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Abstract
While large language models (LLMs) have demonstrated remarkable capabilities in handling Japanese, they are conventionally trained
on English-centric corpora, which may cause a deficiency in understanding and generating Japanese texts. In response, researchers
have been actively developing LLMs with a specific focus on Japanese, many of which have been made publicly available. This rapid
growth has made it challenging to obtain a comprehensive overview of the developments. To address this issue, this report reviews
open LLMs for Japanese, including instruction-tuned models and multimodal models. We also introduce existing LLM evaluation
benchmarks for Japanese, aiming to offer a practical guide to choosing the most suitable model. We continually update our work at

https://github.com/l1lm-jp/awesome- japanese—11lm.
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1. Introduction

Large language models (LLMs) have exhibited vast knowl-
edge and strong reasoning abilities, demonstrating their po-
tential to support human activities (Wang et al., 2023a}; | X1
et al., 2023). Their influence has now extended far be-
yond the confines of the traditional NLP community. In
Japan, the success of LLMs has encouraged the exploration
of their applications to various industries (METI, 2024).
Several studies in the medical field (Kunitsu, 2023} Tanaka
et al., 2024; Nakao et al., 2024) have already investigated
the effectiveness of proprietary LLMSs such as GPT-4 (Ope-
nAl, 2023). As Japan suffers from a severe labor shortage
(Shinkawa, 2012)), LLMs are expected to provide assistance
and improve productivity in Japanese society.

One major drawback of widespread LLM:s is that they are
(presumably) trained on web-scale corpora, which include
a considerably low ratio of Japanese documents. Indeed,
Llama 2 (Touvron et al., 2023)) reveals that only 0.1% of
its pre-training data is in Japanese. This imbalance could
make such models less optimal for Japanese speakers in the
following aspects. First, it has been reported that the fac-
tual knowledge of LLMs correlates with its frequency in
their pre-training data (Kandpal et al., 2023} |Chang et al.,
2023al)). This suggests that English-centric LLMs might not
accurately reflect the shared values, beliefs, and customs of
Japanese people. Another practical issue arises from the
tokenizers of LLMs. Popular tokenization methods, such
as BPE (Sennrich et al., 2016) and Unigram (Kudo, 2018)),
regard a frequent pattern of characters (or bytes) as a unit.
Therefore, infrequent Japanese words tend to be split into
smaller units (see Figure[T). This not only slows inference
speed but also imposes higher costs because proprietary
LLMs usually charge by the token count.

As an alternative to English-centric LLMs, researchers
have been developing a “Japanese LLM”—a large lan-
guage model trained primarily on the Japanese language
(Hornyak, 2023). Many research groups have released
Japanese LLLMs to demonstrate their technological prowess
and promote further research (Sawada et al., 2024; |Levine

et al., 2024; Takahashi et al., 2024; |Akiba et al., 2024; In-
oue et al., 2024, inter alia). This development race has be-
come so intense that it is difficult to get the whole picture.
To tackle this issue, we in this study provide a concise
overview of the recent advancements in Japanese LLMs.
Specifically, we try to answer the following questions:

Q1: What kind of Japanese LLMs are out there that any-
one can use? (2]

Q2: How can we measure the performance of LLMs in
Japanese? (§3)
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Figure 1: Ilustration of how GPT-4 (OpenAl, 2023) tok-
enizes a Japanese text. In this example, the sentence “FA
WEHFUZFEATWET, (1 live in Tokyo.)” is tokenized
into twelve tokens. Kanjis such as "H{” and "{¥” are not
included in the vocabulary and thus mapped to multiple
tokens. Note that OpenAl has announced that they will
release a custom model optimized for Japanese (OpenAl,
2024).


https://github.com/llm-jp/awesome-japanese-llm

Model Release Date

Type

Model ID

LLM-jp-13B FS 10/2023
PLaMo-13B FS 09/2023
Stockmark-13B FS 10/2023
Weblab-10B FS 08/2023
JSLM-Alpha-7B FS 08/2023
CALM2-7B FS 11/2023
Swallow-70B CP 12/2023
KARAKURI-LM-70B CP 01/2024
JSLM-Beta-70B CP 11/2023
Swallow-MX-8x7B CP 03/2024
ABEJA-8x7B CP 04/2024
Nekomata-14B CP 12/2023
ELYZA-13B CP 12/2023
Youri-7B CP 10/2023
SambalLingo-Japanese-7B  CP 02/2024
Swallow-MS-7B CP 03/2024
RakutenAI-7B CP 03/2024
JSLM-Gamma-7B CP 10/2023

