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Abstract

and the resulted metric scores are comparable to
each other over time across systems. Thus, instead
of spending efforts into fine-tuning the pretrained
language models for MT evaluation, we focus on
finding the most optimal way (which architecture;
which intermediate layer; whether it is a monolingual or multilingual model) to utilize them as-is.
Zhang et al. (2020) investigated into a few aspects (architecture and layer) of the use of contextual embeddings in text generation evaluation.
They evaluated several model architectures of different sizes, such as BERT (Devlin et al., 2018),
RoBERTa (Liu et al., 2019), XLNet (Yang et al.,
2019) and XLM (Lample and Conneau, 2019). As
more pretrained language models that cover more
languages are released since then, we extend the
study on YiSi-1 to include more pretrained language models and also compare the effect of using monolingual pretrained models versus multilingual pretrained models.
In this paper, we experiment on different settings of YiSi-1 in the WMT 2019 metrics shared
task, integrating it with different transformerbased (Vaswani et al., 2017) contextual language
models in both monolingual or multilingual, such
as BERT (Devlin et al., 2018), ALBERT (Lan
et al., 2020), BART (Lewis et al., 2019), RoBERTa
(Liu et al., 2019), XLM-RoBERTa (Conneau et al.,
2020) and XLNET (Yang et al., 2019), using different intermediate layers. We show that YiSi1’s correlation with human judgment on translation quality is improved by using the results of this
study.

We present an extended study on using
pretrained language models and YiSi-1 for
machine translation evaluation. Although
the recently proposed contextual embedding
based metrics, YiSi-1, significantly outperform BLEU and other metrics in correlating
with human judgment on translation quality,
we have yet to understand the full strength
of using pretrained language models for machine translation evaluation. In this paper, we
study YiSi-1’s correlation with human translation quality judgment by varying three major attributes (which architecture; which intermediate layer; whether it is monolingual or
multilingual) of the pretrained language models. Results of the study show further improvements over YiSi-1 on the WMT 2019 Metrics shared task. We also describe the pretrained language model we trained for evaluating Inuktitut machine translation output.

1

Introduction

Recent research on large-scale evaluation of automatic machine translation (MT) evaluation metrics (Ma et al., 2018, 2019; Mathur et al., 2020)
showed that the newly proposed contextual embedding based metrics, like YiSi-1, BERTscore
(Zhang et al., 2020) and ESIM (Mathur et al.,
2019), significantly outperform BLEU (Papineni
et al., 2002) and other metrics in correlating with
human judgment on translation quality. YiSi-1 and
BERTscore use contextual embeddings extracted
from the pretrained language model, Devlin et al.
(2018), as-is without further fine-tuning or fitting
to existing labeled data predictions. Although finetuning the pretrained language models for specific
downstream tasks show improvements in many
cases, using the pretrained language models without fine-tuning makes the MT evaluation metrics
more portable to languages without labeled data

2 YiSi
YiSi (Lo, 2019) is a unified semantic MT quality evaluation and estimation metric for languages
with different levels of available resources. YiSi1 measures the similarity between a machine
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translation and human references by aggregating
weighted distributional (lexical) semantic similarities, and optionally incorporating shallow semantic structures. YiSi-0 is the degenerate version of
YiSi-1 that is ready-to-deploy to any languages by
using longest common character substring, instead
of cosine similarity of contextual embeddings, to
measure lexical similarity.
YiSi-2 is the bilingual, reference-less version,
which uses bilingual word embeddings to evaluate
cross-lingual lexical semantic similarity between
the input and MT output, and optionally incorporating shallow semantic structures. Improvements
in YiSi-2 for WMT 2020 metrics shared task is detailed in (Lo and Larkin, 2020).
2.1

for text generation tasks. RoBERTa (Liu et al.,
2019) is a more robustly trained version of BERT
where the key hyperparameters are empirically
chosen. XLNET (Yang et al., 2019) an autoregressive model that maximizes the expected likelihood
over all permutations of the input sequence factorization order. We use these models in YiSi-1
for correlation analysis with human judgment on
translation quality.
2.1.2 Multilingual models
In addition to multilingual BERT used in Lo
(2019), XLM-RoBERTa (Conneau et al., 2020)
(XLM-R) is also a massive multilingual pretrained
language model. Similar to BERT, XLM-R is also
trained with a masked language model task on the
concatenation of non-parallel data. The differences between XLM-R and BERT are 1) XLM-R is
trained on the CommonCrawl corpus which is significantly larger than the Wikipedia training data
used by BERT; 2) instead of a uniform data sampling rate used in BERT, XLM-R uses a language
sampling rate that is proportional to the amount of
data available in the training set. Because of these
differences, XLM-R performs better on low resource languages than multilingual BERT. XLMR covers 100 languages. In this work, we use
XLM-Rlarge for the best performance on lexical
semantic similarity.

