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Abstract

Machine translation (MT) is an important task
in natural language processing, which aims to
translate a sentence in a source language to an-
other sentence with the same/similar semantics
in a target language. Despite the huge effort
on building MT systems for different language
pairs, most previous work focuses on formal-
language settings, where text to be translated
come from written sources such as books and
news articles. As a result, such MT systems
could fail to translate livestreaming video tran-
scripts, where text is often shorter and might
be grammatically incorrect. To overcome this
issue, we introduce a novel MT corpus - Be-
hanceMT for livestreaming video transcript
translation. Our corpus contains parallel tran-
scripts for 3 language pairs, where English is
the source language and Spanish, Chinese, and
Arabic are the target languages. Experimental
results show that finetuning a pretrained MT
model on BehanceMT significantly improves
the performance of the model in translating
video transcripts across 3 language pairs. In
addition, the finetuned MT model outperforms
GoogleTranslate in 2 out of 3 language pairs,
further demonstrating the usefulness of our pro-
posed dataset for video transcript translation.
BehanceMT will be publicly released upon the
acceptance of the paper.

1 Introduction

Machine Translation (MT) is an important and
challenging task in natural language processing.
Early work solved the task via statistical models
(Al-Onaizan et al., 1999; Och et al., 2004; Lopez,
2008; Koehn, 2009). Recent work has made signif-
icant improvement via deep learning models (Lu-
ong et al., 2015; Vaswani et al., 2017; Devlin et al.,
2019; Yang et al., 2019; Lewis et al., 2020) that
formalize MT as a text generation task, where an
encoder is used to consume input text in a source
language and a decoder is employed to generate

the input’s translation in a target language. In addi-
tion to the advance in model design, another factor
contributing to the success of deep learning mod-
els is the creation of enormous MT corpora for
model training such as WMT corpora (Bojar et al.,
2014, 2016), OPUS corpus (Tiedemann, 2012) and
IWSLT corpus (Cettolo et al., 2015). However,
these corpora often contain formal-language texts
such as books and news articles. This could lead
to poor performance of the MT models, which are
pretrained on such corpora, on informal-language
text such as video transcripts. This is unfortunate
as video transcripts are being generated at growing
rate in international online video platforms such as
Youtube 1, Dailymotion 2, and Behance 3. Video
transcript translation is thus important to improve
access to the platforms’ content for users who speak
different languages.

In this work, we aim to address this issue by in-
troducing a novel MT corpus - BehanceMT for
video transcript translation (VTT). BehanceMT
contains transcripts collected from the Behance
platform and translations obtained by human an-
notators for 3 language pairs, where English is
the source language and Spanish, Chinese, and
Arabic are the target languages. An MT system
pretrained on formal-language corpora can then
be finetuned on BehanceMT to improve its perfor-
mance for VTT. To demonstrate this idea, we em-
ploy OpusMT (Tiedemann and Thottingal, 2020),
which is a popular MT system pretrained on OPUS
corpora. For each language pair, we finetune the
pretrained OpusMT on the BehanceMT training
data and evaluate the model (called OpusMT+)
on the test data. Experimental results show that
OpusMT+ consistently outperforms OpusMT in all
settings across the three language pairs for VTT.
In addition, we compare OpusMT+ with Google-

1https://www.youtube.com/
2https://www.dailymotion.com/
3https://www.behance.net/
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Translate 4. The significant improvement obtained
by OpusMT+ over GoogleTranslate in English →
Chinese and English → Spanish further demon-
strates the usefulness of our proposed MT corpus.
To facilitate future work for VTT, we will publicly
release the BehanceMT corpus.

2 Related Work

Previous work has created different corpora for MT,
such as WMT corpora (Bojar et al., 2014, 2016),
OPUS corpus (Tiedemann, 2012) and IWSLT cor-
pus (Cettolo et al., 2015). However, most of these
corpora focus on formal-language settings. To the
best of our knowledge, (Cettolo et al., 2015), which
involves parallel TED talks, is the closest work to
ours. However, TED talks are mostly presented in
formal language. By contrast, BehanceMT is cre-
ated based on transcripts of livestreaming videos,
which are more informal.

3 Data

In this section, we present how we collect, prepro-
cess, and annotate video transcripts to create the
BehanceMT corpus.

