LO1 Overview

Visual Tasks M Low-Level E| High-Level: Sensation —
Processing — Perception — Cognition.

- Data acquisition: RGB #8#l. REHEH. LiDAR %. 155
BE. 0. =5, mesh .

- Low-Level: Processing FI4FEIREY. B PR, EEH. &
JKED. Edge/Corner Z.

+ Mid-Level: SISttt RFFAFITHEMTOAR. thbyn 3D &
#. 22RAEA.

- High-Level: EEFHERKRHT semantic RFIMRIEFAFR
. LNmRNBER. AR

L02 Classic Methods

HREE: SRENEEHTHR = GEHTHRAER
SUER: AMMAHE g, W = (f<g) FNTF f+C9)
Key-point Detect BJZ3K: Repeatability. Saliency.
Accurate localization. Sufficient number.

3F Flatregion. Edge. Corner WEX: LK EOBE (u,
v) EEORERENRZE. F3MF Cormer ME, MAEM
H RS EE RN %E B ENRELK.

E(u,v)= Ew(x,y)[[(x+u,y+\/)—I'\()c,y)]2

3§ ERAXAPHIPIESAER—B Taylor I,
v WTRE. BTRBERR M, N
12

g Bl
R AL M A2 FRAK, REAXZE Corner. EXAFREATFE
FAPEXRMARE, BOEXMINAEREE £ BERETL!
FEEFIERNAUNARE—ENITES, ERREEM:
0 =det(M)-atrace(M)* = AA, —a(A +1,)°
SRBLE:

BEXTF u

0
R (420, 4,20
ﬂa]

* Compute second moment matrix
(autocorrelation matrix)

IX(o,) 11,(0,)] 1.Image

11(0,) 1}(0) derivatives

[=]
=

M(0,,0,) = glo))*

2. Square of
derivatives

3. Gaussian
filter g(o)

4. Cornerness function - two strong eigenvalues
0=det{M(0,,0 )]-oftrace(M (0,0 )]’
=UNg) gL} ~elg(}) +gI)F

5. Perform non-maximum suppression

AES 4 SPHEYTAREZRSHET— 6. NRA
numpy LI, Ix ly BiERIEMRT. HAMKREAXNNRZE

1x1, BBA Ixly BHEL IxZly, B£ 1/n #%&FE0].

Harris Corner HYMRR: XYFEHHEER (Gauss or 1x1 74T
18...) BEEAEY, BXNERFEEREME!

Line Fitting: LSE (££75%2 or SVD 15 (B v)), RANSAC
(Random Sample Consensus(#iR)), RANSAC # k k2 fail
IR (1-wn)k 3EBX k EWSAEIAE. Hough Tt JFEAN
BH% y=mx+n B9—3# (xi,yi), RTRE mFn, YL m M n
RS —HEL y=mxitn.

LO3 Deep Learning |

of _ofoq

Ox  0q0x Local eradi
(-)q ocal gra ient

of

y dy oq

Upstream gradient

of _ofog
dy gy The backpropagation can be efficiently

Downstream gradient implemented with simple matrix operations

Convolution layer: summary  Common settings

Let's assume inputis W, x H, x C Kr_ (Eiwfrssff 22 132 64,128,512
Conv layer needs 4 hyperparameters: . r-5s=1p=2
- Number of filters K F=5,8 =2, P =7 (whatever fits)
- The filter size F - F=1,8=1P=0

- The stride S

- The zero padding P
This will produce an output of W, x H, x K
where:

- W,=(W,-F+2P)S +1

- Hy=(H,-F+2P)S+1
Number of parameters F2CK and K biases

L04 Deep Learning Il

General definition of equivariance:

Salp()] = H(Ty(X))

Here A is an operation, T, and S, are their transformation
function in the space of X and ¢(X).

CNN: Parameter sharing => Equivariance to Translation
Data Preprocessing

BNIABRFAE data MRIER, WHEEFFSHER, & 2 1
2, NREEEE KR, MREXRAEETRR, W
= zig-zag!

Weight Initialization

- Xavier Initialization: w :ﬁN(O,l). [#S: /L y=Wx
R Var(x)==Var(y), fRi& iid, M Var(y)=DinVar(x)Var(wi),
BIEl wi AEMSARZ 1/Din. ]

- He Initialization: W = EN(O,I). X2% RelU B,

(%} ReLU f#F Xavier 2F1THI!)

JHFEREMS, Din = filter_size? - n_input_channels.
SGD: H#HHIEMEE. FERE. mini-batch Y noise.
i@ & Momentum (—BfY), =& Adam (—BAFIZF).

