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Background Personalized Data Synthesis

In distillation scenario, will data produced by stronger »How We Build Personalized Synthetic Dataset: We select the
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model enable the student model to learn more effectively 2! optimal teacher for the student at the query level. Each promptin

_ . : the dataset is assigned to its most suitable teacher model.
Is higher-quality or more complex synthetic

data more suitable?
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' students’ distribution!
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. How to construct a high-quality and suitable synthetic 1 teacher model’s response quality

. data that is beneficial for student model learning?
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Shift the “Generate then Select” to “Route then Generate” with a Router
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Main Results Takeaway 1 jointly considering both learnability and quality

yields better performance than considering either alone, with
quality playing a more critical role than learnability in PerSyn.
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