14. Eloadas:
Neuralis Implicit
Reprezentaciok

Generativ Al es Inverz Modszerek a Képszintézisben
BME-VIK IIT, 2026
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Motivacio
Deep Image Prior
o Otlet: tanitsunk egy neuralis halét

reprodukalni egy fix képet (zaj
bemenetbdl)!

O

« Tapasztalati tény: ha a tanitast
korabban leallitjuk (early stopping)
gyakran javul a kép minésege argmin B(fo(2); )
(nagyfrekvencias zaj, artifactok
csOkkennek, lyukak kitoltodnek)

Super-resolution

 Deep Image Prior: a neuralis halo
architekturaja egy bizonyos “priort”
kényszerit a rekonstrualt képre!

Corrupted Deep image prior
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Neuralis Reprezentaciok

Diszkretizacios modszerek
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Neuralis Reprezentaciok

Diszkretizacio helyett — Neuralis reprezentacio?
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Neuralis Reprezentaciok

Fliggvenyek reprezentacioja neuralis halokkal

* Ezidaig: neuralis halokkal sok dimenzids leképezést kdzelitettiink
(pl. kép — cimke, kép — kép)

* Modern trend: 2D/3D koordinatak fliggvényeinek reprezentacioja
neuralis halokkal

e KUlonb6zo elnevezesek:

* Neuralis mezd (Neural field)

* Implicit neuralis reprezentacio (INR)

* Neuralis implicit (fliggvény)

° ] 7 V 4 V 4 - - v i i
KOO rd 1IN ata h al O (b) Image regression  (c¢) 3D shape regression  (d) MRI reconstruction  (e) Inverse rendering
(z,y) — RGB (z,y,2) — occupancy (x,y,z)— density (z,y,z)— RGB, density




Indicator function

1D Signal
Magnitude
Occupancy
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1D Coordinates!
2D Coordinates!
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Neuralis Reprezentaciok

Peldak



Neuralis Reprezentaciok
Peldak

¢ Kép

 Hang

* Video

» 3D adatok (implicit figgveny, slrlség, tavolsag, stb.)

 Radiancia mezok (NeRF)

* Fizikai mennyiségek (hdmeérséklet, aramlasi sebesseg, stb.)

 Differencialegyenletek megoldasa (PINN)

Images Audio Videos Poisson equation Eikonal equation Helmholtz equation  Wave equation
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Neuralis Reprezentaciok
Neural Radiance Field (NeRF)

NeRF: Representing Scenes as
Neural Radiance Fields for View Synthesis

Ben Mildenhall’*  Pratul P. Srinivasan'* Matthew Tancik!'*

Jonathan T. Barron? Ravi Ramamoorthi® Ren Ng!

Cited by 14782
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Ar ~  ~ ournal of Computational Physics
Neuralis Reprezentaciok = ety

Physics-informed neural networks: A deep

PhySiCS' I nfo rm ed N eu ral N etwo rks (PI N N) learning framework for solving forward and

inverse problems involving nonlinear partial
differential equations

M. Raissi 2, P. Perdikaris * 2 &, G.E. Karniadakis ©

Cited by (10950)

Naviers-Stokes loss

Training step: 19050

(T Y]
-~ EXxact solution

ws  Neural netwcerk prediction
Training data
Physics loss training locations

Experimental data loss

‘”\7 Ve = o|
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Elonyok és hatranyok

Neuralis Reprezentaciok

o EI&ny6k (klasszikus diszkretizacios mdodszerekkel szemben):

* Adaptivitas
o Erds tomoritési rata
» Differencialhatdsag

* Egyszerl implementacio

o Hatranyok:

o Koéltseges kiértékelés és optimalizacio

* Nehézkes interpretacio és modosithatosag

10
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f(x) ReLU(u)

IO
QRO
K

ReLU MLP:
adaptiv szakaszosan linearis
flggvény approximacio




Neuralis Implicit Feliiletek

» Neuralis implicit feliilet: a 3D feluletet egy Fy(x, y, 2)
neuralis halo (implicit) szintfellletekent definialjuk

* A neuralis halo altalaban egyszerU architekturaju
(tipikusan MLP)

 Kritikus implementacios részletek: koordinata
beagyazas, aktivacios fliggvények, inicializacio, stb.