SGD SGD+Momentum
et — oy V(2
R i_'*‘ 7/:“ er‘j(")
Tegr = — avg
vx = 0

while True:
dx = compute_gradient(x)
x = learning_rate * dx

while True:
dx = compute_gradient(x)
vx = rho * vx + dx
x -= learning_rate * vx

- Build up “velocity” as a running mean of gradients
- Rho gives “friction”; typically rho=0.9 or 0.99

Adam:
first_moment = ©
second_moment = o
for t in range(1, nun_iterations)
dx = compute gradient(x Momentum
first moment = betal * first moment + (1 _betal) * dx
Second_moment = betaz *_second_moment + (1 beta2) * dx * dx
First unblas = first_moment / (1 - betal = ©) . .
second_unbias = second_moment / (1 - beta2 ** t Bias correction
[_x_=_Tearning_rate - first_unbias / (np.sart(second_unbias) + ie-7)) |

AdaGrad / RMSProp
Bias correction for the fact that

first and second moment
estimates start at zero

LR Schedule:

Adam with beta1 = 0.9,
beta2 = 0.999, and learning_rate = 1e-3 or 5e-4
is a great starting point for many models!

Learning rate Step: Reduce learning rate at a few fixed

¢ points. E.g. for ResNets, multiply LR by 0.1
08 after epochs 30, 60, and 90.
o Cosine: a; = %(.“(1 + cos(tm/T))
" Linear: o, = ag(1 —t/T)
o
] » %

Inverse sqrt: (v; = n“/\ﬂ

Fnnch

B4 Ir KSFIEES loss 1B, ATLUA Linear Warmup.
IR CNN BB AMERR (train BY underfit / test BY overfit).
R underfit: BN (Batch Norm) #1 Skip link;

Normalized x,

BN H9EL5IT: Hit N 2 Batch Size.
N
Input: z: N x D =1 . Per-channel mean,
H A ; Firg shape is D
Learnable scale and , 1& 5 Perchannel
shift parameters: o} = 5 2wy — ) shapa D
7.8:D o
J J

Learning y=o0, Shape is N x D
(3= 1 will recover the . 4 Output
identity functlon| Yig = 2ti +.l Shape is N x D

YHIBR

HEFATR. LM-HA

FIZAE Rel U 4032

ENIRES, o A1 p ATUARIEEE. XMEEED UL ER
B put(l-p)p RFE, AT
SFtt FC #01 Conv #9 BN:

Batch Normalization for
convolutional networks

“TSpatial Batchnorm, BatchNorm2D)

Batch Normalization for
fully-connected networks
—_—

x: N x D x: NxCxHxW
Normalize |, Normalze |
M,0: 1 xD H,0: 1xCx1xl
Y,B: 1 xD Y,p: 1xCx1lxl
= Y(x-[) /o+p = Y(x-M)/o+B

BN #yZFd:

D Bateh Norm

N C N b
xR EH 1
ﬂ%j} ﬁd stletranstert 3 PREBAAL,
1immffmmu ﬁ%&ﬁan Bas

s mtomasmor vz sl
Group Norm ¥ Batchsize 3FE/\ABY{R, &S Batch

MBXE XS (correlated) BY, & outperform Batch Norm.
Batch Norm —f&#EN7E FC/Conv /5, 1B7E nonlinear &f.
Lbg0F FC A tanh Zidl.

- BN B9 Pros: iLRBWMEIFEBRFINE, XETRER,
AWESH I, RIS, JTMIANLE robust, 1ERIIZER
ENE, MILBYZFE (ATLFD Conv RE&).

- BN # Cons: £ Train 1 Test MEREAEFRANERM,
bug BYE WRIR!
ResNet: FZ Skip Link / Residual Link BI$I5

Solution: Use network layers to fit a residual mapping instead of directly trying to fit a
desired underlying mapping . .
Identity mapping:

H(X) = F(x) + [ relu i i
0w (x) = F(x) +x m‘ﬂmx H(x) = x if F(x) = 0
i
Use layers to
X fit residual
[reta ) Jreta identity  F(x) = H(x) - x
instead of
f i H(x) directly
X X
“Plain’ layers Residual block

Skip Link @TELit Loss Landscape TEFBMMAZ M.

LO5 Deep Learning Il

Generalization gap: the difference between a model's
performance on training data and its performance on unseen

data drawnfromthew_dj&tdhuﬁm.*

&oFdH R, o1 Domain Gop. (2. %4k tuin ‘ﬁ”fr‘”m)
#&fiR Generalization Gap HIB18: ¥ data variability #0
model capacity.
- M data f3E: Data Augmentation. Batch Norm...
- M model f#/E: Regularization. Dropout... (Slides X
P —AR AT AR FC Layer, M _EEARNEATLUER.)
Softmax: sigmoid BIEAH". —AERITAE exp(x), FIT—
BAXE exp(Bx), HF B MRRE oo MBKH argmax.

D (P Q) = 3 Plo)tos (g0 )-
KL-Divergence: zeX
Heh P #4124 reference / ground truth prob., M Q NIZM
MEY prob. X EXA UL Cross-Entropy Loss (H(P, Q).
Dig(P11Q) = = ), P®log 0(x) — (— Y, P(x)log P(x))

xeX xex

%/_/
e Q-
HP,0) )



VGG-Net: Small Filter & Deeper Network

- Receptive Field BJ#E&: 3 4 3x3 conv filter B9 receptive
field 2 7x7, {BALL— 7x7 BAND TS, TEMT
non-Linear.

