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[ Abstract] Traditional distillation learning only uses one—way distillation of large network to light—weight network, which not
only is difficult to get feedback information from the learning state of light—weight network and optimize the training process, but
also limits the feature expression ability of light—weight network. This paper proposes a self-learning optimization method ( MAD,
Multi Attention Distillation) based on multi-level attention context information, which makes the mature part restrain the immature
part by self-monitoring, that is, the shallow layer can extract useful context information from the deep layer, and let the shallow
layer learn the expression of high—level features, so as to improve the overall expression ability of the network. Using lightweight
network ERFnet and DeepLab_ V3 to verify on two different task datasets, CULane and VOC, mad can improve the network
performance without increasing the reasoning time. Improved the F|, — measure index of ERFNet in CULane task by 2.13, and
improved the mloU index of DeepLab_V3 in VOC task by 1.5.
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Fig. 3 The generating process of attention maps
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Tab. 1 Results of 9 scenarios based on single level ( SAD ) and multi—level ( MAD ) attention distillation

Accuracy / model  Normal — Crowded Night no line shadow arrow  Dazle light  curve  crossroad

Org(baselines) ~ 0.8839  0.6731 04810 04092 05676  0.8250 05760  0.6205 1977
SAD200 0.8844  0.6755 05607 04018 05916 08115 05827  0.620 4 1 646
SADI100 08837  0.6688 05267 04063 05602 08157  0.593 I 0.645 4 2 145
MAD200 0.8888  0.6814 05390 04083  0.6163 08207 05989  0.6360 1755
MADI100 08890 06857 05470 0431125 06265 08332 06003  0.6220 1783
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Tab. 2 Comprehensive evaluation results based on single level

( SAD) and multi—level ( MAD ) attention distillation

Accuracy / model  precision recall F, — measure
Org( baselines) 0.706 3 0.634 4 66.845 5
SAD200 0.713 3 0.653 3 68.199 8
SAD100 0.700 9 0.646 6 67.265 0
MAD200 0.715 4 0.654 1 68.337 4
MADI100 0.722 4 0.659 9 68.973 4
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Fig. 5 Comparison results

Kl 5(a) kB =200 IIZRL FEVEAY . FEBENLE)
Ak, LATRFE B 28001 %5 5 4> epoch, 7E55 6 4
epoch I GIAPEAL I, BT LIIER  TE5E 6 M
IR (epoch) J&5 , 2290 (W5 2R) T ik R 44 TR 4%
(£12k) . B 5(b) Fis A SCGRZE A [FAUE K7 1Y
PIRhZE IR S R e, IR R Rl LU HY A [R] A
HHRF 2R (EQ) IEERR (LA 6) IrENA
RN

Kl 6 i B = 200 Wl Zrid fedii ok i 2, 7E
SCEG R BEE S 6 NMEI R (epoch) JE A4
MAD AT AN R G 0 2548 43 3 I A Z i

BRSO 18, I Z )5 S B PR R W8, AR
BRI SOIRES A2 R G AR, B
PRIRES RN 7 Fs

0.0010 Loss_1
0.000 8

= 0.000 6

8

= 0.000 4
0.000 2

0
0 20000 40000 60000 80000

Rerations
(a) SH—ERIBBIR

(a) The first—stage distillation loss

0.0008 Loss_2

0.000 6

ss_2

|
7 0.000 4

Lo

0.000 2

0 20 000 40000 60 000 80 000
Rerations

(b) SBYZEMLR
(b) The second-stage distillation loss

Loss_3
0.000 25

0.000 20
o
+ 0.000 15
~ 0.000 10
0.000 05

0
0 20000 40000 60000 80000

Rerations

(¢) &= HWIEWMA
(¢) The third—stage distillation loss

Loss_4
0.000 14

0.000 12
-, 0.000 10
%' 0.000 08
= 0.000 06
0.000 04
0.000 02

0

0 20000 40000 60000 80000

Rerations
(d) SEPugezEimme
(d) The fourth—stage distillation loss
B 6 HRHAMMKRE

Fig. 6 Distillation loss function of each stage
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Tab. 3 Training results of Deeplab_V3 on VOC2012 datasets

LOSS/Evaluation Ace Acc_class mloU Jwavace
org 94.32 86.84 79.93 89.41
MAD 94.55 87.16 80.33 89.82
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Tab. 4 Testing results of Deeplab_V3 on VOC2012 datasets

LOSS/Evaluation Acc Acc_class mloU Jwavace
org 81.72 46.74 37.15 69.81
MAD 83.10 48.38 38.65 72.45
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