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Abstract
Since business knowledge is stored in the form of documents, the application of natural 

language processing to them is mandatory for business process innovation. At Nippon Steel 
Corporation, the skip-gram model and BERT have been used on in-house documents in 
order to develop natural language processing technologies for the steel industry. In this re-
port, we show that the word vector model helps to acquire synonyms of technical terms of 
the steel industry, and classification of technical documents improves using the BERT.
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1.	 Introduction
Much of the knowledge related to business is stored in the form 

of documents. At Nippon Steel Corporation, for example, this 
knowledge includes the research and development documents accu-
mulated over many years, the equipment maintenance reports re-
corded at the respective steelworks, and the specifications created in 
conjunction with the purchase of large quantities of materials and 
equipment.

The application of natural language processing technology is es-
sential not only for storing these documents, but also for utilizing 
them to transform the business process. To this end, Nippon Steel 
has been working to build literature databases, 1) developing full-text 
search systems, 2) and extracting operation knowledge from opera-
tion problem reports. 3)

Natural language processing technology has advanced signifi-
cantly in recent years. Thanks to the word2vec 4) and the BERT, 5) 
computers can process word and sentence meanings more easily. 
For example, word vectors (numerical representations of word 
meanings) can partly replace costly and laborious dictionary cre-
ation and maintenance. Sentence vectors (numerical representations 
of sentence meanings) enable sentence classification without sum-
marizing synonyms or notation variations.

Some of the models trained by these methods are publicly avail-
able. For example, the “Japanese Wikipedia Entity Model” 6) and the 
chiVe 7) are skip-gram models. Kyoto University 8) and Tohoku Uni-
versity 9) have published their BERT models.

These models are versatile because they are trained on docu-
ments with diverse vocabularies, such as Wikipedia, but they are not 
suitable for specific domains like the steel industry. Therefore, the 
models are further trained on documents from relevant fields, such 

as financial statements 10) and medical papers. 11)

Nippon Steel has also created skip-gram models using docu-
ments from research and development, equipment maintenance, and 
intellectual property fields, and BERT models 12) using internal and 
external documents in the steel field.

The skip-gram model is a model trained by a neural network that 
learns to predict the surrounding words of a word in a sentence 
when a single word is input. The pretrained model can be obtained 
as pairs of words and their numerical representations.

The skip-gram model is used for document search and the BERT 
model is used for document classification. Both models contribute 
significantly to streamlining business processes at Nippon Steel.

In this paper, we describe the training of field-specific skip-gram 
and BERT models and the actual business process reform using 
these models within Nippon Steel.

2.	 Improvement in Efficiency of Document Search 
by Acquisition of Synonyms
Document search is vital for all business processes. A simple 

keyword search is often not enough. For example, when searching 
for research documents, technical terms may have different nota-
tions (including abbreviations), so a comprehensive search requires 
the listing of as many keywords as one can come up with. The same 
issue also occurs in patent searches. Moreover, in the procurement 
of materials and equipment, it is necessary to identify them to check 
past procurement prices, but synonyms and variations also pose 
problems.

Creating a dictionary manually is costly and difficult to main-
tain. Training a word vector model can replace this process. This 
way, the dictionary creation effort can be reduced, and dictionary 
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maintenance can be done by simply replacing training documents. 
However, the similarity accuracy of the word vector model is not as 
high as the manual dictionary, so the word vector model should be 
used for tasks where it is acceptable. In other words, the word vec-
tor model is more suitable for tasks where recall matters more than 
precision.

To apply the word vector model, we need to convert a document 
into a sequence of words. However, defining what a word is can be 
challenging. Morphological analysis is usually applied to split sen-
tences into words. In this case, the sentences are split into mor-
phemes, the smallest meaningful units of language. Many morpho-
logical analyzers have dictionaries. These dictionaries determine the 
minimum unit. If this level of granularity meets our goal, we can 
use an existing dictionary (or thesaurus) without creating a new one. 
A current issue is how to handle technical terms that are not in the 
dictionaries.

