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Summary: Normalizing Flow

I Requires invertibility and tractability on Jacob@&terminant
I Constraint on the functional form
I Or estimation of Jacobian / iterative inverse (nuioa!

approximation).
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Inference as Integration

| Residual Flow: ! (X) = X+ "u(x)

I (x)! X _ u(x)




Inference as Integration

| Residual Flow: ! (X) = X+ "u(x)

I (X)! X

= u(x)

I Can be written in continuous time (continuous notriang flow).
-t
Xt = t{(Xo) = Xo+  "Us(Xs) ds.
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Inference as Integration

| Residual Flow: ! (X) = X+ "u(x)

I (X)! X

= u(X)

I Can be written in continuous time (continuous notriang flow).
-t

Xt = 't(X0) = Xo+  "Us(Xs) ds.
0

I Integration: Euler, or directly run an ODE solver




Inference as Integration

| Residual Flow: ! (X) = X+ "u(x)

I (X)! X

= u(x)

I Can be written in continuous time (continuous notriang flow).
-t

Xt = 't(X0) = Xo+  "Us(Xs) ds.
0

I Integration: Euler, or directly run an ODE solver
I Backprop solving an ODE without storing intermediatates




Flow Matching

I Taking integrals during training is cumbersome, dine learning
signal from the top latent is weak.
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Flow Matching

I Taking integrals during training is cumbersome, dine learning
signal from the top latent is weak.

| Given an original inputa ~ and a noisex; 5 (1 ! t)Xo + tx;
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Flow Matching

I Taking integrals during training is cumbersome, dine learning
signal from the top latent is weak.

I Given an original input1  and a noisex; 5 (1 ! t)xg + tx;
I Want to fit a velocityt(X)  to mateh= x1! Xo
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Flow Matching
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| Taking integrals during training is cumbersome, dine Iearningﬁ
signal from the top latent is weak.

I Given an original input1  and a noisex; 5 (1 ! t)xg + tx;

I Want to fit a velocityt(X)  to mateh="X1! Xo

I Flow Matching learning_objective: — Ttagets

Lem (1) = Eexo x|l I U (Xo, X1)]°
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Diffusion Models

I A popular generative model formulation.




Diffusion Models

I A popular generative model formulation.
I The intuition Is to iteratively denoise from Gaugssrandom noises

Into an image. @)
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Diffusion Models

I A popular generative model formulation.

I The intuition Is to iteratively denoise from Gaugssrandom noises
Into an image.
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Diffusion Models

| Forward processt(Xt|Xtr 1) = N (X¢; 1™ Tixe 1,14¢1).
| You can also writex; = w " # N(O,I).
T =
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“HY$& ()*+%, - #,)I0%$1,




Properties of the Forward Process

| Forward processxt = 1" Tixy 1+ T




Properties of the Forward Process

| Forward processx; = 1" Tixq 1+

l Write!, as a function of. with larger nois
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Properties of the Forward Process

| Forward processxt = 1" Tixp 1+ Ti'
I Write!, as a function of . with larger noises:
a(Xt|Xo) = N (Xt; BXo, (1" B)I).

| Cumulative schedule! t =1 ! "t. g = ézl ls.
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Properties of the Forward Process

| Forward processxt = 1" Tixp 1+ Ti'
I Write!, as a function of . with larger noises:
a(Xt|Xo) = N (Xt; BXo, (1" B)I).

. —_ n _ -t
| Cumulative schedule! t =1! "¢. = !s.

(x)="Bixo+ 171"




Reverse Process

I A generative model wants to preditt from! ..
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Reverse Process

I A generative model wants to preditt from! ..

I The reverse process transition is also Gaussianluliged. But we
donOt know what the transition will be like justdpking at the noisy
Image!
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Reverse Process

| So, we need to learn a OmodelO:

P (Xtr 1]Xt) = N (Xq 1;‘@ (Xt,ti, L (Xt;t)z-
- \
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Reverse Process

| So, we need to learn a OmodelO:

P (Xer 1Xe) = N (X 13 o (Xe, 1), 1 (X, 1)
I "¢ Is the denoising vector.

