ana |

Lec 12 tFlPO ar &eomeby + Calibration

Simple Stereo; Camera helps Correspondence: Correspondence gives camera:
Corresp + Camera = Disparity = depth? Epipolar Geometry Epipolar Geometry

* The two cameras need not have parallel optical axes. Camera, CMO‘t( Oﬂ) 5 Cor/eﬁ)onden Ce %‘%ﬁ H

* Assume camera intrinsics are calibrated
I:PIFO laf &Gometrg« 1 Option 1: Rectify via homography
| —

/\ | .. Given Comere [How o

General case, known camera, find depth:

Option 2 la[mnog/a-l;hy +Wo ‘mage F nnnnnnn

1. Find correspondences

2. Triangulate to one FlaMQ ' PW&“Q«I
Option + Use math (Epipolar Geometry) to find epipoiar

Epipolar constraint

L
riginal stereo pair
Same hammer: |: d E lar 7 O = o
Find the correspondences, then solve for structure ‘n FtF o F-t‘- on ! Then f d ~ ‘
correspondences
orizontal
After rectification

Gien © .0, P. then since
Tntrisics ano calibeted, so we o
P CO/Fflfm 0.0 ec]wuvalerrt Fosrtton

F5 0p. 0 LE-E 50 %4,

« Potential matches for p have to lie on the corresponding

epipolar line /" 5 l é(é 2 “E‘ + Aﬂé é %f’@i

» Potential matches for p” have to lie on the corresponding

epipolar line /. eE lFOlar\
Parts of Epipolar geometry

A% op. 00 H#J Epipolar Plase
A .5, Epil?ole= 00" (paseline) 5

_ , A1 Image Plane 19 %8

S B 1 L

« Epipolar Plane — plane containing baseline (1D family) . N

- Epipoles EF(FOW} MU»St PdSS valgh eF[L)D&-_lj ,(
= intersections of baseline with image planes

= projections of the other camera center

= vanishing points of the baseline

Epipoles infinitely far away, epipolar lines parallel



Ok so where were we?

* Setup: Calibrated Camera (both extrinsic &
intrinsic)

* Goal: 3D reconstruction of corresponding
points in the image

* We need to find correspondences!
=>»1D search along the epipolar line!
=>»Need: Compute the epipolar line from camera

Step 0O: Factor out intrinsics

D z=K[R t]X
A I K 'z=[R X

Let’s factor out the effect of K (do everything in 3D)
Make it into a ray with K* and use depth =1

This is called the normalized image coordinates. It may be
thought of as a set of points with identity K

x, =K'x. =[I0]X,

’ _ =1_r _
norm pixel — X orm = K xpixel - [R t] X

e Assume that the points are normalized from here on

Epipolar constraint: Calibrated case

o) ¥5

X =(x,1)"

The vectors x, 7, and x’ are coplanar
What can you say about their relationships, given n =t x x> ?
x - (txx’)=0 X’ (tx (Rx+1t)) =0
X’ (t x Rx + %)) =0
0
|x’-(t ><Rx)=0|

x"Ex=0

X TEA=0,

Ok so what exactly are l and I'?

O =

(niven K (intrinsic) and o

(b 0 AZHESL) B

X=[10] Xem Xq- = [R t] X4

3¢ Rt 4 o 1BHATF 0 @ rotation

L transiabion y

M= tx (Ratt) L X
c o - CtXRA)=0

E= [t4)R

X [tx(Rx)]=0 mm) x{"[£]Rx=0

0 -a. a, [b,
Recall: axb=| a_ 0 -a b, |=[a]b
-a, a, 0 |b

The vectors x, 7, and x’ are coplanar

X [tx(Rx)]=0 B8 x{"[t]Rx=0 =) x"Ex=0

* Récall: aline is given by ax + by + c=0or

a x
1"x=0 where 1=|b|, x=|y
c 1

xTEx=0

E x is the epipolar line associated with x (I'= E x)
Ex'is the epipolar line associated with x' (I = E"x’)
Ee=0 and E’e'=0

E is singular (rank two)

E has five degrees of freedom

Some poperty of E.
I—f K is not -the same ?
Epipolar constraint: Uncalibrated case
« Butin the uncalibrated case, Kand K’ are

unknown!

« We can write the epipolar constraint in terms
of unknown normalized coordinates:

2TEx =0
(K/—li/)/’l'E(K—li.) =0
FTKTE(K ') =0

H_/

#TF: =0

» Recall that we normalized the coordinates
r=K1'% o =K%
where T is the image coordinates

F=K"TEK™!

Fundamental Matrix
(Faugeras and Luong, 1992)

E x is the epipolar line associated with x (I’ = E x)

)2 g 5

0 -a. a |b, Essential Matrix
Recall:axb=| a. 0 -a, bl—laxlb (Longuet-Higgins, 1981)
-a, a, 0 | b,

The vectors x, 7, and x” are coplanar

Recall, knowing the camera gives you the
essential matrix (i.e. the plane per point)

So the DoF has to match up

Essential matrix: 3 x 3, 9 numbers, but rank2
means 2 columns fully define = 6 parameters
-1 for scale = 5 DoF

Extrinsic Camera (R, T): 3 for rotation, 3 for
translation, but -1 for scale = 5 DoF!



x We know about the camera, K,, K, and [R ]:
X =X"=RX+T

&
0 ~

C— )
Thy—0 ST [z 0' with F— 5T R and found the corresponding points: & <+ T

_ I _ gl
+ FZz is the epipolar line associated with % (I'= F X) =KX =KX

_ A
+ FT®' is the epipolar line associated with &' (I = FT &) =K (R + T)
* Fe=0 and F'e'=0
» Fis singular (rank two)

How many unknowns 0n|y unknowns!
* Fhas seven degrees of freedom + how many equations

do we have?

