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Abstract—Large language models (LLMs) are now widely
used in various fields, including finance. However, Japanese
financial-specific LLMs have not been proposed yet. Hence,
this study aims to construct a Japanese financial-specific LLM
through continual pre-training. Before tuning, we constructed
Japanese financial-focused datasets for continual pre-training.
As a base model, we employed a Japanese LLLM that achieved
state-of-the-art performance on Japanese financial benchmarks
among the 10-billion-class parameter models. After continual
pre-training using the datasets and the base model, the tuned
model performed better than the original model on the Japanese
financial benchmarks. Moreover, the outputs comparison results
reveal that the tuned model’s outputs tend to be better than the
original model’s outputs in terms of the quality and length of the
answers. These findings indicate that domain-specific continual
pre-training is also effective for LLMs. The tuned model is
publicly available on Hugging Face.

Index Terms—large language model, continual pre-training,
domain-specific tuning, Japanese, finance

I. INTRODUCTION

Recently, large language models (LLMs) have demonstrated
excellent performance. In particular, the latest models, such
as ChatGPT [1] and GPT-4 [2], exhibit high performance and
significant generalization abilities. The basis of these models
begins with the transformer [3] and BERT [4], and GPT series
[5]-[7] were developed using the transformer. Other LLMs
have also been proposed, such as Bard [8], LLaMA [9], [10],
Dolly [11], BLOOM [12], Vicuna [13], PaLM [14], [15], and
Gemini [16].

The major difference between the latest LLMs and previous
language models (e.g., BERT) is that one model can answer
questions in multiple languages and domains and respond
by following the instructions. Previously, BERT was trained
separately in different languages and domains [17]. However,
the latest LLMs, such as GPT4, can freely process multiple
languages. Moreover, whereas BERT can only fill in incom-
plete sentences, the latest LLMs can answer questions in the
same manner as humans.

Even if LLM can answer questions in multiple languages
and domains, domain-specific models could still be useful. For
example, Hirano et al. [18] tuned the English-based model to
Japanese and achieved better outputs than the original model.
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Sukeda et al. [19] also tuned the English-based model to the
Japanese medical domain. Back to the era of BERT, SciB-
ERT [20], MedBERT [21], Japanese BERT', and Japanese
financial BERT [22] are proposed. Moreover, Howard et al.
[23] proposed universal language model fine-tuning and the
methodologies, and effects of domain-specified fine-tuning
were discussed in [17], [24].

In this study, we try to construct a Japanese financial-
specific LLM. Financial services are now hot topics in the use
of LLMs. For instance, BloombergGPT [25] is a private LLM
focused on finance. In addition, publicly available models,
such as FinLLAMA [26], which is a tuned version of LLaMA
[9], FinGPT [27], and Instruct-FinGPT [28], exist. However,
Japanese financial-specific LLMs have yet to be proposed.
Moreover, Japanese-focused LLM benchmarks have already
been constructed [29]. Therefore, it is high time that a Japanese
financial-specific LLM is constructed.

This study employs a domain-specific (financial-specific)
continual pre-training on an existing Japanese LLM and
checks if the model performance on the Japanese financial
benchmarks [29] improves or not. The existing Japanese LLM
we employed in this study is rinna/nekomata-14b, which is
publicly available on Hugging Face? and achieved the state-of-
the-art performance on Japanese financial benchmarks among
the 10-billions-class-parameters models (13b/14b models).

Consequently, the tuned model performed better than the
original model on the Japanese financial benchmarks. This
means that the domain-specific continual pre-training is ef-
fective for the Japanese financial-specific LLM.

The tuned model is publicly available on Hugging Face:
https://huggingface.co/pfnet/nekomata- 14b-pfn-qfin.

II. RELATED WORK

Studies on specialized language models in finance and
Japanese have been conducted for a long time. The classic
vector embedding technique used in language processing is
word2vec [30]. Word2vec has also been used in the financial
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domain [31]. After word2vec, ELMo [32], which uses a
bidirectional long short-term memory (LSTM) [33] to pre-train
a distributed representation, appeared, along with transformer
[3], which is a good alternative to LSTM in time-series
processing, and transformer-based BERT [4].

