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A. Network structure

Our detailed network structure is shown in Fig. 1 and
Fig. 2. The dimension of each convolutional layer and each
tensor in the network is marked in the figure.

In the semantic encoder, we have six levels of layer
groups, and each layer group consists of two convolu-
tional layers with leaky ReLU non-linearity. The layers in
the same group have the same number of output channels
marked in the figure. We use 3 x 3 convolutional kernels ev-
erywhere. The dilation value is set as 2 whenever we need
to reduce the dimension by half.

The iterative decoder has a flow estimator, a context net-
work, and a upmask net, which are shared across all levels.
Some 1 x 1 convolutional layers are applied to transform the
input features of different levels to features with the same

number of channels so that they can be fed into the same
shared flow estimator.

Our upmask net outputs a 144-channel mask for upsam-
pling. We first unfold the 144 channels to 16 groups, each
of which has 9 values. Since we are upsampling four times,
each original value needs to correspond to 16 values in the
output, and each output value is computed as a convex lin-
ear combinition of the 3 x 3 input window, so each group
of 9 values in the mask are used as the coefficients here. We
apply a softmax transform to make sure these 9 coefficients
sum up to be one.

B. Supplementary results
B.1. Full data tables

We provide the full data table of all our experiments on
the validation set in Tabs. 1 to 4. For test sets, we have
submitted test results to the benchmark website, so please
refer to the website for full evaluations.

B.2. More qualitative results

More qualitative results on the KITTI-2015 test set are
shown in Fig. 3.

B.3. Time efficiency

Our network runs very efficiently thanks to its small size.
Our network with semantic encoder and learned upsampler
only has 2.6M parameters in total, so the model parameter
size is only around 10MB.

Training We run 200k iterations in total. For our basic
network with a semantic encoder and a learned upsampler,
it takes around 44-48 hours on 2 NVIDIA GeForce RTX
2080 Ti GPUs. After adding semantic augmentation, it
takes longer because we add a third forward pass of the net-
work, but since we only use semantic augmentation for the
last 50k iterations, the running time is still feasible: 54-58
hours on 2 NVIDIA GeForce RTX 2080 Ti GPUs.
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Figure 1. Semantic encoder network structure. Purple numbers show the number of parameters. B is batch size; (H, W) is the input
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Figure 2. Iterative decoder network structure. Purple numbers show the number of parameters. The 1 X 1 convolution layers are not shared,
so we show the number of parameters at each level. B is batch size; (h;, w;) is the resolution of the I-th level; ¢; is the number of channels.

Inference For inputs of size 256 x 832, inferring the for-
ward flow of each sample takes 0.0168(+0:0005) second,
i.e. 60 frames per second, on a single NVIDIA GeForce

RTX 2080 Ti GPU.

data augmentation to save time because otherwise, doing
horizontal flip or bilinear interpolation for a 19-channel map
is very time-consuming. We also avoid flipping or rescaling
these 19-channel semantic maps when we copy and paste
occluder objects across samples for semantic augmentation.

Tips on how to process semantic inputs efficiently We
need to one-hot encode the semantic map input before feed-
ing into the network. We do one-hot transformation after



up nosm enc aug KITTI-2015 KITTI-2012
Fl.all Fl.noc EPE_all EPE_noc EPE_occ | Fl.all Fl.noc EPE_all EPE_noc EPE_occ
10.360 8.528 2.901 2.068 6.967 |5.707 3.741 1.406 0.886 4.417
1 9.920 8.087 2.685 1.885 6.568 |5.484 3.606 1.354 0.861 4.205
2 9.830 7.951 2.646 1.857 6.396 | 5450 3.592 1.339 0.860 4.115
3 9.745 7.977  2.608 1.853 6.543 |5.359 3.511 1.328 0.850 4.098
4 9.745 7.951 2.644 1.852 6.553 | 5437 3.564 1.343 0.852 4.183
v 10.220 8.221  2.825 1.970 6.748 | 5.728 3.725 1.420 0.888 4.495
v v 8.871 7.142  2.605 1.849 6.037 |5.314 3.374 1.386 0.876 4.347
v v 3 8.260 6.577 2415 1.729 5794 4964 3.111 1.291 0.825 4.007
v v v | 8801 6.748 2.484 1.595 6.642 | 5421 3.281 1.411 0.852 4.653
v v 3 v | 7788 5963 2.179 1.399 5.635 |4.872 2932 1.284 0.788 4.175

