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3D Meélytanulas

» Mélytanulas 3D adatokon — hogyan?

+ Kihivésok: 7 mug

>

J
« Adatok mennyisége €s mindsége car?

* Irregularis adatszerkezetek . table?

* “Nyers” adatok (pl. pontfelhok)
meérete, tisztasaga

Az adatszerkezet nem valaszthato
szet a benne tarolt informaciotol
(Hany pont? Milyen adativ racs”?
Milyen topologiaju halo?)




3D Meélytanulas

3D adathalmazok

Large Geometric
Models Archive

The Stanford 3D Scanning Repository
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3D Meélytanulas

3D adathalmazok
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3D Meélytanulas

3D adathalmazok

Objaverse-XL

A Universe of T0M+ 3D Objects

Real-captured videos

Generation

Perception Novel View Synthesis
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3D Meélytanulas

3D adathalmazok — CAD modellek

‘5 Amazon BerkeleyObjects (ABO) Dataset

A CC BY 4.0-licensed dataset of Amazon products with metadata, catalog images, and 3D models.

\

Product Metadata
{

"item_id": "DO75X4CMIC",
"demain_name': "amazor.com''
“1Tem_name': [
{
"lanquage_tag": "en_US",
"walus": "Stone & Beam W

"lanquage_tag": "zh_CN",
“value': "THHal - St
s

Metadata includes multilingual
title, brand, model, year, product
tvpe, color, descrigtian,
dimensions, weight, material,
pattern, and style.

Renderings

=or products with 3D madels, we
provide renderec images for 91
viev/peints on the upper icosgnere,
with varying azimuth and elevation.

Catalog Images
r’ﬁ'}n
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For the 147,702 procucts, we

provida 398,212 uniqus catalog
images in hign resclution.

Environments

For each mode! and viewgoint, 3
different environment maps are
used to provide renderings with
varied lighting, for a total of 2.1
million images.

360° Images

For more than 8,200 products, the
detaset includes a secuence of 72
images, capturing the product
every 5" in azimuth, for a total of
586,584 images.

Geometry

For each rendering, we provide the
camera parameters, the object
segmentation mask as well as
dense normals and depth maps.

=

3D Models

P»*}' l &) {F

| 1

[he dataset contains hich-quality
30 modele with 4K taxture maps
for physically cased rendering for
more than 7'800 products. The
models are pravided in the
stancard g TF 2.0~ format.

Materials

As well as texture maps of SVBRDF
properties: base color, metallic and
roughness.

-

Sketchl =3 [J] Extrudel —

Fusion360Gallery

—+

Sketch2 > j Extrude 2

-/' Extrude 9




3D Meélytanulas

3D adathalmazok — Human modellek

FAUST: Dataset and evaluation for 3D mesh registration
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3D Meélytanulas

3D adathalmazok — Beltéri

Matterport3D: Learning from RGB-D Data in Indoor Environments

T - m.*i:!':f 3[11 E‘:

—-i-\ -

Textured 3D Mesh Panoramas Object Instances

ScanNet++: A High-Fidelity
Dataset of 3D Indoor Scenes

Chandan Yeshwanth* Yueh-Cheng Liu* Matthias Niener Angela Dai"

Technical University of Munich

(b)
Apple ARKitScenes

Z5E gare =



3D Meélytanulas

3D adathalmazok — Kiilteri

KITTI-360

nttp:/fwww.cvlibs net/datasets/kitti-360/
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3D Meélytanulas

3D adathalmazok — Proceduralis generalas

>>> 1mport infinigen

>>> 1nfinigen.generate()

S

https://infinigen.org/
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https://www.youtube.com/watch?v=6tgspeI-GHY
https://infinigen.org/
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3D adathalmazok — Proceduralis generalas

>>> 1mport infinigen

>>> 1nfinigen.generate()

S

https://infinigen.org/
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https://www.youtube.com/watch?v=6tgspeI-GHY
https://infinigen.org/

