
CNN Original Space X &g > Latent Space Z

LinearT(BE)=T(G) +T() Semantiseggemanticlaslabepixes = [gof] Approximates [/( · ) on the data

Invariant to f T(f(U)= T(u) Nearest Neighbor,
Bed of Nails, Max-unpoot Otizk + ... immt LinearAE finds Linear embedding/codel

Equivariant to fT(f(u))= f(T(u)) * Transposed Convolutions 1=5-7:-p-1 => 80t/L= = 3 = M NonLinearAE Of, Eg = Armin2 whereo

I'(2,j)= (mn) l(itm , j+n) 2.Insert rows between rows & columns XM zero except Mi: 50 = h 22/20t 2= 11- n= nillXn- 9(f((n))ll2
*I=M

duberofen h
Undercomplete dimz)dimix) to ext eine

* Commutative (I)(,j) = (* I)( , j) 4. Perform convolution , Remember Flipk ! features to train, oOut of distribution Samples
=A iff K(m , n)= k(-m ,

-n) U-Net FCNN , combine global and local OverCompletedim(dim(x) Perf Reconstr.

DiscreteConvolution DenoisingAE Levaluated based onComp.

from earlier stages in each upsampling Vanishing/Exploding Gradient W= QXQT w/ Cleanimg .
Learns transform . to . rm

.noise

Fwd = = WEEsentb Stage.-> Captures global, local (ext
.
+act (WT)EK1= (QMQ)

+** EQ* * *
Q AE Lack ofContinuity in Z

, Strugglesto

BwdS =22/EOupdatewortWn Res
.
Conn . Help maintain local features as Ildiag(f(hi-I/2 f= Gor tanh generate high quality samples.Good

[[j(82/8z)(IZ/8zz? imgs not completly downsampled every Stage & vanish
,7explodes as E+0 for reconstructions.

= [[jG (min Parameters Let I : Length of input Volsize
,
S: IIIWTIdig((hIKE VARIATIONAL AUTOENCODERS

= g[1] * RO80(W) F: Length of filter size
,

P : amout of ZeroPAD
, Let HER St.Ko as tovon

Objective Po(x)=Sp(x/z)p(z)dz
.

Intra.

CNN Backprop Example Remember flip K for* S: Stride
,

then 0 : Output size by induction Approx. posterior Po(c) with90()
L

0 =
I-F + Pstart + Pend

+ 1 LSTM ht Er e *8 log Po()= (Ezqp(z[Logp(x)]00o L ↓11 10 1 333

9= ( 1 ,1) vi= (0,1 0t c (0,
1) Pp()q()

1 O 10 > 42374 often start
= Pend EP h
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I =E(Log Plzql&23 3 X
it09+
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1......
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K Y=ReLU(X * K)

POOLLY) CompLexitye In Out Params
X

Ct-1 OOtanhCt

/ CONV : F XK IXIXC OXOX (EXFXCH CE=FOC+ 2Og
n f+Oct-1

=/[Lo]Ez(Log
1 0 1 000 oo

C
F

↳

ht= 0 tanhCt -(0, IEz[log()/P(T E
1000 O

10 0 O POOL : FMAX IXIXC OXOXC ZERO 7 helps with VanishingX:

1 -> 1 O O > 11

·

O

⑳ Nin Nort (NinXNort ( )Wa( not multiply with itself (Ez[Log(((z)]- KL((((Ip(z))#
& E O O 1 8 1 01 O

* but elementwise and and.

I E · 0 0 0 =CNN : &E
2K 2E/X K: how many fillers Gradients can still explode in LSTM

↑
->

Use -Update and Backward Rule RNN Ot At Gradient Clipping 5= 22/80 When
- -

=where/= /* ROT,so(k) = Softmax(c)
,

== tanh(When + Ux +b) -/II if liglT explodes
=8E/ K

.

Slide k over / (+= - y+,klogn C= EC+ GENERATIVE MODELS

For /K=2 X= ROT180(X OF/ex) Compute element-wise Implicit Explicit
-

ROT
100 (Slide /y Over=- dropt for brevityoMC(GSN) -Tractable [Autoregressive, NF]

-

20+

Max-Pooling Fwd : Z=Max po [EK] = Len · Direct i · Approximate
Bwd: &[1] = Eg[L]]*,* Since [i+1) = - 125k -GAN-MCMC (Boltzmann Machine)

82] =I=* No learnable Param= (l-i) gi=y- y2
- Variational (VAE

, Diffusion), Y:

1124
22 -t AUTOENCODERS
- =

5678 6 8 Max Pool ,
2x2 filter

oht
3 21 O

> 34 Stride 2 Esantian
Z Efficient Data Representation,

1234
Desirable : Continuity & Interpolation

#So runtime , only use decoder network.

zep(z) .