ResNet #J BottleNeck #%I5

28128256
output
1x1 conv, 256 filters projects
back to 256 feature maps
For deeper networks (28x28x256)

(ResNet-50+), use
layer to improve efficiency
(similar to GoogLeNet)

3x3 conv operates over
only 64 feature maps

1x1 conv, 64 filters to
project to 28x28x64

28x28x256
input

Dense-Net: Dense Block FRIEFHIE
ZiEeiEE, BRBENK, SR
iEEA.

MobileNet #9FFiE Depth-Wise
Conv: fRi&%E C 4 channel, BF4
MES filter RBER nxnxC,
Z832 nxnxl, BIES4 channel R— filter! X¥BET
CfEitHEE.

detworks (DenseNet). 1
: =

LO6 Deep Learning IV

Auto Encoder

ekl s, o2
Reconstructed Z ¢ Understanding AE
input data « [Information bott
I Decoder Zr i
than that of(x)sHxwx3 x na5s:
Features z « Getrid of/fedundant informatioyvia
dimension reduction
Encoder JC « The first step to all advanced
Input data T segmentation networks

Yo foconstruction Loss = | x-xll*
Max unpooling:

Max Pooling

Max Unpooling
Remember which element was max! pooling

Use positions from

pooling layer 0o 0 2 o
5 6 L 0/1 0 0
78| Restofthenetwork | o\ * ojojojo
| 3 0 0 4
Input: 4 x 4 Output: 2 x 2 I?put. 2x2 Output: 4 x 4
Learnable unsampling: Transposed Convolution:
Sum where

3 x 3 transpose convolution, stride 2 pad 1

/ output overlaps

4
_— Filter moves 2 pixels in

Input gives the output for every one

weight for pixel in the input

filter
Stride gives ratio between
movement in output and
input

Input: 2x 2 Output: 4 x 4

4§ Conv B9 Semantic Segmentation 1 Bottle-Neck HIE

X: RABIRTE S B+HRAR receptive field (global context).

UNet: 3Bz 2L I(X)=Y X, *Y,.

encode i# bn, f#F skip- o

link. UX) =Y (X, +Y, - X, +Y,).
vev

- P& segmentation Y

58 Lrou can be defined as follows:

metric: loU (Intersection I
Loy =1-10U =1— .
over Union). A% Soft loU: U(X)

LO7 3D Vision
OO 0

i
- V,
sinf °

f = focal length

u,, v, = offset (0r C,, Cy)
a, B — non-square pixels
6 = skew angle

=}
= N < X

K has 5 degrees of freedom!

4% Intrinsic 1 Extrinsic MR, BBAETHRA M, NE

M3y = K3x3 [Raxs Taxal:

Internal parameters ..

[Eq.9]  Extornal parameters
N T e i
¢P)=K| I 0 |P=x|1,0 [ " ”‘]'PﬁK[;R T ]‘Pw\, )
3‘% [ ] [' ] R A A i Ee (e
W (am world [Eq.11]

it M BITEERA my,my,m,, ICHRLITRTRLYER B,
MERSTEISEIRY 2 Hiy (Cpe, ),
Weak Projective Camera: 3t Projective BIfEifk. ITHRIER
BISS EL AN T BRI

Projective (perspective)

Amb,j A b
M:
v. 1 0 1

Weak perspective
M=K[R T] =[

w3
Calibration problem
—XEHMBY pi Pi WAILIAH 2 17518, B F M WEBRER
5+3+3=11, FIEE 6 7.

i
Ea1 |y, | |mP
my P g rrespondence
STT§3) 27 Mk

u =P, p)-m, B —u(m P)-m B=0
m, P, ’
m, P,
vi= ™2y (m,B)=m, P, — |v,(m, B)-m, P, =0
m, P,
known
- (m, B)+m, B =0

Sum Rm B =0 lpim o0 |(eq. 4

_—
-
-u,(m, P,)+m, P, = .
Homogenous linear system
-v,(m; P)4nr; F, =0
x4 ot
. i
[l mE
L dof [
! T
: m=|m,
T 0" —uPl m?
T T 3 A
LA P =

ZEHFETAR m=0, BETBEAHNR [m|=1 TR
1% |Pm| WAZ. XBENF SVD HREBE— vl B M=va.

EEAXFN M BB, EXHN M EREEED o &
FINBERMARBHE NS a. B. 6. ud. vO. rl. r2,
3. T. &g

£ T
ar] —acotOr] + ugr} § ot, — acot 0L, + ugl.
2 5
o T T _
=M= | 7+ vor oty vl =
M=pM= (ing"2t 1ms singly T

‘Tl\~ t
(s )

Box 1 — b
Intrinsic i = e
AT S s
a b, +1 | [y =p2(4, 4. ”
poacan _xL )y, =p@,-4))
- A=|aT| b=|b =1 P pls= Vs
"“‘“*“A”i] -5 || H)(:D o
AT 5
Estimated values from /I 8, xa,|-a, ’T;‘

Extrinsic
a,) L

o =p’|a, xa;|sin®

n=

4, x4,

B =p’|d,xa,[sin6

Lenxn  TopKb
Single View Geometry

CEEREL LI RS x=1x
- 2D MEBITHE: X [x1x20]. TEFTEL: l-=[001], B
Fi X #AIF lo L£.3D HB) TFEFHXAL: X0 = [x1 X2 X3
0]. Image plane £#J lVanishing Point) v:x- &id M #&
%% Image plane EM=. MNRARZEE Extrinsics, WHE v=
Kd,d= gty K¥v. HEf d 2FABE. XFENTFE
# Vanishing Line): E—NFE_LHY Vanishing points #f
REEX L@,
- T Vanishing Points v1v2 ItRzAYEITLRISEA:

T
WMREE 0=90°, M vlwv, = 0. MBS IXER v1v2,
FRATLAARY w, #MEER Cholesky SRR K.