In contrast, methodologies to fit language models to specific
languages or domains are also pursued. For instance, Howard
et al. [23] proposed universal language model fine-tuning. Fol-
lowing this study, some domain- or language-specific language
models were developed, such as SciBERT [20], MedBERT
[21], Japanese BERT?, and Japanese financial BERT [22].
Moreover, the methodologies and effects of domain-specified
fine-tuning were discussed in [17], [24].

In the era of LLMs, although several transformer-based
language models have been proposed, as described in the
Introduction section, several unknown mechanisms of LLMs
exist, and numerous trials have been performed.

Several proposed LLMs that focus specifically on finance
exist. For instance, BloombergGPT [25] is a private LLM
focused on finance. In addition, publicly available models,
such as FinLLAMA [26], which is a tuned version of LLaMA
[9], FinGPT [27], and Instruct-FinGPT [28], exist.

Japanese-focused LLMs and benchmarks have also been
developed. Various models such as CyberAgent’s CALM
series, Rinna’s model, stabilityai’s stablelm series, Elyza’s
model, Preferred Networks’ Plamo™, and LLM-jp-13B have
been proposed. However, few models have been published in
academic research papers. Other studies have tuned existing
English-based models to specialize in Japanese-language use
[18], [19], [34]. As for the Japanese task evaluation for LLMs,
several benchmarks are available, including the jlm_eval [35],
llm-jp-eval [36], and Rakuda benchmarks*. Moreover, the
Japanese financial benchmarks have been constructed [29].

Some possible tuning methods for LLMs are available.
For instance, Low-Rank adaptation [37] could be one pos-
sible method for domain-specific tuning. Moreover, other
tuning methods, such as instruction tuning [38], reinforcement
learning from human preferences [39], and direct preference
optimization [40] are also proposed. However, according to
superficial alignment hypothesis [41], those tuning methods
might not be effective for domain-specific tuning because the
tuning focusing on the alignment cannot learn new knowledge.
Therefore, we employed the continual pre-training method for
domain-specific tuning in this study.

III. TUNING METHOD AND EXPERIMENTS

In this study, we employed the continual pre-training
method for domain-specific tuning. To run an experiment, we
need an existing Japanese LLM, Japanese financial datasets,
and a Japanese financial benchmark. We describe their details
in the following subsections.

3https://huggingface.co/tohoku-nlp/bert-base-japanese
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A. Continual Pre-training for Domain-specific Tuning

As a tuning method, we employed the continual pre-training
method. This is because the continual pre-training method
is effective for domain-specific tuning, as described in the
Related Work section.

As a base model, we employed rinna/nekomata-14b, pub-
licly available on Hugging Face’. The rinna/nekomata-14b
model is a Japanese LLM that achieved state-of-the-art per-
formance on Japanese financial benchmarks among the 10-
billions-class-parameters models (13b/14b models). If we want
to reveal the effectiveness of the domain-specific tuning, we
need to employ the state-of-the-art model as a base model.

For the tuning, we employed the accelerate library [42] with
deepspeed [43] to enable data-parallelized distributed training.
The other hyperparameters were set as the following:

e Devices: A100 80GB x4

o Learning rate: starting from Se-7, and decayed linearly to
0

o Number of epochs: 5

o Batch size: 24 (6 per device)

e Max sequence length: 2048

o Dtype: bfl6

o Gradient accumulation steps: 1

o Gradient checkpointing: True

B. Japanese Financial Focused Datasets

To tune the model, we constructed Japanese financial-
focused datasets for pre-training. Different from instruction
tuning [38], we employed the continual pre-training method.
Therefore, different from the instruction dataset, the datasets
should contain various raw financial documents.

