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FKLD: MEAN-SEEKING BEHAVIOUR
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RKLD: MODE-SEEKING BEHAVIOUR
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RKLD IN LLM KD
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Figure 2: We fit a Gaussian mixture distri-
bution with a single Gaussian distribution
using forward KLD and reverse KLD.
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DOES RKLD REALLY HELPS IN LLM KD?
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Figure 2: The convergence of FKL and RKL on toy data under epoch | and epoch 200. The initial distribution ¢
is the same for FKL and RKL. After 200 epochs, both FKL and RKL can converge to the target distribution well

regardless of the shape of p.
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COMBINE RKLD WITH FKLD
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&x#&solution: AKL(p,q9) = acn FKL(p, q9) + asRK L(p, q9)



