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SUMMARY: With the growth of company worldwide, the need for business translation in
English in cross-cultural communication has been brought up more and more. In this paper, we
will examine the impact of cross-cultural factors on business translation in English by using
the cross-language pre-trained language model XLM-R to improve machine translation
accuracy from the source language side, from the target language side, and from both sides of
the neural machine translation, respectively. In order to integrate the pre-trained multilingual
embeddings of XLM-R into the encoder, decoder, and both ends of the Transformer model, we
have first constructed three different types of networks. Following that, a number of tests were
conducted to evaluate the models' performance in the context of business translation in English.
Regarding the model comparison studies, our suggested models' BLEU score on the testing set
is 13.98, whereas the baseline model's score is 0.43 lower than ours. For this experiment, the
best BLEU scores may be obtained by selecting model layers 3 and 6.

KEYWORDS: transformer network model; XLM-R model; business English translation;
cultural adaptation

1 Introduction

With the growing development of global commerce and trade, trade exchanges between
countries and regions are becoming more and more common. Cross-border business and trade
exchanges have become an indispensable part of business activities, the importance of business
English translation is thus highlighted, and the word “business” in business English translation
highlights its specialization, which deepens the difficulty of translation [1-3]. However, with
the deepening of economic globalization, business English translation directly affects the
business trade transactions, and while solving communication problems, it is also an important
process of creating economic value for both parties [4-6].

Business English translation belongs to the comprehensive translation of multiple text types,
except for financial statements, foreign trade contracts, product testing, product descriptions
related to law and economy, other types of business texts have more or less certain cultural
factors [7-9]. Several studies have shown that cultural variability in international business
influences the outcome of cooperation. For example, Adamczyk [10] revealed the importance
of paying attention to the impact of cultural differences on business cooperation in the
international business environment, and that the culture of the country in which the partner is
located should be fully understood before establishing the beginning of the cooperation as a
way of eliminating or minimizing the impact of cultural differences. Abdullah Alfadda et al.
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[11] transformed the business complaints from Saudi language to English due to cultural
differences resulting in subtle differences in the accuracy of translation under different
translation strategies, reducing the accuracy of complaint claim expression. Chen [12] pointed
out that in cross-cultural expressions such as advertising slogans, the determinants of Chinese
expressions are context and language, presenting a high-context culture, while Western
expressions depend on language, presenting a low-context culture. Zheng [13] examined
international advertisements for China's foreign marketing and discovered that, while
understanding the goal of language conversion, translation must take into account the linguistic
and cultural differences between China and other nations. This suggests that cultural and
linguistic differences have a significant impact on the accuracy and usefulness of advertisement
translation.

As a concrete example, the term “triangle debt” appears in Chinese economic texts. Chinese
people are accustomed to imagining the development of everything as a circular structure, so
they use “triangle” to describe this circular pattern of debt. But for westerners, everything is
linear, they cannot understand “triangle debt”, but “chain debt” is easily accepted [14, [15].
Another example is that in the 1960s and 1970s, with the economic take-off in Asia, South
Korea, Singapore, Hong Kong and Taiwan were known as the “Four Little Dragons of Asia”
Chew et al. [16] pointed out that “dragon” symbolizes the positive meaning of strength and
wisdom in the Chinese cultural environment, but the corresponding word “dragon” has more
negative meanings of malice and destruction in English culture. Therefore, it is often translated
as “four tigers in Asia” in commercial texts.

Additionally, HUANG and ZHANG [17] examine how Chinese and Western thought
processes differ when translating scientific and technological texts. They conclude that "the
distinction in the cultural backgrounds between China and the West will inevitably result in the
distinction in the thought processes, and thus there will be different thought modes when
translating the texts," necessitating that the translator adapt his or her thought process for more
effective English-to-Chinese translations. Chinese expresses figurative thinking and usually
focuses on subjective narration from a personal perspective, while English-speaking countries
emphasize more on abstract thinking and are more accustomed to the bystander's point of view,
which is mostly an objective narration. Zhu et al. [18] analyzed the differences between
Confucian and Anglo-American cultures in the business environment, which are mainly
manifested in the dimensions of values, beliefs, tendency of expression, social environment,
power distance, trustworthiness, communication, cognitive patterns, and so on. For example,
China, under the influence of Confucian culture, is more subtle and cautious in language
expression; while the West is mostly influenced by Christianity, coupled with a history of
colonial expansion, emphasizing direct and concise language expression. Therefore, more
uncertainty words such as “almost”, "probably" and “maybe” in business activities will affect
the effectiveness of the dialog between the two parties [19-21].