HOMESPLogeE
ReparamTrick (TO allow VAE backprop)

Instead of ~N(M.) : = M+E EIN(0,1)
VAE-BackproplEz(Log()] -

KL(q(z(x)(1p(z)=

/Ez[Lo11]+ IEz(Logi]
= IEz LogPoE] takinggraenes

=I (lof,, I↑(f(x,E0)()

= IEE [80
.0 LogPOLFEE
* oplog (Pfl/Ep(f)
* Monte-Carlo Gradient Estimator

PlEppizi[f(z)]= Sp()f(z)dz
f differentiable. Given == g(E,P)
Via ReparamTrick and change of

~> LOVE Variables p(z)(dz) = P(E)(del so

&

① ② SPy(z)f(z(dz= Sp(2)f(z)dE =

Generate new samples by Max data Likelihood p(E) f(g(E ,P)ldE Hence

109Pf(x)=2(x ,
0

,0) (Ep()[pf(g(E,(1) =

0*,*= argma ,2,
0

,( SP()f(g(E,(dE= 0pEplesE(9)

FWD ④ Maximize Reconstr = 525= [0pf(g(E(s),4(1]sp(3)
Sample x/zN(M,) Likelihood

, encourages Analytical KLp(z)=N(Mp , Epl) and

M(x(z) [buz) samples of same q(z)=N(Mq ,
&1)

. Sp(z)log((z)dz
↑

z

T Category to be close = -Elog(2)- Log5q-
in E . OVar = AE 5

=
1 (Ep+ (MPiJ

- Ma,2)/5q
SamplerN( IMa0Make approx: - #

2 Hierachical Latent Variable Models

M(z) (2)
Similar to prior (C <htt L

-...
↑
x

+ encourages encoder Stock ZL
VAE = L= 1

to project latent Space repr. evenly qd(z...,Zi(x)= E(z1(x) ...Ep(zkc)
around Center of latentSpace. At Po(z1...,2)= Po(z))Po(zz 1(zz)... P(z, (zz)



2(0 ,0x)= /Eq()[LOPCI)] - - positioni ; Learnfi: 20,13 * [0,1] Self-Attention =f ze; n PlanarNF= f(E) =E + ÜHLET+5

KL(Ep(z(x)()Po(z)) Params: /fil , if we carefully WK
,
Wa

,
W

,
EIRX EIRP (learnable Pz(f+ ((()) = Pz(E)x exp(-=2/2)

= /Eqp(z
, ..., ) [Log(x( , ...,)] Set dimensions E :3: ncontrollable params. = XW, V=XWrQ=XWQ det (8f(z)/fE)= det(I+NT)

- KL(90(z ..., z(x)Il Po(z1, ..,
ZL) Fully Visible Sigmoid Belief Network = Softmax(Q/ND)EIR1XT = (1 + h[T()=Logpl)=- - Log (1+h'T)

=IEq([LogPI)] fill, ... (in) = (+ ... +XLR = Softmax(Q/ +M) V ConditionalCouplingNF=

- KL(qp(z1 , ...,z()11Pf(z1 , ..,2) # Params=()/2, Sta Transformer MSA Split attention into p((c)= p(()/det(2f(E)/2)
=(Onl Looking at 2nd Term) + Sqp/,..., c) Neural Autoregressive Density Estimator multiple heads s .t . each head calcul. FIEEE0)+ G(Ä+)log Polz, ..,/Ep(z , ..., Zckc))dz, .....Z AE-Like NN to Learn p(==1< 2)

a chunk of the representation.
=S& (2) Log(Po(Zi)/ columns P. E Inject Sinusoidal encodings E= (Eo ,z] ,

(= [30]

[0(zikc)dz1 ...dz ↳first sow
=S() (2) Login

i unique to indices to preserve input 2-(E) =CLES/1zOfLEYdziit Each Conditional Modeled by same NN ordering. = Sin(Writ) if i = 2k

= KL(qp(Z11P(z)) -ZEI Train maximizing E ,Log(p() Cos(WK.) olw , WK= 10000-2/d

/E~([KL ((IPf()) =E Log KE Encoder is Autoregressive
B-VAE Learn disentangled repr. Unsup. Ground Truth are used for conditioning Complexity Per Layer Seq ops Maflen

(distinct factors of Variation) ComputeEO(TD), could make use of 2nd Self-Attention (d) o(i) OC)
+ -

P(1) (Iv , w)
,

Lond InV EIR order optimizers ,
extendable to other observ .