AL 4 ITEIZ 0n5 o) 4 oy £4RE

\/’ > Find 3D point [ﬂ . Even if you do everything.right, you will still be
4 Ray's don't always intersect Y (/‘ t L — off because of noise, this is called the

because of noise!!! . .
\ Reprojection Error

d\ Solve w rt'h In practice with noise, want to directly minimize this with non-linear least

squares, or “bundle adjustment” P
c’ L4
World
X

non—|inear |Cast scluarey

Solve by formulating
Ax=0, see H&Z ch.12

P P’

Summary: Two-view, known camera

Reprojected point

0. Assuming known camera intrinsics + é‘ Summarw iR
extrinsics

RT
1. Find correspondences: e
- Reduce this to 1D search with Epipolar Solve with non-linear least squares, iteratively
Geometry!

N N 3D Points
A/ﬁw Con} [der /‘f we_ MMQ (Structure)
2. Get depth:

- If simple stereo, disparity (difference of cgrye Menc& , can we. | |
corresponding points) is inversely $/7

proportional to depth

mate F 1 =]l
- In the general case, triangulate. 35’that€ t’ ' ,

x=@v)", x'=@,v]) fu

/ Camera
fr - Correspondences |:>

(Motion)
fis
fu e Sl fa
[ v 1)l fa fo fullv|=0 q wu wv u' vu vy vou v 1] £y

-0 — , ' / /T ’
fa fo Sl Solve homogeneous f' <: tﬁ% /Do//’fb_s Cdt{}e /7L F ft //I F% %
' linear system using ;

eight or more matches ,

~

Enforce rank-2
constraint (take SVD
of Fand throw out the
smallest singular value)

then:  x'(cF)azo = DOF - 3

E=T,R The geometry of three views is described by a 3
» x 3 x 3 tensor called the trifocal tensor
¥ If we know E, we can recover t and R

The geometry of four views is described by a 3

x 3 x 3 x 3 tensor called the quadrifocal
) - -n On tE 7 Azl tensor
Get the essential matrix with K (or some l"’n €22 €23 = I tz i

estimates of K) ...

in practice you calibrate your cameras so you . ‘
know K or have a very good estimate Given that T, is a

€31 €32 €33

After this it starts to get complicated...

is an Orthonormal matrix, it is possible to ™
R from their product using “Singular Value

ol T How to estimate the camera?
E = K 'FK. Mow /fwe /nave

1. Estimate the fundamental/essential matrix!

CO’T@SEO”dQV\ e, hOW o Ca[ ibrate ? 2. Another method: Calibration

What are thg camerea parameters? X = KlR tJ X
X
Y
VA
1

« Extrinsics (R, T)

« Intrinsics (K) A rmch ’two S
How am | situated in the world + what is the shape

of the ray

S Solve Lneor gtent [

Focal length
m
If we know the points in 3D we can estimate the

cameral!

Camera Rotation

Camera
Translation




. X
Can we factorize M back to K[R | T]? su] [m, m, m, m,
’ Y
Yes. SV =Ty My, My 1y, 7
Why? because K and R have a very special form: S U M My Ty J)
ntrinsic Solve for m’s entries using linear least squares
fe 8 og||T11 Ti2 T3 Ax<0 form m
0 fy Oy [[721 T22 T23 _ :13
00 1]rs 7s2 7 00 0o x n gt v | [o  Simiarto howyou
\/_.\/\/‘ X, % Z, 1 0 0 0 0 -uX, —uY, -uZ, -u| > i 0 homography!
QR decomposition 0 0 00X, ¥ Z 1 -vX, -vY -vZ, -v,] ':;“ 0
Practically, use camera calibration packages m,
(there is a good one in OpenCV) e
Noed ot least 6 pairs 7h ( 3D coord, 2D image coord)
Inserting a 3D known object... Doesn't plane give you homography? ” 0 l' 39
Also called “Tsai’scalibration” requires non- " " -
coplanar 3D points, is not very practical... ~ Yes! Ifit's a plane, it's only a homography, so
Modern day calibration uses a planar calibration  instead of recovering 3x4 matrix, you will Fo m.bf ; e
target recover 3x3 in Zhang's method are ina /)/ /
mEm EEEEEEEE . .
mmm laiwin ' iw-<l The 3x3 gives first two columns of Rand T .
T W than tis.
LN | SEEEEEEN
EEm SEEEEREEN
::: :::::::: by hy by a, 0 wuy||n n, 4 <
Developed in 2000 by Zhang at Microsoft by By By |50 & Bl|m W %
research hy by 0 0 I]|r n 4

LQC_ 14’ S{/Vl ( Structure U[rom Metion )

Camera Calibration; aka Stereo (w/2 cameras); aka You can easily get correspondence via
Perspective-n-Point Triangulation projection from 3D points + Camera
3D Points 3D Points éﬁ,::ti:rtes)
(Structure) (Structure)

/=%

Correspondences <:| GlisE
P (Motion)

Correspondences |:> Camera Correspondences Camera
? (Motion) P (Motion)

In te otwwb(’ons [ir(:roofuceo{ 6e-fore , 'thE)/ showed on o use ‘tn'agz/e_

Ultimate: Structure-frdfn-Motion

re latlonshlf. But wihat i-f nore v] ~these are known)

(Structure)

-

% )

Guen P B kiR oo oo

Structure from motion

Reconstruction (side)

i
(top) & -
o t:i ith ints i d /- / f i Start from nothing known (except maybe intrinsics), exploit the
nput: Images with points In correspondence l 2 Js relationship to slowly get the right answer

pij = (ui,j;V,'_,')

* Output = S—b’mm L Mﬂtion

* structure: 3D location x; for each point p;
* motion: camera parameters R;, t; possibly K;

* Objective function: minimize reprojection error = Coﬂpsfahden Ce . Un k no wn (



Feature matching

Match features between each pair of images

* Camera (C;):
: — A 3D position (C;)
— A 3D orientation (R ;)
— Intrinsic parameters

Ai R).t) in
Challenges:

— Large number of parameters (1000’s of cameras,
millions of points)

— Very non-linear objective function

* Important tool: Bundle Adjustment [Triggs et al. ‘00]
— Joint non-linear optimization of both cameras and points
— Very powerful, elegant tool

* The bad news:

— Starting from a random initialization is very likely to give the
wrong answer

— Difficult to initialize all the cameras at once

Incremental SfM: Algorithm

%
Pi w nitial pair of images

Initialize the model using two-frame SfM

3. While there are connected images remaining:
Pick the image which sees the most existing 3D points

a.
b. Estimate the pose of that camera
c. Triangulate any new points

d.