However, the reciprocity principle dominated the early development of business English
translation, and cultural factors were often disregarded or hardly taken into account. Numerous
financial losses followed [22, 23]. Only 15% of the more than 40,000 new items that are
introduced to the worldwide market each year are successful, according to some partial figures
[24]. International company trade success is the result of several conflicts between different
product promotions and marketing strategies. This process was sparked by translation, and the
more culturally accurate the translation, the more popular the items were [25-27]. And Feng
[28] proposed three strategies of culturally adapted translation, contextualized adaptation and
cultural supplementation to cope with cultural differences from three perspectives, namely,
linguistic symbols, value systems and business practices, in the business English translation
environment and to improve the quality of translation. Meanwhile, Akmalevna and
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Shukhratovna [29] emphasized that the key contextualization and adaptation skills in
translation are important features in guaranteeing translation accuracy, and that translators must
master adaptive competence and cultural awareness to contribute to success in translation
environments such as business. For commercial collaboration and services, as well as the
efficacy of translations, research on cultural adaptation in business English translation in
internationalized workplaces becomes essential.

The study aims to improve translation quality by integrating the pre-trained XLM-R model
into the machine translation model, given the influence of cross-cultural factors on business
English translation. With the introduction of the XLM-R model on the source language side
independently, the following three types of network models are proposed to translate phrases,
inspired by the Transformer architecture: On the target language side, the XLM-R model is
employed instead of the Transformer encoder, and an extra decoder component is added to
correlate data from both languages; Apply the XLM-R model to both the source and destination
languages. Finally, the translation job is used to assess the efficacy of this paper's model. In
particular, the negative effect nodes are chosen to be blocked based on their significance
through the examination of lexical data linked to nodes in the development set of translations.

2 The construction of a cross-cultural business English
translation model

2.1 The Influence of Intercultural Factors on Business English Translation

2.1.1 Written expression of commercial activities

Business activities are directly related to economic benefits, and the accuracy of translation is
particularly important in the whole business activities. The content of translation is not only the
literal meaning of the words themselves, but also the culture carried by the language in the
process of development. In the history of the development of words, because of its common
emotional factors that make the national culture have interoperability, translators need to
combine these factors, so as to effectively do a good job of translation. For example, to
understand the meanings of different numbers and animal images in different cultures, the
number “seven” is a relatively common number in Chinese people's cognition, while in some
English-speaking countries, “seven” represents good luck and is often used in the field of
cooperation. In some English-speaking countries, “seven” represents good luck and is often
used in cooperation. Another example is the number “eight”, which is similar to the harmonic
sound of “hair” in our country and is regarded as an auspicious number with good meaning, but
in English-speaking countries, it appears to be plain and uninteresting. Translators in business
activities, not only need to grasp the business opportunities brought by culture at the same time,
but also need to take into account the text of the obscure, metaphor, etc., to avoid unnecessary
mistakes caused by cultural differences in business activities.

2.1.2 Cultural expression in trademarks and advertising

As the sign of the product, an excellent trademark can give people an eye-catching and
unforgettable effect, make it become the symbol of the goods, and then satisfy the psychological
needs of consumers. Because of this, the translation of trademark plays an important role in
participating in market competition. Generally speaking, a good trademark is better than a
commercial advertisement, and its easy-to-understand and concise features can be accepted by
the majority of consumers and give people a deep impression. When foreign trademarks are
translated into Chinese, they are usually accurately expressed in a two-word or four-word
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structure, which is not only easy to remember, but also meets the language habits of China. The
translation of the classic beverage brand “Coca-Cola” is a successful example. Consumers can
know that it is a good and fun drink as soon as they look at its trademark words. The
international brand Dior is translated directly from its phonetic translation “Dior”, and the word
itself has the meaning of gold, the brand's main products are also leather products, which means
glowing and full of luster. “MasterCard” is taken from MasterCard, and translating it as
“MasterCard” retains the similarity in pronunciation while conforming to the meaning of luck
and accessibility in Chinese culture, making it more acceptable to users.

2.1.3 Contextual differences in the translated language

In business English interpretation or negotiation, translators are required to understand the
customary differences in various regions due to cultural background and cognitive styles, so as
to continuously improve their language sensitivity. At the same time, it is also necessary to
highlight the theme in the translation process according to the actual situation, so as to make
the translation content more concise, thus ensuring the smooth implementation of economic
exchange activities. Cultural variations must be taken into account when translating English
into high-context or low-context business items, particularly while negotiating. For example,
Chinese negotiators utilize greater euphemism and sublimity while bargaining in English; they
emphasize social stratification, personality identification, collective awareness, and group
culture. Americans, on the other hand, negotiate clearly, value equality for all, and are more
individualistic.

2.2  Transformer model

The term "modeling approach of transformer” refers to a deep learning method that replaces
traditional RNN and CNN methods with a transformer model that integrates techniques like
self-attention and multi-head self-attention to carry out tasks related to sequence-to-sequence
learning. Figure 1 below shows the transformer model's structure.
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Figure 1: The internal structure of the Transformer model

The Transformer architecture consists of an encoder and a decoder. The encoder creates the
high-dimensional representation vector by using multi-head self-attention and FFNN to convert
the word embedding vectors from the input sequence. Using multi-head self-attention and
FFNN, the decoder uses the high-dimensional representation vector from the encoder to output
the subsequent word from the output sequence until all of the input sequence’s words have been
processed. In order to extract the semantics from the input sequence, the decoder can use the
encoder's high-dimensional representation vectors. Consequently, this approach generates
output sequences that are cohesive and fluid. Compared to conventional recurrent neural
networks and convolutional neural networks, the Transformer design offers a number of
advantages. First of all, it does not impose any limitations on the length of the input sequences.
Second, the Transformer improves the model's representation capabilities by using the multi-
head self-attention mechanism to simultaneously record the relationship between many features.
Third, the Transformer's parallel processing capacity speeds up inference and training.

