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Open Frontier Model
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How can the different institutions in TPC collaborate?
・Share experiences
・Training configurations: models, frameworks, hyperparameters
・Performance optimizations
・Failure modes
・Which datasets we use

What data to use
・Share models/tools to generate/clean data
・Deduplicate across sites
・VaultGemma: Differential privacy

What to agree on
・Model architecture
・Hyperparameters
・Data mix
・Public data
・Private data
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Swallow Project
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Swallow Project
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Swallow Project
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• Improve Japanese-domain knowledge and language ability
• Transfer logical reasoning ability from English to Japanese
• Maintain mathematics and coding capabilities



Swallow Development Timeline
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Building Reasoning Models
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Goal for This Work
• Clarify a recipe for building reasoning models with stronger Japanese-language ability and thinking 

capability

Models Built and Released

License: Apache 2.0 (commercial use permitted)

Scope of This Talk
• Report model performance and the model-building recipe
• Share findings on acquiring, improving, and validating reasoning ability



Overview of Reasoning Models
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Training Pipeline
• Starting from Qwen3 and gpt-oss, run a three-stage 

pipeline: continual pretraining (CPT), supervised fine-
tuning (SFT), and reinforcement learning (RL).

• Use CPT and SFT to learn responses with reasoning traces 
synthesized by a reasoning teacher LLM (gpt-oss-120b), 
eliciting deep reasoning.

• Further improve reasoning ability with RL.

Stage Training content

Continual pretraining (CPT)
Japanese/English text, QA text, math/code, and 

instruction-response data with reasoning traces

Instruction tuning (SFT)
Distill responses with reasoning traces for general 

dialogue and STEM

Reinforcement learning (RL)
Verifiable rewards based on correctness of math 

problems

                 

             

                                       

                              

                            

                                             

                 

                   

                            

                                         

                

                    

                        

                                 



Evaluation Benchmarks
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Task Japanese English Metric

General dialogue Japanese MT-Bench English MT-Bench Helpfulness (LLM judge)

Instruction following M-IFEval-Ja — Accuracy

Japan-specific knowledge JamC-QA — Accuracy (multiple choice)

Commonsense reasoning — HellaSwag Accuracy (multiple choice)

General knowledge MMLU-ProX-Ja MMLU-Pro Accuracy (multiple choice)

Science ★ GPQA-Ja ★ GPQA (Diamond) Accuracy (multiple choice)

Math MATH-100-Ja ★ AIME 2024–25, MATH-500 Accuracy

Coding JHumanEval ★ LiveCodeBench Pass@1

Translation WMT20 En-Ja, Ja-En — BLEU

★ High-difficulty benchmarks that require deep reasoning

Evaluation framework: swallow-evaluation-instruct, link

Evaluation setting: zero-shot instruction-response format / context length 32k / greedy decoding for text generation (except MT-Bench and 
coding)

Ja/En evaluation focused on hard math, science, and code generation.



Training Scale and Dataset Composition
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Training Scale
• Qwen3-Swallow: approx. 200B tokens
• GPT-OSS-Swallow: approx. 400B tokens

Dataset Composition
• Japanese web text (incl. synthetic QA): 45%
• English web text: 20%
• Math text and source code: 20%
• Instruction-response data with reasoning traces: 

15%
By category By dataset



Improving Math and Coding Performance
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Datasets Released
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Qwen3-Swallow 8B RL Performance
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Top-tier performance on Japanese tasks among open models up to 8B parameters
• Deep reasoning delivers strong results in math (AIME), science (GPQA), and code generation (LCB)
• Strong on Japan-specific knowledge (JamC-QA) and translation (WMT20)
• Reaches the level of Alibaba’s official Qwen3-8B, suggesting the recipe’s effectiveness



GPT-OSS-Swallow 120B RL Performance
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Top-tier among open models up to 120B parameters
• Notable +11 pt improvement over gpt-oss on JamC-QA, which tests Japan-specific knowledge
• Surpasses gpt-oss in math and code generation
• Japanese MT-Bench: top-tier score of 0.92 (upper right)

• Exceeds GPT-5.1 Thinking level; MT-Bench is now too saturated to differentiate reliably



Performance Changes by Training Stage
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• Continual pretraining (Qwen3-Base → CPT): Japan-specific knowledge, translation, general knowledge, and STEM all 
improve broadly

• Instruction tuning (CPT → SFT): general knowledge and STEM improve
• Reinforcement learning (SFT → RL): math (MATH, AIME) and code generation (LCB) improve

• Learning only on math may transfer gains to code generation
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