Run bundle adjustment

Multi-view Stereo (s ot cstedmages

* Input: calibrated images from several viewpoints

FALEHL T Reca on Striching
= Feature extraction & Molching”

Refine matching using RANSAC to estimate fundamental

_ matrix between each pair
* Point: 3D position in space (X ;)

(focal length, aspect ratio, ...)
— 7 parameters (3+3+1) in total

Pfo}'ec{:

* Minimize sum of squared reprojection errors:

m n 2
_ Ui j
g(X: RI T) - Wij : P(Xi) R]; t]) - vi,j

i=1 j=1 | Y J L Y J

predicted
image location

indicator variable:
is point i visible in image j ?

observed
image location

* Minimizing this function is called bundle

one OF‘HMIZ‘WCZOVI Froblem ( adjustment

— Optimized using non-linear least squares,
e.g. Levenberg-Marquardt

The good news:
— Structure from motion with two cameras is (relatively) easy
— Once we have an initial model, it’s easy to add new cameras
Idea:
— Start with a small seed reconstruction, and grow

= Incemonta| SFM:

* We want a pair with many matches, but which
has as large a baseline as possible W J

Want Maymak@

- bt want baseline

¥ large baseline
25 very few matches

¥ lots of matches
23 small baseline

os lorge a foxzé/e,‘

¥ large baseline "~
¥ lots of matches

The problem of Sfll isthat its astpust s

(known camera: intrinsics and extrinsics)
* Qutput: ode . : !

Outp 3DMdE@%ﬁ sFarse‘ pomt clouof . (/Unth Sflmb outpwt 5f
B calibration ’m‘fOfmwhon , Can We —fw'm

;;;;;;;;;;;;;;;;;

e | e point C loud ' = flutti- Jew stereo

Multi-view stereo: Basic idea

For on image pixel patch |, consider ray %hmgh )
w“rthdi‘&eren‘c Je}ﬁh and see which o(e(ﬁh most it
in other images best = Deyth map

In this manner, solve for a depth map
over the whole reference view



Multi-view stereo: advantages over Choposing the baseline Volumetric stereo
2 view
* Can match windows using more than 1 other
image, giving a stronger match signal

o Discretized 9
* If you have lots of potential images, can Scene Volume ™
. "!Spaml !
choose the best subset of images to match = AN
. ¥ ~
per reference image AN

/7 \ D)
oy "
Input Images
* Can reconstruct a depth map for each Large Baseline Small Baseline ' ‘

(Calibrated)

reference frame, and the merge into a-w- *What'’s the optimal baseline?
— Too small: large depth error Goal: Assign RGB values to voxels in V
Complete 3D model — Too large: difficult search problem photo-consistent with images

FUF %D recaonétrnct on . another aprroaoln: volumetric <Stereeo

For ever )/ vexel , if P/O/'evfeof on TLhese cameras have minor evwor b

9JC then tius Lomel remains , while otters who dont satisfy
this will be removed

Lec G4 t6Lr] : NeRF.

Problem Statement

ot output <& What prob/em /VERF want 40 So lve 7

A set of calibrated Images A 3D scene representation that
renders novel views

* Need to know the camera parameters:
extrinsic (viewpoint) & intrinsics (focal
length, distortion, etc) /”

What was before NeRF?

Structure from Motion! (last lecture)
“‘Photogrammetry”

* Problem: Given calibrated cameras, recover highly detailed 3D surface model Input: set of images.
¢ Often the output is textured meshes

Output: extrinsics, intrinsics, 3D points, pixel correspondences
%ejofe : how 4o - M@Q + aalibrotion=
< P hoba&rammetly :gam[;ltca’beap /

Can represent non-opaque objects

E AN EXTETS
FAXIEFS 0D

Orsgmal 3D rzpresenta‘twn - ,:‘.“;;;;c.»;ﬂ;.;

L
High quality reconstruction with view-
dependent effects

@26, || = (.9,b,0) e
Polygonal Meshes 3D volume TN J efeme sl
Volumetric representations Fo it SRg
. « Amesh is a set of vertices with faces that defines the topology < R 0 o
Model the entire space + Mesh = {Vertices, Faces} Camera EX & o
Can be explicit (voxels) or implicit (NeRF) Vertices: N x 3 . . . ) h
. Neural Volumetric 3D  Differentiable Volumetric Optlmlzatlon via
« Faces: F x {3, 4, ...} specifying the edges of a polygon

« Surface is explicitly modeled by the faces
* Most common modelmg representatlon

1 * Triangle faces most common but tefrahedrons (tets) are also. Scene Representation Rendering Function Analysis-by-Synthesis




Levoy and Hanrahan, SIGGRAPH 1996

Lightfield / Lumigraph™ " 2 1) / % 400E] - e 2k Ei{irﬁ
* Previous approaches for modeling the Plenopii 2 ﬁb m é 5?/[2_% E’iz %/ (ﬂ/é] % % . % R‘\ (f i’ é{J
At hE

* These methods are called Image Based Rendering, because they literally
| interpolate the ray colors to make a new image

* Take a lot of pictures from many views

* Interpolate the rays to render a novel view

Sl

Stanford Gantry|
128 cameras

Lytro camera Fareommacieey  © 1.€. NO 3D information is recovered (you have to know the camera)

Density: Second key difference from
™ ' ; lightfields, plenoptic function x.

