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TRI Aims to Transform the Human C_ondition

Safety Access Quality of Life
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TRI Automated Driving Approach:

GUARDIAN CHAUFFEUR
Driver always engaged, but vehicle monitors Fully autonomous driving system
and intervenes to help prevent collisions engaged at all times
Builds on similar hardware and software Staged commercial release, likely
development as fully-autonomous Chauffeur beginning with shared mobility fleets
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Creating an Autonomous Car is Hard

The Moore’s Law for Self-Driving Feb. 27, 2019 - | 2

Vehicles ... The number of miles between disengagements
will double approximately every 16 months...
Q Edwin Olson |_follow In a cosmic coincidence, the Moore's law for self-driving cars is almost the
ko e st same as the Moore's law for computers— performance doubles every 16
months!
As the CEO of a self-driving car company, I'm constantly asked how long it will
be until robo-taxis can take people pretty much anywhere, pretty much any ,
time. We hear wildly different estimates from marketers (“Company X will b rerewn,
solve robo-taxis in 2019!") and from engineers ("ugh, it's hard™), so who do i :"‘w
we listen to?
For this post, let's measure the performance of a system in terms of the M
number of miles per disengagement. A disengagement, roughly speaking, is (T
when the technology fails and a safety driver must take over. A great self- 3 A
driving vehicle will have a big number—that means that the vehicle can drive ; Q]
a lot of miles and only infrequently fail.
W e
https://medium.com/may-mobility/the-moores-law-for-self-driving-vehicles-b78b8861e 184 B X l ; ‘ l
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Creating an Autonomous Car is Hard

The Moore’s Law for Self-Driving Feb. 27, 2019
Vehicles

O Edwin Olson | ¥ w .

s Even with performance
As the CEO of a self-driving car company, I'm constantly asked how long it will .

be until robo-taxis can take people pretty much anywhere, pretty much any do Ubllng e Very

time. We hear wildly different estimates from marketers ("Company X will

solve robo-taxis in 2019!") and from engineers (“ugh, it's hard™), so who do 1 6 mon thS, It WI/I take
we listen to?
16 years to reach
For this post, let's measure the performance of a system in terms of the
number of miles per disengagement. A disengagement, roughly speaking, is h uman le VelS O f

when the technology fails and a safety driver must take over. A great self-

driving vehicle will have a big number—that means that the vehicle can drive performan Ce — tha t ’S
a lot of miles and only infrequently fail.

https://medium.com/may-mobility/the-moores-law-for-self-driving-vehicles-b78b8861e 184
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World-scale Autonomy?
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Toyota’s Strategic Data Advantage

e Unprecedented scale of data
o Largest sensor fleet
o Cover all US roads in under a day: Multiple times!

e Effective use of data L
o Learning from everything is infeasible! = \\
o Learn from unbiased, diverse and representative data
o Leverage large volumes of unlabeled, structured data
o Data curation, querying, and synthesis

e Our strategic focus

o Supervised learning + Self-supervised learning from large volumes of
structured and unlabeled data

We need to be smart about drinking from the data firehose
Self-Supervised Learning, Learning with Maps,

Transfer Learning, Representation Learning
© 2018 Toyota Research Institute. 12 .-" ) TOYOTA
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e Self-Supervised Pseudo-Lidar
Networks

e Real-time Panoptic Segmentation

e Self-Supervised Learning: SuperDepth
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I I SuperDepth: Sclf-Supervised, Seper-Resolved Mosocslsr Deped Extisnation
Sy Pl - [
¥
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SuperDepth: Self-Supervised,
Super-Resolved Monocular
Depth Estimation,

S. Pillai, R. Ambrus, A.
Gaidon,

ICRA 2019
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Self-Supervised Learning at Toyota-scale

e SuperDepth: Self-Supervised Monocular Depth
O Exploit large volumes of unlabeled, structured camera data

O Training only requires unlabeled driving video data!

e Why MonoDepth?

o LiDARs are expensive and bulky

o Cameras
m Rich semantic and geometric sensing
m  Ubiquitous (2019 Toyota models)

Toyota Safety Sense 2.0

Camera
© 2018 Toyota Research Institute. I r} TOYOTA,
Confidential. Do not distribute. o SRR 0 TITUTE
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Monocular Depth Estimation