(1) Self-attention mechanism

Self-attention mechanism is the core component of Transformer model.

The core algorithm of the self-attention mechanism is shown in Equation (1):

Attention(Q,K,V) = Zln Soft max(Similarity(Q, K))V 1)
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The input sequence is transferred to three distinct vectors via the self-attention mechanism:
query vector (Q), key vector (K), and value vector (V). Each point in the input sequence's
attention score and its correlation with other places are determined with the use of these vectors.
In order to produce the output sequence, the value vectors are combined and weighted using
the attention scores that were thus collected. In this approach, self-attention models may make
judgments without being constrained by a predefined sequence by focusing on the key
components of the input sequence.

(2) Multihead Self-Attention Mechanism

A key component of the Transformer design, multi-head self-attention is an application of
self-attention. In contrast to traditional self-attention, multi-head self-attention allows the model
to more effectively extract different characteristics by using multiple linear projections of the
input sequence to distinct subspaces.

The multi-head self-attention mechanism is shown in Egs. (2) and (3):

MultiHead (Q, K,V) = Concat (head,, ..., head, )W ° (2)
head, = Attention (QW,?, KW,*,vw;" ) (3)

Specifically, multi-head self-attention projects the input vector into different subspaces,
each of which has its own unique set of Q, K, and V. The attention ratings for each distinct
subspace are computed using these data, which are acquired by independent linear
transformations. The output vector for each subspace is then obtained by adding the attention
scores in that subspace. The final output vector is created by linearly transforming the output
vectors from each subdomain. The parallel processing capability of multi-head self-attention
may significantly accelerate the training and inference procedures, which is another benefit.

2.3 Introduction to Cross-Language Pretraining Models

2.3.1 multi-BERT

The training method of multi-BERT is the same as the masked language modeling task in BERT,
where the model does not make any kind of labeling of the language species of the input
language, and does not compute the corresponding representation of each language through any
translation mechanism, by which the model is not aware of which languages the input is actually,
which in turn gives the model the possibility of zero-sample learning.

In the Wikipedia training corpus, the size of the corpus varies greatly between different
languages, and in order to balance the distribution of the number of high-resource and low-
resource languages, multi-BERT assigns weights to the data before creating the training data.
First, the proportion of a language in the whole corpus is calculated, and then the probability of
the proportion of each language is powered by a certain factor, and then the data is renormalized
and sampled proportionally in the normalized distribution. This sampling method reduces the
number of high-resource languages like English and increases the number of low-resource
languages like Kiswahili in the training corpus, which makes the distribution of training data
more reasonable. Multi-BERT is the same as BERT in that it can be fine-tuned in specific
downstream tasks after pre-training. The difference is that multi-BERT can be trained based on
one language and then tested based on another, which has good cross-language zero-sample
learning capability. Experiments show that multi-BERT can achieve good cross-language
migration results in common downstream tasks such as named entity recognition and reading
comprehension.
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2.3.2 XLM

By teaching the model to learn and assess cross-lingual textual representations in many
languages, the XLM cross-lingual pre-trained model may be able to mitigate the semantic biases
caused by the pre-training model's monolingual training. In order to facilitate sharing across
several languages, a common vocabulary is used using BPE. This shared vocabulary greatly
enhances multilingual alignment inside the embedding space. Specifically, a monolingual
corpus's phrases are randomly selected to learn the BPE. Sentence sampling is based on the
following polynomial distribution:

_"‘ i n.
4 = E' — With p, = —"— (4)

j=1 P; k:1nk

Let the value of « be 0.6, where N denotes the number of languages and n denotes
the number of sentences contained in a given language. Without breaking down the low
resource languages into individual lexical characters using the BPE, the sampling approach
guarantees that there are more lexical characters for low resource languages while maintaining
the objectivity of the higher resource languages.

The XLM model proposes a total of the following three pre-training tasks:

(1) Causal Language Modeling (CLM)

Causal Language Modeling employs a monolingual corpus and an ordinary language model
of the unsupervised kind. The goal of the model's training is to forecast the subsequent
subsequence words based on the sentence's prior order. Back Propagation Through Time (BPTT)
is accomplished in the case of LSTM neural networks by feeding the hidden state from the
previous run to the LSTM, whereas in the case of Transformer, the hidden state from the
previous layer is supplied to the current batch for the context of the initial word.