3D Meélytanulas

Pontfelhok — PointNet

Symmetric functions:
— D

Examples:

f(x.%x,5,...,x ) =max{x,,x,,....X, }

.f(x]9x29"'9xn):xl +x2 +...+xn

Neuralis halo pontfelhokre? Fx Xy 00X, ) =Y 0 g(R(X,),....h(x,)) is symmetricif & is symmetric

h
D
- (1,2,3) — simple symmetric function
N represents the same setas N (1.1,1) — J / Y
v _ (2a3:2) — - |
(2,3,4) — PointNet (vanilla)

Model needs to be invariant to N! permutations

11



3D Meélytanulas

Pontfelh6k — PointNet — Architektura

| input mlp (64,64) feature mlip (64,128,1024) max mlp
h ‘g transform —» e transform \ \pool 1024 (512,256.k)
2 |en cn & N
(1 ,2,3) —» MLP Sz Z shared \g > E shz!rcd nx1024 ‘
4 ‘ / globa) tfeature K
R : —"| > /
(1,1,1) — wp 5 Y ! . " Itput scolres
> I | local embedding _gtébal featuré
— MLP — | o rukra s mema nssres ) | [ -="
(2,3’2) s MLP e o e ot sy P e T L T m— m
- ranstorm: ansiorm : | o
: ; h § ] / {A - J—b I _ F ) :-8-
. . 2 it I ? multiply | o 2 |2
(2,3,4) — mp PointNet (vanilla) S .[ "j‘.‘,'f‘,‘fl",}_. —_— o . X 088 shared | % | shaed | B |3
—»I_‘_I—v —> §

12

mlp (512,256,128)

mlp (128 m)



3D Meélytanulas

Pontfelh6k — PointNet — Architektura

class PointNetEncoder(nn.Module):

def init (self, global feat=True, feature_transform=False, channel=3):

super(PointNetEncoder, self).__init_ ()

self.stn =
self.convl
self.conv2
self.conv3
self.bnl =
self.bn2 =
self.bn3 =

STN3d(channel)
tarch.nn.Convld(channel, 64, 1)
= torch.nn.Convld(64, 128, 1)

= torch.nn.Conv1d(128, 1624, 1)
nn.BatchNormld(64)
nn.BatchNormld(128)
nn.BatchNormld(1024)

self.global_feat = global_feat
self.feature_transform = feature_transform

if self.feature_transform:
self.fstn = STNkd(k=64)

13

def

forward(self, x):
B, D, N = x.size()
trans = self.stn(x)
X = X.transpose(2, 1)
if D > 3:
feature = x[:, :, 3:]
X = x[z, 2, 3]
x = torch.bmm(x, trans)
if D = 3:
x = torch.cat([x, featurel, dim=2)
X.transpose(2, 1)
x = F.relu(self.bnl(self.convl(x)))

if self.feature_transform:
trans_feat = self.fstn(x)
x = x.transpose(2, 1)
x = torch.bmm{x, trans_feat)
X = X.transpose(2, 1)

else:

trans_feat = None

pointfeat = X
X = F.relu(self.bn2(self.conv2(x)))
x = self.bn3(self.conv3(x))
x = torch.max(x, 2, keepdim=True) [0]
x = X.view(-1, 1024)
if self.global_feat:
return x, trans, trans_feat
else:
X = X.view(-1, 1024, 1).repeat(1, 1, N)
return torch.cat([x, pointfeat], 1), trans, trans_feat



3D Meélytanulas

Pontfelhok — PointNet

input | #views | accuracy | accuracy
avg. class | overall
SPH [17] mesh - 68.2 -
3DShapeNets [2%] | volume 1 77.3 84.7
VoxNet [ 7] volume 12 83.0 85.9
Subvolume [ | %] volume 20 86.0 89.2
LFD [2%] image 10 75.5 -
MVCNN |27] image 80 90.1 -
Ours bascline point - 72.6 77.4
Ours PointNet point 1 86.2 89.2
A . " :
; table mug
guitar

Partial Inputs

airplane < w
’

Complete Inputs

PointNet: Deep Learning on Point Sets for 3D Classification and Segmentation

Charles R. On* Hao Su* Kaichun Mo L.eomdas J. Guibas
Stanford University

Cited by 22063

PointNet

mug?
’-\(‘;
. s table?
7
car?
Classification Part Segmentation  Semantic Segmentation

14



3D Meélytanulas

Pontfelhok — PointNet — Mit tanul meg?