Single RGB Image Predicted Depth Image

2

MonoDepth
Network

-~
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Supervised Learning

Raw Data ——9» Model —P» Predictions

Easy to acquire

Target
Value/Labels

Expensive / Difficult to acquire

e
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Self-Supervised Learning

Raw Data Model —» Predictions

Easy to acquire

Prior Knowledge
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Self-Supervised Monocular Depth

MonoDepth
o & L eft —Pp  Depth
(]
£ g Network P
+= .
o Right
<= View Synthesis

Sudeep Pillai, Rares Ambrus and Adrien
Gaidon, “S depth: Self-S ised, . .
SS;)eor?Resgl?/ZEj :/Ip;nocilar [L)Jgpftrglzztimation”, Geometric Constraints
ICRA 2019

10 r)mvom _

o MESEARTH U TITuTE

Self-Supervised Depth Learning Objective

0p = arg minz Lp(1y, j 7% Op)

Depth Model 9D 4cg
Parameters

Lp(Is, It) = Lo(Is, It) + M1 Lo(Ie) + A2 Lo(I)

J/ \

Occlusion
Photometric loss o Regularization
via view-synthesis Depth Regularization
(edge-aware depth smoothing)
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Photometric Loss ++

e Multi-scale photometric loss is limited by resolution
e Super-resolve disparities — synthesize at high resolutions

_ Change in metrics with increasing resolution

s
. g — —e— Abs Rel
Resolution Matters : 7 — eqhuse

u . e 21 \- 7

for View Synthesis! & X

2 R e g——

L0 /// b
0.00 // \\\._—-‘"—:

512x192 1024x384 1536:576  2048x768
Resolution

Depth estimation accuracy increases
with increasing high-resolution
Abs. Rel, and log RMSE (lower is better)

£\ TOVOT,
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Disparity Estimation Performance

Method Resolution Dataset Train Abs Rel Sq Rel RMSE RMSE log 4 < 1.25 4 < 1.25% § < 1.25°
UnDeepVO [ 7] 416 x 128 K S 0.183 1.73 6.57 0.268 - - -
Godard et al. |1] 640 x 192 K S 0.148 1.344 5927 0.247 0.803 0.922 0.964
Godard et al. ] 640 x 192 CS+K S 0.124 1.076 5.311 0.219 0.847 0.942 0.973
Godard et al. [1] 640 x 192 K S 0.115  1.010 5.164 0.212 0.858 0.946 0974
Ours 1024 x 384 K S 0.116 0935 5.158 0.210 0.842 0.945 0.977
Ours-SP 1024 x 384 K S 0.112 0880 4.959 0.207 0.850 0.947 0977
Ours-FA 1024 x 384 K S 0.115 0922 5.031 0.206 0.850 0.948 0978
Ours-SP+FA 1024 x 384 K S 0.112 0875 4958 0.207 (.852 0.947 0.977

Depth Estimation Results on the KITTI 2015 Benchmark

Sub-pixel convolutions (SP), Differentiable Flip Augmentation (FA)

~
© 2018 Toyota Research Institute. Public. 22 > TOYOTA
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Qualitative MonoDepth Performance

© 2018 Toyota Research Institute. Public 23
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Qualitative Comparison to State-of-the-Art

SuperDepth MonoDepth [1]

| 9 Insh | | Ground 1
S«wg}m‘e v . S»&&"ﬁa .
0o | {

Bonus: We can also recover long-term,
scale-aware camera ego-motion from a
single camera!

. . [1] C. Godard, O. Mac Aodha, and G. J. Brostow, “Unsupervised
SuperDepth reconstruction is able to monocular depth estimation with left-right consistency,” CVPR,

capture fine details, and boundaries 2017

© 2018 Toyota Research Institute. Public 24
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Dense Monocular 3D Reconstruction

l “

e Self-Supervised Learning: SuperDepth

e Self-Supervised Pseudo-Lidar
Networks

e Real-time Panoptic Segmentation
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Publication

3D Packing for Scif-Sepervised Monocslar Depth Escimation

Vitor Gt Ravwy Anvtrns  Sadowp Pt Alss Rasesan  Adview Coiion

3D Packing for s et e 30
Self-Supervised Monocular :
Depth Estimation,

V. Guizilini, R. Ambrus, S.
Pillai, A. Raventos, A. Gaidon,

CVPR 2020, oral presentation
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Supervised Learning