* A halot tipikusan “tulillesztjuk” egyetlen 3D modelire!

* Nincs “tanulas” vagy “intelligencia” — a neuralis halo
csak egy sajatos fliggvény reprezentacio!!

» Pontfelhére illesztés = @ hald paraméterek optimalizacidja
(pl. SGD/ADAM) mintapontokban valo illeszkedésre:

L©O) = Y wyil | Fo®) = fil | +w,; | [ VEy(p) — ;|| — min
P
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Neuralis Implicit Feliiletek

v’
~ 4

Figure 4: Thing110k models compressed to S9kB,
reducing the dataset from 38.85 GB to 590 MB.

On the Effectiveness of Weight-Encoded Neural Implicit 3D Shapes
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https://arxiv.org/abs/2009.09808

Eikonal regularizacio

 Ervényesitsiik az “eikonal” (egység-gradiens)
tulajdonsagot (tavolsagmezd szikseges feltétele):

00) = L (0) + AEq (|| Ve f(a;0)[| — 1)°

FX(H |I‘Z ‘f :EZ? |-|—7'||me(:1:@, )_n'LH)

€1

* PINN specialis esete
* Sik reprodukcios tulajdonsag

e Gyakran hasznalatos — de sajnos megvan az ara:

* Aloss-ban a derivaltak szamitasahoz két backprop

pass (vagy numerikus differencialas) szikséges!

* Az egész teren mintavételezni kell!

Neuralis Implicit Feliiletek

13

Implicit Geometric Regularization for Learning Shapes

Amos Gropp ' Lior Yariv! Niv Haim' Matan Atzmon' Yaron Lipman'




Boolean operaciok

2
®

'

fix)
g

k_ — _ 1 JI

fo(x) min( fi(x), f2(x)) Hix) U falx)

SDF-ek Boolean-ja = Boolean SDF-je!!!
Azonos 0 szintfellletek, de kildnbdz6 implicit fliggvények!

| V/(x)| = 1 (majdnem mindenhol) teljesl!

Neuralis Implicit Feliiletek

-
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NG

.

Taxonomy
of Implicit
functions

J

Implicit Functions

'

Conservative SDFs

v ' '

Pseudo SDFs

D P

P

_ ExactSDF |

| V/(x)| = 1: SDF sziikséges, de nem elégséges feltétele!
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Neuralis Implicit Feliiletek

Neuralis CSG, regularizacio

Constructive Solid Geometry on Neural Signed Distance Fields

V fo(x)

m,

Ecp = IXLI D folx = fo(x) Vafp(x))?

xeX
Closest-point loss

[/
fo(x = fo(x)Vy fo(x))’




Neuralis Implicit Felliletek

Peremes feluletek*

Neural Unsigned Distance Fields for Implicit Neural Vector Fields for Implicit Surface Representation and Inference DeepCurrents: Learning Implicit Representations of Shapes with Boundaries
Function Learning
Edoardo Mello Rella'  Ajad Chhatkuli'  Ender Konukoglu'  Luc Van Gool'? David Palmer** leitriy Smirnov*!  Stephanie Wang? 2Alber’t Chern?  Justin Solomon!
1 » Vici : 2 Massachusetts Institute of Technology “UC San Diego
Joltan Chibane Aymen Mir Cerard Fons-Moll Computer Vision Lab, ETH Zurich  “ VISICS, KU Leuven
a)
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(a) Original Mesh (b] VF prcdu.uon (c) Local VF crop {d) Reconstructed Mesh ".\'/

Kbzos gondolat: gradiens vektormez6 illesztéese — szamos variacio...
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Neuralis Implicit Feliiletek

Koordinata beagyazas — Motivacio

 Kisérlet: tanitsunk egy (X, Y) — (R, G, B) ReLU MLP-t egy adott kép
reprodukcidjara (pl. L2 pixel hibat optimalizalva)

 Eredmény: homalyos kep (még ha tobb neuron van, mint ahany pixel)!

e Miert?