Recurrent O(nd2) O(n) O(n)

Cond. de, we IR Logp()= logp(n) MaskedAEDistributionEstimator Convolutional 0(knd2) O(1) ollogan

ZEIR MIK. Objective Constrain AE S .t. Outputs can be used SA Restructed o(rnd) O(1) oCN/r

M (Ex CIEA((LogPcIl]] as conditionals pl/) Training URNNPO()=E POLZ/Ec<+)

Subject to KL((IIIPo()) S has same complexity as E
, Criteria (K)=E 40(ZCE , Et

,
Ec)

VIKT : F(0
,0, B)= (E-90(2x)[LOP) is NAK for Din , PKE) is just fod, ht= fo(t,t ,

h) ,
Po,)=Po(POKE)

- B(KL(((1)-8]B,
820 (but Sampling D fwd, very largeht needed. =TEPE<) PC (Z

,Es
/EZ [LOP(IE)]-BKL((E)IIPE)) Complexity at inference larger than AE) 210 ,0<)=(E(

,
<CH[LOP(XIZ,

Ect(t)

&Beta(0, B)=-Ez[LogPl)] B= 1 : VAE PixeLCNNMasked Convolutios for Conditionals -KL((Ze!t:( ,All Po(zz(z,
X<=))

+BL((IPOCE)) >1 Strong constr· Train Maximizes Likelihood of trainings NORMALIZING FLOWS
Z

AUTOREGRESSIVE MODELS p()= π:, p(xk(1 .. p(-)

Autoregression for timeseries XEbot Predicts Epixels,
a distribution 07255 Ein = e

bz-1 + bt2 uses same input Masking P ) =PRE) f : Invertible
, differentiable, dim preserving

variable at previous timesteps. ↑(,GER) PERP) fo : IR-IR
,
X= fo(z) ,

=FIX
Tabular p(E)=I= p(xikE() Stacking Layers of masked convolutions Model Px( , 0) = Pz(f())det)
⑦ Represents any possible distribution creates a blindspot -> use 2 stacks of Training Maximize exact Log-LikeLihood
of n RV =(2 (=0(2)param convolution [Vertical , horizontal Stack) logPx(D)=

E (LogP (f(x)+ /Log det

Independence Assump. p()=p(x) ... p(n) WaveNet Use dialated convolution 2f(z)/2)1-

① n params O "Random Samply unrelated" to increase receptive field without Inference to generates :Emp *=f(E)
->Conditionals w/ fixed number of params increasing num parameters for Audio. Probability of(: = FY (x) => PZLE)

StyleFlow NF for Disentanglement
C-Flow Two flows

,
one conditioned onother

-> Multimodal img-img mapping , style
transfer

, img manip,
3D point cloud recon.

Flow B: Compute transform. params. / FlowA

GENERATIVE ADVERSERIAL NETWORKS

((D)= (Z, YLogD+E(1-y())
log(1-D(x)) Via BCE LOSS

= [1,fz] = argmin-*(Epd[logD()
-

+Ez-pz[log(1-D(G(z1)]) for a fixed G
- /20 El/ Objective Minmax V(D , b) whighlighted

det(8f(E)/2)=T=40 G (Ä+5) D*()= argmax/Ed[logD(c)] +

Squeeze Reduce Spatial Dim
, preserves (Ezp()[Log(1-D(())]=

dimensionality. One perLevel. XX17224 (Pac)Log(D(c)dx+ SzPz(z)Log-DLG(zdz
StepOfflow 1

. ActNorm 2..
Invertible =(Pd()log(D() + Pg(x) Log-Dxcld

1X1 Convolution 3. C.Coupling Layer = Pa(x)/(Pac+Pg() [optimal D = 0 .5]
1.Data-dependent Initialization V(G ,D

