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In this supplementary material, we introduce our 3D
scene ow color coding scheme and provide details on our
re ned backbone architecture, self-supervised loss func-
tion, implementation, and computational cost. Then, we
demonstrate additional results on temporal consistency,
gualitative comparisons with the direct two-frame baseline
(Self-Mono-SF [23]), and more experimental results for the
generalization to other datasets. Lastly, we provide prelim-
inary results of our model trained on a vast amount of unla-
beled web videos in a self-supervised manner. We discuss
the results as well as a current limitation of our method.

A. Scene Flow Color Coding

For visualizing 3D scene ow in 2D image coordinates,
we use the CIE-LAB color space, as visualized in Fig. 12.

B. Re ned Backbone Architecture _ _ _
Figure 12.3D scene ow color coding scheme using the CIE-

We provide a more in-depth analysis of our re ned back- LAB color space: Each gure shows a sliced sphere along each
bone two-frame architecture introduced in Sec. 3.1 of the plane for ease of visualization.
main paper. We rst present a simple empirical study of
key ndings from [28] and discuss which key factors can poqel Di-all D2-all Fl-all SF-all
be carried over to monocular scene ow estlmatlon. Af— 23] Cont. Net. 3424 3732 25.06 5049
terward, we demonstrate an accuracy analysis and the imp>3]  cont. Net.+ CV. Norm. Baseling 31.91 35.31 24.80 48.29
proved training stability of our re ned architecture by dis-
carding the context network and splitting the decoder.

Applying each row on top of the baseline above:

- . Census loss 32.52 34.54 21.79 45.61
Empirical study on key ndings from [28].  JOn-  sing one less pyramid level 33.68 35.03 23.98 47.77
schkowskiet al. [28] provide a systematical analysis of the Data distillation 34.62 35.74 24.09 48.11
key design factors for highly accurate self-supervised opti- Using640 640 resolution 33.12 34.59 22.43 48.28
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cal ow. We conduct an empirical study on which of their
key ndings are bene cial in the context of monocular 3D Table 8. An empirical study of the key ndings from [28] : We
scene ow. We report results okITTI Scene Flow Train-  take [23] after discarding the context network (Cont. Net.) and ap-
ing [43, 44] using the scene ow metricsf( Sec. 4.2 inthe  plying the cost volume normalization (CV. Norm.) as the baseline
main paper). network. Then we apply each key factor to the baseline and com-
Table 8 provides our empirical study on adopting each Pare the scene ow accuracy. Numbers colored in blue outperform
key factor on top of our baseline and reports the scene ow M€ Paseline accuracy.
accuracy. We follow the training setup from [23]. We rst
apply cost volume normalization (CV. Norm.) on the model yolume normalization clearly improves the accuracy on all
from [23] without the context network (Cont. Net)Cost  metrics, up to 4.4% (relative improvement) in terms of the
Iwe use the model without the context network for more stable training, SCENE OW accuracy. We_C_hoose this model as the baseline
see main paper. and conduct further empirical study on top of it.




(a) Overlayed input images (b) Ours (c) Direct baseline [23]
Figure 14. Qualitative comparison of temporal consistency Each scene shows) overlayed input images and scene ow difference
maps of(b) our method, andc) the direct two-frame baseline of [23], visualized using optical ow color coding. Our method provides
more temporally consistent estimates near moving objects and out-of-bound regions.

Method Self-Mono-SF [23] Multi-Mono-SF (ours) Dataset Optical ow EPE Scene ow EPE
AEPE 0.0969 0.0911 Driving 3.6613 0.8845
Monkaa 12.8881 4.2982

Table 11.Temporal consistency evaluation Our method shows —
lower average end-point error (AEPE) between two temporally Table 12.Scene ow accuracy on Driving and Monkaa datasets
consecutive estimates. [40] using the End-Point Error (EPE) metric: The accuracy of

our model is generally low in the synthetic domain but is better on
Driving than on Monkaa.

E. Computational Cost and Training Time

Our model takes 153.1G FLOPS of computation per G. Qualitative Comparison
frame pair, with a model size of 7.537M parameters. Itre- |y Fig. 15, we provide additional qualitative comparisons
quires only one GPU to train, consumes only 4.89G GPU yjith the direct two-frame baseline [23] as in Sec. 4.5 in
memory, and trains for 4.5 days (on a single NVIDIA GTX  the main paper. Supporting the same conclusion as in the

1080 Ti GPU). main paper, our approach produces more accurate 3D scene
) ow on out-of-bound regions, foreground objects, and pla-
F. Temporal Consistency nar road surfaces.

