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Fvaluation of LLMs on Japanese Capabilities

« We aim to establish datasets and methodologies for
evaluating LLMs, focusing on Japanese understanding

« This talk introduces our efforts in evaluating and analyzing
LLMs’ capabilities in Japanese
« Datasets: Benchmark Japanese language understanding
* Tools: Unified and reproducible assessment of Japanese
capabilities
« Analysis: Understanding emergent abilities in Japanese
« Community: Building shared standards and collaborative evaluation



Japanese Evaluation Datasets

 We are developing datasets to comprehensively evaluate
Japanese language understanding

 Traditional NLP tasks: Question answering, natural
language inference, syntactic parsing, etc.

» Translated benchmarks: Japanese versions of GPQA and
Humanity's Last Exam

 New Japanese datasets:

 [Im-jp-instructions: instruction-following benchmark in Japanese
* Jculture: benchmark for Japanese cultural knowledge

* Japanese exams and long-context benchmarks: evaluating extended
reasoning abilities




jculture

 An evaluation dataset focusing on Japanese cultural

knowledge

s Example: HADFHIEDH 4 X Z2H R TL 712 WY,
Please tell me the size of a Japanese Shinsho.

« Each question has a reference answer, and model outputs
are judged for correctness and usefulness relative to them

Human Judgment LLM as a Judge

lIm-jp-3-8x13b-instruct3 2.69 2.15
gpt-4-0613 2.65 2.29
Qwen2.5-72B-Instruct 2.28 2.21

* Informal evaluation results before publication



Im-jp-eval

e A unified framework for
evaluating Japanese

language understanding

e Supports multiple
benchmark datasets

 Runs standardized
evaluation procedures

e Does notrely on LLMs as
judges, ensuring objectivity

Natural language inference

Jamp, JaNLI, JNLI, JSeM, JSICK

Question answering

JEMHopQA, NIILC, JAQKET, TriviaQA, DROP, JamC-QA

Reading comprehension

JSQUAD

Commonsense reasoning

JCommonsenseMorality, JCommonsenseQA, KUCI,
WinoGrande_ xl

Entity linking

chABSA

Fundamental analysis

Wikipedia Annotated Corpus

Mathematical reasoning

MAWPS, MGSM, PolyMath, GSM8K, AIME2024,
AIME2025

Machine translation

ALT, WikiCorpus

Semantic textual similarity

JSTE

Human exam Japanese

JMMLU, MMMLU, MMLU-ProX, GPQA-JA, Japanese
Humanity’'s Last Exam

Human exam English

MMLU, MMLU-ProX, OpenBookQA, GPQA, Humanity’s
Last Exam

Code generation

MBPP, JHumanEval

Summarization

XL-Sum

Instruction following

M-IFEval

BIG-Bench Hard

BBH, BBH-JA




Open Japanese LLM Leaderboard
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A public platform for evaluating Japanese capabilities

Any user can submit a model for assessment via [Im-jp-eval
Facilitates transparent and reproducible benchmarking
Version 2 will be released soon
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Im-jp-judge

* A unified tool to evaluate LLMs using an LLM as a judge

« Supports diverse benchmarks in Japanese and English
e |[Im-jp-instructions, jculture
« MT Bench (English, Japanese)
« Safety benchmarks: AnswerCarefully, AnswerCarefully Borderline, Safety
Boundary Text

« Shows high correlation with human judgment, though tends to
slightly over-score on some metrics

lIm-jp-instructions AnswerCarefully

correctness fluency concreteness relevance overall safety unsafe ratio safe ratio
- - N - 1 - 1! L | 100 el

human judgment  human judgment  human judgment  human judgment  human judgment human judgment human judgment human judgment



Analysis of Pretraining Dynamics
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Evaluations with lIm-jp-eval during pretraining reveal:
« How pretraining influences downstream task performance
« Strengths and weaknesses of models across different linguistic
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Analysis of Finetuning Dynamics

« We evaluated various combinations of base T
models and finetuning datasets across multiple === BEEE
benchmarks

« This analysis reveals how different model-data —
combinations perform across diverse tasks O b 7 i

« For example, we examined the effectiveness of -
specific finetuning data on each evaluation benchmark ===~

« Over 1,000 finetuned models will be released
publicly for research use &y S
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Finetuning Competition

« Evaluation campaigns are organized to share finetuning and
related techniques for enhancing Japanese LLMs

« Any techniques to improve Japanese LLM capabilities are encouraged
« Evaluation tools and computing resources are provided to participants

« Two tracks are defined to focus on improving specific capabilities

« 1st competition (Dec 2024-Mar 2025): Mathematics and Safety tracks
« 2nd competition (Oct 2025-Mar 2026): Mathematics and Freestyle tracks
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Summary

 We provide open datasets, tools, and leaderboards for the
fair and transparent evaluation of Japanese capabilities

* Analyses of pretraining and finetuning offer insights into
Japanese language proficiency

 Through organizing competitions, we aim to accelerate
community-driven improvement of Japanese LLMs

e Evaluating and analyzing local language capabilities is crucial
for advancing multilingual LLMs and ensuring that progress
extends beyond English
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