Pretrained Language Models

YiSi-1 relies on a language representation to evaluate the lexical semantic similarity between the reference translation and the MT output. In WMT
2019 metrics shared task, it used pretrained BERT
(Devlin et al., 2018) for this purpose.
BERT captures the sentence context in the embeddings, such that the embedding of the same
subword unit in different sentences would be different from each other and be better represented
in the embedding space. Monolingual BERT pretrained model for English and Chinese and multilingual BERT pretrained that covers the 104 largest
languages in Wikipedia were public released in
2019.
2.1.1

2.2 Inuktitut-English Cross-lingual
Language Model
Since Inuktitut is not covered by any publicly released pretrained language model, we trained our
own Inuktitut-English XLM (Lample and Conneau, 2019) using the Nunavut Hansard 3.0 (NH)
parallel corpus (Joanis et al., 2020). The model
was trained with masked language model and
translation language model tasks. The InuktitutEnglish XLM model has 12 layers with 8 heads
and embedding size of 512.

Monolingual models

Monolingual BERT in other languages After
the success of using monolingual BERT models
for downstream NLP tasks in Chinese and English, a number of monolingual BERT models in
other languages have been publicly released, such
as German (Chan et al., 2019), Finnish (Virtanen
et al., 2019), French (Martin et al., 2020), Japanese
Inui Laboratory (2019), Dutch (de Vries et al.,
2019). In our experiments, we compare the performance of YiSi-1 using these monolingual models
against that using multilingual language models.

2.3 Model size and intermediate layers
In this study, we are interested in achieving the best
performance using the pretrained language models. Thus, if different sizes of the same model
architecture are released, we only evaluate the
largest one in out experiment. As suggested by Devlin et al. (2018); Peters et al. (2018); Zhang et al.
(2020), we experimented using contextual embeddings extracted from different layers of the multilingual language encoder to find out the layer that

Other monolingual models in English A number of modifications to BERT have been proposed
to optimize the pretrained language models. Lan
et al. (2020) proposed ALBERT to reduce the
amount of parameters in BERT for lower memory consumption and faster training speed. BART
(Lewis et al., 2019) is effective when fine tuned
896

Figure 1: Average segment-level Kendall’s τ correlation with human direct assessment on WMT19 *-en news
translation test set of YiSi-1 using different pretrained language representation models. Solid lines represent the use
of pretrained monolingual models. Dotted line represents the use of pretrained XLM-R and dashed line represents
the use of pretrained multilingual BERT.

best represents the semantic space of the language.

3

and XLM-RoBERTalarge . Therefore, in WMT
2020 metrics shared task *-English MT output evaluation, we submit YiSi-1 scores based
on embeddings extracted from the layer −6 of
RoBERTalarge .

Experiments and Results

We use WMT 2019 metrics shared task evaluation
set (Ma et al., 2019) for our development experiments. The official human judgments for translation quality of WMT 2019 were collected using
reference-based direct assessment.
Since we use exactly the same correlation analysis as the official metrics shared evaluation and the
2019 version of YiSi performed consistently well
among participants in WMT 2019, we only compare our results with the 2019 version of YiSi and
BLEU. Our results are directly comparable with
those reported in Ma et al. (2019).
3.1

3.2 Monolingual models vs. multilingual
models
In Figure 1 and 2, we identify a common pattern
that for evaluating English, Finnish, French and
Chinese, using monolingual models (RoBERTa for
English, CamemBERT for French and BERT for
Finnish and Chinese) in YiSi-1 achieved the best
correlation with human translation quality judgment. The only exception is using German BERT
in YiSi-1 for evaluating German MT output where
YiSi-1 using XLM-RoBERTa significantly outperforms that using German BERT. One of the possible reasons is that there is a domain mismatch between the training data of the German BERT and
the MT output in the evaluation. The data used
in the German BERT included 20% of legal documents while the MT output of WMT 2019 metrics
shared evaluation set belongs to the news domain.
Since YiSi-1 using monolingual BERT model usually outperforms that using multilingual pretrained

