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Multi-assistant Dynamic Setting Method for Knowledge Distillation

SI Yuehang' , CHENG Qing'*? and HUANG Jincai'

1 Laboratory for Big Data and Decision, National University of Defense Technology,Changsha 410073, China
2 Hunan Advanced Technology Research Institute, Changsha 410072, China

Abstract Knowledge distillation is increasingly gaining attention in key areas such as model compression for object recognition.
Through in-depth research into the efficiency of knowledge distillation and an analysis of the characteristics of knowledge transfer
between the teacher and student models,it is found that the reasonable setting of an assistant model can significantly reduce the
performance gap between the teacher and student. However, the unreasonable choice of the scale and number of assistant models
can have a negative impact on the student. Therefore, this paper proposes an innovative multi-assistant knowledge distillation
training framework, which optimizes the process of knowledge transfer from the teacher to the student by dynamically adjusting
the number and scale of assistant models, thereby improving the training accuracy of the student model. In addition, this paper al-
so designs a dynamic stopping strategy for knowledge distillation, sets student models with different training methods as a control
group,and achieves personalized design of the stopping rounds for knowledge distillation, further improving the training efficiency
of the student model and constructing a more streamlined and efficient multi-assistant knowledge distillation framework. Experi-

ments on public datasets prove the effectiveness of the proposed multi-assistant dynamic setting method for knowledge distil-

lation.

Keywords Knowledge distillation, Object recognition, Multi assistants, Dynamic setting, DSKD
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Input:up:size of teacher;down:size of student
Output: AST: collection containing multiple assistants
1. size_ AST[i]:size of iy assistant in AST
2. N:Number of teaching assistants required by users
3. M. acc:accuracy of model M
4. K: A hyperparameter, control the stop epoch of KD
5. method=KD
6. EPOCHS= Epochs(a present parameter)
7.cmp_ AST=new AST
8. k=0(a temporary parameter for counting)
9. for {i=1,i<<N}
10.  while {down<size_ AST[i—1]<size AST[i]<up)

1. for {j=1,j<<EPOCHS}

12. train(AST[i], method)

13. if {emp_AST[i]= =available}

14. train(emp_AST[i],non_KD) ;
15. end if

16. if {AST[i].acc << cmp_AST[i]. acc})
17. k=k+1

18. if{k=K}

19. method=non_KD

20. cmp_AST[i]=unavailable
21. end if

22. end if

23. end for

24, if {student[i]. acc=student[i-1]. acc})
25.  set(AST[iD

26. end if

27.  end while

28. end for

29. return AST
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Table 1 Experimental results of knowledge distillation and the proposed method
HERE A [l & ik R
— 10-2 10-8-2 10-6-2 10-4-2 10-8-4-2 10-6-4-2 10-8-6-4-2
MNIST MLP 30 KD 97.43 96. 69 97.21 97.41 97.33 97. 26 97. 36
DSKD 97.62 97. 44 97.31 78.02 87.68 97.68 97.68
— 12-2 12-8-2 12-6-2 12-4-2 12-8-4-2 12-6-4-2 12-8-6-4-2
CIFAR
10 ResNet 40 KD 86.49 86.76 86.71 86.78 86.77 86. 26 86.33
DSKD 86.53 86.79 86.76 86. 84 86.79 86.27 86.41
— 12-4 12-10-4 12-8-4 12-6-4 12-10-6-4 12-8-6-4 12-10-8-6-4
SVHN CNN 40 KD 92.67 92.09 92.99 92.92 90. 56 91. 44 92.04
DSKD 94.70 93. 84 94. 45 94. 44 94.07 94. 35 94.63
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