> ¢ Continuous probability density function (PDF) over “stuff’

Plenoptic Function NeRF * Connected to opacity: high density == very opaque, solid

NeRF requires integration along the viewing ray to compute the Plenoptic Function

Bottom line: it models a 5D plenoptic function! (X, v, Z, 9, ¢ — —_— (T', g, b, O')
| iy

Spatial Viewing Output Output

Two difference between  |igitfield (WekE) ™ = Fq
and Pl@nortic function Xr “Analysis-by-Synthesis"

Where NeRF Stands * Search for a world state from which you can explain many observations
through synthesis

* can do Image Based Rendering well, while

| also being a 3D representation H . H
+ Does not suffer from limitations of surface * In English: “If you understand (analyze) something, you can create
Appearance Based } models _ Physics based (synthesize) it
Reconstruction * Easy to optimize from images Reconstruction
(Image Based (3D Surface o L f B
Rendering) NeRFs Modeling) ]Srlz?rr] l;lﬁRsi)évJI you really know what a scene looks like, you can render it
Lightfield/Lumigraph One 3D Surface y
(No 3D representation) One 3D Surface, Single Albedo ! . B .
Layered Depth  Mult-Plane View-Dependent Tetre ¢ (For Chemistry): “If you know how a molecule is structured, you can
Images (LDIs)  Images (MPls) Texture Mapping synthesize it from other molecules”
Conventional .
Graphics Pipeline * Commonly used paradigm across CV!

¥ Cove Function MeRF went to learn: For a point, (4. y/z‘/, 17" (0O,
—bhrocgh it via. diection (6, }W, what's  its observered 9/) value_
“Neural Radiance Fields”
and rts  Volumn densot#

‘Traw“ylﬁ S_tra‘&edv( l-’lyd a Representation 6
h 9WQ @b /ﬁ)’ one m{ “Training” Obiective (aka Analysis-by-Synthesis):

woh 1gp Lo s el iy o] Ly,

How an image is made (“Inference”)

Dif i dered Image:
Volumetric Rendering I

—pr Se‘t‘hﬁﬂ . JD. o Cﬁ‘é‘]p Let’s simplify, do this in 2D:

Retrieve color from this
network for every pixel

)= 8> g b) —

Rendered Image:
v

How to get MLPs to represent higher frequency
functions? Fq

MLP

Optimize with “Training” Objective (aka Analysis-by-Synthesis):

Challenge observed: i o _oear rgy minll| |~

Image: I’ Image: |

00 00




Positional Encoding

Iteération 1000

Positionally Encoded input

0 1 ; 3 4
[N
® v
[

— @
o
P4
sin(29z)

Fourier Features  ~(p) = (sin(2°7p), cos(2°7p), - -+ , sin(2-~7p), cos (24~ p) )

AE;i |:g| ‘ffer 3maruy ( But 27‘ with VE . +then

s I m y 5%e ‘ijt drﬁ‘ inA' = distinct PE input

A Eij.fD D Target Image SD Lt an mﬁ()ond h h f@% ,n 6b {

: CHEECT] 0 NeRF Network Archltecture

you will implement this: 6>0’

Now : the architectwre. : ;D oord

| B
@ Prediction of 6 doesn't depend‘.llllllll ''''' géec-m

on direction d?ﬁt{? ¢ (Dntuctivels by e;),% & B e me e ma oo e l‘ll
(3)

LLLLLL Linear
Concat (256) | (128)

Summary
for a ray r(t) = o + td:

ifferentiable w.rt. ¢, o Ray
CcA ch—ZTac -

c(t), a(t) Ray r(t) =0 +td i=1 AR Q=1
colors
\we' jhts
How much light is blocked earlier along ray:
i-1
Ti=110—-ap

at a point on the ray r(t) , we can query color ¢(t) and density o (t) Si: stpsize. O camera
How much light is contributed by ray segment i: L PSI ze

How to integrate all the info along the ray to get a color per ray? a=1-— exp( 0 o; )

RelD or St moid 1 Check desired owkpst vange |
Vqurﬂolc formulatlon for NeRF@ m‘?’

Remember, expected color is equal to

JT@®a(®c(®)de ~ ZT“ —ch Fmal)’ /10(/0 o M ﬁb@ﬂ%r% (ong.
T(©)0(8) ond Ty e “rendering weghs" — by it clong e lmel) with ng ﬁéf\yf POMt_S alm?/m‘wz/
—— s [¢ 1A prob f/\w#m% first hit ¢:

other N-D vector v;
Volume rendered "feature” = 3 w;v; 6{, . ( 0 ‘9 (t :> %c = / — e A /) (_ 6( 5’&)

Alpha Blending

e ﬁfr“b' « The formula. of Vo lumetric [Zendeﬂug
G actual(y orginate from alpba b(endmgz

I= Ca aa+Cb ab(l (Za)

How much light is the pi l ab
General D layer case: D i1 I C& aa + Cb ( - M )
= ; G 1,01~ ) TT:Y

0 "o mach [t 1efe 5 pos-chgh

L

V-7 Cwa;rl Cuj)




W kep 'bfans-fereof +o Vo umetric RendorMa‘

—for dzﬁemvrtlable 6L Wi
AR | = QxF =6:00)

L
C Z(/' CL &L T Ct ))
)=

Now : Some bells f whistles:

Howy to sainple reasonable ! In—tui'fwl};,
most of the space an be wacoum!

Key Idea: sample points proportionally to expected
effect on final rendering

=

—_

So:

Summary
e forarayr(t) =o0+td:

ifferentiable w.rt. ¢, o
n

n
Zwic; = ¥ Tia;c
=1 i=1

weights

Camera
How much light is contributed by ray segment i

a; =1 - exp(—0;6;)

Hierarchical Sampling vs. Acceleration Structures

Hierarchical Sampling

Acceleration Structures

Iteratively use samples from NeRF to more
efficiently sample visible scene content

.
Straightforward compute —> storage tradeoff

Distill /cache properties of NeRF into a structure that
helps generate samples: e.g. Occupancy Grids

What about aliasing during coarse sampling?