— &gt v $14%
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Reverse Process

I Compute” ¢? Derivef(! 18! 1).
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I Compute" ¢ ? Derivet(! 1g,l! 1). /{%mwd proce ¢
| Bayes rule: ‘
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Reverse Process

I Compute” ¢? Derivef(! 18! 1).
| Bayes rule:

lxu glx) = xR

| But we donOt know the marginal distributih o,5). We only know
$y and3(! [! 1ope)-
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Reverse Process

I Compute” ¢? Derivef(! 18! 1).

| Bayes rule: . .
y Q(Xt! 1|Xt) — CI(Xt|XtC.I()1()t§I(Xt. 1).

| But we donOt know the marginal distributih o,5). We only know
$4 and$S(! 1 [! 10p8)-

| Solution: Condition on the original inpU;

| | i [ wﬁﬂ;
) = Sttt ), — (or o T
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Reverse Process

t1 1)9(Xt1 1]Xo)

CI(th 1|Xt,X()) = q(thxq(Xt|Xo)




Reverse Process

1 1)q(X¢1 1]|Xo)

CI(th 1|Xt,X()) = q(thxq(Xt|Xo)

d(Xtr 1[Xt,X0) = N (Xer 1; Be, I1).




. _ \\J_/ \o(‘ ,\U/IV\@ |
a(Xtr 1]Xt, Xo) :W J 5




Reverse Process

t1 1)d(Xt1 1|Xo)
a(Xt¢|Xo)

a(Xer 1|X¢, Xg) = %X

d(Xtr 1[Xt,X0) = N (Xer 1; Be, I1).

. — T % 1 STt — 1 "

— + - L= | Lt |
Et/ 2, Xt 2 X0 1-_t(Xt ' 1" ¢ 77
/

I Want: train up to match with %.




Training

I Sometimes it iIs more common to

predict the denoising vecto&
Instead of" .
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Training

I Sometimes it iIs more common to

predict the denoising vecto&
Instead of" .

I Randomly pick at a time step and
predict the difference between the
noisy and the original.

Be = F—(X¢ " !

M (X, 1) = H=(x " 1,f_bt#_ (X¢)).
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Training @ ' [
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. - pefoole
I Sometimes It IS more common {0 Algorithm 1 Training
predict the denoising vecto& 1: repeat
Instead of" . 2: %o ~ q(xo)
_ _ 3: t ~ Uniform({1,...,7})
I Randomly pick at a time step and 451 € N((Z{-I)td .
predict the difference between the > > escsep‘mﬁ 2
noisy and the original. 6: until cgl}Uferg S + V1250
1 1" i \ ’
e = =X " ===, / Y
| 1 11 b ¢ )
1t " t fne votie \(\&W\Q MC%\[ el
1] t
He (Xe, 1) = F—=(X¢ " t====H (Xt)).
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Sampling [/ @@‘@ O

Pl %)

l How do we sample an image?

Algorithm 2 Sampling

Xt—1 = \/a_t (
end for
: return xo
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Sampling

l How do we sample an image?

| We know' ¢ which will help us Algorithm 2 Sampling
transition from!, to! 4. 1: xr ~ N(0,1)
1 "t 2: fort:T,...,.ldo
W (X, t) = = (X¢ " ! # (x)). ¥ 2~NODift>1elsez =0
]_t 1" b[ 4 X1 = \/%—t (Xt - %@(&,0) + 0tz
5: end for

6: return xo




Sampling

l How do we sample an image?

| We know' g which will help us Algorithm 2 Sampling
transition from!, to! 4. I: xr ~ N(0,1)
1 ||t 2: fort:T,...,.ldo
W (X¢,t) = ! (X " ! _ # (x¢)). 3: z~N(0,I)ift > 1,1elsez =0
1-_'[ 1 b[ 4: X¢_1 = \/%—t (Xt — %Ge(xt,tD + o0tz
5: end for
6: return xo

11, b !2
| Sample from Xt 1 (X6, 1), 7 £)

.", can either bd ,)or (", derived
from the posterior.




Deep Generative Models Summary &
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Guided Diffusion

I We can add guidance on the diffusion updates atneifce time.

