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Background

The Data Bottleneck in the Long CoT Era

Post-training & mid-training of LLMs rely heavily on exam-style 
reasoning data

•  Math & Code: rich resources (competitions, open benchmarks)

•  other disciplines (medicine, law, humanities...): 

severe data scarcity

•  Existing reasoning datasets are heavily skewed toward STEM

Math & Code
Abundant Data  ✓

VS

75 Other Disciplines
Medicine, Law, Philosophy,

Economics, Agriculture...

Severe Data Scarcity  ✗



Background

Two Paradigms, Two Fundamental Limitations

Query-Centric

Self-Instruct, WizardLM, AutoEvol...

Evolve from seed questions iteratively

✗ Limited by seed pool coverage

✗ Model bias compounds over iterations

✗ Can't escape seed distribution

Document-Centric

MAmmoTH2, NaturalReasoning, Humpback...

Generate questions from raw documents

✗ No control over difficulty or diversity

✗ Degenerates to factual recall

✗ Diversity limited by fixed prompt

Key Question: How can we leverage diverse corpora for broad subject
and knowledge coverage while synthesizing high-quality, human-like
exam questions with controlled difficulty, diversity, and question types?



How Do Human Experts Design Hard Exam Questions?

▼

"Design Logic" =  Reusable meta-knowledge that encapsulates the structured design process

Same Design Logic +  Different Source Text =  New question with same 
reasoning complexity

Best of both: Query-Centric's rich knowledge coverage + Document-Centric's
explicit difficulty control — scalable, and without the drawbacks of either

Methods



Pipeline



Methods

Two-Stage Retrieve-and-Generate

➜

Stage 1: Coarse Retrieval

Embed source document

↓

Vector similarity search

↓

Retrieve top-5 Design Logics

➜

Stage 2: Fine Selection + 
Generation

LLM evaluates compatibility

↓

Selects best Design Logic

↓

Generates question from

Design Logic + source text

Why two stages?  125k logics × millions of documents = combinatorial explosion. 

• Embedding retrieval is fast but imprecise.
• LLM selection is accurate but expensive.

Coarse retrieval narrows the search space; LLM fine-selection ensures quality and compatibility.
The two-stage design balances scalability (millions of texts) with precision.

Raw Corpus

Design Logic 
Library



Results

4.7 Million Questions Across 75 Disciplines

DLR-Book

3.04M
questions from book corpus

DLR-Web

1.66M
questions from web corpus

Balanced Coverage

75
diverse disciplines

Discipline Distribution



Results

Difficulty Distribution

Diversity:  ~2× gains on 1-NN embedding distance vs. all baselines



Results

SFT on Base Models Surpasses Official Post-Trained Models

Using ONLY our synthesized data for SFT on base models, 
we surpass official post-trained final models.

Llama-3.2-3B

+18.68

Llama-3.1-8B

+28.96

Qwen3-4B

+5.38

Qwen3-8B

+5.45

Avg Improvement



Results

SFT on Base Models Surpasses All Baselines

Using our synthesized data for SFT on base models, we surpass all baselines.

* All results on Qwen3-8B-Base.



Analysis

Ablation: Every Component Matters

Design Logic = Key
5.3 points drop on GPQA-Diamond when removed

Both retrieval stages matter
Coarse + Fine > either alone



Thank You

Weize Liu