Epipolar Geometry

- Epipolar Plane |+ Epipoles e, e’ i ~

+ Baseline 0,0,

« Epipolar Lines pe.p’e’
BLF: World Space #t=2 O: # Camera Space. M = K[I 0],
M M =K[RT —R'T]. HA T fl R WEXH~EENT:

Camera 2 P

N
= intersections of basolne wih image panes
Zproecions o thoover cameracomter

For a point P, its Euclidean
g coordinate in camera 1 reference
0, frame is p; € R and its
Euclidean coordinates in camera 2
reference frame is g, then

PE

Camera 1

. =Rqp+T
o, PE 9

T =E)z in the camera 1 reference systerrﬂ

Riis the rotation matrix such that a vector p’ i
camera 2 is equal to R p’ in camera 1.

Epipolar Constraints: ¥ F=EHPa= P, HEF D Image
Plane LR&E p 1 p' ZEMARXR.
FTREIR: Essential Matrix #1 Fundamental Matrix. —&%&
%%R® F=k"EK''. §EER 3D Euclidean #I5E, 4
T plEpy =0 WA, FEGER 2D Image Plane £HY
Homogeneous #ix&, AHT p'Fp' =0 BAR.

0 -a  a,l|[b

axb=| a, 0 -z;‘ b: =[a,]b
- b
RENEBRT: R
E BHES: WE, p, & 01 TH 3D &4F; p';, @ 02 W

3D 4% [l p's £ Ol THIMARN p"y = Rp +T.

o

“Pp€ R? s the Euclidean coordinate in the camera 1 reference frame
“pp € R? s the Euclidean coordinate in the camera 2 reference frame
« Then, the Euclidean coordinate of p’in the camera 1 reference frame, p; = Rpp, + T

AT XK Epipolar Plane, AILLRERNZAZ n. RFEIL 0,0,
N op,” XFENE, Bl n=T x (Rp's +T) =T X Rp';.
SRIEMNTRED n = [T Rp' ;. BAEER 0,p; BETF n,
Ftt pg - [Te]Rp's = 0, BD pL([Tu]R)p's = 0. FESERD E.

F B9¥ES: 18 p; 7F Imagel FH Homogeneous #4574 p,
p's £ Image2 TH) Homogeneous #1455 p'. WE p =
Kpg M p' = K'p'p. BEXBEMNFINAE pI([T]R)P's =0,
BEK P (LIREK ") = 0,Blp" (K ) ([TLIR) (K"~ Dp' =
0. iIEFREEB—R F, M p'Fp’ = 0.

F B1EmR:

pT.va=0

« |=F p’is the epipolar line associated with p’
« I'=FTp is the epipolar line associated with p
- Fe'=0 and FTe=0
« Fis 3x3 matrix; 7 DOF
« Fis singular (rank two)

Stereo System

wg’% u—u'=BzJ = disparity [Eq. 1]

1

Note: Disparity is inversely proportional to depth

Arranged by PkuCuipy @ Github



LO8 3D Sensors

- ToF (Time of Flight) : %35 iToF (indirect, i.e. phase) #l
dToF (direct, i.e. time). iPhone FacelD 2 Structured light,
—MEEHFE Pattern, —MR3; iPad LiDAR 2 dToF.

- 3D Representation: Regular form (ZBEEE. FEE.
&%) v.s. Irregular form (=, Mesh. F(x)=0).

- Point Cloud: EXR2 surface representation, M=
surface £ sampling (Uniform / Farthest Point).

- Point Cloud [&]#ERS: Chamfer Distance & Earth Mover
Distance. HIERZERINRIANNA R, WRERHR, EEE
R T——SE2) WEXTED, XRENREIESUR.

- SDF: Signed Distance Field. Marching Cude ®3%.

L09 3D Deep Learning

- 3D CNN: 4D kernel; itEEXAKA; AENFRED (BFX
N ER 2.41% BEERRER!)

- Sparse Conv: LR 3E 0 BYMIAS A MER.

- PointNet: Local Embeddings #1 Global Feature; Ffig
Critical Point (BIEXY Global feat B REARIS) AT F RaE
FHEA T8 BA (271, %5 KA contexty.

lp (64,128,1024) ‘max

: wip

oo gzs (51225680
;

St ';}

local glebal ocTpaFae
embeddina _--~Teature
v

input mip (64.64)

PR

shared
i

i

input points

n/x 1088

mip (512,256,128) mip (128.m)

- PointNet++: ItZNFIXIADFER PointNet, FAFSE

sampling & poininer  sampling & - pointnet
srouping srouping

points in 0. ).