Classifier Guidance / External Score Model
€+ eg(zt) — V1 — 0y Vg, log py(y|xt)
211 4 sample from A (1 + 35 Vs, logps(ulae), ) w1 ¢ V@1 (25YE0E) 4+ T=a, 1
L t
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Guided Diffusion

I We can add guidance on the diffusion updates atnafce time.

Classifier Guidance / External Score Model

€+ eg(zt) — V1 — 0y Vg, log py(y|xt)
z¢_1 < sample from N (u + sX V,, logpg(y[21),X) 1 « /A1 (% Vi_ét_é‘fe) + /1 — ;1€

I We also can train a conditional diffusion model.

repeat
(x,¢) ~ p(x,c) > Sample data with conditioning from the dataset
¢ < @ with probability pyncona > Randomly discard conditioning to train unconditionally
A~ p(A) > Sample log SNR value
e ~N(0,I) ‘
Z) = Q)X + O)\€ > Corrupt data to the sampled log SNR value
Take gradient step on Vg ||- e||? > Optimization of denoising model
until converged
C,orJt Hiow
e
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Test-Time Guidance / Adaptation

| Diffusion can be combined / guided at test time.

Unshaped @ ”giange to the left lane”
(b)

1k 1 !

1 '

i 3
1 ! 1 !
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Generating Simulation Scenes




Generating Simulation Scenes

— /
/“\ / \ \> v
Spatial Region Constraint Actor Attribute Constraint Initial Scene Constraint Collision Constraint On-road Constraint
— \Y,
Scene Input Final Scene
% i LY \ N '; ’ 3
—_— —_— = —_— r s _—
Random fm
‘ ‘ Initialization i ‘ ‘, ‘ ‘ i. T D|ffu3|/on Steps ‘ ‘
. FE - Each Diffusion Step
Constralntsr (" f r's Predicted Noise \\I
I
’
! [/ e v '
: f > Diffusion Model —— ¢* ,i i |
" : y ® i :
I ‘ Guidance Gradient !
Region I <~ <2 i 1
! S 4 !
Bensty Speed , Guidance Function —=:. i :
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'\ —_— — - CALAE 7
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Non-Differentiable Rewards?

Inference Best-of-N FK Steering
4 4
l |
: : 2'1\
| I 2
s |
Reward | ! : C/ Lo
I I Ol
| ?PD/ ik
I 1
I
R | N
EI}__C\ \. - ' o0— N ¥
RN ' “\‘x}:}
I I
t =T — Denoising — t =0 t =T — Denoising — t =0 t =T — Denoising — t =0

» ) ) ., (1) Iteratively de-noise z7 — xp_1 — ... = Tg.
Prompt: a green Stop signin ar ed ﬁeld (2) Generate multiple samples (particles).
(3) Resample promising particles at intermediate steps.
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Diffusion Models for Detection

po (X¢—11x¢)
@ @D @

Q(xt|xt 1)

(b) -

. A [
~<;._.- ‘-l\\> \.._n;‘—\_\) ai > —==

Figure 1. Diffusion model for object detection. (a) A diffusion
model where q is the diffusion process and py is the reverse pro-
cess. (b) Diffusion model for image generation task. (c) We pro-
pose to formulate object detection as a denoising diffusion process
from noisy boxes to object boxes.
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R Action
I Representation
: pla)
I
I
1 Scalar (Regression)
Explicit Policy : o ,’\
I AAR
/ \
F, 0 (O) s _
| Mixture of Gaussians
I
I
I
: Categorical
O&)QU\’ RS e e i

(a) Explicit Policy

Planning and Control
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Planning and Control

fmmme - 0 Energy 1
| e

Representation

pla)

Scalar (Regression)

ﬁ |

Mixture of Gaussians

\_

-0.5 0.0 0.5

| A A -0.5

[
| !
: I
' I
I
I : Implicit Polic '
Explicit Policy |! " .
A2 | ao0.0
' I
' I
: I
: I
' I
: I

Categorical
1.0

(a) Explicit Policy (b) Implicit Policy
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Planning and Control