Raw Data — Model — Predictions —

Easy to acquire

Target
Value/Labels

Expensive / Difficult to acquire

£\ TOVOT,
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Self-Supervised Learning

Raw Data —> Model — Predictions ——

Easy to acquire

Prior Knowledge
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Self-Supervised Structure-from-Motion (SfM)

S MonoDepth
framet —71—> — N
§ é Network Depth
s> frame t-1 —
=
— <+— View Synthesis |[q—

Geometric Constraints
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Supervised Structure-from-Motion (SfM)

— = Photometric Loss [+
It
¥
| x —
1{ =+  PackNet - D, | J View |
= ' Synthesis |
)
] Pose R
S [ ConvNet ¢
1

v —— Velocity Supervision Loss
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- No LIDAR Information s used at tralning or tést time

- Sampies shown were not seen during training
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PackNet:

Layer Description K Output Tensor Dim.
%0 | Imput RGB image 1 T HEW
i i Encoding Layers
81 | Com2d KR G HAW
#2 | Comn2d —[Packing] 7 64xH2xWS2
LE) ResidualBlock (x2) —|Packing 3 64 HM WM
84 | ReslduaiBlock (x2) —+|Packing 3 128 HS x Wi
#5 | ResidaalBlock (x3) —|Packing 3| 256xHN6x WG
#6 | ResidaalBlock (x3) —+|Packiig b ) SI2xHA2xWA2

Decoding Layers

7 [[Unpacking](#6) — Coev2d (& #5) 3| SI2xII6xWII6
8 || Unpaching](#7) -+ Coev2d (2 #4) 3 256 HB =W
# | lenvDepth (98) 3 I xHB < W%
"o .m + Coav2d (@ 3 Upsample(#9)) | 3 | 128xHMxWM
011 | TvDepth (#10) ) 1 HMx WS
2 wm) —+ Comv2d (% #2 & Upsasnple(¥11)) | 3 64 x HZ W2
013 | TvDepth (#12) 3 | x H2 W2
#14 |[Unpacking](#12) ~+ Coav2d (@ #1 & Upssenple(#13)) | 3 GixHxW
#15 | IsvDepth (#14) k) IxH<W

(b) Max Pooling +
Bilinear Upsample

(a) Input Image

© 2018 Toyota Research Institute. Public.

(c) Pack + Unpack

Pack it, don't pool it

BxCixH=xW
| Spacezpepth |

., H W
B x AC,; x 0} X o

[3DCOW.(KIK-K|]

B x D x 4C; X & W
2 2

| Reshape |

W

92
<

B x ADC, x g X

I 2D Conv. (KxK) ]

., H W
' B x (., X T_; X -;-
(a) Packing

33

A

BxC,xHxW
I Depth2Space l
H, W
2

U x -l(‘,, X ':,

I Reshape I

Bxpx ¥ H W
b=372

I 3DCODV.IK1K1K)J

Ic, H W

B x T S x >
[ 2D Conv. (K« K) ]
H W

BxCix—x—

- -

(b) Unpacking
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Self-sup. better than sup!

Experimental Results (KITTI)

