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BACKGROUND
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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.
Gu, Y., Dong, L., Wei, MiniLLM: Knowledge Distillation of Large Language Models. In ICLR,24



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.

Wu, T., Tao, Rethinking Kullback-Leibler Divergence in Knowledge Distillation for Large Language Models. In
COLING,25



COMBINE RKLD WITH FKLD
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ABETTER FORMAT
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a controls Hardness Concentration, while 8 controls Confidence-
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Wang, G., Yang, Z., Wang, Z., Wang, S., Xu, Q., & Huang, Q. (2025). ABKD: Pursuing a Proper Allocation of the
Probability Mass in Knowledge Distillation via a-B-Divergence. In ICML, 25

10



A BETTER FORMAT

Da(p,q) = — a(11_ oy 2 [pR)a(k) ™ —1]
k

___—Ta-B-dive

I

/

rgence T

28.0 ~
26.0 7 FKLD
240 ~
220 7
20.0 7
18.0 ‘{fﬂ:

00 =
0.2

probability mass

Target Distribution
FKLD

) probability mass

)
Target Distribution ,"
RKLD

\
1
]
\

probability mass
Target Distribution

X
=~
———
-
-

output output
(f) probability mass (g)
Target Distribution
u-a-uij":i/\
output \ output

1



APPLY ASSISTANT DISTRIBUTION

SKL“(p,q9) = KL(p,ap+ (1 — a)qy)
SRKL*(p,q9) = RKL(qs,q9 + (1 — )p)
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Ko, J., Kim, S., Chen, T., &Yun, S. (2024). DistiLLM: Towards Streamlined Distillation for Large Language Models. In
ICML, 24

Ko, J., Chen, T., Kim, S., Ding, T, Liang, L., Zharkov, I., & Yun, S. (2025). DistiLLM-2: A Contrastive Approach Boosts
the Distillation of LLMs. In ICML, 25
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APPLY ASSISTANT DISTRIBUTION

r = softmaz((1 — a) - logit(ge(ys|y<s)) + a - logitp((ys|y<s)))

o l-«o
r=p4gq
67
—~52
2 “"a10M 1B 2.8B 6.98
221 | e
[ T Gt
© 21 e =
3
8 20 et
< | Teacher
191 * —
E 2U TAID
= 14 —— KL
RKL
13
410M 1B 2.8B 6.9B

Teacher Size

TAID: Temporally Adaptive Interpolated Distillation for Efficient Knowledge Transfer in Language Models. (2025). In
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APPLY ASSISTANT DISTRIBUTION
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(a) Illustration of a-mixture assistant distributions r, with varying o.

(a) Role of o and A in the distribution space.

Shin, D, Kim, Y., Jo, S., Na, B., & Moon, |. (2025). AMiD: Knowledge Distillation for LLMs with ai-mixture Assistant

Distribution.
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APPLY ASSISTANT DISTRIBUTION

Proposition 3.5. (Gradient analysis) The gradient of f-divergence D (p| |7’9 A ) be expressed as:
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w controls the magnitude of gradient .

whenp > g, a larger « exhibits a mode-seeking #
behavior

when p < g, a smaller a exhibits a mean-
seeking behavior
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CONCLUSION

= Different choices of divergence
KLD, RKLD, AKD, ABKD...

Focusing on mode-seeking ,mean-seeking behaviors and conbination
of different divergence

= Apply assistant distribution

Mitigate the teacher-student gap: AMID, TAID, DistiLLM
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