N

=1

Solution: train two NeRFs! —> lower resolution for first “coarse” level

Ray

arse samples (stage 1)

e samples (stage 2)

Solution
Hierarchical

Ray

3D volume
treat weights as probability
distribution for new samples

“coarse” 3D volume

Search

What about aliasing during coarse sampling?

Solution: train two NeRFs! —> higher resolution for second “fine”

' Coarse = Fine, anal ue two A/a,? !

Camera

Rasterization = conversion of
primitives to pixels (details in

Camera

“fine” 3D volume

Las% ’(70[7 \c - Gauss:an S[?(a'l:émg

Differentiable Gaussia

What is the representation
of a 3D Gaussian?

Position p

' s; 0 0
S=|0 s, 0

0 0 s

R e SO(3)

gv(x—p) =

N\

N\
A

Q

pop = m(u3p)

Yop = JE3pJ 7T

How to project to
2D and rasterize?

Factorize as scale and rotation: V = RSS” R”

How to model/aggregate
appearance?

l[,—gfx p) V=(x-p)

27| V|2

Each Gaussian also has an opacity and view-dependent
color (via SH coefficients): v, C

1. Sort Gaussians from closest to
furthest from the camera

2. For each pixel u, compute opacity
for each gaussian Gy:

e~ (u—p5p) T (85p) " (u—psp)

2m |25 p |00

ap = oy

glonce at Gaussion 5plwam5
Finau)' , holy grat[‘- D/Mmac Sce

u)f

CS184)

\

p, RS

SfM Points

res
%ﬁlge, oV

A: Can approximate as a 2D Gaussian!

Blending (+ Sl

Preltmmarg A’bOde Rasterizetion (%'ﬁﬂ' 7/@) Ingtead‘(q‘ mﬁ-w%
rays, we Maﬁ Ob etk o /711(815
n Rendeti

Q: What is the image-space J =
projection of a 3D Gaussian?

Initialization

1
¢

<l e
O / +

V
A+ |+
N+ ]+
Rasterizal sl At
+ |+ |+

m(x) =u

: Projection function for
mapping 3D points to pixels

Ye

Tc

Camera
coordinate
system

2D mean: [2p = W(MsD)

2D covariance:

on
7 (H3D)
Yop = JE3pJ7

+ Lots of efficient GPU optimization strategies

Initialize with sparse
point cloud from SfM

3D Gaussians

Split/clone
Gaussians based on
heuristics



Recognition: Instance vs. Category

* Instance recognition:
—“Find me this particular chair again”
8 - l _t- — Often simple template matching works OK
L ec’ l e X‘ ure’ « Even better with many small templates, a.k.a.
feature descriptors

Instance (%8) v.s. Cotegory CiJ%) - caeson ecomion

— “find me all chairs”

#Texture depicts spatially repeating patterns > — Templates don’t work. Why?
Texture (428 )

* Many natural phenomena are textures — Focus on things that might be invariant across

the category

é: D'eff — Relates to concept of “texture”

=71 Texture Analysis
i 48 £9. For two places on the :
.roc 8 yogurt rjht "Shw(d ‘dentlﬂ a> Sam

\e=
4 A
NI A

e,
o

. ~

B N

“Same” or

S ANALYSIS \—> “different”

(s
\
“h-
~

g -
True (mfmte) texture

B Compare textures and decide if they’re made of the
o same “stuff’.

SEEENESOFL %ju,(esg Conjec‘tWQ'

Human vision is sensitive to the difference of some types of elements and

appears to be “numb” on other types of differences. Te XtU res can not be
Human vision operates in two distinct modes: / Spontaneously discriminated if

1. Preattenive vision - ﬁ they have the same first-order
parallel, instantaneous (~100--200ms), without scrutiny, a nd second_order StatlSthS Of

independent of the number of patterns, covering a large

Vual ol texture features (textons) and
2 Attentivevision - differ only in their third-order or
sserzz:lsae:errctzrl;)./ focal attention in 50ms steps limited to h | g h er-o rde r Sta tl Sth S.

Two questions of texture modeling . Filters
» What are the texture features (textons)? (/Ue can Ve -~01-0108/1- D

+ Pixels 5 - &« 2>*
* Pixelpatches b‘&%b %Cmn as fl. / '(?ef‘
» Outputs of V1-like filters : 1“
+ Clusters of patches / filter outputs . . A
+ CNN features Gﬂnv w(([ [“ ((a‘tQ
T

» Etc.

* How do we aggregate statistics }\DW lma-q = Ves? ()ﬂd

» Various types of histograms t .
+  Implicit or explicit ti ] 5 _te mh 3

Clustering (usually k-means
Patch Features 9 Y ) Clustered Image Patches (“Bag of Visual Words”)

=~ s

et @

e
'

[ Lum~a_ &k n=-_u—l
oo PLON=ERL, EFduS B
° . IIII- 18 FEZIER'
oo o =K = |[B#= I—'ul l‘

oo’ =_= L1l [ %
° Vector quantization I =Er.= HITH .l"
oo 11 ?.ﬂ'ﬁlm""‘l-ﬂ‘.