RelLU MLP

w

/
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Neuralis Implicit Feliiletek

Koordinata beagyazas — Motivacio

* Megfigyelés: egy betanitott ReLU MLP tkp. alulatereszt6 szirést
végez a tanitd adatpontokon (“Neural Tangent Kernel”)!

« “Spectral bias”: egy ReLU MLP egy fliggvény alacsonyfrekvencias

komponenseit tudja legkdnnyebben reprodukalni

 Magas dimenzioju adatokra ez kifejezetten elényos ("implicit
regularizacio” egy peldaja)

* Alacsony dimenzioju adatokra mar nem mindig ezt szeretnénk...

|

/2 s

—7:-/’2 0
(d) NTK Fourier spectrum

—0.25 0 0.25
(¢) NTK spatial

—0.5
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On the Spectral Bias of Neural Networks

Nasim Rahaman ‘'’
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0.9
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! Devansh Arpit' Felix Draxler> Min Lin'

Yoshua Bengio' Aaron Courville '
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Koordinata beagyazas

 Direkt (x, vy, z) bemenettel tanitva
egy RelLU MLP csak
kisfrekvencias geometriat képes
jol kozeliteni...

* Megoldas: koordinata

beagyazas (coordinate
embedding)

e Ld. transformer koordinata
enkodolas!

* Mindig hasznaljuk, ha RelLLU
haloval kdzelitink implicit
flggvenyt!

Neuralis Implicit Feliiletek

Fourier Features Let Networks Learn
High Frequency Functions in Low Dimensional Domains

NeurlPS 2020 (spotlight)

Matthew Tancik® Pratul Srinivasan® Ben Mildenhall® Sara Fridovich-Keil
UC Berkeley UC Berkeley UC Berkeley UC Berxeley
Nithin Raghavan Utkarsh Singhal Ravi Ramamoorth Jonathar T. Barron Ren Ng
UC Berkeley UC Berkeley UC San Diego Google Research UC Berkeley

B y(x) = [nx),....7,x)]
= 5 |
< y,(X) = sin(2 Lzx) Sinusoidal Embeddings
B~ i1 Zhong et al. ICLR 2020
3 % Yoiry(X) = cos(2" 7x;) Mildenhall et al., ECCV 2020
z
_ |7 — x]|? Gaussian Embeddings
y(x) = exp(— )52 ) Zheng et al., arXiv 2021
5>
S =
=
g || original input space
52 X =
z © |
(C) 3D Shapc rcgrcssion Fourier features - modified input space
(z,y,2) — occupancy " '|, |
- NANZFAIINNZ
| cos(BX) ) sin(BX) |
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Neuralis Implicit Feliiletek

Koordinata beagyazas

S
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No Fourier features

Test PSNR

— NO Magping
| —— Gaussian Fourier features

0 1000 2000 3000 4000 5000
Training iteration

With Fourier features

(b) Image regression  (c) 3D shape regression  (d) MRI reconstruction (e) Inverse rendering

(z,y) — RGB (z,y,z) — occupancy (z,y,z) — density  (x,y,z) — RGB, density
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Neuralis Implicit Feliiletek
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Implicit Neural Representations with Periodic
Activation Functions

Yincent bitzmann Julien N. P. Martel™ Alexander Y. Bergman

Neuralis Implicit Feluletek
sitzmann@ce . stanford. edu jnmarteldstanford. adu awb@stanford. edn
S I R E N David B. Lindell Gordon Welzslein

lindell@stanfcord.edu gordon.wetzstein®@stanford. edu

Koordinata beagyazas: 1db szinusz-fliggvény
réteg

* Sinusoidal Representation Networks (SIREN) —
RelLU aktivaciokat csereljuk szinusz-fliggvényekre!

) (X) - Wn (d)n—l O ¢n—2 0...0 QSO) (X) -+ bn, X; QZ‘),; (X,;) — sin (W?;Xi —+ bz)

« Sokkal jobban reprodukalja a nagyfrekvencias
részleteket, mint a RelLU!