Original Shape

Critical Point Sets

Upper-bound Shapes

Prediction
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3D Meélytanulas

PointNet++: Deep Hi hical Feature Learni
Pontfelhok — PointNet++ O e e e aare Licarning o

CharlesR.Qi LiYi HaoSu LeonidasJ. Guibas
Stanford University

skip link concatenation

Hterarchtcal point set feature learnmg

concat

—_— —_— — R : =0 ® Figure 3: (a) Multi-scale
' N grouping (MSG); (b) Multi-

sampling &  pointnet sampling & Q“'c A OSNRSET O . )
resolution grouping (MRG).

grouping grouping

- NS
Y Y

set abstraction set abstraction

pointnet S ,” R ZEL
% — RSGEFER
‘:: :ﬁo 7 & .::’ .\. . >
/ ‘ "t &, )’/ *‘

é ‘ "‘ ,‘}“‘
—_— B
pointnet fully connected layers

class scores
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3D Meélytanulas

Pontfelhok — PointNet++

Method Error rate (%)
Multi-layer perceptron [24] 1.60
LeNetS [11] 0.80
Network in Network [13] 0.47
PointNet (vanilla) [20] 1.30
PointNet [20] 0.78
Ours 0.51

Table 1: MNIST digit classification.

1024 points

512 points

256 points

\"

128 points

Method Input  Accuracy (%)
Subvolume [21] VOX 89.2
MVCNN [26] img 90.1
PointNet (vanilla) [20] pc 87.2
PointNet [20] pc 89.2
Ours pc 90.7
Ours (with normal) pc 91.9

Accuracy (%)

Table 2: ModelNet40 shape classification.

o= PointNel vanilla

a0 l: — —— ~a— PointNet vanilla (DP)
ﬁ ~o= Ours (SSG)

- " - Ours (SSG+DP)
—a— Ours (MSG+DP)
== Ours (MRG+DP)

80

75

1000 800 €00 400 200
Number of Points

17

PointNet
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Pontfelh6k — Graf neuralis halok

Graph

L onstrunction

F

N\

o
N
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3D Mel |a
e ytan u aS Dynamic Graph CNN for Learning on Point Clouds
Pontfelhok — Dynamic Graph CNN YU ANG e e et

ZIWEI LIU, UC Berkeley / ICSI
SANJAY E. SARMA, Massachusetts Institute of Technology

MICHAEL M. BRONSTEIN, Imperial College London / USI Lugano
JUSTIN M. SOLOMON, Massachusetts Institute of Technology

- | 0 S
3 S _ N . o p—— 2 <
C |- EdgeConv — q; — EdgeConv — i — EdgeCenv — h; — & | & %
E [ 8 | (e utdsveipecepiion  (JoRe
e %

19



3D Meélytanulas

Pontfelhok — Voxel-alapu CNN

YoxNet: A 3D Convolutional Neural Network for Real-Time Object
Recognition Point-Voxel CNN for Efficient 3D Deep Learning

Daniel Maturana and Sebastian Scherer

~—— Point Cloud A
T— e Zhijian Lin* Haotian Tang™ Yujun Lin Song Han

MIT Shanghai Jiao Tong University MIT MIT

Point Convolutional Neural Networks by Extension Operators

Voxel-Based Feature Aggregation (Coarse-Grained)

) v / Matan Atzmon” Haggai Maron" Yaron Lipman
\ _ Occupancy Grid ~V\\ Weizmann Institute of Science :
- ’ 32%32%32 a . Voxelize Convolve Devoxelize
) yy < a » > »
l;g N\ _ e °e ™
" . TR
'\‘ Cowvolution Restriction N Normalize l Fuse
v
Conv(32,5.2) BRIl o ererr oot iarssesaeea e sts st st tarsbe s tsabesaests it sassesatnrssessentnee DR e
14x14x14 - o = a
— B el « = « = ¢ = poseeseasasesensentasace Mlllti' Layer perceptmn .................................... »0
Conv(32,3,1)+Pool(2) USRI oo enenrnsrnesssnsssorennsnsstessrannsnsntnsnasnssssasnnsnsensonnsnnonsssnnnnsansannsnsansnsss i glespih
6x6x6
v