N points in (Y) Eucldearispace et St L

L10 Detection & Segmentation

- Object Detection: F-M4)1k: Classification (351) +
Regression ({ii &, 4 ToF). REHREWE: TEERE, RE
nn MFE. & naive 83%: Sliding-Window (ItBERNAS).
 R-CNN: FriE Region Proposal: @it &7 AR E i —
£ Rol (Regions of Interest, ~2k 1), AEEMXI Reshape
(HffE) ) 224x224, £/ ConvNet, REMA SVM HAHHE,
FAEYAL A Rol B (dx,dy, h,w). BF2XET, EH
—KEFREHIT 2000 KitE!

+ Fast R-CNN: #c34%3KE CNN 8% Feature Map, A%t
RE#1T Rol, ZASI8 Rol XI5 E| Feature Map BIMERNXIT,
IXLEXIG#H1T Crop Al Resize.

Object u

ject inear +

Seonis B ot
Regions of CNN Per-Region Network
Interest (Rols)

[sws
Crop + Resize features .
from a proposal s | .
method I /8 |"convs” eatures vai > | R

" " Run whole image . *
Backbone’ through ConvNet L5

network: g 2 o A%

Rt M

ResNet, etc Input image

(R-CNN)

- Faster R-CNN: p&2&F RPN (Region Proposal Network)
L9MY5 FastR-CNN —3%. RPN MRIE: G MEREMELR
BY K 4 "AnchorBox", B ConvNet FllE1 AB BE =2
— object LA Bounding Box (x, Y, h, w) of iX4> object.
- MRz IR ELEY Detector: [$5—FER] : Backbone CNN
+RPN; [$ZBER] : 3¥8 Rol, #4T Feature Crop. Tl
5. 7 bounding box.

Jointly train with 4 losses:

1. RPN classify object / not object

2. RPN regress box coordinates

3. Final classification score (object
classes)

4. Final box coordinates

- ¥¢ Proposal #1T NMS. BIAHER: D B4 RE, B M1HBN
FiE Proposals. M B kit Confidence mAHIFEA prop
IONEI D, AETBRFRFE B &0 prop B loU BidHEM
proposals. ESI&{FEE B lAEE.

- Evaluation: 47 loU /GHY PR BHZRF] mAP: AP =
Average(Precision(Recall)). +—#g7: Recall B [0,0.1,
0.2,...,1.0l. mAP B9FTB "m" RI&RE, UXER [NRE
25, BIXLERXFIH AP R mean] .

- Instance Segmentation: %373 Top-down #1 Bottom-up
M %, BIEMIBULK BBox, AEBEMN Mask; 5&E2
% Gather BIMMKRE, ARAXMESTUNLRIIFE.

- Mask R-CNN: —## Top-down 73%, B4127F R-CNN &9
BEBM_E—1 Mask Prediction Network.

- Rol Align: Rol Pool B9IEIE7ETF, "Snap" BIEEHMIEHTTAH
KSBRFKIRE! B9 Rol Align: ERMLMEEE.

Project proposal No fenepping:!
onto features

3D Detection & Segmentation: BBox -> Frustum.

L11 Pose & Motion

- Euler Angle JBhE 5/ R 0 —e e
RRA Rz(a) - Ry(B) - Rx(y). K=[el,=[e. 0 —e
—e & 0

- Axis Angle R A%
(axis) e FMFAE (angle) 6.

R =1+ (sin0)K + (1 — cos)K*>

Loss EXLbik#E, 2EIEMNLE q ¥H R, RAEXNFAE
= Apply XN R, REUSRSZEINERIEN Loss. JWFE
BYE (SUEHE) MXIFRiE (0RIARHE) BBEFRRER Loss:

Pose Loss (non-symmetric)

Shape-Match Loss for symmetric objects) (symmetric)

™ 1 4 2
PLoss(q,q) = oo Z [IR(@)x — R(@)x||* || sLoss(d.q) % Y [m]ir@x - Raxal?*
xEM b7

- Quaternion: RRA q=w+xi+yj+zk, XB w FFASEEE,
BE v=(x,y,2z) MAEHL. HE i’=j>=k>=-1,

RARME =i, MR Gj=k jk=i ki=].
Ll = =1 W& q = witxi+yj+ak
Jxl = -1 : 9 = wy+ Tol + Yo + 20k
ez @ 2w o + 2
S A @Frq = (wiwy = rxy = yige — 2132)
fad=Jaf = % | X
| jek=—kej =i | + (wizg+ 21w + Y122 .2)?
D kriz—ixk = j ! + (wiys — 2120 + rws + 2120)j
I i + (wiz+a1ys = s + nwn)k

BRM: FE CAD, FIEEFERER, HLUZH—RIME.
- Category-Level: BIRILUZLEI—41K. FBEE CAD
model. NOCS: Normalized Object Coordinate Space: $£—3#%
BXWTTYEEE. EZHROER. EZSEREIBMTTRA.
- Pose FUMAYAZ: ERER Input & RGBD 89! AfE:
RGB EIZGREIUNED (i,)) B NOCS 1%, XEBIAER 1;
AIG%T Depth EfERA BackProjection BIABEISE 2. 3HX

FNEREHIT Pose Fitting.