(2) Mask Language Modeling (MLM)

This part of the assignment is comparable to the BERT mask language modeling challenge,
which uses monolingual corpora and is an unsupervised approach. Figure 2 shows a schematic
representation of the mask language modeling. Instead of employing phrase pairings, the
training uses a text stream with an arbitrary number of sentences. The high-frequency words
are upsampled when masking is applied to the lexical symbols, which have a polynomial
distribution and whose frequency is inversely proportional to the square root of the document
frequency, in order to address the issue of high-frequency and low-frequency words.

Transformer

cmeeccino Ml e i s ) G O ) N ()
R R I R R R R
measno I I N BN K G KN B N S

+ O+ + F F O+ O+ F O+ 7
=meecin W . B ) ) ) B

Figure 2: Masked Language Modeling
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(3) Translation Language Modeling (TLM)

The Translation Language Modeling task can be seen as an extension of the Masked
Language Modeling task, which does not consider monolingual text streams, but connects
parallel bilingual corpora. In the word embedding layer some word characters of the source and
target utterances are randomly masked off, in order to predict the masked word characters in
the English utterances, the model is able to pay attention not only to the contextual semantic
information of the English language, but also to the translation content of the French language,
by which the model can be motivated to learn to align the textual representations of the English
language and the French language to a certain extent. In particular, when the model is
insufficient to predict the masked word symbols from known English sentences, the model can
utilize the contextual semantics of the French language to make predictions. Note that the model
initializes the positional embedding of the target utterance for text alignment.

A complete XLM cross-language pre-training model architecture is composed of either a
causal language model combined with a masked language model, or a masked language model
combined with a translated language model. For the training process combining the causal
language model and the masked language model, each batch consists of 64 consecutive sentence
streams, each of which in turn consists of 256 word characters. In each specific iteration, the
sentences in the same batch belong to the same language, and the sentences are sampled at the
same frequency as the probability function in the shared vocabulary list above, with the
difference that here « takes the value of 0.5. For the case where the masked language model
is combined with the translated language model, the training process involves staggering these
two training tasks and sampling the translated utterances in a similar way.

2.3.3 XLM-R

It is also possible to see the XLM-RoBERTa (XLM-R) cross-language pretraining architecture
as a unique design that combines the monolingual pretraining model of ROBERTa with the
XLM cross-language pretraining model. After examining the drawbacks of the cross-language
pretraining model as well as the effects of vocabulary size and the quantity of language samples
on the models, the researchers have found that, in low-resource languages, a greater number of
languages may enhance cross-language performance up to a certain point, after which
performance declines.

2.4 Introducing the XLM-R model of cross-cultural business English
translation

The XLM-R models for source language sentences and the XLM-R models for target language
sentences at the encoder, decoder, and both encoder and decoder sides, as well as the
combination of the XLM-R models for source language sentences and the XLM-R models for
target language sentences, referred to as the XLM-R_ENC model, XLM-R_DEC model, and
XLM-R_ENC & DEC model, are gradually added to the traditional Transformer model in order
to incorporate the monolingual language learned from the XLM-R model was trained using
multilingual texts.

2.4.1 The XLM-R_ENC model

The Transformer encoder's architecture, which is used to abstract text representations, is
included in the XLM-R model. Additionally, the model's input and output text formats are
similar to those of the Transformer encoder. To apply the pre-trained XLM-R model to the
Transformer encoder model's source language side, We examine two options: 1) initialize the
representations of the words in the sentences in the source language by using the XLM-R model
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as a feature extractor at the bottom of the Transformer encoder model. 2) Replace the
Transformer encoder model with the XLM-R model. However, the first option may result in
catastrophic forgetting of the previously learned information in addition to increasing the
model's size and, thus, training costs. Therefore, as Fig. 3 illustrates, we choose the second
choice.

Output EN of XLM-R

XLM-R| 1 E XLM-R| E

1
N layer i N layer
1

Figure 3: Model architecture of XLM-R_ENC&DEC

The decoder uses the original Transformer decoder structure, and the improved encoder
formalization is shown below:

E® = XEmbeddings(X) (5)
H, =LN(E" +MH(E™, E™E7))(t2D) (6)
E' = LN(H}, +FFN(HL,)) ©)

where XEmbeddings( ) denotes the embedding function of the XLM-R model, which contains
word embeddings and positional embeddings, and X is the input of the source language
sentence after subword slicing. MH(:) denotes the multi-head self-attention function. E'
denotes the output of the tth layer of the XLM-R model (t>1). LN(J denotes the layer

normalization function. FFN(-) denotes the feedforward neural network. H, denotes the
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output of the tth layer of the polytope self-attention layer of the XLM-R model. The final
output of the XLM-R model EM is obtained by Eq. The Transformer decoder generates target
language sentences by autoregressive decoding based on the intermediate representation tensor
EM of the source sentences.

242 The XLM-R_DEC model

This work examines the incorporation of the target language XLM-R model onto the decoding
side of Transformer in order to integrate the pre-trained knowledge of the target language into
neural machine translation. There are two different masking tactics, as shown in Fig. 4. The
XLM-R model's word masking matrix in the multi-head attention process is shown in Fig. (a).
The model is trained using multilingual masking language modeling. For the sake of example,
we represent the information's visibility as 1 and its invisibility as 0. Only the words that have
already been translated for the current term may be seen during the neural machine translation
process; the remaining untranslated words are not shown. In order to mimic the autoregressive
character of the produced words in the translated phrases, the XLM-R model's word masking
matrix is appropriately modified (Fig. (b)).