NIRRT 2008

* Broin Structure hoy simibritioswith 2574 'S

b: /Methoof Pa‘tcl'\ Featum_@ K-means ~o
o' RA T B 7.5 O A

|
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L_QCLC‘= Imaﬁe o image translation

Convolutional Neural Networks e.g. Depth Prediction Surface Normals
——y Instead: give label of depthmap, train network to do Instead: train normal network to minimize "n, - r’:‘,"
regression (e.g., |z - | where is the ground-truth  where n,is ground-truth and A, prediction at pixel i
and £, the prediction of the network at pixel i). Input: HXWx3 Output: HXWx3
Neural “Penguin’ PP RGB Image Normals
Network Penguin : Input HXWx3 Output HxWx1 True HxWx1 %
RGB Image Depth Image Depth Image ||
: ' ,\ r v
image X Billions of label Y i «
Parameters! (Zeiler & Fergus 2013]

Neura| Metwork 72712 LRF CV, A -% 4%, +ask @ - _
kaWxB/, > = /RH)LWX? e %&/ﬁ}u’«el /n"@C-/[“feWéw'e_,
Greneric. lask * Lnaje to image ~transiation
%o Depth Pediction / Surfo.ce Mrwal “lask, / Denvise /
Semantic Sc%gmaﬂwtim/ -84 RRD R, M e

Generic: Image-to-Image Translation

“Semantic Segmentation”

Each pixel has label, inc. background, and unknown : Denoisin Labolsto Sreot Scono
Usually visualized by colors. . g neural
Note: don't distinguish between object instances
9 ) network
Input Label Input

‘ outout

titEseet. BRAFA T RERE, B

We need to:

1. Have large receptive fields to figure out what we’re looking at/ﬁ}\%%ﬁ{ﬁ’ ]}%E{ /T'/T /l‘ ) ﬁ) ;Z]é /]‘ Comme /[‘

2. Not waste a ton of time or memory while doing so

These two objectives are in total conflict ::) Co’qtllc't ‘ HOW 'bD SO/ le l.t 7
Putting it Together _ U-Net 5etter W(Ig/ ’/VOI/Q/

Convolutions + pooling downsample/compress/encode '
a( Architectue © Unet !

Transpose convs./unpoolings upsample/uncompress/decode

Input Downsample Upsample Output
Conv, pool Tr. Conv./Unpool \
“Encoder” “Decoder”

F
W Extremely
popular
architecture, was
H  originally used for

biomedical image \ '

segmentation.

W C
i»
But , eq., in image colorraation.

Image Colorization Colors in ab space

. Better Loss Function (discrete) LOS dﬂs . , L. [
; 0" = argmin 6(F(X), Y)  ef—— S lgn (5 antital
| [:7-'> * Regression with L2 loss inadequate 55| H HH
. -~ 1 -~
. Lo(Y,Y) = 3 ZHY’I.W —Yhwl} & N : A
o | Question - ANy
B 4 * Use per-pixel multinomial classification

Grayscale image: L channel Color information: ab channels L(Z.z) = ——— S Znwg108(Ziwg) 55 1 o 7
i Universal [oss
hw a
.

X e RExWx1 ?ERHXWX2

1107\ L L L |
L |— _— 110 55 0 55 110
- b

A, Core idea - +teachor— student. \‘teczcher" comporent

as Sca,ﬁ‘oéa&'nf



Generated images

Generative Adversarial Network
(GANS)

D
% fake (0.9)

vs Real

: . D
(classifier) e j 4|:H:H:|> real (0.1)
"""" X
Real photos A 4 [Goodfellow, Pouget-Abadie, Mirza, Xu, arg mDa‘X ]Ex,y[ |10gD(G(X))| + |10g(1 — D(y))| ]

Generated

-
-

Warde-Farley, Ozair, Courville, Bengio 2014]

G tries to synthesize fake images that fool the best D: G’s perspective: D is a loss function.

argmi |m3.x Exy| logD(G(x)) + log(1—D

) I Rather than being hand-designed, it is learned.

G(x)

D

] —H—H—H— fake pair

—|:H:|-H> real pair

arg min max Exy| log D(X, G(x)) + log(1 — D(X,y)) ] arg min max Exy| log D(x,G(x)) +log(1 — D(X,y)) ]

Also, we need ¢ pair’ . Why 1 L#/TIL’%J A Conditional GAN
U B BAR L DR AZEE L0k L3530 K@D

Lec20: Gererative Models df mages

Inaged pinel %5 vabie FRE 61 33 A4S
permutations @2 18 A 1E.| -3p5 BA,
KA AR adray Btk

IMh A% 1 BRI BX Blw i) c{?%#/%,
9% . l”)ﬁf.fé Zﬁf "/'4§ ﬁQﬁ{fi_ .mcﬁ'/;];

Generatmg Images from Noise
Multi-scale filter decomposition
(steerable pyramid)

\

Most images are “noise”

“Meaningful” images tend to
form some manifold within

. * Random images
the space of all images

Filter

M Paramgtric. Toxture Synthesis AN
bR FH L RE i W(g%%)%fﬁc

Step 1: Convolve with filterbank Step 2: match per--channel histograms

| | ] |
R s R
s e NN

. Step 3: collapse pyramid and repeat!

Noise image

- L ] L]

o | | | | A 1 e 4 Z 2z 2 5
H EEBE "

.... .,mam b e j »\JM mAm i ,1\‘4@ l wm



GANSs as generative models GANitei?p::e “walk” o?a:sh: manifold 2 /3 ,ﬁ CMMN - (70580’

+ G tries to synthesize fake images that fool the D (Gaussian) (Natural image manifold)

+ Dtries to identify the fakes T;ﬂ\, gig?ﬂﬂ’@’&
G(z)
—Dﬂﬂ— " ‘Hﬂﬂ_ real or fake? ‘ y Traﬂs‘fe/\é {Ié% °

- ) _
— [B\gGAN Brock et al 2018 {/é QAN é. 43— 0

argminfmax| E;x[ log D(G(z)) + log(1—D(x)) |
easy.
D i{Tusion: C/Qec&zv_/y /%/Dw(a/* nose=>imye < hard,; image-noiie -
h
. Globallyﬁ’ation Zymlt?cilgartjer than \//}1—'1/%7%[3 IE ﬁJ 751/) %L
destruction
e EX4L ! Fl Vw74
r?;g%%rsry - ‘ * But locally, they areﬁalmost reversable! l:ﬂ:} ‘279?‘ P ‘“\é‘f\mi

random

images .
o‘/
0/
Diffusion ’ —
neural
raspberry ” S ./ raspberry
images ™ i images
bl [ random
images This network can be a U-Net or other images
suitable image-to-image network g