Csdf=/ | |Vx‘I’(X)|—1HdX+/ [2(x)[|+ (1 = (Vx®(x),n(x)))dx+ [  ¥(P(x))dx
Q Qg O\ Qo

P(x) = exp(—a - |®(x)|), > 1

(Felulettél tavoli @(x) = O értékek blintetése) WA |
« Specialis inicializaciot igényel

« JO default neuralis implicit reprezentaciora

21



https://www.youtube.com/watch?v=Q2fLWGBeaiI

Implicit Neural Representations with Periodic
Activation Functions

Yincent bitzmann Julien N. P. Martel™ Alexander Y. Bergman

Neuralis Implicit Feluletek
sitzmann@ce . stanford. edu jnmarteldstanford. adu awb@stanford. edn
S I R E N David B. Lindell Gordon Welzslein

lindell@stanfcord.edu gordon.wetzstein®@stanford. edu

Koordinata beagyazas: 1db szinusz-fliggvény
réteg

* Sinusoidal Representation Networks (SIREN) —
RelLU aktivaciokat csereljuk szinusz-fliggvényekre!

) (X) - Wn (d)n—l O ¢n—2 0...0 QSO) (X) -+ bn, X; QZ‘),; (X,;) — sin (W?;Xi —+ bz)

« Sokkal jobban reprodukalja a nagyfrekvencias
részleteket, mint a RelLU!

Csdf=/ | |Vx‘I’(X)|—1HdX+/ [2(x)[|+ (1 = (Vx®(x),n(x)))dx+ [  ¥(P(x))dx
Q Qg O\ Qo

P(x) = exp(—a - |®(x)|), > 1

(Felulettél tavoli @(x) = O értékek blintetése) WA |
« Specialis inicializaciot igényel

« JO default neuralis implicit reprezentaciora

21



https://www.youtube.com/watch?v=Q2fLWGBeaiI

Neuralis Implicit Felliletek
SIREN

GT RelLU Tanh RelLU PE. RBF SIREN

Gradient Image

Laplacian

Egy SIREN halo minden derivaltja maga is SIREN halo!!

22



Neuralis Implicit Feliiletek

Hibrid reprezentaciok

T 3D Locatlonp Occupancy
| Interpolation Probability
} Features Jo Paw(lp, x))
} —>»>
| =1
/ FuIIy -Connected
/ Network

’/3D Feature Volume

Neuralis hald, mint “interpolacids kernel”

23



Neuralis Implicit Feliiletek

Hibrid reprezentaciok

* Ezidaig: minden informaciot a neuralis halo
parameétereiben taroltunk

 Hibrid / strukturalt reprezentacio: kombinaljunk egy
térbeli adatstrukturat egy neuralis haloval

* Tipikusan: az adatstrukturaban latens vektorokat
tarolunk — a(z esetleg interpolalt) latens kddot egy
neuralis haldé dekddolja pl. tavolsag értekké

* A neuralis hald ezaltal kisebb/egyszeriibb lehet — az
informacio “megoszlik” a latens kddok és a halo kozott!

* Szamos variacio lehetséges...

24

Convolutional Occupancy Networks

Songyou Peng’?  Michael Niemeyer®?  Lars Mescheder®**
Marc Pollefeys’®  Andreas Geiger®*

3D Locat Ion P Occupancy

4° A
Probahility
Features (P X),
(p x)
—»
- * - i / “  Qccupancy
. . A Network
/I[ }’-r

(c) Convolutional Smg]e—Pla.ne Decoder

1: A 3[3 dl on p  Occupancy
Prcbabllutx

V. (p X))
M N e

. atur
? P
- / B] \—)'%—vr
. Irterpola on :
.—b-
il . - (Qccupancy
/ “ 7 Nelwork

2D Feature Planes

(d) Convolutional Multi-Plane Decoder

1 : ? anL nmnnn p Occupancy

Probablltx
= 1= i) )
® . » e / Fedw (p <
“ ™~ p.X
o a a #\_»
® [ ®
-0~ o>
) Il / cupancy

] | )7 Jelwmk
y ¥7 3D Feature Volume

(e) Convolutional Volume Decoder




Neuralis Implicit Feliiletek

Hibrid reprezentaciok — Példak

(X1, vy) (X5, V5)
N Ovev.
; " RORChKe
S\ O—O—@
(X3, V3) (X4, V4)
Latens racs Tri-plane