(a) Masking method for (b) Masking modalities
XLM-R applicable to translation

1 1 1 1 1

1 1 1 1 1

1 1 1 1 1

1 1 1 1 1

Figure 4: Two different masked methods

In terms of model architecture, we try to directly use the XLM-R model with improved
masking approach as the decoder. Alternatively, we introduce the XLM-R model with source
language information as the decoder, and build an additional 6-layer decoder sub-network
Add_Dec on top of the XLM-R model, including the encoder-decoder fusion layer and the feed-
forward neural network layer, in order to correlate the knowledge of the target language
sentences with that of the source language sentences. Preliminary experimental results show
that the correlation of source language information during decoding can generate better
translations, so the second approach is used to improve the decoder structure, and the original
Transformer encoder structure is used for the encoder. The formalized representation of the
improved decoder is as follows:

Y, = XEmbeddings(Y") (8)
H)t(d — LN (Ylt—l + MMH (Ylt_l,Ylt_l,Ylt_l)) (t > 1) (9)
Y, =LN(H} +FFN(H})) (10)
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Yo =y" (12)
HL, =LN(YH+MH(YH,TN,TN))(tZl) (12)
YU =LN(H}y +FFN(HL ) (13)

where MMH(-) denotes the masked multi-head self-attention function, Y’ is the result of
subword slicing of a sentence in the target language, H}, denotes the output of the multi-head
self-attention layer at the tth layer of the XLM-R model, Y,' denotes the output of the tth

layer of the XLM-R model, Y' is the output of the tth layer of the Add_Dec sub-network,
and Y" in Eq. (13) is the final output of the decoder. According to Egs. (8) to (10), the final
output Y," of the XLM-R model is obtained, which we use as the input of the Add_Dec

subnetwork. The source language sentence T" that has been encoded by the Transformer
encoder is correlated with the target sentence through Eq. (12) to obtain H!

xed *

243 The XLM-R_ENC&DEC model

In order to synchronize the XLMR model in source and target languages, we combine the XLM-
R_ENC model and the XLM-R_DEC model, and improve the Transformer encoder and decoder
at the same time. The first sublayer of the Add_Dec subnetwork, the encoder-decoder fusion
layer, associates the source language sentences encoded with the target language sentences
encoded with XLM-R model, so as to better soft-align the words in the source language
sentences with the words in the target language sentences, and finally generate the machine
translation. The first sub-layer of Add_Dec sub-network, encoder-decoder fusion layer, will
correlate the XLM-R modeled source language sentences with the XLM-R modeled target
language sentences, so as to better align the words in the source language sentences with the
words in the target language sentences, and then finally generate the machine translation.

2.4.4 Model training

All these three models are learned based on bilingual parallel corpus by optimizing
multicategorical cross entropy loss function. The weights of parameters of the molecular
structure of the network part use the initial values set from the XLM-R model. In the process
of training of the parameters of all the model, there are three different methods of tuning
network parameters including the following: 1) DirectFine-tuning, meaning that all the model
parameters are updated simultaneously by back propagation. 2) Freezing parameters of the
XLM-R model (Freeze), and the XLM-R model only acts as the extractor of the features and
will not participate in training the translation task. 3) Freezing and Fine-tuning, meaning
freezing the parameters of the XLM-R model first and training the remaining parameters with
the bilingual parallel corpus until the model loss reaches its minimum value of validation set,
then fine-tuning all the models together, meaning all the parameters of the model will be
updated. If there is no special explanation, we always adopt the method of direct fine-tuning in
order to optimize the overall parameters of the network in this paper. Further ablation
experiments will be done to show that the effect of optimizing the parameters of model directly
through fine-tuning is the most significant for the performance improvement of the system.
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3 Model experiment results and analysis

3.1 Experiments on lexical analysis of models

3.1.1 Experimental setup

In business English translation, accurate lexical translation is conducive to improving the
cultural adaptability of business English translation. In this paper, newstest2024-deen and
newstest2024-ruen are analyzed as development sets for single node analysis. Based on the
node lexical contribution of single nodes, the relevant node group of each lexical property is
selected. newstest2020-deen and newstest2024-ruen are used as the test set to conduct the
analysis of masked node groups and the experiment of improving the quality of translations, so
as to improve the cultural adaptability of business English translations. transformer.wmt19.de-
en pre The BLEU value of the trained translation model on the newstest2024-deen dataset is
31.22, and the BLEU value of the transformer.wmt19.ru-en pre-trained translation model on
the newstest2024-ruen dataset is 33.4 respectively.

