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~1 Learning Dynamics of LLM Finetuning

5. The Squeezing Effect

1. Motivation and MNIST Example 3. SFT: Intuition and y,, Selection
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2. Decomposition of LLM finetuning 4. SFT: Result Discussion 6. DPO: Results and Discussion

* LLM are usually auto-regressive, i.e.: e Result 1/2: model’s behavior supports our analysis well

e Result 3: even with smaller learning rate, DPO decays even unrelated
responses much faster than SFT does (because of the squeezing effect)

Lspr £ —logz = —logmy(y|x) = —z log g (1%, y<1)

e Result 4: as suggested by squeezing effect, the probability mass is all
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