23’ Curious property of Diffusion )’('
+We are training the model to reconstruct the training set DQ“O[.S[”%/ : ‘traf}’l a’ U—net ! [Qai’lll _bD /j //

i, gonertenove mages Ho% , S AR A B g‘w ﬁ%{g}{%

+Which is what makes it great

+Perhaps it models images as textures (JZ'\ tu%%\) Li@ i}; L%’/' m‘gr j }i 4— 1 a‘ggﬁ

+ Keeping important correlations and throwing away the rest

+ But we don’t know the “model space” of these textures Di—ﬁ'uslon @_5 LLM é% é‘ % Xﬁfél é"_ﬂ' ﬂ!Ti o

Lec2|: Flow Matchin sample.
Generative Story &ﬁ% m v€7J\» /atemﬁ space — _Zmaye)

« Any Generative Model has a process of sampling an image e
« GANSs really opened up the possibility of image generation

« For ex, here’s the generative story for PCA in its probabilistic interpretation:
* But people didn’t like it for many reasons 0 QA'A/

1. Sample from a Gaussian Distribution R? RP - Severe mode collapse ,
2~ NO,I) mo e

2. Project to Images (W = PCA Generator (2): « Unstable training mechanics ‘e m n z

Eigenvectors, Mu = avg datapoint) x=Wz+mu

» Flow/Diffusion is a reactionary movement against GANSs,

x=Wz+ .
" Psource Puarget next natural evolution
. .
History Flow based Generative Models
) AN
GAN, Goodfellow 2014 \
DCGAN 2015. Flow” ‘(/
SyleGAN 2018 DALL-E1 Open Al 2020 IRD IRD
DALL-E2 Open AT 2023 —
-3 StableDiffusion, Stability 2023 Vi, /v/' \*\. e
6 o Song et al. Score-based
Generative Models, DDIM
DDPM, Ho et al. 2020
Rectified Flow, Liu et al. 2022 Generator (x)
: RealNVP, Glow, -
NICE Dinh et al > . .
Normalizing Flows 2015~ i etal. - Fbema & Flow Matching,
2018 Lipman et al. 2022
Neural ODE
'he 1|
. ng?xﬂ ¢ Psource ptarget
Flow Matching Tutorial L

NeurlPS 2024 1. Latent space dim is same as the target!

@ MovieGen late 2. Takes T steps to go from src to tgt

2024~



B Elow bose mode| 7-EA sample divectly @ & —flow

What is Flow? Rldlng the river = Integration

y — .

Psource = Prarget =
Po ‘ P Simplest “Euler Integration”:
Xiar = X+ v, DAL
_ * Riding this rive means you add little bits of velocity defined at each location
o 02 04 o6
) L Timestep (1
« ltis a velocity field. - « This is called “Integration”, also called solving the Ordinary Differential Equation (ODE)

R " : : Lax
« It’s like a river with some currents, every point defines how fast you move (velocity) with initial state X, through some differential parametrized by a network: dr Vol 1)

« You ride this river to go from one distribution to next * You can add stochasticity when riding it, then it becomes SDE (more next lecture)

B F) -1 ’"’FW) Vo t), BAE ST} E ZR T

ﬁ&ﬁJvJ o, A% o 750 GRIFI s %gé G4 Bthst

e eene I RIRAE B rmalzig Flao
()34 ) B B e 254

e
Xt = l//,(XO) ref0.1]
+ This requires ODE integration DURING training with invertible neural networks ?‘ D{PF OJ ﬁ[ 5fj$ Dﬁ %
Previous Normalizing Flow works Instead. model Flow with Velocity ,\P
W) = 1) /lu‘ % 7}& 2 %’
/7> /

X, = l//r(X()) te(0.1]

Warping Source X, ~ p
Warping Source X, ~ p * Normalizing Flow, Continuous Normalizing Flow
« Chaining i, needs to satisfy the continuity equation!!!l!

Flow

Cavedt W[(x) O

« Tries to directly deal with this continuity equation constraint .
Solve ODE Differentiate = L+t
« Very slow to train (need to integrate while trainingp & & |
« Other constraints like invertibility of v,
' u(x) .
+Pros: velocities are linear
« Nice idea with promising results but limited capability + not practical to train // Velocity +Cons: simulate to sample

X 74 BNV v, @ERER dow - AE) T RREAP
o) AREABIr0E AERES "
In How (IPProaohi

Training $$3$ question, how to pick the intermediate path?
1. Take real data, corrupt it to left distribution somehow How to generate this Green path?

2. Learn to undo the process!

raspberry “

images |e——

random
images o o images

How to construct X,

TLDR: Sample noise, add it, then reconstruct the data For each data x;

Flow matching says you can pick any combination, as long as it i
starts from a sample in the source (e.g. gaussian) and ends with a » Sample some noise X,
sample in the target distribution (image)

X, = Xyt 0,X

» Combine it however you want to get x,

» Now learn to predict the velocity at x,

Xy ~ Po(x) x; ~ py(x)

» What is the velocity? Depends on how you got x,

What is the velocity supervision?

e 1£06) = (= ) @ ,7@2%7%\?{7@ 2 ko, Bl

X, = oXyt0o,x;
X, = (1 = t)xy + 1x
dx,

— ==X tx
dt 07T A1

=X =X




Inside a Training Loop Dm»’g ivrference :

