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1 Introduction

This supplemental material introduces the network
architecture of each branch in our model in detail. And
more visual results on ADE20K [7] and Cityscapes [4]
of each branch are provided.

2 Network Architecture

The architecture of the error-prediction branch and
the detail branch are shown in Tab. 1 and Tab. 2
respectively. The Global Attention Upsampling module
(GAU) [5] and the Xception block [3] are used as
building blocks in both branches.

3 More Visual Results

ADE20K validation set: In Fig. 1, we show more
segmentation results of our model training on ADE20K
training set with DeepLabv3+ as the semantic branch.
Cityscapes testing set: We illustrate additional
visual results on Cityscapes testing dataset in Fig. 4.
This model training on Cityscapes trainval_fine dataset
takes Xception71-DPC [1] as the semantic branch.
Error-prediction: The estimated error probability
maps E., are illustrated in Fig. 2. Our method can
detect most of ground truth erroneous pixels.

Layer Cascade, Hard-mining and Bagging: We
have compared the quantitative results among Layer
Cascade [6], Hard-mining and Bagging in the original
paper. The visual results are show in Fig. 3. All
these three strategies can improve the segmentation
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results while the improvement of our method is the
most significant.

(a) Image

(b) Ground-truth (c) DeepLabv3+

(d) Ours

Fig. 1 Visual improvements on ADE20K validation set.
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Tab. 1 Architecture of Error-prediction Branch

Block name Layer type Stride ChI/O Input
sbp_feature 3x3conv+GN+ReLU 2 class.num/32  initial prediction P,
rgb_feature 3x3conv+GN+ReLLU 2 3/32 RGB Image
sbp_feature
ep_input concat - 32+32/64 P
rgb_feature
convl 3x3conv+GN+ReLU 64/64 ep-input
conv2 3x3conv+GN+ReLU 64/64 convl
max_pool 2x2max_pool 2 64/64 conv2
ax_pool
gaul GAU Block [5] 1 64,1280/128 as-p
aspp-concat_out
128/128
unitl Xception Block [3] 1 128/128 GAU1
128/128
128/256
unit2 Xception Block+ReLU 1 256/256 unitl
256 /256
error_probs 3x3Conv+sigmoid 1 256/1 unit?2
Tab. 2 Architecture of Detail Branch
Block name Layer type Stride ChI/O Input
gau3 GAU Block 1 798, 1280512 Xception_entryflow_block5_unit1
aspp-concat_out
gau3d_conv0 | 3x3seperable_conv2d 512/512 gaud
gaud_convl | 3x3seperable_conv2d 512/512 gau3d_conv(
gau3_relu Add+ReLU ; 512, 512/512 gaud-convl
gaud
gan2 GAU Block 1 256, 512,256 Xception_entryflow_block3_unit1
gaud_relu
gau2_conv0 | 3x3seperable_conv2d 256 /256 gau?2
gau2_convl | 3x3seperable_conv2d 256/256 gau2_conv(
gau2_relu Add+ReLU ] 256, 256 /256 gau2-convl
gau2
gaul GAU Block 1 128, 256/128 Xception_entryflow_block1_unit1
gau2_relu
gaul.onv0 3x3seperable_conv2d 128/128 gaul
gaul.onvl 3x3seperable_conv2d 128/128 gaul_conv(
1_ 1
gaul relu Add+ReLU ; 128, 128/128 gatt-cony
gaul
db_logits 3x3conv2d 1 19/19 gaul _relu
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Fig. 2 (a) Input images. (b) The ground-truth semantic label map provided by Cityscapes dataset. (c) The semantic segmentation
result output by the semantic branch, DeepLabv3+ in this case. (d) The ground-truth error map. (e) The error probablity map
generated by our error-prediction branch. the error probability of value 1 is colored in red, and 0 in black. White pixels indicate the
unlabeled pixels in the dataset.
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(1.a) Image (1.b) Ground Truth (1.c) DeepLabv3+ (1.d) LC-GAU-Decoder (1.e) Ours

(2.a) Image (2.b) Ground Truth (2.c) DeepLabv3+ (2.d) DeepLabv3+Hard-ming (2.e) Ours

(3.2) Image (3.b) Ground-truth (3.c) DeepLabv3+ (3.d) DeepLabv3+Bagging (3.¢) Ours

Fig. 3 Visual comparison. (1.a)-(1.e): Comparison with ‘LC [6]-GAU-Decoder’; (2.a)-(2.e): Comparison with
‘DeepLabv3+ [2]4+Hard-mine’; (3.a)-(3.e): Comparison with ‘DeepLabv3+ [2]+Bagging’.
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Fig. 4 Visual results on Cityscapes testing set. Comparing the details in segmentation result, our method has better performance
than Xception71-DPC [1] which we take as the semantic branch. The dashed rectangles highlight the regions where our method can
effectively correct the errors in the front end model results.
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