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Abstract

Thanks to the technological advancements in large language models, the knowledge distillation par-
adigm in the field of natural language processing has undergone a revolutionary change. The knowledge
acquisition method prompted by LLM has led to a shift in knowledge distillation towards more uni-
versal knowledge acquisition and data augmentation approaches. In response to the transformation
of knowledge extraction patterns in the era of LLM and the challenges of small-model, few-sample
learning, this paper proposes a knowledge distillation algorithm for LLM based on weakness
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enhancement. By leveraging the semantic understanding and text generation capabilities of LLM,
this algorithm enables the analysis of student model weaknesses under few-sample conditions. The
LLM teacher model enhanced samples to train and strengthen the student model to enhance stu-
dent model’s capabilities. Experimental results in various NLP tasks demonstrate that the pro-
posed method, under the requirement of few labeled samples, can significantly improve the train-
ing effectiveness of models through knowledge distillation, fully proving the effectiveness of the
method.
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Figure 1. Experimental results of text classification knowledge distillation
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Figure 2. Experimental results of info extraction knowledge distillation
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Figure 3. Experimental results of abstract generation knowledge distillation

3. WEERARFRIEENER

5.4. JFEESCIGLER

Xt b SRR [R] SRR 2 T2 R 25 5 3 TR B I ZRI SO 7P AR L i A il A L Sk
FHUBERYIEAT X EE SIS, xof b H O A8 08 5 AR B A VI SR R HE B R ) 2280, SRR A RAnIA] 4 fr
o FEAR RABUESS b, Y BN ZRER AR N £ B SR F1{E, IIZREERIRE DY 100 2%, ATL
G AR AN S ARERE AR VI GRAE AT XS LU S5 LI BE J 5 b LA R RZERE, ARvEREAS I ZRmg
At AT IAES b, Y SOGB4 B AHER R (e, YIRS 7200 2%, AL
B HAREREA N R AR BN A L ROR . AR EAEESS b, Y RO I ZRRE R A iRl 5 47
% Rouge-L B, ZREAN 1500 2%, 7 LLE AR INZR SRR AR ZAE 55 L, R AR
T FRERE ARG S 4T (AT

1
0.9 -
0.8 -
0.7 -
0.6 -
0.5 -
0.4 -
0.3 A
0.2 -
0.1 -

0 -

m AR ISR
mARIEREAIZR

15 BAmE XARGYR THEAE K

Figure 4. Comparison results of distillation training and label training
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