3.1 Data Collection
Video transcripts in the BehanceMT corpus are col-
lected from livestreaming videos on Behance, a
platform for livestreaming tutorial videos on cre-
ative works such as digital drawing, graphic de-
sign, and photo/video editing. Each video tran-
script contains multiple sentences produced by the
Microsoft Automatic Speech Recognition (ASR)
system (Xiong et al., 2018). To achieve a diverse
corpus given a fixed annotation budget, we ran-
domly select 99 video transcripts and retain at most
50 first sentences with an average length of 10
words for each transcript. The resulting transcripts
are finally used to perform data annotation.

3.2 Data Annotation
To translate the video transcripts, we hire crowd-
sourcing workers on Upwork 5, who are native
speakers of the target languages and proficient in
English. Particularly, two crowd-sourcing workers
are hired for translating video transcripts to Span-
ish, two crowd-sourcing workers are employed for
translating video transcripts to Arabic, and one
crowd-sourcing worker is hired for translating the

4https://translate.google.com/
5https://www.upwork.com/

video transcripts to Chinese. The workers are paid
approximately $0.4 for translating a sentence on
average. Each worker performs the translation task
by writing a translation for each sentence in an
excel sheet containing their assigned video tran-
scripts. To facilitate their annotation process, we
also provide the video titles for each transcript so
that the annotators can look up and watch the origi-
nal videos if necessary.

Finally, we randomly split the translated video
transcripts into train/dev/test parts with a ratio of
80/10/10 for model development. The statistics
for the resulting BehanceMT corpus is shown in
Table 1.

Data #transcripts #sentences #tokens
Train 78 3,787 40,024
Dev 11 530 5,007
Test 10 449 4,617

Table 1: Statistics for English data in BehanceMT cor-
pus. Data for the target languages (Spanish, Arabic, and
Chinese) contains the translations for each sentence in
the English data.

4 Model

We employ OpusMT (Tiedemann and Thottingal,
2020) as the main model to conduct experiments on
the proposed BehanceMT corpus. OpusMT uses
the Marian-NMT architecture (Junczys-Dowmunt
et al., 2018) and is pretrained on OPUS corpus
(Tiedemann, 2012) to perform the translation task
for different language pairs. For each of the three
language pairs (i.e., English → Spanish, English
→ Arabic, English → Chinese), we further fine-
tune the pretrained bilingual OpusMT model on
the corresponding training data in BehanceMT. We
denote the finetuned OpusMT model as OpusMT+.

5 Experiments

5.1 Model Training and Hyper-parameters

To implement the models, we use Pytorch 1.12.1
and Huggingface Transformers 4.21.1. The pre-
trained OpusMT models “opus-mt-en-es”, “opus-
mt-en-ar”, and “opus-mt-en-zh” are obtained re-
spectively for English → Spanish, English → Ara-
bic, and English → Chinese settings from the of-
ficial model hub 6. To finetune the models on
BehanceMT data, we employ Adam optimizer
(Kingma and Ba, 2015) to train the model for 50

6https://huggingface.co/Helsinki-NLP
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epochs with a batch size of 16, a learning rate of
1e− 6, and a weight decay of 0.01.

Models Spanish Chinese Arabic
OpusMT 35.0 5.3 25.2
OpusMT+ 37.5 13.7 33.4
GoogleTranslate 34.9 3.1 43.2

Table 2: Model performance (BLEU score) comparison
on BehanceMT test sets for the three target languages.

5.2 Performance Comparison

Table 2 presents performance comparison between
OpusMT, OpusMT+, and GoogleTranslate across
the three language pairs on test sets of our pro-
posed BehanceMT corpus. First, we can see that
OpusMT and GoogleTranslate perform poorly in
most settings. This suggests that VTT is challeng-
ing task and more research effort is necessary to
improve the performance for this area. Second,
OpusMT+ significantly outperforms OpusMT in all
settings, showing the benefit of finetuning OpusMT
on video transcript data for improving model per-
formance for VTT. This is further confirmed as
OpusMT+ obtains significant improvement com-
pared to the state-of-the-art commercial translation
engine GoogleTranslate in two out of the three
translation settings.

6 Conclusion

In this work, we present a novel corpus - Be-
hanceMT for video transcript translation (VTT).
Behance contains parallel video transcripts for
three language pairs, where English is the source
language and Spanish, Arabic, and Chinese are
the target languages. Our experiments with strong
baselines on BehanceMT show that the proposed
corpus is challenging and useful for VTT across
the three language pairs.
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