\ Full(128) \ Point-Based Feature Transformation (Fine-Grained)
\ v -

Padestrian Full(K)/Output
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3D Meélytanulas

Pontfelhok — Ritkitott (sparse) konvolucio

SUrd konvolucio Ritkitott konvolucio

= p
/ A = A7
| . s _ A7
TP LT 2T
/ 2 g Ny
-_'E 4 al A/.x ’
- 'l ' .’ "
Convh P " — y; ) /|
Convd Conv Ies A S
CovTITd s
' CoivTrd e
. Conv3 /{ Udnv'iv2
Point Clowd Convz 4 7 . ) ) .
l - o Conv'Irl Semwad © Degmcntation
Convl

Poant Ul

https://nvidia.github.io/MinkowskiEngine/

21


https://nvidia.github.io/MinkowskiEngine/

3D Meélytanulas

Pontfelhok — Ritkitott (sparse) konvolucio

SUrd konvolucio Ritkitott konvolucio

= p
/ A = A7
| . s _ A7
TP LT 2T
/ 2 g Ny
-_'E 4 al A/.x ’
- 'l ' .’ "
Convh P " — y; ) /|
Convd Conv Ies A S
CovTITd s
' CoivTrd e
. Conv3 /{ Udnv'iv2
Point Clowd Convz 4 7 . ) ) .
l - o Conv'Irl Semwad © Degmcntation
Convl

Poant Ul

https://nvidia.github.io/MinkowskiEngine/
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https://nvidia.github.io/MinkowskiEngine/
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Pontfelhok — KPConv

KPConv: Flexible and Deformable Convolution for Point Clouds

L3
-
-® \
- ) . .
Filter Values - -® - S
: : - : -7 -
: - (S
: S
i i - —
g T - ® > QQ"-;Q Points
Kernel Points i 3 s Featnres
\ ﬂL" N
" / Classes
1 “\‘\ _ ,/’ :.’_— .‘I‘\
: S——T T KPConv
s I
I e | Strided KPCony
I e - Fally comnected
- Near. Ups. + Concat. i’
T x> IConvy 5
'”65\ Skip link
Local shifts -,\*'?“\ Skip lin
. - - P L
Rigid KPConv <5
In . 'I \\ ’ l
put > ey ' Output
’ /
/ - - .
! |
/
) \
e e, a » {, o
I -
) .
‘ ' ot .
Y
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‘ vA At
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3D Meélytanulas

Pontfelhok — Point Transformer Point Transformer

Hengshuang Zhao' LiJiang® JiayaJia®> Philip Torr' Vladlen Koltun®

(N, 32) (N/4, 6d) (N/16, 128)  (N/64, 256)  (N/256,512)  (N/256,512)  (N/64,256)  (N/16, 128) (N/4, 64) (N, 32) (N, Do)
_ Point Transformer
;:g; MLP
— — — — — 5 Transition Down
= Global AvgPooling
Transition Up
(N, 32) (Nis, 64)  (N/16,128)  (N/64,256)  (N/286,512) (1.512) (1, Dy
input: (x, p) input: (x, p) 1nput: (X, p;) iput,: (X, py) input,: (X5, p»)
_.,———-""’,' ‘\“\‘LA v v v v
@, Y: linear 0: mlp a: linear linear farthest point sampl. linear linear
“\\‘\ /'//“‘\‘\‘\ /'/”,
\‘\‘ ',"' ‘\\‘ o~ - ¥ v v
Y Y . , ,
NP N point transformer KNN, mlp interpolation
- \.\‘m‘lp "’/" l ’ v
e o 7
Taa” v v
aggregation linear local max pooling summation ¢
l output: (y, p) 1' output: (v, p) »output: (v, p,) » output: (v, p,)

Figure 2. Point transformer layer. (a) point trggsfonner block (b) transition down (¢) transition up



Point Transformer V3: Simpler, Faster, Stronger

Pontfelhok — Point Transformer V3 Kmyng Wo'? Lising’ Pen Shsi Vg

Zhijian Liv® Xihui Liu' Yu Qiao® Wanli Ouyang® Tong He?* Hengshuang Zhao'"

ScanNet
ScanNet200 Sem. Sey. ScanNel EIT.
Sem. Seca. LA 200

S3DIS 6-Fold
Sem. Seg.