*) 2 Pac)
↳ Run one iter, init layer~ N(0,1)

Fwd : isj , i = 50,j
+5 ge

Rev : Kij, = (Ejj-5)/5 -log4 = 2JS(Pd()11Pm2))- Log4

log-det: H . = Sum (log() G*= argminv ( ,D
* ) 1 x-JS(0= Log (4)

2.Permutation in the Channel dimension Convergence G ,
D enough Capacity 1 at each

EIRXOrthogonaldet()= IEIR step Dallowed to reach D*, and Pg is

Compute in O(C3) (og/det(Corthin)) updated to improveUPPg)Log(-DD)da

= H. W.LogIdet(w)/Parameterize W = = Pg Converges to Pa (directly opt PgnotE)
PL(U+diag() Lidiag= 1 U : diag=0 Training Alternate between Gradient-

in OCC) logIdet(w)) =Sum(log()) Ascent on D Max /Ex-pa[LogDod)
S Rflow Conditioning on low-res image + /Ezz)) [log(1-Doa(Gog(II)]
1

,
2 , Affine Injector A pre-trained CNN and Gradient Ascent on G MAX /EZ

encodes a low-resing =90) [Log (Doa(Pog(II)] * Log(1-D(G(EI)
Activation map Enmodulated with Saturates in early stages.

spatial feature maps X channels
,
Locations ModeCollapse+HighQuality,Low Variabily

Find:1=expl
,
S()). (U) Sol: Unrolled GANs: After updates,

Inv :4= expl-B
,
s() .) - Bul) is optimized w . r.t. Dafter next k steps .Ih

Log-Det:Z j.B,jk ↳ Discourages G to exploit local min
.



JS-Issues Correlates badly with sample Objective Logp(x) = log(p( >co: ) dx 1:T hard to obtain high frequency details Neural Radiencefield

quality (don't know whento stop train) = log<pot) de:T Log[ ] Level Set of a continuous function can model transparency-> worse geometry

Dtends to be optimal,
IS saturates 2)Eq[Logos]= ELB

.

0 = Eq[LOPP(o:T) to repr. Surfaces f(x)=(,
2+ 2+3

-R Input , , 7
, 0, 0 Camera parameters

VAES Reconstruct
(when no overlap Supports)- Bad Gradients KL(((((((()-

Prior <T 20 S = &x/f(c)= 03 (prob inside S ↓ ) Output ,
C (density ,

RGB value of point)

Sol: Wasserstein Distance [L(q-P)IPP(-))]= Denoising Occupancy Networks fo : IR3x #[0,1) <Y,z->
->

p
- -

Gradient Penalty Wirt gradients ofD argmin =am POPEPA DESDFFOR3XXIR [-in , +out] (preventwashout)y,z

I D(IR Stabilizes GAN training ariKLIN(q
, qIN(Mo,

q(t) NIR Implicit=>Arbitary topology,
resolu.

DCGAN Replace pooling layers w/strided = armin [Log-d + tr(qIg) Low memory footprint. Leaning from :

Conv[D] ,
fractional-strided Conv[] + (Mo-Mq)

+

[q(t) (Mo- Mq) =am -MWateright Meshes 1
. Randomly sample

1 -xt
-batch Norm (D,) ,

Remove fully connectedLe Mqp()= -
1 - 5+ + E 3D points in Space 2 . Query GT occupancy

1 - 4+
(1)

for deeper architectures, ReLU expect Tanhon Mo(p(0)= * * NN Or SDF from GT meshes
.3. Train with CE

.

Last Layer [G] , LeakyReLU AL [D] (1) Learns to predict total added noise EoN(0,1) Point Clouds (Given) X=EEICIR
MenHat - Men Notat Women No Hat= WomenWat that was used from t.Predo etter coor Compute , fo(x) SDFofM defined byX

StyleGAN passE through a Series ofFCNN. 1/E-EPC, -1/E-E(OE,All wo any additional Supervised data.

mapping, insert 5 Multiple times wh Train While iConv. [X02qp(0) ; ~U(51. .
..,T]) Weak SupervisionWant &vanish train pts