Therefore, we applied Byte Pair Encoding (BPE) 13) as a method 
that does not use a dictionary. We used Sentencepiece 14) for imple-
mentation. This method splits frequent character sequences in a 
document into single tokens, even if they are long. For example, the 
word “連続溶融亜鉛めっきライン” is split into “連続 /溶融 /亜鉛めっ
き/ライン” by MeCab 15) using mecab-ipadic-NEologd 16) as the dic-
tionary. The BPE trained as described later splits “連続溶融亜鉛めっ
きライン” into “連続溶融亜鉛めっき/ライン.” Similarly, “超音波探
傷装置” is split into “超音波 /探 /傷 /装置” and “超音波探傷装置” by 
the MeCab and BPE, respectively. This way, relatively long techni-
cal terms are represented by fewer tokens. Word vectors can be as-
signed to such technical terms. The relationships between the tech-
nical terms can be easily determined by computing the word vectors 
(for example, cosine similarity, which is the value obtained by di-
viding the inner product of two vectors by the product of their abso-
lute values).

A skip-gram model was applied to assign word vectors to the 
words split in this way. There are three types of documents targeted 
for calculation, i.e., research-related documents accumulated at Nip-
pon Steel (hereinafter referred to as research documents), reports re-
lated to equipment maintenance (hereinafter referred to as equip-
ment documents), and patent documents for which steel companies 
are applicants (hereinafter referred to as patent documents). These 
documents are technical documents, but their purpose and content 
are slightly different.

Using the created word vectors, we investigated words with the 
highest cosine similarity (hereinafter referred to as similarity) with 
several words. Words with high similarity to “CGL, “ZAM”, “モー
タ”, “超音波探傷”, “KR”, and “圧延” are shown in Tables, 1, 2, 3, 4, 
5, and 6, respectively.

“CGL” (Table 1) is an abbreviation for a continuous galvanizing 
line. In research documents, “CAPL” is the word with the highest 
similarity to “CGL”. Since this word refers to a continuous anneal-
ing and processing line (C.A.P.L.), it can be said that the model is 
learned so that words belonging to the process genre are close to 
each other. In contrast, in patent documents, words that can be con-
sidered synonyms for CGL are close. Equipment names are listed in 
equipment documents. Such equipment documents are unique in 
that “2CGL,” meaning a No. 2 hot-dip galvanized steel sheet manu-
facturing line, is extracted as a single word.

“ZAM” (Table 2) is the trade name of ZAM™, a highly corro-
sion-resistant hot-dip coated steel sheet. “ZAM” was extracted as a 
word in research documents because information about product de-
velopment is described in research documents, but “ZAM” was not 

extracted as a word in equipment documents or patent documents 
because it is rare for product names to appear in such documents.

“モータ” (Table 3) appears in each document. Words related to 
“モータ” are listed in research documents, and synonyms of “モー

Table 1   Top five synonyms of “CGL”

Research document Equipment document Patent document
CAPL KAP 連続溶融亜鉛めっき
KAP RCL 焼鈍炉
EGL ETL 連続溶融めっき
CCL EGL 直火
APL 2CGL 無酸化炉

Table 2   Top five synonyms of “ZAM”

Research document Equipment document Patent document
GI - -
めっき鋼板 - -
溶融亜鉛めっき鋼板 - -
めっき鋼板の - -
SGL - -

Table 3   Top five synonyms of “モータ”

Research document Equipment document Patent document
モーター MOT モータの
電動 モーター 電動機
インバータ 電動機 モーター
トルク モーターの モータは
アクチュエータ Mot 電動機の

Table 4   Top five synonyms of “超音波探傷”

Research document Equipment document Patent document
探傷 - 探傷
非破壊検査 - 検査
検査 - 漏洩磁束探傷
欠陥検出 - 超音波探傷装置
探触子 - 渦流探傷

Table 5   Top five synonyms of “KR”

Research document Equipment document Patent document
脱硫 鍋 -
KIP 1REDA -
脱珪 REDA -
脱りん RH -
脱燐 3RH -

Table 6   Top five synonyms of “圧延”

Research document Equipment document Patent document
圧延の 圧延中 の圧延
任延 次材 圧延機の
庄延 通材 圧延の
圧延で 圧延開始 圧延における
の圧延 パス目 熱間圧延
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タ”, including spelling variants, are listed in equipment documents. 
This phenomenon is thought to occur because while research docu-
ments use somewhat standardized vocabularies, equipment docu-
ments are written on the site and contain abbreviations and idiomat-
ic expressions that vary depending on the steelworks.