Flow Matching

X = next(dataset)

t = torch.rand(1l) # Sample timestep (0,1) « Just take a small step in the velocity
noise = torch.randn_like(x) # Sample noise
x_t = (1-t) * noise + (t) * x # Get noisy x_t « Use any ODE Solver, i.e. integration you

like, like Euler integration:

flow_pred = model(x_t, t) # Predict noise in x_t

flow_gt = x - noise # ground truth flow (w/ linear sched) dx
loss = F.mse_ loss(flow_pred, flow_gt) # Update model T4 At = Ty + At dt .
Tty
loss.backward() Sample

from X, ~
optimizer.step() 0o~ P

Training: Model parameterization Training: Flow Matching vs. Diffusion

* You can make your network output undo the noise in many different ways,

predicting x, v, noise, or flow Algorithm 1: Flow Matching training. Algorithm 2: Diffusion training.
Input : dataset ¢, noise p Input : dataset g, noise p
— _ — Tnitialize v* Initialize s
Vy = QX —0,Xg W=XxX—X=€—X while not converged do while not converged do
U, =X, — Xy t~U([0,1]) i t~U([0,1]) > sa
. . . . . 21 ~ q(z1) z1 ~ g(z1) > san a
« These are all equivalent because of the linear relationship with x,. You can [xo ~ p(zo) (¢ = pe(wsfzn) > sample conditional prob )
derive all of these as long as you know one of them z = Wy(zolz1) Gradient step with
Gradient step with Vg Volls?(z:) — Vo, log pe(w]21) |1

X = (lt.xO+ 0% Output: v° Output: v’

* For example P el Px Ix,) closed-form from of SDE dx, = fdt + gdw

P « Variance Exploding: p,(x| x1) = (x| x;,07_I)
El— x| = £ (x,—a(t)é x,—a(r)e)2 e o’(t)z( y HEe + Variance Presenving: p,(x|x) = N (x| @;_x, (1 T:xl B
X)—Xo)] = _— = —¢ . o =e"
a( t) a(t) (Z(l )2 P(xp) is Gaussian

Mgorithm: Flow Hlatching M A mie ko 5data £, 524y
FB) M At i B .EE SR AWEBE: ) > A~
Diftusion : %ftf;/)é: , AR Pe Kel ) BA it 8 A

WA B R ,ﬁj% , BPolype

Lec22:  DHfusion Sampling
Revisit diffusion models with a 1D example .

Recall in 1D example - how-to  moise=> distritidion !
We nead 1o know the éfeed vector' . e, ’f/ou);
QT Xti. = ua()(ﬁ) We maxf use a mode| o
represenit -this' - 'L(tu (/(‘(x)

v So objective : ., Xo, X, I “*L(Xf) —th ( Yei)lo

Solving the flow ODE with discretization

X

t: Miika Aittala

Training Objective: X

Evn (%) =, (%) [P

X

Euler step

Typar = T + At

Wlﬁ'\ ”thLS MOdQ/( who canﬂwe g}{ A+
Wgcan—ﬂow(na waff: |

Nepat, = ALt &% -_g,g e«

dt




Truncation error: fails to Th[_s % not a feff@at aff{mc‘h Model fails to approximate

approximate ideal trajectory the marginal flow.

by finite steps. & l%‘gz{t an be ?i’&blmch
1. Nai lution: i , n 1. Stochastic sampler (SDE)
wia}clr\lliwsoor: Sltoenps-sampmg /MOde[ /Mﬂ# g(‘/e ﬂ.? / At % injects fresh noise

_ , . . , throughout the evolution in
2. Time steps are long at V’hlch (5 a /l_{i_{Q bt maccuyale  addition to reducing the
high noise levels and short ‘//7 noise.

at low noise levels % So( 1[2}6/@1‘ (
3. Higher-order ODE solver %ﬁ@/_’ Lﬁt_é’l@ﬂ% #‘Tﬂ ( //t{:tl

[} /\ .
i - KE
hlﬂ):g:tﬂon Guidance D :’ﬁus(On ‘ <7}

Qfeci]“m m])lemerrtwtion oj’ vlow idea_

With ot condition fVl)QCJL(OYl Qmo{ we. wand,

— tribufo?hol it lOV\eOt 36!@9’ odedl im%e_, {3_F_ ]}T(\[maje O/MWX&
over eptire  netural l'maje schef

2 We want -to nect a yuic&nce

Diffusion Guidance

Push Toward a Conditional Mode

X, Noise Image Denoiser Prediction
Flow, Epsilon etc)

Unguided Diffusion Isn’t Too Useful! Natural Image Distribution Raspberry Beret Distribution
............................ -

How ? Two af?roaches‘ _

Original Current T
Classifier Classifier-Free Single-Step Prediction
Guidance Guidance
Guide with a Guide a diffusion How do we do this? T
pretrained classifier. model with itself. Natural Image Distribution

Classifier Guidance e _C [ass l‘f ier— Guidance ‘ .
Using a Pretrained Classifier =~ Distribution {’Of a- ﬂemra-ted Ste? lma\qe ) u a c /QS‘S' f)er ‘

| s [ % Qererate gudance vector”
Tl e X

Classifier
—

| Image Prediction  Backprop
N:

== But s apprach

s not favored - @ Images in the middee :

00D jfof classqlie/, o quidance

vector may not be relable ! | | |

@ Train these -Wwo modds )0 ‘wt()/ or Sl/famt%v t
are both -trouble=some t (Hod o tmin )

Step Guide  Step




Diffusion Transf Architect i -y i
ST ey Classifier —free. Guodlance

S
Predicted Image Patches g s ¥
s c A 5—7[0/,1,,3
| I D BN N B B ~ 1
t tot ot ot t ottt t EggE%?;gs ’P I’OGC;’I ’ Wth {W rj
Decoder Block .u.§‘.
) o encoder- decoo!er‘ arnd
t t Eﬁﬁ@%ﬁ Model Knows Unconditional, Tex;Conditiond Dlstrlbutlons
O mewmes — a5 e
tot ot ottt ot tot ottt ot BEREER Raspberry Beret Distributi
[ I DO D D B B | BT aspberry Beret Distribution
R SEa i - N F— .
Conditioning lﬁ-&‘g """

Af?mach > Use Olet
maje C())’lOl tLion €crg = (64)(" ) = €yX; ®)>

A_t one s—te gengraz‘je_ S crosmn j

@ - & (Y5 €) b E¢ (Mii D) Tﬂeirgw{) can be afu,damg{
s cema) Aud fnPW E¢ (s )~ €p ke )
\A/;F {:‘:‘;‘;"' Wk A 384 po gk puithnce 7).