For the datasets, we crawled some articles from the Internet
and cleaned them. The datasets are currently clear to use for
commercial purposes under Japanese law as of April 2024.
The crawled articles mainly include the following types of
documents:

o Speeches, Press Conferences, and Talks of Officers of the
Bank of Japan

o Minutes of the Monetary Policy Meetings of the Bank of
Japan

o Reports, glossaries, and company profiles from multiple
financial institutions

o Financial-related documents extracted from Wikipedia
(using Wikipedia dumps)

Moreover, the following official published documents were

also included via their API services:

« Reports on EDInet®

Those documents were cleansed and formatted mainly in
the following formats:

o Plain markdown format (converted from HTML/PDF)
o Section-wise consolidated format
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o Category-wise consolidated format (including cate-
gory/keyword name, description, and corresponding
stocks)

o List format (Company name, its stock code, and its
industry in each line)

o Question-and-answer format (One question and its an-
SWer)

o Multiple choice question format (one question, its multi-
ple choices, and the correct answer)

For the formatting, stabilityai’s japanese-stablelm-base-
gamma-7b’ is partly used. Especially the question-and-answer
format and the multiple choice questions are generated with
almost the same approach as WRAP [44]. The final datasets
contain about 8.1 million documents and 370 million tokens.

C. Financial Focused Evaluation

We employed two types of evaluation methods to evaluate
the tuned model.

« Benchmark evaluation: We employed the Japanese finan-
cial benchmarks [29] for evaluating the model. This is a
quantitative evaluation.

o Outputs comparison: We compared the outputs of the
tuned model with the original model. This is a qualitative
evaluation.

The Japanese financial benchmarks [29] is currently the
most popular benchmark for evaluating the Japanese LLMs
in financial services. The benchmark contains the following
tasks:

o chabsa: Aspect-based sentiment analysis

o cma_basics: Fundamental knowledge questions in secu-
rities analysis

o cpa_audit: Japanese Certified Public Accountant (CPA)
exam, which comes from [45]

o fp2: 2nd grade Japanese financial planner exam

o security_sales_1: 1st-grade Japanese securities broker
representative test

Almost all tasks are multiple-choice questions, and the answers
are evaluated by the F1 score (for Chabsa) or accuracy (for
others). In benchmark evaluation, we employed the following
settings:

e Prompts: Default prompts of the benchmarks (chabsa,

cma_basics, cpa_audit, fp2, security_sales_1)

o # of fewshots: 0
Those settings are employed for simplification and fair com-
parison with the original model.

In the outputs comparison, we generated the outputs of the
tuned model and the original model for the same prompts.
Subsequently, we compared the outputs and checked whether
the tuned model’s outputs were better than the original model’s
outputs in terms of the quality of the answers.

In the outputs comparison, we employed the following
settings:

e Max new tokens: 512

7https://huggingface.co/stabilityai/japanese- stablelm- base- gamma-7b

o Sampling: False

o Top-k: 50

o Repetition penalty: 1.1

However, the output comparison is a subjective evaluation.
Therefore, we employed the benchmark evaluation for the
quantitative evaluation, and the outputs comparison is mainly
aimed at making it easier to understand the effectiveness of
the tuning for the readers.

IV. RESULTS
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Fig. 1. Loss Curve

In figure 1, the loss curve of the continual pre-training is
shown. In our tuning, no loss spikes were observed. The loss
curve was also saturated as the learning rate decayed linearly
to 0.

In the following, we show the benchmark evaluation results
and the output comparison results.

A. Benchmark Evaluation

Table I shows the benchmark evaluation results. The tuned
model achieved better performance than the original model in
all tasks. The overall score of the tuned model is 0.4716, which
is +0.0381 higher than the original model’s score (0.4335).
The difference between the tuned model and the original
model is not statistically significant, but it seems significant
that the tuned model achieved better performance than the
original model in all tasks.

B. Outputs Comparison

Only evaluating the benchmark results is not enough to
understand the effectiveness of the tuning. Therefore, we
compared the outputs of the tuned model with those of the
original model. Here, we show some examples of the outputs
comparison that the difference between the tuned model and
the original model is huge or clear. All the results are translated
from Japanese to English.



