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, Contributions

1. improve the distillation mechanism by capturing the contextual dependencies in
spatial and channel dimensions through two self-attention modules.

2. adopt the Centered Kernel Alignment (CKA) metric that avoids the student to add
additional leaning layers to match the teacher features size.
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, Flowchart of the proposed method: CSKD
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, Method: Channel self-attention module
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Fig. 2. The architecture of Channel self-Attention Module (CAM).
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, Method: Position self-attention module
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Fig. 3. The architecture of Position self-Attention Module (PAM). The gray rectangles refer to a 1 x 1 convolution layer.
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, Optimization
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Fig.4. Left: Knowledge distillation with a loss that requires mapping the student feature maps into the same
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International conference on machine learning (pp. 3519-3529). PMLR.



Optimization

g
I =
i T : .
| ~T Atr pat
i ous Sp.atlal o :
| Backbone S— Pyramid — A :
E = Pooling . Maps i
= . I . :

Teacher

Feature maps

_ i }
|' Channel self-Attention "Position self- Attentlon
Module . Frozen
Trainable

Modu!e ) |

Posmon self- Attentlon

Channel self-Attention |
Module . Module
pt : : >
Atrous Spatial *l
Pyramid — - | Score -—
Groundtruth

Backbone ———
Pooling

Feature maps

Student

Loy = —log(CKA(ECAMr | ECAMs)y)
Lpay = —log(CKA(E AMT  EPAMSs))

Lroar = AcamCoam Y ApamLpam + AsmLsm + LckE

TS
o !
/

N
/,
/I/

o
5 \\\\\\\uuu,y,;y/ —

ﬁ%*
=k
=
1952 §

7T
U oA >




, Experiments

1. Ablation study

Table 1

Comparison on the validation set of Cityscapes using different schemes of our method
and two distinct losses. T and S refer to the Teacher and Student respectively.

Method Val mIoU (%)
T: DeepLabV3-R101 78.07
S: DeepLabV3-R18 74.21

MSE CKA
S+CAM (Ugyny = 1| Apyps = 0) 75.00 75.49
SHPAM (Ao =0 dp43 = 1) 75.26 75.43
S+CAM+PAM (Ac,p = 1] Apaas = 1) 76.05 76.74




, Experiments

2. Comparison with the state-of-the-arts
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Comparison with different distillation methods

Table 2

Comparison study of our method with the state-of-the-art methods on Cityscapes dataset.
Method Params mloU (%)

) Val Test

Comparison with different segmentation methods
SegNet [32] 29.5 - 57.0
ENet [7] 0.4 - 58.3
ERFNet [33] 2.1 - 68.0
ESPNet [8] 0.4 - 60.3
ICNet [34] 26.5 - 69.5
BiseNet [9] 49.0 = 74.7
RefineNet [35] 118.4 B 73.6
DFANet [36] 7.8 - 70.3
FCN [2] 134.5 - 65.3

T: DeepLabV3-R101 61.1 78.07 77.46
S: DeepLabV3-R18 74.21 73.45
+SKD [19] 75.42 74.06
+IFVD [20] 13.6 75.59 74.26
+CWD [26] : 75.55 74.07
+CIRKD [24] 76.38 75.05
+CSKD (ours) 76.74 75.04
S: DeepLabV3-MN2 73.12 72.36
+SKD [19] 73.82 73.02
+IFVD [20] 39 73.50 72.58
+CWD [26] ) 74.66 73.25
+CIRKD [24] 75.42 74.03
+CSKD (ours) 76.22 74.11
S: PSPNet-R18 7255 72.29
+SKD [19] 73.29 72.95
+IFVD [20] 12.9 73.71 72.83
+CWD [26] : 74.36 73.57
+CIRKED [24] 74.73 74.05
+CSKD (ours) 74.47 73.71
T: PSPNet-R101 70.43 74.74 -
S: PSPNet-R18 72.55 -
+CWD [26] 12.9 73.75 -
+CIRKD [24] ’ 72.45 -
+CSKD (ours) 73.45 -
S: DeepLabV3-R18 74.21 -
+CWD [26] 13.6 73.96 -
+CIRKD [24] ’ 74.46 -
+CSKD (ours) 74.74 -
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, Experiments

Table 3 Table 4
Comparison study of our method with the state-of-the-art methods on CamVid dataset. Comparison study of our method with the state-of-the-art methods on Pascal VOC
Method Params (M) Test mIoU (%) dataset.
Method Params (M) Val mlIoU (%)

Comparison with different segmentation methods

Comparison with different segmentation methods

SegNet [32] 29.5 55.6

ENet [7] 0.4 51.3 FCN [2] 134.5 69.6
ESPNet [8] 0.4 57.8 RefineNet [35] 118.1 82.4
ICNet [34] 26.5 67.1 PSANet [37] 78.13 77.9
BiseNet [9] 49.0 68.7 OCRNet [38] 70.37 80.3
DFANet [36] 7.8 59.3 Comparison with different distillation methods

Comparison with different distillation methods T: DeepLabV3-R101 61.1 77.67
T: DeepLabV3-R101 61.1 69.84 S: DeepLabV3-R18 73.21
S: DeepLabV3-R18 66.92 +SKD [19] 73.51
+SKD [19] 67.46 +IFVD [20] 13.6 73.85
+IFVD [20] S 67.28 +CWD [26] 74.02
+CWD [26] ' 67.71 +CIRKD [24] 74.50
+CIRKD [24] 68.21 +CSKD (ours) 76.66
+CSKD (ours) 68.87 S: PSPNet-R18 73.33
S: PSPNet-R18 66.73 +SKD [19] 74.07
+SKD [19] 67.83 +IFVD [20] 12.9 73.54
+IFVD [20] 155 67.61 +CWD [26] 73.99
+CWD [26] ' 67.92 +CIRKD [24] 74.78
+CIRKD [24] 68.65 +CSKD (ours) 75.77
+CSKD (ours) 69.51
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