Inference Latency

48 ms
ScamNes THL

Index
L.A. 20

Operaton

~ Relative
Positional Encoding

146ms

Scanhel BN
LR. 20%

Aamal 3.3x faster

ScanNet ScanNet Eff. f
Ins, Sex, LR 1% [rfcx‘t)(d\ing
ScanNer200 SemanticKITTI Rdatll"?x[:‘ih?rc'gh
Ins, Seg. Sem. Seg. . . Value
Memory Consumption Aggregation
> nScencs
Vehicle Det, Senn. Seg.
e S SRR Figure 2. Latency treemap of each components of PTv2., We
SRS ne p " o o o o
Cyelist Det 1.2G 022 lower benchmark and visuzlize the proportion of the forward time of
FIv3 =PI flalfomer = Octfomer & Spherfonner  MildNet each component of PTv2. KNN Query and RPE occupy a total
Stronger Performance Lower Memory Consumption of 54% of forward time.

S\ SOk RN
\

5 i .
x X NN NG N
Space-filling Curve Ordered Point Cloud Patch Partition
structured 1D format preserving spatial

neighbor relationships
24



3D Meélytanulas

Pontfelhok — Pointcept konyvtar

crj POINTCEPT

Point Cloud Perception Codebase

https://github.com/Pointcept/Pointcept



https://github.com/Pointcept/Pointcept

3D Meélytanulas

Pontfelh6k — Onfeliigyelt tanitas

N T
JHL"

L , | N[
Original | The tree turns green al‘n_‘ ‘.

(R .

N )

/ Encodcx

Masked Th el : 7 y TP %
asked ¢ {ree ////‘ green ” ‘ //%, % % T
- mzE A
Language v Image Point cloud Autoencoder

Onfeliigyelt tanitas pontfelh8kdn?
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3D Melytanulas

Pontfelh6k — Onfeliigyelt tanitas

S

~

Q

78!

Q

v

s g | ‘

= i N
@ e —

’/’T : L

Geometriai “shortcut”:
A pontok “elaruljak” a tanulni kivant geometriai informaciot a koordinataik altal
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3D Meélytanulas

Pontfelh6k — Onfeliigyelt tanitas

Sonata: Self-Supervised Learning of Reliable Point Representations

SADIS 6-Fold %2
$3DIS Sem. Scg SconNat+-+ =

Student

~a O:Q‘IO;DO

e B W
ScanNetZ00 ' : ScenNe2c0 0 HERS e 0909 ; o o: QE
NelZ - <en .
[ns. Seg. Sem. Sez. Lg" o © ©
. P ' g o °xl°
SconM ScanNct o 6:3 ;
Ing. S Sem. S ' !
= = il o
Global View
ScanNet+ ScenNet EfT,
Ins. Sz, LA Z0
Waymo ¥ ScanNat EtT,
Sem. Seg. LA 20
s ScanNet FFT
Sem. Seg. ScanNet EAf. LS.5%
LS. 1%
= Scnota PTvd = MSC PontContrast SparseUNst o ; A
. : -
Perception Local View Global View
D: 48 Backbone D: 96

Encoder PCAs

https://xywu.me/sonata/
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https://xywu.me/sonata/

3D Meélytanulas

Poligonhalok

https://anintroductiontodeeplearningonmeshes.qgithub.io/

29


https://anintroductiontodeeplearningonmeshes.github.io/

3D Meélytanulas

Poligonhalok — Feliileti CNN

Geodesic convolutional neural networks on Riemannian manifolds

- filterbank 1 -
P filters
=
g @@ @{D—x
i rﬁ | " $e-8ol
= S
o @@
=g i
._ ﬁltcrbankQ .
@@ @@—x
__ ©
3 i
' @@ @@— '
fM gﬂ[ | I J [ f8" J
Iupul M-dim LIN RelLU AMP Output Q-dim

30



3D Melytanulas

- g 7 M h ZA k . h E
Poligonhalok — MeshCNN eshCNN: A Network with an Edge

A
7/

/

’
/
,4/ "
§ / f
/// i Z
Vi

/5//

|
/
/

f{ u—rl'w'
’ y ale
RN |

|‘ IC‘—«.”‘
‘b=d/?