Architectures of monolingual English
models

In Figure 1, we plot the change of segmentlevel Kendall’s τ correlation of YiSi-1 across
different layers of the monolingual and multilingual pretrained language models for evaluating English MT output. We see that YiSi-1
using RoBERTalarge at layer −6 achieved the
correlation with human translation quality judgment; marginally better than that using BERTlarge
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Figure 2: Average segment-level Kendall’s τ correlation with human direct assessment on WMT19 (a) *-de, (b)
en-fi, (c) de-fr and (d)en-zh news translation test set of YiSi-1 using different pretrained language representation
models. Solid lines represent the use of pretrained monolingual models. Dotted line represents the use of pretrained
XLM-R and dashed line represents the use of pretrained multilingual BERT.

language model, we believe that for evaluating MT
output in WMT 2020 metrics shared task, using
YiSi-1 with the monolingual BERT (while available, i.e. CamemBERT for French, BERT for
Japanese and Chinese) would be a better model
choice.

3.3 Multilingual BERT vs. XLM-RoBERTa

In Figure 3, we plot the change of segmentlevel Kendall’s τ correlation for YiSi-1 across
different layers of XLM-R and multilingual BERT models for evaluating EnglishCzech/Gujarati/Kazakh/Lithuanian/Russian.
We identify a common trend, YiSi-1 using
embeddings extracted from XLM-RoBERTa significantly outperforms YiSi-1 using embeddings
extracted from multilingual BERT, except for
evaluating Kazakh MT output where the gains of
using XLM-RoBERTa is marginal. On average
in all translation directions, the optimal layer of
representation in XLM-R for YiSi-1 is layer −7.

Another common pattern we see is that YiSi1 using the monolingual BERTbase model usually achieved the best correlation with human
translation quality judgment at layer -4. Therefore, in WMT 2020 metrics shared task *Chinese/French/Japanese MT output evaluation,
we submit YiSi-1 scores based on embeddings extracted from the layer −4 of the corresponding
monolingual BERT model.
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Figure 3: Average segment-level Kendall’s τ correlation with human direct assessment on WMT19 (a) *-cs, (b)
en-gu, (c) en-kk, (d) en-lt and (e) en-ru news translation test set of YiSi-1 using different pretrained language
representation models. Dotted line represents the use of pretrained XLM-R and dashed line represents the use of
pretrained multilingual BERT.

899

Table 1: Kendall’s τ correlation of metric scores with the WMT 2019 official human direct assessment judgments
at segment level.
input
output
YiSi-1 (2020)
YiSi-1 (2019)
YiSi-0

de
en
.172
.164
.117

fi
en
.354
.347
.271

gu
en
.328
.312
.263

kk
en
.425
.440
.402

lt
en
.385
.376
.289

ru
en
.230
.217
.178

zh
en
.438
.426
.355

Table 2: Kendall’s τ correlation of metric scores with
the WMT 2019 official human direct assessment judgments at segment level.
input
output
YiSi-1 (2020)
YiSi-1 (2019)
YiSi-0

4

de
cs
.427
.376
.331

de
fr
.403
.349
.296

en
de
.384
.351
.304

en
fi
.604
.537
.483

en
gu
.589
.551
.539

en
kk
.547
.546
.494

en
lt
.550
.470
.402

en
ru
.622
.585
.535

This improved version of YiSi-1 is submitted
to the WMT 2020 metrics shared task. For evaluating Inuktitut↔English where one of the language (Inuktitut) is not covered by any released
pretrained langauge model, we build our own
XLM cross-lingual language model with the parallel training data.

fr
de
.389
.310
.277

Improvements over previous version of
YiSi-1
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en
zh
.360
.355
.266

Table 3: Pearson’s ρ correlation of metric scores with the WMT 2019 official human direct assessment judgments
at system level.
input
output
YiSi-1 (2020)
YiSi-1 (2019)
YiSi-0

de
en
.953
.949
.902

fi
en
.987
.989
.993

gu
en
.998
.924
.993

kk
en
.991
.944
.991

lt
en
.967
.981
.927

ru
en
.929
.979
.958

zh
en
.986
.979
.937

Table 4: Pearson’s ρ correlation of metric scores with
the WMT 2019 official human direct assessment judgments at system level.
input
output
YiSi-1 (2020)
YiSi-1 (2019)
YiSi-0

de
cs
.981
.973
.978

de
fr
.953
.969
.952

en
cs
.971
.962
.992

en
de
.993
.991
.985

en
fi
.979
.971
.987

en
gu
.945
.909
.863

en
kk
.991
.985
.974

en
lt
.979
.963
.974

en
ru
.980
.992
.953
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