1lm-jp/llm-jp-13b-v1.0

pfnet/plamo-13b

stockmark/stockmark—-13b
matsuo-lab/weblab-10b
stabilityai/japanese-stablelm-base-alpha-7b
cyberagent/calm2-7b
tokyotech-11m/Swallow-70b-hf
karakuri-ai/karakuri-1lm-70b-v0.1
stabilityai/japanese-stablelm-base-beta-70b
tokyotech-11m/Swallow-MX-8x7b-NVE-v0.1
abeja/Mixtral-8x7B-Instruct-v0.l-japanese
rinna/nekomata-14b
elyza/ELYZA-japanese-Llama-2-13b
rinna/youri-Tb
sambanovasystems/Sambal.ingo-Japanese-Base
tokyotech-11m/Swallow-MS-7b-v0.1
Rakuten/RakutenAI-7B
stabilityai/japanese-stablelm-base—gamma-7b

Table 1: A selected list of base LLMs for Japanese as of the end of April 2024. In the Type column, FS denotes models
built from scratch, while CP denotes models built out of other LLMs via continual pre-training. Model ID indicates the
corresponding repository id on Hugging Face Transformers library (Wolf et al., 2020).

2. Development Trends
2.1. Scaling-up of the Model Size

To our knowledge, the largest Japanese LLM in terms of the
number of parameters was ABEJA-2.7B (ABEJA, 2022)
before the advent of ChatGPT (OpenAl, 2022). After Chat-
GPT has been released, development has progressed on an
even larger scale, with several models exceeding 10 bil-
lion parameters. Table [T]presents a selected list of Japanese
LLMs that are publicly available.

As the number of parameters increases, escalating com-
putational costs associated with pre-training from scratch
arise. Therefore, there has been a growing trend towards a
method known as continual pre-training, wherein an exist-
ing LLM serves as a base, and additional Japanese corpora
are used to train the model further to enhance its capabili-
ties in Japanese. Swallow (Okazaki et al., 2023), ELYZA
(Sasaki et al., 2023b)), JSLM-Beta (Lee et al., 2023a), and
Youri (Sawada et al., 2024) are developed based on Llama 2
(Touvron et al., 2023)), while Swallow-MS (Okazaki et al.,
2024), JSLM-Gamma (Lee et al., 2023b)), and RakutenAl
(Levine et al., 2024) are on Mistral (Jiang et al., 2023)).

An intriguing approach to continual pre-training is to adapt
Chinese-centric LLMs, such as Qwen (Bai et al., 2023)
and Baichuan 2 (Yang et al., 2023), to Japanese LLMs.
Japanese and Chinese people share the characteristic of us-
ing thousands of Kanjis (or Chinese characters) in every-
day communication. Therefore, the knowledge of Kanji in
a Chinese LLLM could be beneficial. Nekomata (Sawada et]
al., 2024) is a pioneering model in this direction, which is
constructed upon Qwen.

2.2. Human Alignment

Aligning models with human expectations is an integral
part of building LLMs (Wang et al., 2023b). Instruction-
tuning (Wei et al., 2022) is widely applied to Japanese
LLMs, as shown in Table

Some works explore more advanced methods to pursue
better alignment. LLM-jp-13B-DPO (Kiyomaru et al.,
2024), CALM2-7B-DPO (Jinnai, 2024), Shisa-7B (Lin
et al., 2023), and SambalLingo-Japanese-7B-Chat (Csaki
et al., 2024) adopt DPO (Rafailov et al., 2023), while
KARAKURI-LM-70B-Chat (KARAKURI, 2024) employ
SteerLM (Dong et al., 2023)) to reflect the human prefer-
ences.

A challenging problem in LLM alignment is how to con-
struct labeled training data. Early Japanese LLMs rely on
machine-translated datasets such as kunishou/databricks-
dolly-15k-ja (Kuniyoshi, 2023a)) and kunishou/oasst1-89k-
ja (Kuniyoshi, 2023b). More recently, there has been
a shift toward building datasets without the help of ma-
chine translation. The llm-japanese-dataset (Suzuki et al.,
2023) has been devised by reusing Japanese NLP datasets
for instruction-tuning. The ichikara-instruction (RIKEN,
2023)) is an initiative to build Japanese instruction-tuning
datasets annotated by Japanese experts.

2.3. Domain Adaptation

LLMs have significant applications in domains that require
specialized knowledge, such as medicine, chemistry, and
finance (Zhou et al., 2023} [Ho et al., 2024} |Li et al., 2023)).
Various studies have been done on infusing domain-specific
knowledge into Japanese LLM:s.

