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Proprietary Datasets 

• mostly inaccessible

• no documentation or details on curation recipes 

Open Datasets 

• publicly accessible
• high-performance

… but 

• no systematic performance comparisons
(across models and datasets)

• lack of transparency 

(curation recipes)

• no sample-level tags

(difficult reusability)
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1. Motivation: Post-Training Datasets are a Mess! 

How to curate and/or choose 

good datasets in practice then?
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Side-by-Side Performance Evaluation for

• Tulu-3-SFT-Mix and SmolTalk SFT datasets

• fixed models and hyperparameters

• 14 diverse benchmarks 

High-Quality Annotations with Magpie for

• conversational structure (single- vs. multi-turn)

• prompt and response quality

• task categories, language, safety 

New Dataset: TuluTalk

• quality- and task-based curation recipe

• 14% - 23% smaller + better performance

• 100% transparent and annotated
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2. Contribution of this Work
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Task Diversity

• Tulu: STEM-oriented

• SmolTalk: conversational

→ complementary task distributions!

Conversation Lengths

• Tulu: single-turn

• SmolTalk: multi-turn

Input (Prompt) Quality

• mostly good and excellent

• non-negligible “bad samples”

→ potential redundancy
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3. Dataset Analysis

Fig.1: Task Distribution for Tulu and SmolTalk.

Fig.2: Input Quality Distribution for Tulu and SmolTalk.
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Input Quality vs. Instruct (Response) Reward

• single-turn: high input quality → high response quality 

• multi-turn: no correlation
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3. Dataset Analysis

Fig.3: Input Quality vs. Instruct Reward for Tulu (left) and SmolTalk (right).
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Step 1: Quality-Based Filtering

• very good / excellent input quality 

• high response reward

Step 2: Task-Aware Adaptation

• add more instruction following samples
• improve task diversity

→ increases cross-task performance

Result: Faster Training + Higher Performance

• smaller datasets imply faster training

• removing redundancies improves accuracy
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4. Quality- and Task-Aware Data Curation
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5. Numerical Results

Tab.1: SFT Results for Llama and SmolLM models for Tulu, SmolTalk, Orca, and TuluTalk.

23% smaller than SmolTalk and

14% smaller than Tulu!
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What we did

• used Magpie to annotate open SFT datasets

• developed a principled data curation strategy

→ TuluTalk: smaller + high-performance

What we showed

• quality > quantity

• data curation is task dependent

What we gave the Community

• annotated datasets

• more robust Magpie annotation pipeline
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6. Conclusion
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