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[Abstract]

In this paper, we propose an Internal/External Knowledge Distillation (IEKD), which utilizes both
external correlations between feature maps of heterogenecous models and internal correlations between
feature maps of the same model for transferring knowledge from a teacher model to a student model.
To achieve this, we transform feature maps into a sequence format and extract new feature maps
suitable for knowledge distillation by considering internal and external correlations through a
transformer. We can learn both internal and external correlations by distilling the extracted feature maps
and improve the accuracy of the student model by utilizing the extracted feature maps with feature
matching. To demonstrate the effectiveness of our proposed knowledge distillation method, we achieved
76.23% Top-1 image classification accuracy on the CIFAR-100 dataset with the “ResNet-32<4/VGG-8”

teacher and student combination and outperformed the state-of-the-art KD methods.

» Key words: Knowledge distillation, model compression, transformer, correlation learning,
Image classification
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2. Feature-Map Based Knowledge Distillation
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(a) Internal/External Knowledge Distillation

(b) Feature Matching

______________ =4

—p F,

-

> 5, |~

Student model

’
i )
- 1
I Teacher model (Freeze) O :
| g o '
i y : [— Fy i
: F, Fy > Py, Fyyy O :
i X X X X : Projection :
: p ! 3 3 Prediction Label :
: | Teacher sequence feature map Vy I ’ I
i i
i y Fyy i
el | ! Teacher transformer b I
! |
: i KL I | — Aij Ligcat :
i H Student transformer :
1 \ / feature I
1 | Seeiaeasee et e e e s e ” cature map Py :
: _a B
. | Studnet sequence feature map Vi I E :
Input samples 5} H
= | i | !
! ]
! I
! ]
! 1
! I
! I
! 1
[ I
! 1
[ |
! !

Projection l

Prediction

Label

Fig. 1. Proposed framework for internal and external knowledge distillation
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3. Feature Matching
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(1) X X X 74.95
(2) O X X 72.73
(3) O ¢ X 75.96
(4) O (0] (@] 76.23
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Table 4. Top-1 accuracy for the different number of
layers on CIFAR-100

The number of Top-1 Accuracy (%)
transformer layers
1 73.15
4 755
6 76.23
9 75.57
12 75.67
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Table 5. Top-1 accuracy for the different ¢ values
on CIFAR-100

¢ Top-1 Accuracy (%)
0.001 73.15
0.01 75.5
0.1 76.23
1 75.57
10 75.67
100 71.85
1000 71.86

V. Conclusions
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