(actnorm) . Learn params in first layer) t-N(0,1) ; GD StepDo-(NECONEXO <(0)=ZEIEPCS+XE[IIfcl-132
Layerwise style and noise injection SamplingE~N(0,1);for (E=T. . .)(ZN(0,7) want Spatial gradient = 1 > interpret as

predicted
Pix2Pix((G,D)= LGAn(G, D) + &(6)where if 1 elseO : Given GE= BE : Noise geometric surface , encourages smoothness

An(G)Ex
,y[Log (Ex[-Log X+= -( + 6

Ray Marching FIRST Zero-crossing ofSDF

2 (6)= /Ex
, y ,z [lly-6(,z)ll1] Img Translation Reverse Distribution&-,) & Bayes Secant Method xn- 1 - Xn-2

CycleGAN Unpaired Image Translation q(x+(-1 ,30)q(x-1(x)x (n= xn- 1 + f(xn-+(f(xn- ) - f(x(n-2)
DVR fud

[,F,,PanL, anDi) exple2n+(1-Be tolp fo=↑ pixels n , find along-
M+ [cyc(G , F) where[E~[I( (KE-20-1++G)(211- 2= B] I Via ray Marching & Rootfinding

+ 1Ey-pa[11G(f(y))-y((1] 62q = (1- Bt)/B+
+ 1/(1-E+ -Wimge

Evaluate texture field to(P)
DIFFUSION MODELS XTN(0,

1) Ma= C(1592/B+ 52/1-t) ·

Insert Colourtol)at pixel U

realing Xorq/Xo) ; ↑Coloriginal data distr
. Since q -1 (0)~N(iM,& Bwd

~
: pred. =ZullEu-FullI

Diffusion Step -=Ni+1) EXPE(-1-Mq/2592] lfoa - 2ab + b 2In0 ... =A+-1
+ E Iterative = exp2(xt-1- 2x+-Mq+ Mqz)/2592] I den

80

(P)
⑧ 1

Direct Let =
= 1- B

+ i==
=&2 NEURALIMPLICIT REPRESENTAIONS = = -Pt

·
o

x==x+ +-1
+~x= E =*X + 2+ 3 Voxels O(n3) Memory ,

Resolution Limited fo(p)=↑ With p= ro+W
-

. 5,)=N(,-(1) Points discretize surface-3Dpts . No connectivity2) Pr wao
Linear schedular img noise too quick -> use cosine Meshes discretize - Vertices ,faces , approxerror

1 =

Denoising Step P)= (c) (0)d Intract! Implicit functions Learns analytic f which solve for 200 ,
then multiply w back.

Po(x+-1(xt) =N(x+ -1iMf((,
H)

,G+l)= qp(z-/xx,po) P
-> Jfo(p) Analyticrepresents the 3D-Surface. No approx error

- = -w(8fP) . W) a No storingo
=> Smooth continuous. No graphical visual

.

20

Parameterized via Spherical harmonics

8 (0,0) =E, Y,(0,0)=Sind Sin ...

Y9(0,0) =1COS Y (6
,0)=COSSINE

=rsinsin =COSSINE =COSE

256 2565128- RGB When O=Y2 , E=0 [3D-2D] denote

o don't want Y8 Constant -Circlew/oCenter as

⑦ to depend on 0 ,0 Siz %= Y
Alpha Compositing Stit-t using absolute val of Ym as new radius

2= 1 -expE-528i3
~

Weight x2+y2+zz= a33/02 x 7y
+
+z=a y2/p

Transmitten = (1-6j) C=Titi == (ax) and +ylay)

Treat w as probability for new samples Circle Center at10 -120
All points used for Volumetric rendering TheY define Spheres in 3D, where 9

Train in Il render(Fo)-Ill aligned with the z-axis.

Use PE to map Continuous input coordinates PARAMETRIC BODY MODELS
into higher-dim space=>MLP easily approx Pictorial Structure Model ②⑦

higher frequency function. S(I,L)=E (I, (2) E (lilj)
&50+ Callibrated views needed

,
Slow &Unary term: how Likely on image I

rendering speed forhigh-resimgs, will body joint i be located at 12

only models static scenes. ②Pairwiseterm: likelihood body joint i

Sparse Views-> Regularize depth by is linked with joint 5

Smoothness, image by likelihood. Direct Regression Based on deep
FastNerF Replace MLPw/ feature grid + CNN to directly regress ,y
shallow MLP, represent grid w/hash coordinates involving a refiner

