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e Use CE as loss function
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3. CSTR
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3.1. Backbone Network
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Table 1. CPNet body architecture. Residual blocks are highlighted

with gray background.
Stage name Type / Stride : Filter Shape
Stage 1 Conv/sl:1 x3 x 3 x 48

Conv/sl : 48 x 3 x 3 x 96
Pool/s2:2 x 2
[ Conv/s1:96 x 3 x 3 x 192 wxl

Stage 2 Conv/s1:192 x 3 x 3 x 192
Conv/s1:192 x3 x 3 x 192
SADM-A
Conv/s1 :192 x 3 x 3 x 384 4
Stage 3 Conv/sl:384 x 3 x 3 x 384 |~

Conv/sl1:384 x 3 x 3 x 384
SADM-A
[C’onv/sl:384 x 3 x 3 x 768 } e
Conv/sl : 768 x 3 x 3 x 768
Stage 4 Conv/sl: 768 x 3 x 3 x 768

Conv/sl: 768 x 3 x 3 x 768 | o 5
Conv/sl : 768 x 3 x 3 X 768
SADM-B
Conv/sl : 768 x 3 x 3 x T68 |
Stage 5 [ Conv/sl: 768 x 3 x 3 x 768 | ©°

Conv/sl: 768 x2 x 2 x 768
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2. FPN
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Figure 2. The model architecture of FPN.

3. CBAM
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4. Semantic Aware Downsampling Module
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Figure 3. The model architecture of SADM.

3.2. Prediction Network
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e Shared conv prediction network (SHPN)
CNN layergE &83ICt BackboneOA H0o{2 feature map2| XH2I0| C x H x W 211 &, W7} 0] £o{2| Z[ch Z 0|
O|ct. O[2{8t networke= &38| CTCOl|A B20| 221t (a)
e Seperated conv prediction network
SEPN2 separated CNN layerg H@EXO =2 ALESICL (b)
Cx H x W OflA CNN layer2| 7H4== W7HO[Ct, SHPN=t OFEFZEX| 2 20|17} Wl THoE of| S5tk
e Seperated conv with global average pooling prediction network (SPPN)
SPPNE global average pooling2 ALY (c)
M=l o|0|X|2| semanticHEE HAFY| /5101 O[2{5t AR E AHEHE
22|= 0|218t 371X| ZF2| prediction networkES 25 H&d ERUACH 37HE H|wsi 2™ SHPN2 SEPN2 characterg
XA HHE W] featureE= LI0{M HIRICH 22|= STRE classification ™22 HIRU7|mZ0f| 22t LH-0{Zl
feature=2 global sementic 32 & SHQ0{0FSHC, 5 receptive field2t CHYSH character 227t H|$tz[7| Lh20i 2
of =712 BHESEX| R &Lt 3HX|2H global average poolingE 0|&3HH global sementic information2 25 & &2+ QU
Ct. CHARZ FCNE 0|&8%tCH(instead of CHAR). FCN2 O B2 parameterE 7HX|7| 201 overfitting2| 2&0] AL
CHARE} H| w2l 2742 SPPN2| 2 globaldt YEE S =21}, 22 parameterg AFE5HA| H=Ch=Z0|Ct. w2t
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4. Implementation detail

® General Setting

o Size of image =48 x 192
o Number of character classas=37=26+ 10+ 1
o Max length =25

® Data Augmentation

o motion blur
0 gaussian noise



o color jitter

e Model training

label smoothing

warm up

batch size =192

Adadelta optimizer

initial Ir =1

The model is totally trained for 420k iterations and the learning rate is decreased 10-1 and 10-2
at 150k iterations and 250k iterations.

e Model Testing

O O O O O o

o No TTA like beam search

o Greedy ¥12|E
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