T i ? Energy 1 Gradient Field
I Representation | 1.0
[ p(a) :
I
: Scalar (Regression) : impiictt Eoucy iffusion Pelicy 0.5
Explicit Policy || ~ N | arg min(E) - VE(a)-}- E
F . // v \,\\ 1 a aoo DT 0 : ! ao.o
| Ty~ 7 T\ ! o
0 (0) : Mixture of Gaussians | E Eo (O, a)i - E_?Q_(“c_)l E)_E ' i{g
I : LT A | o5 v -0.5
I : Qe i
| _mEmBEmm
| g
= _Citegoﬂcil Sy @ @ L '-0|.0 -0.5 0.0 0.5 1.0 @ _1‘91_0 -0.5 i.é% 05 1.0
(a) Explicit Policy (b) Implicit Policy o (c) Diffusion Policy o
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Summary: DL for Structured Outputs

I Expanding the output dimension has limitations.
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I Graphical models
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| Energy-based

I Normalizing flow
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I Normalizing flow

I Diffusion

I Understand relations, pros and cons.




Summary: DL for Structured Outputs

I Expanding the output dimension has limitations.

I Requires us thinking about deep generative models.
I Graphical models

I Autoregressive

| Energy-based

I Normalizing flow

I Diffusion

I Understand relations, pros and cons.
I Application in embodied environments.




Module 2:
3D Vision and Mapping




The World 1s 3D

I We have previously focused on using 2D imagespas. in
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The World 1s 3D

I We have previously focused on using 2D imagespas. in

| But, the world is 3D. Many non-rigid in 2D becomnggd in 3D. There
are also a wide range of 3D sensors.
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The World 1s 3D

I We have previously focused on using 2D imagespas. in

| But, the world is 3D. Many non-rigid in 2D becomnggd in 3D. There
are also a wide range of 3D sensors.

| Stereo (our binocular vision), infrared camera ARDradar, etc.

(i
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Multi-View CNN

I Treat it as a 2D problem.
I Aggregate the views together with a max-poolingday

p—
bathtub
bed
chair
desk|—
dresser

toilet

3D shape model
rendered with 2D rendered our multi-view CNN architecture output class
different virtual cameras images predictions
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3D Convolution on Voxels

I 3D convolution on occupancy

voxels.
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BirdOs Eye View (BEV) Voxel

I Treat the z-dimension as different
channels.

W1%&2'()'%*+'L33"0"(&)'0-&6-*A)"-&B'3-4' M) TIB(2$(8)%)"-& -3'=>"#-"&)'0*-A7TBV'=>N';<HX+H



D39 %0

BirdOs Eye View (BEV) Vox

I Treat the z-dimension as different
channels.

I 3D convolutiod 2D convolution
Popular in self-driving domain, e.

80m Xx

W1%&2'()'%*+'L33"0"(&)'0-&6-*A)"-&B'3-4' M) TIB(2$(8)%)"-& -3'=>"#-"&)'0*-A7TBV'=>N';<HX+H




BirdOs Eye View (BEV) Voxel

I Treat the z-dimension as different

channels.

I 3D convolutionl 2D convolution -
Popular in self-driving domain, e.g.
80m x AT

1 140m x 3m (very thin!)

W1%&2'()'%*+133"0"(&)'0-&6-*A)"-&B'3-4'4$H6E) FIB(2$(8) %) "-& -3'=>'#-"8) 0*-A7BV'=>N";<HX+H



BirdOs Eye View (BEV) Voxel

I Treat the z-dimension as different

channels.

I 3D convolutiort 2D convolution -
Popular in self-driving domain, e.g.
80m x

1 140m x 3m (very thin!)

I Transformation in x-y plane is still 4 Eap
rigid. Sperée { outes ﬁ/@ | { £

Wl%&z'O'%*}T:"éﬁ"(W'&GWWWM”-&‘@>‘#-'&)'0*-A7BV'>N';<Hx+HO{U\Se l1VLP &Iﬁ (?l NYU




BirdOs Eye View (BEV) Voxel

I Treat the z-dimension as different

channels.
I 3D convolutiod 2D convolution -
Popular in self-driving domain, e.g.
80m x 2
| 140m x 3m (very thin!) L
I Transformation in x-y plane is still z_ 24"
rigid. 1|iE
| BirdOs eye view: Top down |

representation of the scene (rigid,
sparse) vs. Range view (non-rigid,
dense)

W1%8&2'()'%*+133"0"(&)'0-&6-*A)"-&B'3-4'4$858) FIB(2$(&)%)"-&'-3'=>'#-"&) 0*-ATBV'=>N";<HX+H




| BirdOs eye view obj
detection.