| Method Supervision Resolution Dataset Abs Rel Sq Rel RMSE RMSE,, & < 1.25 4 < 1.25% 6 < 1.25°
| SIMLearner [46] M 416 x 128 CS+ K 0198 1836 6565 0275 0718 0.901 0.960
Klodt et al. [21] M 416 % 128 CS+K 0165 1340 5768 - 0788 0927 0970
Vid2Depth [28] M 416 x 128 CS+K 0.5 1231 5912 0243 0.784 0923 0.970
DF-Net [47) M 576 x 160 CS+K 0046 1182 5215 0213 0818 0843 0978
Struct2Depth' [3) M 416x 128 K 00141 LO26 5291 0215 08160 0945 0979
Monodepth? [ 15] M 640x 192 K 0132 104 5142 0210 0845  0MS 0977
— Monodepth2® [15] M 640 x 192 K 0115 0903 4863 0193 0877 0.959 0981
= Manodepth2! [15] M 1024x320 K [0015] 0882 4701 0190 0879 0961 0982
'.30 PackNet-SIM M 640 x 192 K Ol 0785 4.601 0.189 0.878 0.960 0982
& PackNet-STM M4y 640 x 192 K 0111 0829 4788 019 0864 0954 0.980
~ PackNet-STM M 640x 192 CS+K 0108 0727 4426 0184 0885 0963 0983
 PackNet-SIM Mev 60 x 192 CS+K 0108 0803 4642 0195 0875 0958 0980
| PackNet-STM M 1280x 384 K 0107 0802 4538 0186 0889 0962 0981
PackNet-SNM Msv  1280x 384 K 0107 0803 4566 0197 0876 0957 0979
PackNet-STM M 1280 x 384 CS + K M 0758 4386 0182 0895 0964 0982
PackNet-STM M+v 1280 x 384 CS+ K [0.103] 0796 4404 0189 0881 0959 0980
| SMLeaner [46] M 416x 128 CS+K 0176 1532 6129 0244 0758 0921 0971
Vid2Depth (28] M 416X 128 CS+K 0134 0983 $501 0203 0827 0M4 0981
GeoNet [42] M 416x 128 CS+K 0132 099 5240 0193 08583 0953 0985
=1 PDVO [38] M 416 x 128 CS+K 0126 0866 4932 0.185 0.851 0.958 0,986
ZIERC+ [27) M 60x192 K 0120 0789 4755 0177 085 0961 0987
?;‘.\Iwuxkplhf’ |15) M 640 x 192 K 0090 0545 3942 0137 0914 0983 0995
E| Kumietsov et ul! 23] Sup 621 x 187 K 0089 0478 3610 0138 0906 0980 0.995
E|DORN' [10] Sup.  S13x385 K [0072] 0307 2727 0120 0932 0984 095
PackNet-SIM M 640 x 192 K 0078 0420 3485 0121 0931 0.986 0.996
PackNet-ST™M M 1280 x 384 €S + K 0359 3153 0109 0944 0990 0997
PackNet-STM Mev  1280x384 CS+ K 0075 0384 3293 0114 0938 0984 095
" - TOYOTA

© 2018 Toyota Research Institute. Public.
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Experimental Results (KITTI)

- Input lmaic PackNet-SfM Monodcith" [15] DORN [10] SfMLearner ‘46‘

o

01e

o1y

0115

0113

Ans Rel

o1

0109

0167

0.105
1.00E«OT

Experimental Results

Better use of network capacity...

© 2018 Toyota Research Institute. Public.

Depth Network

Abs Rel Sq Rel

RMSE RMSE,,, 6 < 1.25

ResNetl$ 0133 1023 5123 0211 0845
ResNetl8! 0120 089 4869 0.198  0.868
ResNet50 0.127 0977 5023 0205  0.856
ResNetS0'! 0117 0900 4826 019 0873
PackNetl8 0.118 0.802 4656 0.194  0.868
PackNetS0 0114 0818 4621 019 0875
—a RESNG MR PackNet-St™M P J
T hanar (wlo packhmpack) 0122 0880 4816 0.198 0364
- Packet HR PackNet-SIM 110 0922 4831 0195 0872
(w/o 3D convs.)
J006407  S00ES07  TO0ES07  GOOEWO7 1008 1306408 PackNet-STVM 0.111 0785 4.601 0189 0878
Number of parameters
Method Abs Rel Sq Rel RMSE RMSE,,, 4 < 1.25
o ResNet18 0218 2053 8154 0355 0650
And better generalization! ResNetl8' 0212 1918 7958 0323 0674
ResNet50 0216 2165 8477 0371 0637
ﬁ
(KITTI — NuScenes) ResNet50! 0210 2017 8111 0328 0697
PackNet-STM  0.187 1.852 7.636 0.289  0.742




Experimental Results

DDAD: Dense Depth for Autonomous Driving
https://qithub.com/TRI-ML/DDAD

Frontiers of Monocular 3D Perception @CVPR'20
https://sites.gooqgle.com/view/mono3d-workshop
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e Self-Supervised Learning: SuperDepth

e Self-Supervised Pseudo-Lidar
Networks

e Real-time Panoptic Segmentation
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Publication

Real-Time Panoptic
Segmentation from Dense
Detections

R. Hou, J. Li, A. Bhargava, A.
Raventos, F. Guizilini, C. Fang,
J. Lynch, A. Gaidon

CVPR 2020, oral presentation

o O Peng
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Input Image

© 2018 Toyota Research Institute. Public.