TABLE I

BENCHMARK EVALUATION RESULTS
Model chabsa (f1) | cma_basics (acc) cpa_audit (acc) fp2 (acc) security_sales_1 (acc) Overall
Original 0.7381 0.4737 £ 0.0821 | 0.1608 £0.0184 | 0.3389 %+ 0.0217 0.4561 + 0.0666 0.4335
Ours (Tuned) 0.7428 0.5263 +0.0821 | 0.1633 +0.0186 | 0.3642 + 0.0221 0.5614 + 0.0663 0.4716
Diff +0.0047 +0.0526 +0.0025 +0.0253 +0.1053 +0.0381

— Ex.1: Result starting with “The Bank of Japan”

Ours tuned (nekomata-14b-pfn-qfin): The Bank of
Japan introduced “Quantitative and Qualitative Mone-
tary Easing” in April 2013 and has been promoting
strong monetary easing to achieve the price stability
target” of 2 percent consumer price inflation. As a result,
Japan’s economy has been on a gradual recovery path,
and the employment and income environment has been
improving. Against this backdrop, corporate earnings are
at record-high levels, and capital investment is on an
increasing trend. In addition, personal consumption has
remained steady, and housing investment is also picking
up. Thus, the Japanese economy is judged to be re-
covering moderately. The Japanese economy is expected
to expand moderately as the employment and income
environment continues to improve steadily, and domestic
demand is expected to remain firm, partly due to the
effects of various policies. However, attention should be
paid to the effects of uncertainties in overseas economies
and fluctuations in financial markets. ...

Original (nekomata-14b): The Bank of Japan has de-
fined the objectives of its monetary policy as “price
stability and financial system stability.” Of these, with
respect to “’price stability,” the Bank has set a target that
the year-on-year rate of increase in the CPI (excluding
fresh food) should be in the positive territory of 2%
or less, with a central target of around 1%. On the
other hand, with regard to “financial system stability,”
the Bank is supposed to work to stabilize the financial
system through the resolution of bankruptcies of financial
institutions and the development of systems to ensure
financial system stability, as well as by exercising its
function as a lender of last resort as a central bank.
The Bank conducts its monetary policy operations in
accordance with these missions. ...

price on a specific date in the future. Thus, you take a
position to buy if you expect the stock price to rise and
sell if you expect the stock price to fall. If the stock price
moves as expected, you will earn a profit. There are many
other types of derivative instruments. For example, an
option is a transaction in which you buy or sell the right
to buy or sell a specific quantity of a financial instrument
at a particular price and within a specific time period.
Swap transactions, on the other hand, take advantage
of interest rate differences between different currencies
and are used to hedge foreign exchange risk. Derivative
instruments have the potential to generate significant
profits for investors but also carry the risk of significant
losses. ...

Original (nekomata-14b): Derivative instruments are not
guaranteed for the principal amount and may cause losses
due to price fluctuations or interest rate fluctuations. In
addition, the amount of loss may exceed the margin be-
cause the amount of the transaction is large compared to
the amount of margin to be deposited by the customer for
such transaction. Foreign exchange margin transactions
(FX) may cause losses due to fluctuations in the price
of a currency or the value of a financial index, and
the amount of such losses may exceed the amount of
margins deposited by a customer for such transactions.
Furthermore, the amount of loss may exceed the margin
because the transaction amount is large compared to the
amount of margin to be deposited by the customer for
such transaction.

In Ex.2, the tuned model’s output is much better than the
original model’s because the tuned model’s output correctly
explains the derivative instruments, while the original model’s
output does not. Moreover, the tuned model’s output is more
informative than the original model’s output, and its output’s

length is longer than the original model’s output (The full

In Ex.1, the tuned model’s output is slightly better than the ©output of the tuned model is not shown in the box, but the

original model’s output because the central target of the price output of the original model is fully shown in the box).
increase rate is correctly 2% as the tuned model’s output, but

the original model’s output says around 1%. — Ex.3: Result starting with ”A knockout option is”

Ours tuned (nekomata-14b-pfn-qfin): A knockout

Ex.2: Result starting with “Derivative instruments are” option is a type of binary option, a trade in which
Ours tuned (nekomata-14b-pfn-qfin): Derivative instru- the trader predicts whether the decision price will be
ments are transactions in financial instruments, such as above or below the strike price at the expiration time.
stocks and bonds, that take advantage of price fluctuations FX account applications will not be accepted between
to make a profit. For example, in a stock futures contract, 6:55 a.m. Thursday, January 3, 2019, and 6:55 a.m.
you enter into a contract to buy or sell a stock at a specific Friday, January 4, 2019, due to system maintenance.