K%&2'()'%*+G8YT:M":(%*J)"$('=>"TPU(0)>() (§'G&"BY'9*-A7B+ING:";<HX+

PIXOR

3D LIDAR point cloud

Input representation

2]

PIXOR detector

3D BEV detections

I
800x700x36

200x175%x1  200x175x6

h i ;
B
Backbone
1/16
S I '
Res_block_5 1x1, 196 |
96-96-384, /2, #3 s I }
Up_sample_6 | Deconv
' -3x3, 128, x2
Res_block_4 _1281’&—4 i
64-64-256, /2, #6 v N Conv
A2 2 1)y st | N )
P [
96, x2 N |
Res_block_3 Head !
48-48-192, /2, #6 eader |
3x3, 96
Res_block_2 3x3, 96
24-24-96, /2, #3 3x3, 96
3x3, 96
3x3, 32 | |
3x3, 32 3x3, 1 3x3, 6 (]
[ ) ) A NYU




3D LIDAR point cloud Input representation PIXOR detector 3D BEV detections

| BirdOs eye viewobj ., .. e ‘ s

detection.
| Used the ResNet +

: L= /
FPN network single- #4- i
stage architecture.
1/16
S !
Res_block_5 |
9%-96-384, /2,13  E— | |
——= =]
es_block_4 o
64-64-256, /2, #6 o)\
96, x2 N
Res_block_3 — !
48-4%5-1920,C/2, ye| Header |
— 3x3, 96
Res_block_2 3x3, 96
24-24-96, /2, #3 3x3, 96
— 3x3, 96
S [33{ ) | ; ] ¢
x3, x3, 1 )
K%&2'()'%*+G8YT:M':(%*)"$('=>"TPU(0)">()(B'SR"3J'9*-ATB+ING: :<HX+ 3 3,6 (7/’ NYU

800x700x36 200x175x1  200x175x6



detection.
| Used the ResNet +

PIXOR

3D LIDAR point cloud Input representation

| BirdOs eye view obj

|

PIXOR

detector

3D BEV detections

. i N4f;‘ ////// %/
FPN network single-
stage architecture.
1/16
. |
I Detection: S| Com] | :
i I Up_sample_6 | Deconv
Classification + e =22 | i
: 64-64-256, /2, #6 N R —
regreSSIOn e 1/4 | Up_;gmleej
. Res_block_3 ’ ) !
cod ,sin ,dx,dy,w,l. @481%2, /3, 46| Header ]
— 1 3%3, 96
Res_block_2 3x3, 96
24-24-96, /2, #3 3%3, 96
I 3x3, 96
[ 3x3,32
3x3, 32 3x3, 1 <3,
082 04+ GBYTIM (060 8(=>TPU(O) > (PGB O-ATBXINGI <HXs | i [ ) (33,6 ‘A NYU

800x700x36

200x175x1  200x175%6




| BirdOs eye view obj

detection.
| Used the ResNet +

FPN network single- #t*

stage architecture.

| Detection:
Classification +
regression
cod ,sin ,dx,dy,w,l.

I First real-time 3D
detection network.

PIXOR

3D LIDAR point cloud

Input representation

PIXOR detector

3D BEV detections

K%&2'()'%*+G8YT:M":(%*J)"$('=>"TPU(0)>()(4'Sx"8)'9*-A7B+ING: ;<HX+

,,// //
L1 ' :
Backbone
1/16
R )
Res_block_5 1x1, 196 |
9-96-384, /2, #3]  — ; i
Up_sample_6 | ﬂ
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Permutation Invariance

I Point cloud Is a set.
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Permutation Invariance

X,V )
| Point cloud is a set. C / ZM /2 77/7“),

I Permutation does not affect the classification imet output.
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Permutation Invariance PRRES
v\>

X
I Point cloud Is a set. D
| Permutation does not affect the classification imetoutput”:
I What operations are permutation invariant?
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PointNet

l PointNet I Apply an MLP on each
) mug? ™ :: é pOint.