Table 1. Full validation results for Table 1, 2, & 3 in the main paper (EPE/px and Fl/%). Metrics evaluated at ‘all’ (all pixels, default
for EPE), ‘noc’ (non-occlusions), ‘occ’ (occlusions), ‘bg’ (background), and ‘fg’ (foreground). Key metrics (used in official ranking) are
underlined. ‘Ours (baselinse)’= up + no sm; ‘Ours (+enc)’= up + no sm + enc=3; ‘Ours (+enc +aug)’ = ‘Ours (final)’ = up + no sm + enc=3
+ aug. For all metrics, lower is better.

Options of aug KITTI-2015 KITTI-2012
Flall Flnoc EPE_all EPE_noc EPE_occ | Fl.all Fl.noc EPE_all EPE_noc EPE_occ
Ours (final) | 7.788 5.963 2.179 1.399 5.635 |4.872 2932 1.284 0.788 4.175
start from 100k | 7.916 6.013  2.186 1.396 5406 |4.984 2998 1.302 0.803 4.984
vehicles only |7.940 6.110 2.212 1.435 5.781 |4.950 3.041 1.304 0.804 5.571
loss on new occ | 8.149 6.105  2.272 1.418 5.620 |5.167 3.083 1.361 0.810 5.892
Table 2. Full validation results for Table 4 in the main paper (EPE/px and F1/%).
road car terrain vegetation sidewalk building wall pole fence
Proportion 42.4% 17.6% 14.0% 11.6% 6.2% 4.1% 1.3% 1.1%  0.9%
ARFlow [3] 4.573 15791 9.420 15.339 4.606 6.000 16.336 10.745 46.297
Ours (final) 3.674 10.171  8.737 13.470 3.085 4.275 11.180 9.437 39.120
Rel. impr. 19.7% 35.6% 7.3% 12.2% 33.0% 28.8% 31.6% 122% 15.5%
Rew. contri. 19.0% 494%  4.8% 10.9% 4.7% 3.5% 3.4% 0.7%  3.3%
traffic sign truck bicycle traffic light person rider motorcycle  sky bus train
Proportion 0.4% 02%  0.1% 0.1% 0.1% <0.1% <0.1% <0.1% <0.1% <0.1%
ARFlow [3] 5.254 10461 5421 2.290 3.852 20.811 13.385 28.547 17.179 12.564
Ours (final) 4.681 9.526  4.945 2.060 2.627 19.581 3.620 38.521 17.747 9.615
Rel. impr. 10.9% 89%  8.8% 10.0% 31.8% 5.9% 73.0% -349% -33% 23.5%
Rew. contri. 0.1% 0.1% <0.1% <0.1% <0.1% <0.1% <0.1% <0.1% <0.1% <0.1%

Table 3. Full data for Table 5 in the main paper. We show the relative improvements and reweighted contributions of all 19 classes.

Method KITTI-2015 KITTI-2012
Fl.all Flnoc EPE_all EPE_noc EPE_occ | Fl.all Fl.noc EPE_all EPE_noc EPE_occ
ARFlow (our impl.) | 13.210 10.190 4.081 2.878 9.398 | 7.360 4.434 1.713 0.994 5.806
Ours (baseline) 12.270 8.642  3.809 2.433 9.907 |7.165 4.104 1.730 0.997 5.915
Ours (+enc)Y 11.280 7.749  3.327 2.121 8.749 16.583 3.596 1.561 0.912 5.267
Ours (+enc +aug)’ | 10.320 6.950  2.640 1.558 7121 |6.204 3.488 1.489 0.855 5.150

Table 4. Full validation results for Table 6 in the main paper (EPE/px and FI/%). T denotes models with semantic inputs.
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Figure 3. More qualitative results from the KITTI-2015 test set. Sample IDs are shown on the top left corners of the images.