We provide an additional analysis of the temporal consis- H. Generalization to Other Datasets
tency, continuing from Sec. 4.4 in the main paper. Fig. 14

visualizes additional comparisons of the scene ow dif- Continuing from Sec. 4.5 of the main paper, we provide
ference map, comparing to the direct two-frame baselinemore qualitative results on the nuScenes [8], DAVIS [49],
[23]. Our model produces visibly more temporally consis- Driving and Monkaa [40] datasets. Fig. 16 provides both
tent scene ow, especially near moving objects and out-of- successful cases and failure cases on those three datasets,
bound regions. respectively. Our model, trained only on the KITTI dataset,

In Table 11, we also quantitatively evaluate the temporal generalizes well to the nuScenes dataset [8], which is rea-
consistency oKITTI Scene Flow Trainindgy calculating sonably close in domaini.é., driving scenes). However,
the average Euclidean distance of two corresponding scenghere exist some failure cases with inaccurate depth estima-
ow vectors between the two temporally consecutive esti- tion as well as occasional artifacts on the image boundary.
mates. The corresponding scene ow is found using the pro- On the DAVIS [49] dataset, our model generalizes surpris-
vided ground truth labels. While this is not an ideal way for ingly well to completely unseen domains, yet depth estima-
measuring temporal consistency, it shows how much eachtion on unseen objectg. @, horse, cat) can sometimes fail.
corresponding scene ow vector changes over time, assum- In the synthetic domain (Driving and Monkaa [40]
ing constant velocity. Comparing to the direct two-frame datasets), however, our model demonstrates less accurate
baseline [23], our method gives lower AEPE between two results, as can be expected. Typical failure cases are again
temporally corresponding scene ow vectors, which indi- inaccurate depth estimation on completely unseen synthetic
cates more temporally consistent estimates. objects or re ective road surfaces. In Table 12, we eval-



Both methods correct Ours is correct, [23] is not [23] is correct, ours is not Both failed

(a) Overlayed input images (b) Disparity error map (c) Disparity change error map (d) Optical ow error map (e) Scene ow error map

Figure 15.Qualitative comparison with the direct baseline of [23] Each scene show®) overlayed input images and error maps for
(b) disparity,(c) disparity change(d) optical ow, and(e) scene ow. Please refer to the color code above the images.

uate the scene ow accuracy of our model on the Driving input:
and Monkaa [40] datasets, using the End-Point-Error (EPE) Oactual= Ascale Gnorm + Dscale 9)
metric. Thoug_h_ the_ accuracy is quite low in general, the ac- 14 optain the coef CientRscaeandbscae We estimate opti-
curacy on Driving is much better than that on Monkaa as 5| ow between the stereo pair using our network, take the
can be expected. horizontal ow as pseudo disparityseudo and use the least
These overall results suggest that the accuracy of OUrsquares between the pseudo dispatifygoand the nor-
self-supervised model depends on the training domain asy,jized disparitydnorm Though our network now outputs
well as the presence of target objects in the training datasetgigparity and scene ow on a normalized scale, it is still able
Fr_om_this obs_ervation, we can conclude that bette_r gener-, estimate optical ow (by projecting scene ow to image
alization requires to train the model on a dataset with both ¢4oginates) on the correct scale due to being supervised by
diverse domains and objects. the 2D view-synthesis proxy loss.
. N . For our preliminary experiments, we use the WSVD
| Self-Supervised Learning in the Wild dataset [83], which is a collection of stereo videos from

Through Se|f-supervised |earning, our method can in YOUTUbe, for training and test on the DAVIS [49] dataset.

principle leverage vast amounts of unlabeled stereo webTraining dataset preparation. When training on such di-
videos. However unlike training on a single, calibrated verse data collected on the web, it is important to make sure
dataset €.g, KITTI), this comes with several new techni- that the dataset is free of outliers. For preparing the training
cal challenges. Each stereo video is captured with differ- data, we carefully pre-process the WVSD dataset by rst
ent camera intrinsics and stereo con gurations, whose val-discarding videos with low resolution, poor image quality,
ues are even unknown. Without knowing them, the self- texts, or watermarks. We further discard videos having ver-
supervised loss in Eq. (2) in the main paper cannot be di-tical disparity, lens distortion, and narrow stereo baselines
rectly applied because it assumes a xed (or given) focal for better stereo supervision. Then, we check every frame
length and stereo baseline. We provide preliminary experi-and remove black-colored edges on the image boundaries,
ments to assess the feasibility of this scenario. if applicable. Also, we nd that many videos contain static

To train the network despite these unknowns, we rst scenes; thus we sample evely #ame and 2 sequence
assume all videos share the same focal length. Then, wdor having more dynamic motion in the training sequences.
normalize the output disparity (Sahorm) t0 be in a xed, This pre-processing step, in the end, results in 58k training
normalized scale and use it for the scene ow loss. For images from about 1.5M raw frames. Given the pre-trained
the disparity loss, we further linearly transform the disparity model on KITTI, we further train the model on this curated
dnorm to match the actual disparity scale of each given stereodataset for 300k iteration steps.