I Max pool the features

across all points.
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PointNet++

skip link concatenation
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interpolate
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VoxelNet
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VoxelNet

I Zooming inside voxel feature encoding (VFE)
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Deformable Convolution in Point Cloud

I Can we convolve a point cloud
with a spatially defined kernel
function?
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Deformable Convolution in Point Cloud

I Can we convolve a point cloud
with a spatially defined kernel
function?

I Resample the kernel at the
point location.

I Compute the weighted sum
around a neighborhood.

I Translational equivariance.



3D Filters

I Visualizing 3D convolution kernels.
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More on EquEr!a_nce

I Equivariance is a symmetry property on functionsl an
transformations.
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More on Equivariance

I Equivariance is a symmetry property on functionsl an
transformations.
f(Tx)= T'f(x)

I Useful property to constrain the hidden representatispace.
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More on Equivariance

I Equivariance is a symmetry property on functionsl an
transformations.

f(Tx)= T'f(x)
I Useful property to constrain the hidden representatispace.

I Convolution has the property of translational eganance.
Translated input = translated output. (up to distzation)

I 3D convolution handles translational equivariance.
I What about rotation?



3D Rotational Equivariance

I For object centered point clouds, rotation are mongportant.

I Imagine every feature has q\vector [ arrow.
V | RN' C! 3
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3D Rotational Equivariance

¥

L

Kl

| For object centered point clouds, rotation are moneport{

I Imagine every feature has a vector / arrow. "
V | RN! C! 3

| Linear layers are already godd(VR) = ( WV)R

I Need a different nonlinearity



More General Equivariance

I Making VN also translational equivariant.

- 80

[Wang et al. 2019

™

mun’

transiational G

I For higher aorder eguivariance (e.g. matrices, teagaheck out
Tensc! Field Networks.

I Convdit features into spherical harmonics. f
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Challenges and Tradeoffs

I Computational and memory efficiency vs. trainingadafficiency

| Mental rotation: Rotate in the latent space may ro# as simple as a
geometric transformation. The skill may still bgperence driven.

I Neuroscience evidence: No spatial equivariancemmections. The
LGN performs Opre-pre-trainingO from simulatinipaetvaves
|[Biankenship & Feller, 2009].
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Multi-Sensor Fusion

I LIDAR is precise in depth perception, but the paloud format is
sparse and non-uniform (dense around the ego-cal gfmarse in long
distance.)

I Camera provides high resolution 2D view and goodoiog distance
but lacks 3D. Can we achieve the best of both \86rld

| Late fusion: Generate proposals from one branal. (eDAR) and
refine (e.g. using Camera).

| Is there a way to combine the features from both dadity in lower
layers?

early fusiocn  midfusion



Camera-LIDAR Projection

I Unproject LIDAR points to camera
view (i.e. Range View)

I Query the closest camera RGB
features for each LIDAR point.

I For empty space in BEV, we can
Interpolate from neighboring
points using KNN.

I Continuous Fusiors) 4
5.678 (|9-1 .1 ]);

\ = 4



Supervised Dense Depth

task
I Drawback of continuous
fusion: Sparse LIDAR can
cause the fusion process to be
less accurate. Relies on kNN.
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Supervised Dense Depth

I Drawback of continuous
fusion: Sparse LIDAR can
cause the fusion process to be
less accurate. Relies on KNN.

I Why not predict a dense
depth to pair with the camera
Image?

| Depth completion module is
supervised by sparse LIDAR
and is used for dense fusion.
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3D Perception

I With the ease of use of automatic differentiatiabraries, we can
compose a computation graph in millions of ways.

I We can design layers and operators to accomoddteréint types of
Inputs and outputs. 3D, point cloud, sparse dat&, e

I We can fuse different modalities together too, leyéraging
geometric relationships.