Takahashi et al. (2024) demonstrate that including
business-related web pages and patents in the pre-training
stage can enhance the performance of business-related
question-answering tasks. Similarly, Hirano and Imajo
(2024) show the effectiveness of domain-specific continual
pre-training in the financial domain. [Sukeda et al. (2023)
investigate domain-specific instruction-tuning in the medi-
cal domain. Taking a completely different approach, |Akibal
et al. (2024) claim that their proposed method, Evolution-
ary Model Merge, can successfully merge models from dif-



Model Release Date  Model ID

LLM-jp-13B-DPO 02/2024 1lm-jp/llm-jp-13b-dpo-lora-hh_rlhf ja-vl.1
PLaMo-13B-Instruct 11/2023 pfnet/plamo-13b-instruct
Stockmark-13B-Instruct 11/2023 stockmark/stockmark—-13b-instruct
Weblab-10B-Instruct 08/2023 matsuo-lab/weblab-10b-instruction-sft
JSLM-Alpha-7B-Instruct 10/2023 stabilityai/japanese-stablelm-instruct-alpha-7b-v2
CALM2-7B-DPO 01/2024 cyberagent/calm2-7b—chat-dpo-experimental
ao-Karasu-72B 03/2024 lightblue/ao-karasu-72B
Swallow-70B-Instruct 12/2023 tokyotech-11lm/Swallow-70b-instruct-hf
KARAKURI-LM-70B-Chat 01/2024 karakuri-ai/karakuri-1lm-70b-chat-v0.1
JSLM-Beta-70B-Instruct 11/2023 stabilityai/japanese-stablelm-instruct-beta-70b
Nekomata-14B-Instruct 12/2023 rinna/nekomata-l4b-instruction
Qarasu-14B 12/2023 lightblue/garasu—-14B-chat-plus—unleashed
ELYZA-13B-Instruct 12/2023 elyza/ELYZA-japanese-Llama-2-13b-instruct
Youri-7B-Chat 10/2023 rinna/youri-7b-chat
Houou-7B 12/2023 moneyforward/houou-instruction-7b-v2
Sambal.ingo-Japanese-7B-Chat  02/2024 sambanovasystems/SambalLingo-Japanese-Chat
Deepreneur-blue-lizard-7B 02/2024 Deepreneur/blue-lizard
RakutenAI-7B-Chat 03/2024 Rakuten/RakutenAI-7B-chat
JSLM-Gamma-7B-Instruct 10/2023 stabilityai/japanese-stablelm-instruct-gamma-7b
ChatNTQ-JA-7B 12/2023 NTQAI/chatntg-ja-7b-v1.0
Shisa-Gamma-7B 12/2023 augmxnt/shisa-gamma-7b-v1
Shisa-7B 12/2023 augmxnt/shisa-7b-v1l
Karasu-7B 12/2023 lightblue/karasu-7B-chat-plus—-unleashed
Table 2: A selected list of instruction-tuned LLMs for Japanese as of the end of April 2024.
Model Release Date  Model ID
EvoVLM-JP-7B  03/2024 SakanaAI/EvoVLM-JP-v1-7B
Heron-GIT-7B 04/2024 turing-motors/heron-chat-git-ja-stablelm-base-7b-vl
Heron-BLIP-7B  03/2024 turing-motors/heron-chat-blip-ja-stablelm-base-7b-vl-llava-620k
JSVLM-7B 11/2023 stabilityai/japanese-stable-vlm

Table 3: A selected list of LVLMs for Japanese as of the end of April 2024.

ferent domains (e.g., a Japanese LLM and an English Math
LLM).

2.4. Multimodality

It has been established that the combination of an LLM
and a visual encoder can effectively produce a vision-and-
language model (VLM) (Zhu et al., 2023} [Liu et al., 2023a).
VLMs based on LLMs are referred to as LVLMs. Table
shows a list of Japanese LVLMs that are publicly available.
It is also worthwhile to investigate the applications of
LLMs to other modalities. Hono et al. (2023) demonstrate
the effectiveness of combining a Japanese LLM with an au-
dio encoder on automatic speech recognition in Japanese.

2.5. Dense Retrieval Models

Retrieval-augmented generation (RAG) is a common tech-
nique for incorporating external knowledge into LLMs
(Gao et al., 2023b). Retrieval, a process of collecting rel-
evant documents to the query, is often employed by dense
retrieval models (Zhao et al., 2022)). Therefore, it is highly
beneficial to optimize such models for Japanese.

Chen et al. (2023b) and Tsukagoshi et al. (2023) present
Japanese sentence embedding models based on SimCSE
(Gao et al., 2021). [Clavié (2023) introduces a Japanese ver-
sion of ColBERT (Khattab and Zaharia, 2020).