- table for memory efficiency Heatmaps Improve human pose
GaussianSplatting hard to model estimation with occlusions.

thin structures whisotropic shapes (splen) Each Keypoint has a separate binary
-> Non-isotropic parameterization (ellipsoid) heatmap (option ofN(M ,5) around it (

3D Gaussians to 2D Space Gaussians (splats) 2D-3D Lift directly ,
no restrictions 2mArm

1. Upixels (approx by tile-based Sorting
,
sort SMPLRepresent via 3D mesh

, V~7000

all Gaussians according to their depth. Body defined byshape and Pose&
2.Calculate opacity of each Gaussian Shape PCA of meshes in canonical

2= 0 · exp(-0 .5(x- Mi+z' - (X- MY) pose to estimate directions of

3. Use Volume Rendering Equation maximum shape variation and

C=T101C +T2x2(2+T3X3C3 TE1 obtain a low-dimensional subspace
T2= 1- X

, 3=(1-42)(1-1) =I -X) HOD-300D) in the canonical pose.



Pose Linear Blend Skinning 8 Animatable Neural implicit Surfaces MonteCarloSampling Run episodesw/ Policy Gradients (ASH) =N(ME, /St)4
Each Vertex ti in rest position is 1. Input Posed 3D Meshes given it and compute samplesof collect rollout trajectories (explore)
transformed t= ,WiGk(0,J) te 2. LearnedContinuous Canonical Z=or(Sti , a++2) of Vit(S+) p(t)= p(51 (91 , ..., St.

AT)=

Wi: Blend skinning weights by artist shape and skinning weights + unbiased estimate
,

no need System dynam
.

p(51)I= , (a+ Ist)p(s+ + 1(a +,St

GK : Rigid bone transform 3. Continuous Implicit Surfaces in high variance
, explore/exploit dillemma Samples action At from [L(at/St) [on-policy)

J : joint locations 0 : Pose Unseen poses . need termination state (slow for long episo) Evaluation]()Is[St ,a)]
Posed vertices are linear combination REINFORCEMENT LEARNING MODEL-FREE RL PolicyUpdateGoal: 0 = argmax J(A)

of transformed template vertices. Markov Property P(51] =P(51/S ...,
St) OnPolicyCompute Q according to it and OF0 + Vo7(0) where (OFEr (r(t))

② Produces well known artifacts Markov Chain <5,P> PS [SFs/St=> followsI OffPolicy Compute & according =SPIE(dt so JolSP(((dT
↳Augment base shape : Pose blend Shape Markov Reward Process <S,

P
, R , 2) to GREEDYT , follows different exploration = <p(F) OoLog(+)r(d+ w/ Olog f=

-

is a vector of vertex displacements in rest R = 1E[R+
/S+=S] We (0 ,1) TD Learning V(s)= /s,alt2(s)- V(s) = lET[Dologp(T)r(T)] - b(SE)

pose. SMPL : Learn from data: ReturnG+ total discounted reward from V(s)5V(s)+ x V(S) on-policy =E[GZEoOf(a)ZEISa]

t= WiGk(0,
J(B) (tSi((Pi(E)

.GER +UR+...= REK follows It to obtain (c, a , r ,
<c) REINFORCE to ComputeIE in practice

JointsJ(P) depends on Shape B(PCA) MarkovDecisionProcess <S ,A,
P

,
Ri> SARSA QIS,Al= R+UQ(S/Al-Q15,A) +nat + Log(AtIliO)!

Shape Correctives s(B) = SB can be Bellman UH(S) = (En [G+ /SE= S] Q(5, A) QIS,Al+ & Q(S,A) unbiased high Variance-> Baseline

Pose Correctives p(0) = PO UN =IEn[Rt + 2Gt/St=S]= Entals) on policy Use current policy to get ACTOR-CRITIC Use bootstrapping to esti
.

V.