Select Month August 2019 (170) July 2019 (200) June
2019 (200) May 2019 (200) April 2019 (200) March
2019 (140) February 2019 (200) January 2019 (160)
December 2018 (200) November 2018 (160)

Original (nekomata-14b): A knockout option is a type
of binary option that predicts whether the price of the
underlying asset will be above (high) or below (low) the
target rate at the decision time. January 3, 2019 Virtual
currency exchanges and sellers offer a variety of altcoins
in addition to Bitcoin: Ethereum is one of the most
popular altcoins. Like Bitcoin, Ethereum is a virtual
currency that uses blockchain technology but differs from
Bitcoin in some ways. In this article, we will discuss the
features of Ethereum, how it works, and how to purchase
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the “fear index.” The higher the value, the more anxious
investors become, and when the value exceeds 20, it is
considered a level comparable to a financial crisis. In the
US stock market on August 18, the Dow Jones Industrial
Average closed at $24,608, down $545 from the previous
day. The drop temporarily exceeded $700. Selling swelled
mainly in China-related stocks due to concerns over the
trade friction between the US and China.

Ex.4 is an interesting example. In this example, both out-
puts seem correct but include different information from just
explaining VIX. However, the explanation for VIX by the
tuned model is more informative than the original model’s
explanation.

— Ex.5: Result starting with ”A weaker yen is”

Ours tuned (nekomata-14b-pfn-qfin): A weaker yen is
a positive factor for the Japanese economy. However, a
weaker yen raises the prices of imported goods, pushing
up consumer prices. In addition, for exporters, a weaker
yen increases the price competitiveness of products
sold overseas, thereby increasing their earnings. On the
other hand, for importers, a weaker yen increases their

Another example is Ex.3. In this example, both the tuned
model’s output and the original model’s output are not correct
(a knockout option is not a type of binary option). Moreover,
both outputs contain irrelevant information. So, even the tuned
model cannot answer correctly in some cases for financial
domain-specific questions.

— Ex.4: Result starting with "VIX is”

purchasing costs, resulting in lower earnings. Thus, the
impact of the yen’s depreciation cannot be said to be
either good or bad since profits and losses are divided
between exporters and importers. In general, however,
a weaker yen is considered favorable for exporters and
unfavorable for importers.

Comment 2

Ours tuned (nekomata-14b-pfn-qfin): VIX is a “fear
index” that reflects investor sentiment toward the future
of the US stock market. It usually hovers between 10
and 20, with higher values indicating greater caution
about the future. The VIX is calculated from options
trading linked to the S&P 500. The VIX is calculated
by the Chicago Board Options Exchange (CBOE) and is
commonly referred to as the “fear index”’; a VIX above 20
is considered to indicate an increase in market volatility,
while a VIX above 30 is viewed as a danger zone. The
US stock market continues to be unstable against the
backdrop of concerns over the global economic slow-
down and low oil prices due to the spread of the new
coronavirus. After reaching an all-time high on February
12, the Dow Jones Industrial Average fell to a record
low of $2,997 on February 24. The market continued to
fluctuate wildly and fell below the $20,000 level again
on March 6. Against this backdrop, the VIX temporarily
rose to 50.30 on March 11, the highest level in about three
years. The VIX can also fluctuate significantly depending
on US monetary policy and political developments. For
example, ...

Original (nekomata-14b): VIX is an index that indicates
the volatility of the US stock market, also known as

While a weak yen is beneficial for export- and inbound-
related industries, ...