3. Evaluation Trends
3.1. Traditional NLP Benchmarks

The Japanese NLP community has a longstanding his-
tory of constructing various datasets for specific tasks,
such as natural language inference (Kawazoe et al., 2015}
Hayashibe, 2020; |Yanaka and Mineshima, 2022) and
named entity recognition (Iwakura et al., 2016; |Yada et
al., 2022). More recently, JGLUE (Kurihara et al., 2022)
has been developed to evaluate the performance of pre-
trained language models comprehensively. These datasets
are widely used to assess the capabilities of Japanese LLMs
in a few-shot or zero-shot manner.

Benchmarks that holistically assess Japanese capabilities
across multiple datasets are also emerging. As of this writ-
ing, there are two dominant frameworks:

JP Language Model Evaluation Harness (StabilityAl,
2023b) is constructed as the Japanese version of Lan-
guage Model Evaluation Harness (Gao et al., 2023al), which
is a unifying framework for few-shot evaluation of language
models.

Ilm-jp-eval (Han et al., 2024) is a framework developed
with a focus on the generative abilities of language mod-
els. Unlike JP Language Model Evaluation Harness, which
employs the log-likelihood of output labels for evaluation,



IIm-jp-eval uses the results of generated texts, presenting a
more challenging evaluation method for the models.

3.2. Assessing Real-world Capabilities

Conventional NLP benchmarks have often been criticized
for being unsuitable for measuring the ability to handle
real-world user interactions (Zheng et al., 2023} [Liu et
al., 2023b)). Benchmarks employing open-ended questions
have been proposed to address these concerns and provide
a more realistic assessment of Japanese LLMs.

Japanese MT-bench (StabilityAl, 2023a) is built as the
Japanese version of MT-bench (Zheng et al., 2023). It in-
cludes 80 questions from eight categories: writing, role-
play, reasoning, math, coding, extraction, STEM, and hu-
manities. Some questions have been modified to fit with
Japanese culture.

Japanese Vicuna QA Benchmark (Sun et al., 2024) is
the Japanese version of Vicuna benchmark (Chiang et al.,
2023)), which is the predecessor of MT-Bench.

Rakuda Benchmark (Passaglia and Yu, 2023) is an
evaluation framework based on model answers to 40 open-
ended questions on Japanese geography, history, politics,
and society.

ELYZA-tasks-100 (Sasaki et al., 2023a) is an evalua-
tion framework based on model answers to 100 complex
and diverse tasks, including tasks testing summarization,
correction, abstraction, induction, and other skills.

3.3. Other Benchmarks

LLM evaluation can be conducted from various perspec-
tives (Chang et al., 2023bj (Chen et al., 2023a). Here we
highlight some of the attempts specific to the Japanese lan-
guage or culture.

JMMLU (Yin et al., 2024) is constructed as the Japanese
version of MMLU benchmark (Hendrycks et al., 2021).
Unlike the original MMLU, JMMLU includes questions
about Japanese history, geography, civics, and idioms.

JFLD (Morishita et al., 2024) is a dataset for evaluating
the deductive reasoning capabilities of LLMs in Japanese.
It aims to measure pure reasoning skills isolated from
knowledge.

Japanese Language Model Financial Evaluation Har-
ness (Hirano, 2024) is an evaluation framework on the
Japanese financial domain, consisting of five subtasks.

JA-VLM-Bench-In-the-Wild (Akiba et al., 2024) is a
dataset for evaluating Japanese VLMs. It collects 42 im-
ages with 50 questions. Notably, the images are character-
ized by the Japanese culture.

Heron-Bench (Inoue et al., 2024) is a VLM benchmark
for Japanese. It compiles 21 images with 102 questions.
Each image features Japanese objects, such as food, land-
scape, and anime.

3.4. Leaderboards

LLM leaderboards are convenient tools for quickly under-
standing which is the best-performing model. Some notable
examples include Chatbot Arena Leaderboard (Chiang et

al., 2024), C-Eval Leaderboard (Huang et al., 2023), and
Open Ko-LLM Leaderboard (Park et al., 2023)).

As for Japanese, the most up-to-date leaderboard is Nejumi
LLM Leaderboard (Kamata, 2023)), which compiles the re-
sults of llm-jp-eval and Japanese MT-bench. As of this
writing, the scores of Japanese LLMs are lower than pro-
prietary LLMs like GPT-4. This gap underscores an oppor-
tunity for further advancements in developing open LLMs
capable of understanding and generating Japanese texts.

4. Conclusion

In this report, we summarize the trends in the development
and evaluation of Japanese LLMs. We hope this study will
provide a better understanding of what is going on.

We acknowledge that the contents of this report could
be quickly outdated. Therefore, we strongly recom-
mend keeping up with the latest information on our
GitHub repository https://github.com/11lm-jp/
awesome— japanese—11m.
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