2D to 3D

I Not all embodied agents have the luxury to haveladet of sensors.
| Can we Iinfer the geometric structure with 2D pertep?
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Classic Vision on Depth and Disparity

I One source of depth is

from the displacement .
of pixels in a stereo l
setup.
| But we need to estimate
disparity.
p |
Ll

[T]



From 2D to 3D: Depth Network

I A network that can output disparity.
I Using LIDAR or depth camera as groundtruth supemisio



The Energy-Based Approach

I The energy penalize matching with high cost
(unary), and when neighboring pixels have
disparity differences greater or equal to one
(pairwise).

I Cost network: Train with binary classification

Energy



Self-Supervised Depth

I Appearance matching loss
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Self-Supervised Depth

I Appearance matching loss

I Disparity smoothness loss

I Left-right disparity
consistency loss
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Classical Approach

I Under-constrained system
I Use a local patch and assume smooth motion
I Rigid, contains many assumptions



Correlation Volume Approach

I Simple Approach:
Concatenate the
two images
together.



Correlation Volume Approach

I Simple Approach:
Concatenate the
two images
together.

I Correlation:
Extract some
levels of features,
and convolve one
feature on top of
another.



lterative Refining through Feature Pyramid
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Unsupervised Flow

I Photometric Consistency (Appearance)

I Occlusion Estimation
I Forward-backward consistency

I Smoothness

I Self-supervision: Ensure consistent flow at
different augmentation (e.g. crops)

I Can 3D information help us reason about
motion?

Wang et al., 2018



Depth, Flow, and Pose Movement

I The static objects follow rigid flow: determined tgmera motion
and depth. fis(P) = KT sDi(p)K*pe ! pr.



Training Losses

I Appearance Loss (Warping):
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Training Losses

I Appearance Loss (Warping):

I Smoothness Loss:
L=, ' D(p)la&exp(" ' 1(pH)".



Training Losses

I Appearance Loss (Warping):

I Smoothness LosSS:

L=", I' D(p)laexp(" |' I(p(Y) "
I Forward-Backward Consistency:

L="_[(p)a! £ (p)! 1.
H(p) = 1 FS(p)t2 < max{", #1 T () 2}



Summary

| Leverage cross correlation structure for spatiahgarity matching.
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Summary

| Leverage cross correlation structure for spatiahgarity matching.
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Summary

| Leverage cross correlation structure for spatiahgarity matching.
I Can be used towards: depth, flow, and pose prexficti
I Can form triangulation for self-supervision.



Classical Mapping

I Estimating 3D structure and location from 2D obs#ions.
I Simultaneous Localization and Mapping.
I Common Techniques: Extended Kalman Filter, GrapSLA

Garg & Jain



Common Drawbacks

I Probabilistic inference can take long to computedanapping takes
a large memory storage.
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Common Drawbacks

I Probabilistic inference can take long to computedanapping takes
a large memory storage.

I Great for 3D reconstruction but downstream tasksymwet need a
full precision explicit map.

I May not fully understand dynamic objects (averagaogoss multiple
scans).

| |Is there a more end-to-end version?



Mapping in the Brain: Grid and Place Cells

Morris water maze

Matthias Wandel, 2018



Neural Mapping

I Can we learn a mapping representation?
I Metric space, top-down warping (known egomotion).



Hierarchical Planning

l How do we use the learned map (allocentric) featfrehe world?
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Simultaneous Localization and Registration

| The observations; are transformed into a stack” by applying a
rotation resampler.
I <" convolve with the base feature.
Pt = Softmax(my¢, 1! 0,).
l Transforr_n observations into allocentric
6= w Puw T(OU,V,W).

I Update belief: Loss:
Mijt +1 = LSTM( mjjt , Gt ).



Joint Localization, Perception and Prediction



Continuous 3D Perception and Mapping



Topological Mapping

I High-level graph representation

| Each node contains more
summarized information

I Enables global planning

Johnson, 2018
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Summary - 3D Vision

I Covers 3D, equivariance, motion, depth, and mapping

I Still needs high-level features (recognizing thgeab and semantics):
Spatial pyramid.

I Can be made unsupervised

I Design end-to-end modules that contain rich featsire

I Design joint learning frameworks.

I Using geometric transformation to ground represemians.
I Useful for planning (a few weeks from now).



