTScore4+XLM-R is
chosen for comparison. The mean values on the into-English,
from-English and none-English language pairs of WMT19
for segment-level and system-level evaluations are illustrated
in Fig. 3 and Fig. 4 respectively.

From Fig. 3 and Fig. 4, it could be clearly seen that the
last layer is indeed the best choice for MKD-BERTScore on
both segment-level and system-level evaluations, which is
fully consistent with our theoretical analysis. And it is inter-
esting to find that the best layers of BERTScore+XLM-R
for reference-free and reference-based evaluations are almost
the same (9th). Meanwhile, MKD-BERTScore outperforms
BERTScore+XLM-R on every layer for both segment-level
and system-level evaluations.
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FIGURE 5. Mean absolute Kendall’s Tau correlation for segment-level and
mean absolute Pearson correlation for system-level with different
combination parameter )\ for MKD-BERTScore and LM on WMT19.

C. COMBINATION PARAMETER STUDY

In this section, the combination parameter A for MKD-
BERTScore and LM is studied, which varies from O to 1 with
step 0.1. Fig. 5 shows the mean evaluation values on the into-
English, from-English and none-English language pairs of
WMT109 for segment-level and system-level evaluations with
different values of the parameter \.
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TABLE 9. Kendall’s Tau correlation of the metrics (MKD-BERTScore, LM,
MKD-BERTScore+LM) in the experiments on the zh-en dataset from
WMT19 (Experiment 1: faithful-but-not-fluent, Experiment 2:
fluent-but-not-faithful ).

Metrics Experiment 1 | Experiment 2
MKD-BERTScore 0.531 1.000
LM 0.974 0.006
MKD-BERTScore+L.M 0.953 1.000

From Fig. 5, it is obvious that the combination
indeed improves the performance of our metrics on
both segment-level and system-level evaluations. For the
into-English and none-English language pairs, a smaller
value for A (such as 0.1) is a good choice, while a relative
larger value (about 0.4) is suitable for the from-English
language pairs. This is because the model pmmb-v2 is aligned
with English for other languages, which deteriorates the
pmmb-v2’s language model capabilities for other languages.
As a result, larger values are required for parameter A\ to
increase the importance of LM for other languages. In addi-
tion, it is worth noting that LM as a metric (i.e. A = 1) could
get very competitive results especially on the from-English
language pairs, which means fluency of system translations
is very important in MT evaluation.

D. DISCUSSION

In this section, we further analyze the impacts of faithfulness
and fluency to the metrics (MKD-BERTScore, LM, MKD-
BERTScore+LM) by designing the following experiments:
(1) faithful-but-not-fluent: randomly shuffle 2 to 5 contin-
uous words for each translation sentence; (2) fluent-but-
not-faithful: randomly shuffle translation sentences, i.e., the
translation of another source sentence is used as the trans-
lation of the current source sentence. The zh-en dataset
from WMT19 is chosen for experiments, which contains
2,000 parallel sentences. For each source sentence, we can get
a correct translation and a shuffled translation in each experi-
ment, which can be composed into a triplet <source sentence,
correct translation, shuffled translation>. So the Kendall’s
Tau correlation t can be used to evaluate the metrics on
the designed experiments, and the results are illustrated
in Table 9.

As shown in Table 9, the metric LM is very effective
for the faithful-but-not-fluent experiment, but fails for the
fluent-but-not-faithful experiment. Meanwhile, the metric
MKD-BERTScore works very well for the fluent-but-not-
faithful experiment, but not well for the faithful-but-not-
fluent experiment. MKD-BERTScore+LM, as a fusion of
the two metrics, can achieve very good results for the two
experiments.

It should be noted that the metrics (MKD-BERTScore,
LM, MKD-BERTScore+LM) may be not effective when the
source sentences have noises, such as in simultaneous inter-
pretation scenarios. This is because the pretrained models
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for these metrics are obtained on noise-free data and these
metrics tend to give better scores to noise-free translations
when the correct translations may have noises. To mitigate
this problem, fine-tuning the pretrained models with noise
data might be a solution.

VI. CONCLUSION

In this paper, it is revealed by a simplified theoretical analy-
sis that the cross-lingual word embedding alignment could
be achieved implicitly through MKD for sentence embed-
ding alignment. And with the frameworks of BERTScore
and WMD, the cross-lingual word embeddings are applied
as metrics (MKD-BERTScore and MKD-WMD) for the
reference-free MT evaluations. From the experimental results
on WMT19, with linear combination of the target-side LM,
our metrics could get 4 best average scores on all 3 types
of language directions, and rank first on more than half
of all the language pairs (11 out of 18) for system-level
evaluations, when the current SOTA reference-free metrics
that we know are selected for comparison. Meanwhile, it is
proved by theoretical analysis and experimental comparisons
that the last layer of the distilled model is the best choice
for reference-free MT evaluation. The linear combination
parameter A for MKD-BERTScore and LM is also inves-
tigated. Nevertheless, the reason why MKD could achieve
the alignment of cross-lingual word embeddings is still very
worthy of further study.
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