Semantic Segmentation (S)

41

'

Dense Bounding Boxes (18)

T

Input Image

© 2018 Toyota Research Institute. Public.

Semantic Segmentation (S)

42

'

Dense Bounding Boxes (53)

Query Bounding Boxes (Byury)




Input Image

Semantic Segmentation (S)

Parameter-free mask
construction through
bounding box self-attention

© 2018 Toyota Research Institute. Public

'

Dense Bounding Boxes (53)
I‘ e -s:' - I N

=P

Query Bounding Boxes (Byury)

43

Mask Assignment with 77,

Input Image Semantic Segmentation (S)

Panoptic Segmentation (P)

Mask Refinement with P2,

© 2018 Toyota Research Institute. Public.
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Dense Bounding Boxes (53)
l‘ T 3= :, : i "N

Query Bounding Boxes (Bu.ry)

Mask Assignment with 7,




L ﬂ‘@— Levelness logits
i H xW, 6 xN, |
R-50-FPN e P ﬂ_@_ F, ) " 2 R B
: Bounding box
4 0 coordinates
. hxw x4
Centerness
7 F,’ h, xw x1
0 ] Bounding box "ﬂ @ Semantic logits
classification - ﬂ.@_ Foorn |Hyo* Wy *N ‘
‘ ia F' h xw %N, ? :
g e Semantics tower | L 5o p thing ﬂ D — e i
o @ Upsample ‘
‘ +ﬂ Z B Concatenate

F
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Cityscapes (val)

Method Backbone PQ | PQ™ | PO mioU | AP GPU Inference Time
Two-Stage
TASCNet [15] | ResNet-S0-FPN | 559 | 505 598 . - Vioo 160ms
AUNct[16]  ResNet-SO-FPN | S64 | 527  S9.0 736 | 336 . .
Punoptic-FPN [13] | ResNet-SO-FPN | §7.7 | S16 | 622 750 | 320
AdaptiS' [30] ResNet-50 590 | 558 613 753 | 323 - -
UPSNet [36]  ResNet-SO-FPN | 593 | 546 627 752 | 333 Vi 140ms*
Scamless Panoptic (28] | ResNet-S0-FPN | 60,2 | 556 636 749 | 333 Vioo 150ms*
Single-Stage
Decperlab [38] Wider MNV2 | 523 . . . . Vi 250ims
FPSNet [7] | ResNet-SO-FPN | S50 | 483 | 6001 - - TITAN RTX 114ms
SSAP (8] ResNet-50 566 | 492 - - s 108073 >260ms
Decperlab [38] Xception-71 56.5 - . . . Vi 3 2ms
Ours  ResNet-SO-FPN | 588 | 521 | 63,7 770 | 298 Vioo 99
COCO (val)
Method | Hackbooe | 1O | 10" | Q™ | Inf. Time
Two-Stage

Pancpeic-FPN (1)) | ResNet-SO.FPN | 313 | 459 | 287
AdapdIS' [30] | ResNetS0 | 359 | 403 | 20
AUNet[16] | ResNet-SOFPN | 396 | 491 | 252
UPSNt [36] | ReaNet-S0-FIN | 428 | 485 | 304 | 1i0m®

Simghe-Stage

Decperlab38) | Xeep Tl | D3E | - ~ | b
SSAF(R) | ResNetSO | 365
Ouns | ResNetSOFPN | 370 | 410 313 | 6dam

© 2018 Toyota Research Institute. Public. 46




Supervision: Weak = 95% Strong

Two towers | Levelness | Mask loss |
I'ull) bupcrused
568 481 | 63.1

v [ [ |'57.17 478 | 63.8

®, = [ | 5817504 | 637

v I . | |'588 521 637
\\cakl\ Supcnw:d (No ma\k label)

v v 55.7 | 452 | 633

o ) To¥oTA

e Building truly autonomous cars requires
machine learning

Conclusion e The supervised learning approach does not
scale

e We need to go beyond supervised learning and
be able to learn from structured, unlabeled data
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