Bs (B , S) = Z PnSn ② /,s ,a[[Shs) the rollout of states
,
actions

,
rewards (OF Logf(a(SE)(SE,al

B = [B1 , ..., B ,B1] Linear Shape Coefficients =Zit(als) p(sirls ,al(+U (s) Q-Learning off-Policy policy to +(5)-U(SI) TD-Error

SEIR3NOrthonormal PC of Shape displace Non-linear, No closed form Update & different it to collect data NEURAL NETWORK BASICS

Bp(0 ,P) =En (Rn(01-Rn(0))Pr Action-Values ,a) =E[GSES,AE) Q(S ,Al= R&H
+UMXEQ(s!al

23 Joints, = 3
,
R( le29 ECR(SASES,AE] QLS, Al OLS,

ALEQUAL QUA ME ELE-armaxpmlyx o e②
PatIR3 Vector of vertex displacements Bellman Optimality (S)= MXN(S) + Less Variance than MCduebootstrap = argax logm( :K(20)
P= [P1, ...,Pa]EIRNx9all 207 Bp =Maxq(s ,al=MaxP(sir/,al (r+Als) + More sample efficient than D.

P. UniversalApproxTheorem Let G: IR-IP

M(, 0:ElMesh]( ; J ,F,S) [(s)= argm(r(s ,al+UVA(P(s,all) + Don't need to know transition M non-constant, bounded
,

continuous
I

Update Rule & Lreproj Vi(s)[VH(s) Biased due to bootstrapping , using Im= [0,17m
, space of real-valued function

0++
70

+
-x) 20

+ prior( Value Iter Un
*
en(s)= Er/S ,+U old estimates as lables on Im =Clim)fECLIm)

,
EO,

Hand-crafted Optimization Routine Policy Iter . InitializeTo Explore , exploit dilemma ET,VbIER, EIR
,

Wie E1
, ... N]

Sensitive to intialization Until Convergence: iterateswhole S DEEP REINFORCEMENT LEARNING f(xl= glu)= (WEx + bi
target

Slow Convergence 7 2D Compute Ut(c) Deep &LearningNN to Learn(5,a)
pose

Learned Gradient Descent ↓ Compute Greedy Policy G W .REVE [(0) = (R+ MaxEQO(S! ,all-Q0S,Al
0

++ 1
= 0+

+ F(2Lreproj/20,t,
x) Set IG Replay Buffer to store generated

↑ ↑
UN actual grads currstate Finds exact solution in polynomial samples , during updates randomly sample

Reconstruction HumanDetail hard-poses #iterations !
*
E

*(m/11)) transitions fromit
. Q-Learningis off-policy

Regression-based V X Guaranteed to Monotonically improve so we can use old samples.

Template-based V Needs Temp. needs to know transition matrix Limited to discrete action spaces

tanh(x)=(ex-Ex)/(e+e)=26(2b-1

tanti()= 1-tanh)
ReLW (c)= max (0

,
x) t

ReLU' c: (>0)
Leaky ReLU(x)=& xCo
Randomized Leaky ReL

7

~Wnif(a , b) test 2= (EL]= (a+b) /2

Ensemble train different m on samed

Or same m on different d and aggregate
to decrease variance.

Droupout M share A
,

train small % ofM

Bagging Mindependent,
train all till con.

BatchNormorm = (Z2-M)/NE+ 62

i=Uzom+ B At testing M . G

XEIR , ,
EIR WEIRfrom Layer

↳EIR t LEIRK (n+ 1) · K

PROBABILTY AND MATH

[] = [a)= à [A] Ab

*(xA) = A [0]= diag(a)

KL-Div KL(((P)=S&(0)log) de

↳ KL((P) 0 KL() * KL(P119)

JS- Div JS(q11P) = EKL(/IM) + EKL(P/IM)
Where M= EP
Convolutions A * ROT1goB = A B

AB = ROT180 (BA) ; A* B : = Stride B on A

Cont 2ChangeofVars/Sylddy-(Scf(glu,
)

,

h(u ,w7)](n ,c)dudo Let x= F(z) finv,
cont

,diff
- I

(1 dx = (det)(dz = Px(X)= Pz(f+(x))/det(8)

196-fIE , AXEIm MatrixDe Lemma det(A)=(1+v)det (A)

Softmax()=exp(i)/,exp(j) Jensen (ElE[g() g() convex

Activation functions make Layer to ChainRulep(:)= >(PH . · ·p+ 14 - 1..2)

Layer mappings non-linear. Product P(x, y) = p(y(x)p(x)
Sigmoid GL)= 1/(1 + e-)N Bayes Play) p(y) = p(y(c)p(x)
6(x)= 5(x)(1 -G(x)

·
1 ,0 =p(((((((()/pPE-

Pro