3.1.2 Analysis of a single node

In this paper, we mainly use the node lexical contribution degree dif ,, to reflect the degree
of node h's contribution to correctly translating words of lexical p. dif , >0 indicates that
the translation accuracy of lexical p words rises after blocking the node h, which means that
the node h has a negative effect on the correct translation of lexical p words, and the larger
the dif , the larger the negative effect. dif , <O denotes that the translation accuracy of
lexical p words decreases after blocking the node h, indicating that the node h has a
positive contribution to the correct translation of lexical p words, and smaller dif

indicates a larger positive contribution. For each lexical property, a heat map is drawn based on
difp’h , and the effect of masking a single node on the translation accuracy of each lexical word

is shown in Fig. 5, with Figs. a~d for nouns, verbs, adjectives, and adverbs, respectively. The
nodes are divided into positive contribution nodes and negative effect nodes according to the
positive or negative lexical contribution of the nodes. Nodes with dif , <0 are positive

contributing nodes, and the smaller the value of dif_,, the more the node h contributes to

pvh !
the correct translation of lexical p words. A larger value of dif ), indicates that the node h

contributes more to the correct translation of lexical p words. The node dif >0 is a

negative effect node, which indicates that node h has a negative effect on translating lexical
p words, and blocking this node will result in an increase in translation accuracy of lexical
p words. The heat map of node lexicality reflects the distribution of attention nodes related to
each lexicality, the number of nodes related to each lexicality, and the contribution of each
attention node to the correct translation of a certain lexical word. In order to facilitate the
comparison between lexemes, the same upper and lower bounds are used for the color bars of
each lexical heat map. It can be seen that there are a small number of nodes that contribute more
to the information of multiple lexical properties, such as the node with coordinates (0,4) in the
heat map, which is darker in each heat map, indicating that this node contributes more to the
correct translation of all four lexical words.
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Figure 5: Shield the impact of a single node on the translation accuracy of words

The degree of lexical contribution of different types of attention nodes to the verb is shown
in Figure 6. By further comparing the experimental results on the translation model, it is found
that there is some difference in the degree of lexical information contribution of the three types
of attention nodes, namely, encoder self-attention, decoder self-attention and encoder-decoder
attention, in Transformer. On the model, all of them are found to have relatively large values
for layers 0~5 and 13~17, and relatively small values for layers 6~12. It indicates that the
contribution of decoder self-attention nodes to verb translation on the model is relatively small,
and the other two kinds of attention nodes have relatively large contribution to verb translation.
The experimental results show that the model also has the phenomenon of relatively small
contribution of decoder self-attention nodes and relatively large contribution of other attention
nodes on other lexical properties.

13



Yu

8 4.0- Newstest2024-deen Verb

E ? Newstest2024-ruen Verb

5 3.5

=

8

530 |

8 25- ?

= . °
2 s |3
£ 2.0

=] .

@ 154 | $ P et

(@] ° ™

[

g 10- :

a) T T T T T o T T T )
A 0 2 4 8 10 12 14 16 18

Layer
Figure 6: The contribution degree of different types of attention nodes to the part

3.1.3 Analysis of node groups

The newstest2024-deen and newstest2024-ruen datasets were used as the development set to
calculate the node lexical contribution of each node on the two translation models, in which
there are 235 attention nodes in both models. For each lexicality, all the nodes are sorted
according to the node lexical contribution, and 50 nodes each with the highest contribution and
the highest negative effect are selected as the high contribution node group and the highest
negative effect node group of the lexicality, respectively, and the randomly blocked node group
is used as a control test to batch-block the node groups, and the newstest2024-deen and
newstest2024- ruen as the test set, and count the changes of translations after blocking node
groups.

Positive Contributing Nodes. The lexical contributions dif . ., and dif of the

node groups with high contributing node groups and negative maximal node groups with lexical
p atthe time of blocking the first n nodes were calculated on the two test sets, respectively .

Another random shielding group was set up as a control group, which shielded the same number
of nodes of the two experimental groups, and 10 random shielding experiments were conducted,
and the change in translation accuracy of each lexical property was calculated for averaging to
obtain the contribution of the random shielding group difg,.qic o -

The effect of masking lexically related node groups on the translation accuracy of lexical
words is shown in Fig. 7, with nouns, verbs, adjectives, and adverbs in Figs. a~d, respectively.
mask positive heads folded line indicates the case of masking the high-contributing node group
Groupyigerrect.n » Mask negative heads folded line indicates the case of masking the most

negatively contributing node group, and mask heads stochastically folded line indicates the case
of randomly shielded control group. From the figure, it can be seen that for each lexical property,
the translation accuracy of the lexical property is significantly decreased when the high
contribution node group is masked. When blocking the node group with the largest negative
contribution, the translation accuracy of this lexical category mostly shows a small increase and
then a small decrease, and the degree of decrease in the randomly blocked control group is in
between.

negative, p,n
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Figure 7: The influence of blocking part-of-speech related node groups