25

Latens halmaz (attention)



Neuralis Implicit Felliletek

Hibrid reprezentaciok — Neuralis Level-of-Detail

Query point Octree feature volume Voxel feature retrieval Trilinear interpolation Summed Surface Predicted

features extractor distance
+ o~
—— | z(x) | s
+
' | x/ fo
L

DeepSDF [ V] FFN [17] SIREN [75] Neural Implicits [V] Ours / LOD 5 Reference

26



Instant Neural Graphics Primitives with a Multiresolution Hash Encoding

THOMAS MULLER, NVIDIA, Switzerland
ALEX EVANS, NVIDIA, Urited Kingdom

CHRISTOPH SCHIED, NVIDIA, LSA

Neuralis Implicit Feliiletek

Hibrid reprezentaciok — Instant NGP

SIGGRAPH Best Paper
TIME’s Best Inventions of 2022

Elapsed training time: 2 seconds

1/Ny ; o e SRR

Lok w215 oI /5 b \ | AT\
1 m(y;®) SN R A - ST
4 < ¥
2 0 2 i 0\\ Yy O O O i ‘
1/Ny 0 4 = i ; Ml;.r — O O O O e
o s ° _H"T0000
3 6 :]2 = X E O O O
: Ll
X — 6 z
1 7 A #] g

Egymasba agyazott térbeli hash tablak + kicsi MLP

Optimalizalt GPU implementacido — villamgyors tanitas & kiertekelés!

27
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Neuralis Implicit Feliiletek
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Neuralis Implicit Feliiletek

Hibrid reprezentéCiék _ Neu ral VD B* NeuralVDB: High-resolution Sparse Volume Representation using

Hierarchical Neural Networks

DOYUB KIM, MINJAE LEE, and KEN MUSETH, NVIDIA, Santa Clara, USA

........................

Bunny

Aclive Mask a

Child Mask ¢, Armadillo
O (| ay Il
[ | 1 - [l
Tile Values /
‘ Child Pointers

Voxel Value Dragon }
L E- L/ B Regressor a '

Active Mask a_

- h]

' ) Y -
(LN BN T e o
W N e N

L) & ) | f
i - .-)\’ - ’ ,~. ¢
N | W N N o
. "
PR 2’
N /

- NGLOD VIBNF INGP NeuralVDR Ground Truth
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Neuralis Implicit Feliiletek
Hibrid reprezentaciok — fVDB*

fVDB: A Deep-Learning Framework for Sparse, Large-Scale, and
High-Performance Spatial Intelligence

FRANCIS WILLIAMS, NVIDIA Research, USA
JIAHUI HUANG, NVIDIA Research, USA

JONATHAN SWARTZ, NVIDIA Research, New Zealand
GERGELY KLAR, NVIDIA Research, New Zealand
VIJAY THAKKAR, NVIDIA Research, USA
MATTHEW CONG, NVIDIA Research, USA
XUANCHI REN, NVIDIA Research, Canada

RUILONG LI, NVIDIA Research, USA

CLEMENT FUJI-TSANG, NVIDIA Research, Canada
SANJA FIDLER, NVIDIA Research, Canada
EFTYCHIQOS SIFAKIS, University of Wisconsin-Madison, USA and NVIDIA Research, USA
KEN MUSETH, NVIDIA Research, USA

Hatékony konvolucio VDB adatstrukturaval — km meéretd neuralis SDF!
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ReLU Fields: The Little Non-linearity That Could

ANIMESH KARNEWAR, University College London, UK

Neuralis Implicit Feliiletek

Hibrid reprezentaciok — ReLU mezOk*  Glver wanc, i roenn vss

NILOY J. MITRA, Adobe Research, USA and University College London, UK

* Meglepd megfigyelés: kbzbnséges
trilinearis interpolacio + RelLU
nemlinearitas is versenyképes egy
sokretegl MLP-vel!

Grog Bimba Lion Lucy

A

Grid

e
ol 1

N

r e e ol
oo

alalole

..l -.