Concerning “超音波探傷” (Table 4), it is interesting to note that 
extremely niche words such as “漏洩磁束探傷,” “超音波探傷装置,” 
and “渦流探傷” are extracted from the patent documents. It is 
thought that these words appear quite a number of times in patent 
documents.

“KR” (Table 5) refers to hot metal pretreatment equipment based 
on the Kanbara Reactor method. Equipment documents list equip-
ment names, while research documents list the purposes of various 
treatment methods in the steelmaking process, with a focus on de-
sulfurization for which the KR method is used.

Concerning “圧延” (Table 6), it should be noted that the terms 
“任延” and “庄延” that do not exist are extracted from the research 
documents. These terms are thought to have resulted from reading 
errors when old documents were scanned and optically recognized.

As mentioned above, even in technical documents in the same 
steel field, the distribution of words included varies greatly depend-
ing on the type of document. It is considered meaningful to create a 
model for each type of document and to conduct document search 
by taking synonyms into account. This method is particularly useful 
in situations where comprehensive searches are required, such as 
searching for similar patents, investigating previous studies, search-
ing equipment maintenance reports, and searching equipment pur-
chase specifications.

3.	 Improvement in Efficiency of Document Classifi-
cation by Steel BERT
If we can construct not only word vectors, but also sentence vec-

tors and document vectors, the range of document utilization will 
expand impartially. In the manufacturing industry, proposals have 
been made to utilize equipment failure reports 17) and equipment 
maintenance reports 18) and to improve the efficiency of searching 
material databases. 19)

In these examples, the BERT, which has been pretrained on the 
Japanese version of Wikipedia and other documents, is often used. 
However, as mentioned in the previous section, the distribution of 
words differs greatly even in the literature in the steel field. It is ex-
pected that a model pretrained on texts from the steel field will per-
form better for each task than a model pretrained on general texts. A 
report on that effect is published in the financial field. 20)

Based on the above description, the BERT was pretrained on 
documents from the steel field. In recent years, many models larger 
than the BERT have been proposed, but the BERT was adopted be-
cause the amount of text in the steel field is small compared to all 
other fields and was expected to be around several GB. The texts 
used for pretraining were from open data such as patents and techni-
cal reports from various steel companies and research documents 
owned by Nippon Steel. We prepared two models. One was pre-
pared by using only open data and the other was prepared using all 
data or open data and proprietary data. In addition, SentencePiece 
(BPE) was used as the tokenizer, and the models were pretrained on 
the respective texts.

To evaluate their performance, the models were compared with 
Tohoku University’s BERT (bert-base-japanese-whole-word-mask-
ing with the same tokenizer) by using the following two tasks. One 
task is patent classification. 12) It is concerned with a multi-label clas-

sification problem consisting of inputting a portion of a patent speci-
fication and of outputting the technology category to which the pat-
ent specification belongs. The other task is the classification of inter-
nal research documents. The problem setting is the same as for the 
first task. We compared two models for the former task and three 
models for the latter task. All models were fine-tuned and evaluated.

The results are shown in Tables 7 and 8. In the patent classifica-
tion, the steel BERT (NS-BERT) outperformed the general-purpose 
BERT. Additionally, in the in-house research document classifica-
tion, the NS-BERT pretrained on both in-house data and open data 
showed better performance than the NS-BERT pretrained only on 
open data.

As described above, the NS-BERT model pretrained on both in-
house document data and open data can achieve more accurate doc-
ument classification. Document classification is a burdensome task 
to perform manually. This NS-BERT model contributes to the im-
provement in the efficiency of document classification.

4.	 Conclusions
In this paper, we trained a tokenizer using documents from the 

steel field and reported the results of training skip-gram models and 
pretraining BERT models. The word vectors showed synonyms in 
different directions depending on the type of document. Regarding 
the BERT models, we showed that the NS-BERT model has outper-
formed the general BERT model in document classification.

From the perspective of business process innovation, word vec-
tors can be applied to comprehensive document searches. In addi-
tion, the BERT can be applied not only to document classification, 
but also to information extraction through sequence labeling, which 
is an area of future application.
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