3.1.4 Node Groups and BLEU Values

The effect of blocking lexically related node groups on the BLEU values of the translations is
shown in Figure 8. For the four lexemes selected in the experiment, after blocking the related
node groups, it can be seen that the BLEU value and the translation accuracy of the related
lexemes have a similar pattern on the line graph. For each lexical property, there is a part of
nodes in the model which has positive contribution to its correct translation, and blocking this
part of nodes will make the translation accuracy of this lexical property and the overall
translation quality of the translated text decrease significantly, so it can be said that this part of
nodes has a greater contribution to the correct translation of this lexical property, contains more
linguistic knowledge, and is more important to the translation model. On newstest2024-deen,
after blocking the negative node group of qualifiers and prepositions, the BLEU value has a
slight increase first, and then decreases, while when blocking the negative node group of nouns
and verbs, the BLEU value has a larger increase than that when blocking the negative node
group of other lexemes. It can be seen that some of the nodes in the model have a large negative
effect on the model translation performance, and blocking such nodes can improve the model
translation quality more.
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Figure 8: Shield the influence of part-of-speech related node groups on the BLEU value

The effect of blocking negative effect node groups on BLEU is shown in Table 1. From the
table, it can be seen that on newstest2024-deen, the BLEU value improves the most when
blocking the 30 nodes that have the most negative effect on nouns, from 31.87 to 32.23. The
BLEU value increases the most when blocking the 20 nodes that have the most negative effect
on verbs, reaching 31.26. For the model on newstest2024-ruen, the BLEU value increases the
most when blocking the 30 nodes that have the most negative effect on nouns, increasing from
33.71 to 35.66. On this basis, experiments were conducted using the combination of shielding
multiple lexically related node groups, and the experimental results found that on the model,
the best effect is to shield 30 noun negative effect nodes and 20 verb negative effect nodes at
the same time, and this combination of methods improves the translation performance of the
model the most compared to shielding the other lexical node combinations, and it can make the
model's BLEU improve to 33.01, and this method on the model improves the BLEU value of
newstest2024-ruen to 34.99.
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Table 1: Shield the influence of negatively acting node groups on BLEU

Model De-En Ru-En

original model 31.87 33.71

Mask random 30 heads 27.74 32.62
Mask 20 V negative heads 31.26 31.12
Mask 30 N negative heads 32.23 35.66
Mask 30 N and 20 Vnegative heads 33.01 34.99

3.2  Performance testing experiments of the model

3.2.1 Model comparison experiments

The loss function curves for training using the Transformer model on the dataset TED2024 and
performed on the test set. The training results of the Transformer model on TED2024 are shown
in Fig. 9, with the training loss function in Fig. a and the evaluation metric BLEU in Fig. b. Fig.
a shows the curve of the loss function value of the model as a function of the number of training
steps during training, and the shading is the value of the real loss function at every step of the
real loss function value. Since different batches of data are used to calculate the loss function
each time, the true loss function value will have a large oscillation, which is caused by the
characteristics of stochastic gradient descent. To visualize the curve better, the solid line in the
figure is the curve after smoothing. Analyzing the downward trend of the loss curve and the
trend of the BLEU curve, the model stabilizes at the 12000th step, and the BLEU value reaches
the highest value of 13.55 at the 25000th step.

250

200

The true loss function value

—— Change curve

150 4

Loss function

1004

50

0 5 10 15 20 25 30
Training steps

(a) Training loss function

BLEU

0 5 10 15 20 25 30 *10°
Training steps

(b) Evaluation index BLEU
Figure 9: The training results of Transformer model at TED2024
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The loss function curves trained on the dataset TED2024 using the improved model in this
paper and the evaluation metrics BLEU on the test set are shown in Fig. 10, with Fig. a showing
the training loss function and Fig. b showing the evaluation metrics BLEU. The model achieves
a BLEU of 13.98 on the test set, which is an improvement of 0.43 over the Transformer
model.This verifies the good translation performance of the model in this paper.
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Figure 10: The training results of our model at TED2024

In this section, we continue to conduct two sets of comparison experiments, and each set of
comparison experiments to verify whether the proposed model can improve the translation
quality for different parameter configurations. 3 network parameter training strategies (a. Direct
fine-tuning (+Fine-tuning), i.e., all the model parameters are updated together, and back-
propagation is applied to all layers. b. Fixing the XLM-R model parameters (Freeze), and
treating the XLM-R model as a feature extractor, without participating in the training of the
task. c. Fixing and then fine-tuning (+Fine-tuning), i.e., first fixing XLM-R model parameters,
without participating in the training of the task. feature extractor, which is not involved in the
training of translation tasks. c. Fixing and then fine-tuning (+Fine-tuning), i.e., fixing the XLM-
R model parameters first, and using the bilingual parallel corpus to train the remaining unknown
parameters,) are denoted as Strategy 1, Strategy 2, and Strategy 3, respectively. The BLEU
values of the three strategies on the LDC dataset are shown in Tables 2 to 4, respectively. In
Strategy 1, it can be seen that the best results are obtained when set to 3 layers, which improves
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about 1.19 BLEU values compared to the baseline system. The setting of 6 layers improves the
BLEU value by about 1.08 BLEUs. It can only improve about 0.72 BLEU values when
gradually deepening to 12 layers. According to the experimental results, it can be seen that the
translation quality is best when the network is set to 3 and 6 layers. Synthesizing the
experimental results, the following conclusions can be obtained:

1) Compared with the benchmark neural machine translation system, the effect of the neural
machine translation proposed in this paper is improved.