Lol el ele

a) Y20
(X, vp) | (X, ) 1 : ReLU field
~ Q) f
| U
\f/ d Linear 3
X — P \r — O ". %
/ : Ground truth -
(X3, v3) (Xy, Vg) |
d":l/ 1
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Neuralis Implicit Feliiletek

Hibrid reprezentaciok — Faktor Mezok*

WAV
Point x ]
] . :
® > —o—o—i—o—o— > Polynomial MLPs > o o >

L , -
' j o ? o
" | ey i) fn(in(x)  wRXE§ A

(:f ,,,,,, * e ' . e

Grids -+ Vectors

Coordimate Transformation Field Representation Field Connector Projection
v(x) f(x) 0 P(x)

Input Domain

Egyseges elméleti keretrendszer a kilénbdz6 hibrid neuralis reprezentaciokhoz
https://apchenstu.qgithub.io/FactorFields/
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Neuralis Implicit Feliiletek

Hibrid reprezentaciok — Irregularis diszkretizacio*

DILG: I Gri v . . :
3DILG: Irregular L?\jle;gcg;lgds for 3D Generative PIN-SLAM: LiDAR SLAM Using a Point-Based

Implicit Neural Representation for Achieving
Global Map Consistency

Biao Zhang Matthius NicBner Peter Wonka

KAUST Techmeal Umiversily of Munich KALS1 Yue Pan, Xingguang Zhong, Louis Wiecsmann, Thorbjérm Posewsky, Jens Dehley, and Cyrill Stachniss
biao.zhang @kaust.cdu.sa nicssner @tum.de pwonka@ gmail.com
FPS KNN PointNet Transformer Reconstruction
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3D pontfelhd + latens vektorok + interpolacio

32



Neuralis Implicit Feliiletek

Hibrid reprezentaciok — Irregularis diszkretizacio*

g m

W RGB
X SDF
;??j’;.‘;f' Density
Adaptive RBFs Multi-Frequency Feature MLP Network
Sinusoidal Composition Aggregaticn
Fourler BaS|s Radial Bases
Gabor Basis Extended Radial Bases g

https://oppo-us-research.github.io/NeuRBF-website/
(Gaussian Splatting-hez hasonlo)
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Neuralis Implicit Feliiletek

Hibrid reprezentaciok — Irregularis diszkretizacio*

g m
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Adaptive RBFs Multi-Frequency Feature MLP Network
Sinusoidal Composition Aggregaticn
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https://oppo-us-research.github.io/NeuRBF-website/
(Gaussian Splatting-hez hasonlo)

33



https://oppo-us-research.github.io/NeuRBF-website/

3DShape2VecSet: A 3D Shape Representation for Neural Fields and

Neuralis Implicit Felliletek s

Hibrid reprezentaciok — Attention

JIAPENG TANG. TU Munich, Germany
MATTHIAS NIFSSNER, 10 Munich, Germany
PETER WONKA, KAUST, Saudi Arabia

Input  Reconstruction Input  Reconstruction

!
§

2 9
J .. s ’; v . e 3 p{x.f;) =exp |'q(x)'k(f,-},’\f¢7)
J. J d 3 f; X
(a) RBF (b) Global Latent (c) Latent Grid (d) Irregular Latent Grid (e) Latent Set (Ours)

Latens vektorok rendezetlen halmazabdl figyelemmechanizmussal dekodolunk pl. SDF-et

! M
Oppr(x) = ) )i p(xx) < F(x)= Y vif) TRV
=1 i=1 Z (X, {fl}?-dzl)

Attention &~ Gauss simitas tanult latens térben!

Elterjedten hasznalt 3D generativ modellekben!
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Point Cloud

!
|

Surface Sampling

latent queries

Q

e

Cross Attention

Position Embeddings

latents

>

>

>

>

lShape Encoding (Sec. 5.1)

>

Query Points
<

{KL Regularization} |

KL (Sec. 5.2)

Self Attention
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Self Attention

Neuralis Implicit Feliiletek

Hibrid reprezentaciok — Attention

"y

o

Shape Decoding (Sec. 5.3)

Position Embeddings

— 8 @ @

R

e

———p

Self Attention

BIAQ ZHANG, KAUST, Saudi Arehis
JIAFPENG TANG. TU Munich, Germany
MATTHIAS NIFESSNFER, 10U Munich, Germany
PETER WONKA, KAUST, Saudi Arabia