- 4 g =w-xi-yj- zk

- #¥K: ||q|| =sqrt(q - g') =sqrt(w? +x* +y* +2?)

- Unit Quaternion: J#R&EKHA 1, MMl q¥ ==q"

- ITHERLEEE, EREERSRE!

cq=wHxit+yj+zk AIURTABEE (s,v), HF s=w,v=[x,
y, z]. GEATFEE a+bi RRA (a,b)). FRERFZZWTTLL
Bh (s1,vl) - (s2,v2)=(sls2-vl - v2,s1v2 +s2v1+v1 XVv2).

CZFURRXEE, BRATHEM Axis-Angle RiRFEIRE
Quaternion F®7R: Axis-angle RR:EH (e, 0) TR FPTTE
RTEN g=(s,v), HEAF s=cos(6/2),v=esin(6/2).

WA q BEEEE x? & x EREER 0 BT (0, ),
W gxq' WESNEFIERENRE (BXHF—ER 0).

- BREFENAS: SEE2 92(qlxql)q2' = (92q1)x(ql'q2").
Eitt q2q1 AIARAEX e Y SR TESS.

CEF— e (AR 1] BEiERnERRRAM
17 Regression. [z 2] il Camera Coordinates FHI&
A s# Model Coordinates (FFLARTHR X MKH) CAD
BIZEMM), A Fit —1 Rotation.

- Fit B9id#2%4RF Orthogonal Procrustes Problem:

The orthogonal Procrustes problem is a matrix approximation problem that can be
stated as follows: for M € R**?and N € R™*?, solve

A = argmin M —NAJ% subject to ATA=I,
AcRPXP

XA BN RATF 7L R AT A

If we have the SVD:  M”N = UDVY, then A=VUT. |
[GEBARBER] Frobenius SEEAILIZRA Frob(A) = tr(A'A), BF|
A tr(AB) =tr(BA), URIERIEMHMNAITRRAN 1.

- Instance-Level Pose Estimation: Instance-Level BIiX%E4)
REZEMM, B CAD #E Pose thE2HT CAD EXK. #
A2 RGB/RGBD, il 6D Pose. f{#&#%%!: PoseCNN. ©H)

Per-pixel NOCS to point
predict
> &G
|
ST (,) RENOCS W
[}

RGB Image NOCS map

Vocsw.«\
Pose fitting
’ w/ RANSAC

Depth Backproject Depth pts

Motion
- {%i13¢ Optical Flow 73%f&it Motion.
CENEERE: RE—H. NEE. BE—RE RERE
AR, B 1(xy,t-1) = I(x +ulx,y),y +v(xy)t). FE
FERXGAATLURIE Taylor RXBRERAAHE M E—LED,
FRIEM LML ZS 0. B [Ix,Iy,It] o [w,v,1] =
0, HFFE=ITERE | WBEIIE x,v,t FANSE.
ATEMBNRE, /A 5X5 WENME 25 75X, AER
&N_FERME. X2 Lucas-Kanade EiZE.
L(p1) Iy(p1) Ii(p1)
w|_ _ [ II(PZ)

Ad=b

L(p2)  Iy(p2)
¥ & v 25x2 2x1 25x1

1.:-(1;25) 1;/(1.325) 11(1;25)

Least squares solution for d given by (ATA) d = ATb

Slale Y Izly wl _ | Xlady
Y laly Y Iyly v | > Iyl

When is This Solvable?
¢ ATA should be invertible
¢ ATA should not be too small due to noise
— eigenvalues A, and 1, of ATA should not be too small
¢ ATA should be well-conditioned
— A4/, should not be too large (x, = larger eigenvalue)




L12: Temporal Data Analysis
- #EHTAY RNN Backpropagation.

[ toss |
. // lf YT ‘\ \:\ Carry hidden states

‘ ‘ [ ‘ ‘ ‘ [ ‘ ‘ ‘ ‘ forward in time forever,

! { but only backpropagate
4 ¥ & § ¥ & $|F & F 3 5 & for some smaller
L }_» }__ | (.| H ||| number of steps
0t f b f|E f f f b %] pytoroh: stop-gmd()

| HONRNENNE

—

LSTM:

vector from
below (x)

[x] siomoia | - [1]

w ==]—0 [
vector from sigmoid -[e] &= L ( . )
before (h) 7 tanh

tanhy ’ c=f@c1+i®g

4h x 2h 4h 4*h he =[0]® tanh(er)
. oz — SRS § VY

! ‘

T 4 -

r| o s ((he—1
(‘Eg; ,E (“) . (f”‘) ! ( " )

h el . g
= o= h#BEY foc+iog

hy = 0@ tanh(e)

i A sigmoid #GE, BUE (0, 1), 3 "how much" MER; g
F tanh B0E, BUE (-1, +1), &% "what (to write)" 1.