Geometric
Features

Invariant
Convolution

Mesh Pooling & Unpooling
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3D Meélytanulas

Poligonhalok — DiffusionNet

DiffusionNet: Discretization Agnostic Learning on Surfaces

. . Computing diffusion A,(u)
DiffusionNet block A pt g} — _M’ =Ty
pers\(:::?er)s( addition imphicit timestep h;(u) := (M + tL) "Mu
- / ) , or
N fast spectral solve oot ]
- precompute _ - = |_| I I I I J h,(u‘i = @ e_'llt o ((DT Viu)
7 [  — s \ 4 .
i Laplace & } ' - B SRIECOIMPLLE
'masspmatrix LM .f,patl.al spatial concat e~ L
| L diffusion gradient features er-vertex MLP ! : | |
| spatial | he(u) y — G P NN\
. gradient G | - e [N, N,N,N) ERVAVAVAVARER Sl LB
| matrix | learned t Wo e |2u]o - learned weights : ] |
L . , per-channel tanh(Re(W. © Aw,)) L L =AiMg; ! :
| eigenbasis 4, ¢ [ d A width: N \  eigenbasis _ , ,
\ (option a|) , % earnc \ o ___ - sampling resolution representation
- - agnostic agnostic agnastic
DiffusionNet
input [ DiffusionNet —— DiffusionNet —— DiffusionNet —— DiffusionNet —  output —>»
U — Ajpu block block block block U — Agu:ll Method Accuracy
GWOCNN [Ezuz el al. 2017] 90.3%
ok el - - MeshCNN' [Hanocka et al. 2019] 91.0%
prockd block 1 block 2 Diog & IISNT [Wiersma et al. 2020] 96.1%
¢ MeshWalker' [Lahav and Tal 2020] 97.1%
. PD-MeshNet' [Milano et al. 2020] 99.1%
f= 01 HodgeNet% [Smirnov and Solomon 2021] 94.7%
/ FC' [Mitchel et al. 2021] 99.2%
e ) DiffusionNet - xyz' 99.4%
g DiffusionNet - xyz 99.0%
— DiffusionNet - hks' 99.5%
learned times o T ‘ ' DiffusionNet - hks 99.7%
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3D Generalas
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Ponfelho diffuzio
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Latens pontfelh6 diffuzio

3D Shape Synthesis with LION

| Generate vector-valued Shape Latent
Variable z; with Diffusion Model
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. Point Cloud Feature

3D Generalas

Halo generalas — Autoregresszio

MeshGPT: Generating Triangle Meshes with Decoder-Only Transformers

Point Cloud Dense Mesh
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Tatiana Tommasi® Daniele Sirigatti* Vladislav Rosov? Angela Dai' Matthias NieBner'

Technical University of Munich!  Politecnico di Torino? AUDI AG?

MESHANYTHING: ARTIST-CREATED MESH GENERA -
TION WITH AUTOREGRESSIVE TRANSFORMERS NeRF 30 Gs

Yiwen Chen'?;  Tong He?', DiHuang®, Weicai Ye?, Sijin Chen®, Jiaxiang Tang’

Xin Chen®, Zhongang Cai®, Lei Yang®, Gang Yu’, Guosheng Lin'', Chi Zhang®'
1S-Lab, Nanyang Technological University — 2Shanghai Al Lab
3Fudan University  “Peking University University of Chinese Academy of Sciences
6SenseTime Research  “Stepfun  SWestlake University
https://buaacyw.github.io/mesh-anything/
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