Cross Attention

A A

KV

I\

3DShape2VecSet: A 3D Shape Representation for Neural Fields and
Generative Diffusion Models

Isosurface




3D Generativ Modellezes
DeepSDF, Occupancy Networks

i

ofimplici
surface
<

* ] B
o SDI' >0
LS

. ol a
('a ) AS 1),{" < 0

—
—_—

(x,v,2) | sDF Code N " SDF
" (xyz) [
” (a) Single Shape DeepSDF (b) Coded Shape DeepSDF
Jn',—‘.
T
259 512 S12 512 512 512 512 512 Y y [
— T — — — —-
CBN CBN C'BN
Latent Vector 1 1
- FC FC FC FC “— FC FC FC FC TH ——
(7 cm—n — — — ‘JUL. —lp —_— R —— — —l ' -
xy2) Y — 3 256 250 200 256
for it =1,

DeepSDF (2019) Occupancy Networks (2019)

Uttérd jellegli munkdk — generativ alkalmazasok altal motivélva
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3D Generativ Modellezés

Kondicionalasi modszerek

Attention Beats Concatenation for Conditioning Neural Fields

University of British Columbia
Google Research

Daniel Rebain

Mark J. Matthews Google Rescarch
Kwang Moo Yi University of British Columbia
Gopal Sharma University of British Columbia

A kO n d IIC i é fi gye I e m be Véte I e Dmitry Lagun Google Rescarch
tébb mddon is lehetséges... Andren Dol

Concatenation Hyper Network Attention
,/

Hyper - N —

- Z MLp I™N\W - S =
Z | MLP & T — V E MLP mh3
- 8 E z — 3

v(x) L L v(x) [}— MLP g  yx)U—Q< || —

. O " J

\\\
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3 D G e n e rat I,v M Od e I IeZéS 3DShape2VecSet: A 3D Shape Representation for Neural Fields and

Cenerative Diffusion Models

3 D S h a ezve Cset BIAQ ZHANG, KAUST, Saudi Arehis
JIAPENG TANG. TU Munich, Germany

MATTHIAS NIFSSNER, 10U Munich, Germany
PETER WONKA, KAUST, Saudi Arabia

Condition Generation
Forward Diffusion Process

Add Noise Add Noise Add Noise
| o

=

2

S
Reverse Diffusion Process §

Denoise Denoise Denoise :
- -4
A A A A
Condition

L —

> > > 8 > Q) § > > o
> _ — "é > > 5 — — -
—_ L .."Q"_). > > g Ly * e e S
> —> > f » > @ > o
—> e 3 > > 8 — o

“the tallest chair”
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CLAY: A Controllable Large-scale Generative Model for Creating

o Y 4
3D Generativ Modellezes = o
LONGWEN ZHANG?, ShanghaiTech University and Deemos Technology Co., Ltd., China

ZIY L WANG®, ShanghaiTech University and Deemos Technology Co., Ltd., China
C LAY QIXUAN ZHANG", ShanghaiTech University and Deemos Technology Co., Ltd., China

QIWEI QlU, ShanghaiTech University and Deemos Technology Co., Ltd., China

ANQI PANG, ShanghaiTech University, China

HAORAN JIANG, ShanghaiTech University and Deemos Technology Co., Ltd., China

WEI YANG, Huazhong University of Science and Technology, China

LAN XU#, ShanghaiTech University, China
JINGYI YU#, ShanghaiTech University, China
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VAE Geometry Decoder Query Points Latent Diffusion Model o
X 24 Layers ‘ 3 392M
Denoising : 600M
Self ' Transformer 1'5 B
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Attention i 853M
isosurface | Conditioning

Latent Code
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3D Generativ Modellezes
Hunyuan3D
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3D Generativ Modellezés

Strukturalt latens generalas (TRELLIS)
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Kovetkezo eloadas:

Inverz grafika alapjai

" I
R SZIMAY-RACOS LASTIO
S7ZAMITOGEPFS
GRAFIKA
™
L

Rendering

————

y = f(x)

Geometry, materials, emitters, ...
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