Gradients over multiple time steps:

|
i

= tank! (Winhi 1 + Wano) Win| < |

oL __ U of 9L, Oh,
=Tl B
) Oh o Vanigs bod

T r O hy T e
et S Bt g [
RNNs allow a lot of flexibility in architecture design
Vanilla RNNs are simple but don’t work very well
Common to use LSTM or GRU: their additive interactions
improve gradient flow
Backward flow of gradients in RNN can explode or vanish.
Exploding is controlled with gradient clipping. Vanishing is
controlled with additive interactions (LSTM)

L13 Video Analysis

- Late Fusion: EiE&—MXMA 2D EF4ZE CNN BRSTA
— &4 Feature, ABIEFTEMA HighDimFeat H&EI—
2, IR%A MLP SHREMNTN. X2 A& AJU=Z Concat,
HATUZ AvgPool. [Late Fusion MYIRIEATETF: RHUELLIR
low level EIFAH motion TEMISMIZ EHZF]

- Early Fusion: #8 TX3XHXW BI¥$A, BR—
HXWX(TX3) WEE 3T MEEm rak), ARXMEER
2D CNN. SEWALUBISAERM (HXWXT)X3 # (3 @&
#), A/5fEF 3D CNN. 2D CNN AIRIEETR
SRAMEFIE R TIAERAAT. E A 3D CNN 7ERSalEE M@
18ith) FRERAS B RIS M2 BHE 8.

- =ZEMRBL. JEE build 218 Receptive Field # build.

—4 Layer

size Receptive Fiold
Layer (CxTxHxW) (TxHxW)
Input 64
Late \conv2D(3x3,3->12)  12x20x64x64 1x3x3 Buld slowty inspace.
Fusion )Pool2D(4x4) 12x20x16x16 1x6 %6
Conv2D(3x3, 12->24) 24 x20x 16x 16 1x 14 x 14
25

GlobalAvgPool 1x1  20x64x64
= Input 3 x(20x 64 x 64
Early “\Conv2D(3x3, 3*20->12) 12 x'64 x 64 20x3x3 Build siowty in space.
Fusion Pool2D(4x4) 12x16 x 16 20x6x6 Absatch o tone = it
ConvaD(3x3, 12->24) 24 x16 x 16 20x 14 x 14
GlobalAvgPool 24x1x1 20 x 64 x 64
Input 3x20x64x64

ConvaD(3x3x3, 3->12) 12x20x 64 x64 3x3x3

3D Pool3D(axdxd)
ONN  ConvaD@x3x3, 12:-24) 24 x5 x 1616 14 x 14 x 14
GlobalAvgPool 20 x 64 x 64

- Early Fusion 189 2D CNN (&) 5 3D CNN (f) BI%$tt:

[ 2D Conv (Early Fusion) \(s 3D Conv (3D CNN)

Input: Cx T x Hx W Weight: output
m CouxX(Cox TXBX3 XHxwW
25 grid with Co—dim

foat at each point

feat at each point)

H=224
W=224 - T
2D Conv (Early Fusion) vs [3D Conv (3D CNN)
Input: G x T x e Quiput
(3D grid with C.dim CoaCyx(3x3x3)  Cow AT H X W
foat at ach $Bgrd with Goe-clim
foat at each point

H=224

- Two-Stream Fusion: Bl Spatial #1 Temporal KIBt&Z!
—EATIE, fEmSNES, FELLIN optical flow. (B

It E A Appearance + Motion).

Input: Single Image
3xHxW

Spatial stream Gonvhlot

ConvNet

e

Early fusion: First 2D conv
processes all flow images.

Input: Stack of optical flow:
[2°(T-1)] x H x W

- Recurrent CNN: 38 CNN #1 RNN £&H naive #AR¥T
%A CNN FHRE—HEE, ABMEHR x MBS RNN. X
BE% NN REESEHERAMEGE? NRE, BAFHRFE
BR, AEHHEAT. IRFE5, B pretrain 3 freeze 9
BWERR—ESH. F—MEEMZ Recurrent CNN, i 28
RNN #9 MEREFRL—4mE) MIRIERA M9S&EE 2D
Fr#9 2D-CNN #7103 124F.

> I LB A- KRR "z 3D tensor ¢ 20 -CVNFAN
Muski-Cager VY FERWN YraA b KB R FRIX “ag D tensr ¢y 20-CVERL
uses 20

e D —EP— I —F
—J—cI—c1 E=

feature maps:
XHxW

RNV Layer 2

! = ! Toeme
5 B E Use diferent weight
“ n n ity
e Xe K -

Recall: Vanilla RNN
heys = tanh(Wyhe + Wex)

Replace all matrix multiply
with 2D convolution!
nh
Features for layer
L, timestep t

20 con
| W “w |

Features from layer
L. timestep t-1

=

Features from layer
-1, timestep t

L14 Generative Model

- Explicit density vs Implicit density. KBIETFEES@H—1

probability, IF2R4E sample {BL4AFH prob. BIERIET
¥EHiTEAY (tractable) B9 PixelRNN / PixelCNN F1RgEiR
BT ERBEN VAE. FE 8 GAN.