Original (nekomata-14b): A weaker yen is positive for
the performance of exporting firms. It may also make
it easier for foreign investors to buy Japanese stocks,
leading to higher stock prices. On the other hand, there
is a fear that the rate of increase in the consumer price
index (CPI) could accelerate through higher import
prices. The BOJ forecasts the CPI for FY 2019 at 0.8%
yly, but if the yen continues to weaken, this forecast
may not be achieved.

Also, in Ex.5, the tuned model’s output is more informative
than the original model’s output. Moreover, the tuned model’s
output only focuses on the impact of the weaker yen, while
the original model’s output also includes information on stock
prices and the CPI. However, the format of the tuned model’s
output seems weird because it contains “Comment 2,” and the
following sentence is unrelated to the previous sentence.

According to those examples, the tuned model’s outputs
tend to be better than the original model’s outputs in terms of
the quality and length of the answers. However, the example
we showed here is very limited, and many other comparison
results do not have a significant difference between the tuned
model and the original model.



V. DISCUSSION

First, the benchmark evaluation results show that the tuned
model performed better than the original model in all tasks.
The dataset size is not so large, but these results show that
our tuning was archived to add the knowledge of the financial
domain to the model.

This tendency is also shown in the outputs comparison. For
example, the output results of Ex.2 and 4 also indicated that
the tuned model’s outputs are better than the original model’s
outputs in terms of correctness and informativeness.

However, the datasets used for the tuning are not so large but
specially focused on the financial domain, which could be the
main reason that the tuned model achieved better performance
than the original model. Like the domain-specified BERTS, the
domain-specific tuning could be effective for the LLMs.

On the other hand, the outputs comparison results also
showed that the tuned model still had issues answering some
questions correctly. For example, the output results of Ex.3
indicated that the tuned model could not answer correctly in
some cases for financial domain-specific questions. Moreover,
the benchmark is also not a full score, so the tuned model is not
perfect yet in terms of financial knowledge. In addition to the
knowledge issue, LLM-specific issues, such as hallucination,
still exist.

Some possible future works exist to address those issues.
To address the knowledge issue, the dataset for finance should
be more diverse and larger. Moreover, instruction tuning [38]
could be another future work. Currently, our tuned model only
supports generating continual text, but instruction tuning could
be effective for question-answering tasks. The instruction
tuning could also ease the hallucination issue. Therefore,
the instruction datasets and tuning focusing on the financial
domain could be vital for future research.

According to our results and discussion, domain-specific
tuning is also effective for LLMs, but it is not clear that
the tuning is effective even for LLMs with huge parameters,
such as 100-billion-class-parameter models. GPT-4 series is
one of the 100 billion-class-parameter models, and its bench-
mark score is far better than our tuned model’s. Therefore,
the effectiveness of the domain-specific tuning for the 100-
billions-class-parameters models is still unclear. Therefore,
future work should also include the evaluation of the domain-
specific tuning for the 100-billions-class-parameters models.

VI. CONCLUSION

This study aims to construct a Japanese financial-specific
LLM. For the tuning, we employed the continual pre-training
method. Before tuning, we constructed Japanese financial-
focused datasets for the continual pre-training containing about
8.1 million documents and 370 million tokens. As a base
model, we employed rinna/nekomata-14b, publicly available
on Hugging Face, and achieved state-of-the-art performance
on Japanese financial benchmarks among the 10-billions-class-
parameters models. Then, we performed continual pre-training
using the datasets and the base model. As evaluations, we
employed the Japanese financial benchmarks and the outputs

comparison. The results reveal that the tuned model performed
better than the original model in all benchmarks. Moreover, the
outputs comparison results also showed that the tuned model’s
outputs tend to be better than the original model’s outputs
in terms of the quality and length of the answers. However,
the tuned model still has issues to answer correctly for some
questions. According to these results, the domain-specific
tuning is still effective for the LLMs. Finally, the scope for
future research includes instruction tuning, additional datasets
covering broader financial knowledge, and the evaluation of
domain-specific tuning for the 100-billions-class-parameter
models.
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