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Figure 1. An example simple VR glass to visualize the 3D styliza-
tion effects.

1. Overview
Our supplementary material consists of three parts:

e One video to show our main method and some visual-
ization comparison results.

e One folder containing 3D results for reviewers who
have simple virtual reality glasses like Figure 1 (You
can send these results to mobile phone or some other
display devices, then use the VR glasses to visualize
the 3D effects).

e One pdf (this one) to describe some remaining details
which are not given in the paper.

2. Details about DispOccNet

Network structure The detailed network structure of
DispOccNet is shown in Table 1. Note that convN, con-
vNa,ConvNb, upconvN are followed by a LeakyReLU layer,
whose negative slope value is 0.1. occN is followed by a
Sigmoid layer.

When integrating DispOccNet and StyleNet, only the fi-
nal bidirectional disparity maps displ and occlusion masks
occl are used, and then bilinearly resized to the same reso-
lution of the feature map of the encoder of StyleNet.

Some visualization results. In Figure 2, we show some
predicted bidirectional disparity maps and occlusion masks
of DispOccNet. Compared to DispNet [1], which can only
generate the single directional disparity, our DispOccNet

can obtain bidirectional disparity maps and occlusion masks
with a single feed-forward pass. Our predicted disparity
maps have comparable or even slightly better quality in
non-occluded regions. In the last two rows, we compare
our predicted occlusions with that generated by post con-
sistency check, which contains more boundary false alarms
and noises.
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108 Name Kernel  Str. Ch1/O InpRes OutRes Input 162
::’i convl X7 2 6/64 | 768x384 384x192 Images :gj
11 conv2 5x5 2 64/128 384x192  192x96 convl 165
119 conv3a 5% 5 2 128/256 19296 96 x 48 conv2 166
113 conv3b 3x3 1 256/256 96 x 48 96 x 48 conv3a 167
114 conv4a 3x3 2 256/512 96 x 48 48 x 24 conv3b 168
115 conv4b 3x3 1 512/512 48 x 24 48 x 24 conv4a 169
116 convsa 3x3 2 512/512 48 x 24 24 x12 conv4b 170
117 conv5b 3%x3 1 512/512 24 x12 24 %12 convSa 171
118 convba 3x3 2 512/1024 24x12 12x6 conv5b 172
119 conv6b 3x3 1 1024/1024 12x6 12x6 conv6ba 173
120 disp6+disp_loss6 | 3x3 2 1024/2 12x6 12x6 convbb 174
121 occo+occ_lossb 3x3 2 1024/2 12x6 12x6 convéb 175
122 upconvS 4x4 2 1024/512 12x6 24x12 convob 176
123 updisp6 4x4 2 2/2 12x6 24 %12 disp6 177
124 upocc6 x4 2 2/2 12x6 24 %12 occh 178
:22 iconvs 3x3 1 1028/512 | 24x12  24x12 | upconv5+updisp6+upoccé+convsb :;g
17 dispS+disp-loss5 | 3x3 1 512/2 24x12 24x12 iconv5 .
108 occ5+occ_loss5 3x3 1 512/2 24x12 24 %12 iconv5 182
129 upconv4 4x4 2 512/256 24x12 48 x 24 iconv5 183
130 updisp5 4x4 2 2/2 24x12 48 %24 disp5 184
131 upoccS 4x4 2 2/2 24x12 48 x 24 occ5 185
132 iconv4 3x3 1 772/256 48 x 24 48x24 | upconv4+updisp5S+upocc5+conv4b 186
133 disp4+disp_loss4 | 3x3 1 256/2 48 x 24 48 x 24 iconv4 187
134 occ4+occ_loss4 3x3 1 256/2 48 x 24 48 %24 iconv4 188
135 upconv3 4x4 2 256/128 48 x 24 96 x 48 iconv4 189
136 updisp4 4x4 2 2/2 48 x 24 96 x 48 disp4 190
137 upocc4 4x4 2 2/2 48 x 24 96 x 48 occd 191
138 iconv3 3x3 1 388/128 96 x 48 96 x48 | upconv3+updisp4+upoccd+conv3b 192
139 disp3+disp_loss3 | 3x3 1 128/2 96 x 48 96 x 48 iconv3 193
140 occ3+occ_loss3 3x3 1 128/2 96 x 48 96 x 48 iconv3 194
141 upconv2 x4 2 128/64 96x48  192x96 iconv3 199
:22 updisp3 4x4 2 2/2 96x48  192x96 disp3 :Zj
1as upocc3 4x4 2 2/2 96 x 48 192 x 96 occ3 108
145 iconv2 3%x3 1 196/64 192 %96 192x96 | upconv2+updisp3+upocc3+conv2 199
146 disp2+disp-loss2 | 3x3 1 64/2 192 %96 192 x 96 iconv2 200
147 occ2+occ_loss2 3x3 1 64/2 192x96  192x96 iconv2 201
148 upconv 1 4x4 2 64/32 192x96  384x192 iconv2 202
149 updlsp2 4x4 2 2/2 192 x 96 384 x192 dlSp2 203
150 upocc2 4x4 2 2/2 192x96  384x192 occ2 204
151 iconvl 3x3 1 100/32 384x192 384x%192 | upconvl+updisp2+upocc2+convl 205
152 displ+disp_lossl | 3x3 1 32/2 384x192  384x192 iconvl 206
153 occl+occ_lossl 3x3 1 32/2 384x192 384x192 iconvl 207
154 208
155 Table 1. The detailed network structure of DispOccNet, which follows the basic architecture of [1]. The contracting part consists of 209
156 convolutions conv! to conv6b. In the expanding part, upconvolutions (upconvN,updispN,upoccN), convolutions (iconvN, dispN, occN) and 210
157 loss layers are alternating. Features from earlier layers are concatenated with higher layer features, then are fed into iconvN. The two 211
158 channels of dispN represent the bidirectional disparity (left and right) respectively, while occN denotes the corresponding bidirectional 212
159 occlusion masks. displ and occl are the final predicted bidirectional disparity maps and occlusion masks. 213
160 214
161 215
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261 Figure 2. Some example results. Compared to DispNet[1], which can only generate the single directional disparity, our DispOccNet can 315
262 obtain bidirectional disparity maps and occlusion masks with a single feed-forward pass. Our predicted disparity maps have comparable or 316
263 even slightly better quality in non-occluded regions. Compared to our predicted occlusion masks, the occlusion masks generated by post 317
264 consistency check contain more boundary false alarms and noises. Note that we only care about the disparity in non-occluded regions in 318
265 DispOccNet, so the disparity map in occluded regions is not smooth as the DispNet. 319
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