2) The features of 2-element phrases in the experiment are more obvious compared to 3-
element phrases.

Table 2: Policy 1 is the bleu value on the LDC data set

Experimental system NEST2 | NEST3 | NEST4 | NEST5 | NEST8 | AVG.

Reference system 38.06 35.1 38.04 | 3502 | 25.78 | 34.4 -

+ 3 layer network 38.9 3601 | 3969 | 3577 | 2756 35.586 | 1.186
structure

+ 6 layer network 3836 | 36.26 | 39.25 | 36.63 | 26.91 | 504821082
structure

+10layer network | 55 48 | 3574 | 3061 | 36.42 | 268 | o>41 | 1OL
structure

+ 12 layer network 3813 | 3608 | 3904 | 3547 26.9 35.124 | 0.724
structure

Table 3: Policy 2 is the bleu value on the LDC data set

Experimental system NEST2 | NEST3 | NEST4 | NEST5 | NEST8 | AVG.
Reference system 37.73 34.5 38.57 34.9 26.79 | 34.498 -

+ 6 layer network 3856 | 36.05 | 39.11 | 36.76 | 27.63 | 35622 |1.124

structure

+ 10 layer network 38.32 | 36.09 | 39.25 | 3598 | 26.84 |35.296 | 0.798
structure

+ 12 layer network 385 | 36.34 | 3954 | 35.87 | 26.84 |35.418 | 0.92
structure

Table 4: Policy 3 is the bleu value on the LDC data set

Experimental system NEST2 | NEST3 | NEST4 | NEST5 | NEST8 | AVG.
Reference system 38.79 | 3438 | 38.74 | 35.78 | 27.54 | 35.046 -

+ 6 layer network 39.41 | 36.82 | 39.46 | 34.67 | 26.48 | 35368 | 0.322

structure

+10layernetwork | 5986 | 37.39 | 4071 | 367 | 26.92 |36.116 | 1.07
structure

+12layernetwork | 5963 | 3508 | 37.82 | 35.49 | 29.22 |35.288 | 0.242
structure

3.2.2 Operational speed

In this section, the operation speed of the models is considered. The operation speed of different
models is shown in Table 5, where the operation speed of the baseline system and the system
with the addition of three network parameter training strategies are counted under the same
parameter configuration. As can be seen from the table, the overall operation speed of the
system decreases, and the higher the number of layers the slower the speed. However, overall,
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the running speed of the model is still within the controllable range due to the parallelism of the
operation.

Table 5: The computing speeds of different models

Experimental system Operating speed/(word/second)
Reference system 9000
+ 6 layer network structure 6800
+ 10 layer network structure 6500
+ 12 layer network structure 5100

3.2.3 Attention information

The information of the initial attention distribution and the attention distribution after multi-
layer convolution is shown in Fig. 11, where Fig. a shows the initial attention distribution and
Fig. b shows the attention distribution after undergoing 6 layers of convolution. The English
statements are processed in lower case, the input statement at the source is “But the stock market
is still rising.”, and the corresponding statement at the target is “But the stock market is still
rising.”, which can be seen that with the increase of the number of convolutional layers, the
higher-level convolutional network forms more and more obvious phrase-level attention
information, expanding the range of information between phrases, thus constructing an
attention distribution with layer-level information. It can be seen that as the number of
convolutional layers increases, the high-level convolutional network forms more and more
obvious phrase-level attention information, expanding the scope of information, and the
correlation between phrases is increasing, thus constructing an attention distribution with
hierarchical information.

But -

s B HEEE
e I EEE
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stock - sock [l Il EEE
market market—. . . . . . . .
s sl N
sill- ] si{{l A HEEEE
rising - . rising—. . . . . . . .
- - CTTTTTTT
17 o g 7]
(a) The initial attention distribution (b) The attention distribution after six layers

of convolution
Figure 11: The initial attention distribution and the information

4 Conclusion

In this paper, we explore the application of cross-language pre-trained language model XLM-
R in Transformer, a neural machine translation system, by proposing and comparing three
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models to realize the generalized linguistic knowledge obtained by utilizing pre-training on a
variety of large-scale monolingual corpora in either the source or the target language. The
experimental results in several experiments are as follows:

(1) In the model performance checking experiments, strategy 1 works best when set to 3
layers, improving about 1.19 BLEU values compared to the benchmark system. Overall,
compared with the benchmark neural machine translation system, the model proposed in this
paper has a higher BLEU value and improved translation.

(2) Comparing this paper's model with the Transformer model, the BLEU on the dataset
TED2024 using the improved model in this paper reaches 13.98, which is 0.43 higher than that
of the Transformer model, thus demonstrating that the model in this paper has good translation
performance.

In summary, the cross-cultural business English translation model introducing XLM-R
proposed in this paper can well improve the cultural adaptability of business English translation.
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