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Question 1: RL as a skill synthesizer or probability amplifier
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Question 2: Is there any prerequisites for RL to generalize
Or How to schedule SFT and RL



Knowledge-intensive Reasoning

▪ QA w/ parametric knowledge → Parametric Reasoning (Mem)

▪ QA w/ contextual knowledge → Contextual Reasoning (Ctx)

▪ QA w/ parametric + contextual knowledge → Complementary Reasoning (Comp)
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1) Can’t disentangle memory and reasoning

2) Narrow definition of generalization

3) Limited operations (+,-,*,/)

Why not Math/Coding ?



Behavioral Study with Synthetic Data

▪ Synthetic human biographies

▪ Control the parametric or contextual 
knowledge

▪ Multi-hop QA-pairs 

▪ Control the sufficiency of knowledge

▪ Control the generalization difficulty 
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1) Data contamination

2) Unground knowledge for LLMs

3) Hard evaluation – knowledge sufficiency

Why not existing benchmarks?



Experiment Setups
▪ Different training strategies 

▪ SFT, RL

▪ Different training data 

▪ Mem+Ctx, Comp

▪ Different generalization levels

▪ IID, Composition, Zero-shot

▪ Finding

▪ RL generalizes only with 
sufficient atomic skills
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Sufficiency – RL as a synthesizer of atomic skills

▪ Varying portions of Comp data for SFT and RL Left → Right

▪ Same amount of RL data for SFT(Mem+Ctx) and SFT(Comp)

▪ RL efficiently synthesizes from atomic skills 

▪ SFT Memorization Paradox: Distinguishing Generalization from Memorization
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Necessity – Sufficient Atomic Skills are Necessary

▪ Removing any atomic skill collapses generalization 

▪ RL-driven generalization does not directly related to initial model performance
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Necessity – RL is Necessary for Generalization

▪ All training strategies are good in IID and Composition

▪ SFT memorizes (IID), RL generalizes (Zero-shot)
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Sample Efficiency – the data before RL to prime generalization

▪ Train with same amount of data and number of hops for SFT and RL

▪ Atomic capability learning requires less SFT data to prime RL generalization
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Sample Efficiency – the data for RL-driven generalization

▪ Few-shot training with various training strategies based on SFT(Mem+Ctx)

▪ Sufficient atomic skills enables few-shot adaptation
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Pass@K – RL as a synthesizer or amplifier

▪ RL synthesizes new pathways for models with sufficient atomic skills

▪ RL only amplifies existing behaviors for models only with composite skills
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Thanks!
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