- PixelRNN/CNN BYFRMEFRIMNERLHERE, BS TR,
HEMREGFH (M VAE 18LL). RRBZEEHRIB! (Pixel
RNN 7EIISRAIEETERIRIZ, Pixel CNN TEIISRASRIA—EF2E
FATINE, B BRRTRELIMARE!)

 VAE SSE R x BUSERBER R T:

BENG FeCoNSucted

WWM ﬂ«"‘efumm shic HL/)

M|z |

Decoder network
po(z|2)
4
sample z from 2[z ~ N (f2(0, £212)

r /
Hz|z S
Encoder network
a¢(2|z)

Input Data x

- Generation Time B VAE:

10gpo(2?) = E.ryy (21atr) @u@ (po(2V) Does not depend on z)

()
—E. |lo o | 2po(z) (Bayes’ Rule;
po(z | 2@ s

2o (@@ | 2)po(2)|as(z | 2?) :
—E. |Io ﬁ{ Multiply by constant
[ 5 0 [29) [go(z 2@ ¢ Py )

(@) (i)
—E{gy[log?¢(z|(; )]+E |:log Helles) (-r ithms)

po(z | 2®)
43 A ractoble ).
=E. [logpo(e® | 2)] - Dicc(as(z ] 29)[1p0(2)) + Drce (as(z | 29) |Gz | )
" Detoder” )= Bt — >
Thé expactation wrt. z (using 2 2o
encoder network) let us write
nice KL terms

= E. [logm(a? | 2)]

Now given a trained VAE:
use decoder network & sample z from prior!

E— T—

xT
sSample x|z from |z ~ N (fz)z; Xz)2)

[ Hox|z ] [ zlz
Decoder network
po(z|2)
Sample z from z ~ N (0, 1)
- GAN

- 5—INEH Decoder nn BYRFELAHEIT, #ART decoder
BEEHN; BEZRERTBHOMZEIN KL 8E, BEM%IT
iR, BHURT z B9 latent distribution ##EE N(0, 1); &

JE—IE intractable B9, {B5XZ > 0.

- BIRIURTE—#EFFA Evidence Lower Bound (ELBO). X
ELBO H3E{32 intractable Y, BXBHITEZEINE—WE

A Monte Carlo #T{&iHE2 tractable. (AIEMEMN MC 89
BHERNEES, M—FBE MC BiE Var RX, Ralf)

—
~[e- s e 12)] - Dt e T Distate | 20) otz | 27)

L9.6.6) | |

Tractable lower bound which T can take

LY

g %me (B ThS), ;2;’;)‘“14
- 1EIIZRRY, MINBUE x B Encoder WIS qo(z|x) 4

HE p M I RIENESHHE, XHEMATLIHEE _EE

(XAERE B NBIT);, RAREXNIHHITZR 2z HRE, Rl

HERME—TERNMAEMEE (X—TEABT).

-3z B TREE) RERTUE S HE SR

Sample € ~ N(O, I
2=

gradient of and optimize! (py(x|z) differentiable,
KL term differentiable)

Input to
the graph

Part of computation graph
- VAE ffs: TIREREMY Latent Space; KA q(z|x) ATIL
SBHFERT, WTHMESATEERER. BRe: Reefe—1
LowerBound, %£mRELLIR blurry.

- JISRETEY VAE:

Putting it together: GAN training algorithm
for number of training iterations do

2(™)} from noise prior p, ().

‘» Sample minibatch of m noise samples {=(1)
™)} from data generating distribution

« Sample minibatch of m examples {z(%),

Some find k=1
P
more stable, . by ascending its stochastic gradient:
othersuse k> 1, T
no best rule. Voir [l"g Da,(@?) + log(1 D""(G”'(zm)))]
me

Followup work

 endfor
(e.g. Wasserstein ¢ o sample minibatch of 71 noise samples {=(1),....., (™} from noise prior p, (z).
GAN, BEGAN) y ascanding its stochastic gradient (Improved objective):
alleviates this

ZIOE(Dm(Fe (=9))

end for

problem, better

stability!

- XE Generator HIBREREZ 48 Gentrstor B’ 9K
Do.,(Gi,(2)))

FRAARZE -log(1-D(G(z)) A e )/

FXHEMIE 0 HHEMEE AN )

7, IEBFFIAE Generator High gradignt signal <

P& T ST

Low gradient signal

- Mode drop (R&EM—3A)/collapse(RER—IKE])...
- FID: FEEF 4B MERIREE (CNN / InceptionNet &)
NAERTFERBRESNASERES, ARERANEH
2, REERINTARIE FID: (F—H%XE TEFHE, $
ZIWxE M52, BIERT AL Modedrop HIERZ)
FID(r,g) = lltr = gl3 + T (2, + T4 — 22 5,)})

Pros:
- Beautiful, state-of-the-art samples!

Cons:
- Trickier / more unstable to train
- Can't solve inference queries such as p(x), p(z|x)

* VAE * GAN
* Blurry * More realistic
« Full coverage of the data « Only penalize fake and

.5 t imat¢ therefore can suffer
iﬁfi‘?g,r,cﬁppmx'ma € from mode collapse

« Can’t infer probability

Arranged by PkuCuipy @ Github



