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Introduction

e Diffusion Process

- Concepts
- Diffusion process
:': Data=2 F B noiseE o 7FH A 2Bt noise = THE = forward process
~Reverse process
s:Noise2ZEH T34 2 5tH datas 2= O L= reverse process &

- Denoising Diffusion probabilistic Models(DDPM)

1 i ] y £
X0~PdacalX) " ~p (x| %0) Xy 'vp(Xp_y |%_5) ' ~p(xr|eroy)

diffusion process q(x;|lx;_y = N(J1— Bexe_1,B:])
t"'ﬂtﬂi 7t= Markov chaing B O{EHA Bi2=7t2~

reverse process Pa(Xe—11X¢) == N (Hg(Xe, t), Zo(Xt, 1))

2r'~N(0, 1) Xy ~p(xroa|2r) 2 ~plx|xz2) Xo'~p(xol%)
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Introduction
 Latent Diffusion Model

- Computational efficiency

-Pixel 3ZH0|A{ Q] X[ X 3} BHA-2 computational cost efficiency &

- Latent spaceOi| A diffusion process &
- Latent Diffusion model
-Real-world & captures}Z| 0= &3

- Stable Diffusion
- Cross-attention layer T+ 2= conditioning variables

Latent Space

a-l-— Diffusion Process ————»
z 2T

Denoising U-Net €p

o

Pixel Space

pq

denoising step crossattention  switch  skip connection concat
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Introduction

» 3D-Aware Generative Models

- Camera pose, 24X 2, 2|2 S0 CH3H explicit SFA =& K|S

- NeRF 7|2t VVolume Rendering AtE

- 7t 2t position 2 2 camera raydi| CHSHO] pixel2| color C(r) =&

C(r) = /,: f'f T(t)o(r(t))c(r(t),d)dt
where T(t) = exp (— [f J(I‘(S))ds)

- GAUDI : A Neural Architect for Immersive 3D Scene Generation

- AHE latentZ2 HEt
- LatentOf| et DDM & &

. Z
- Auto-DecoderS £ 3t scene 244
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Introduction

* NeuralField-LDM[CVPR 23] (Scene Generation with Hierarchical Latent Diffusion Models)

- St open-world 3D & H= 2|2t generative model (‘S 2 E)

HoEol My = 7i%
Tz atol HE M THs

MZ CHE X0 A
2z o|0fX|

NeuralField-LDM Pipeline

1. O|O|X|, At st Sl 5 #0| & Input

2. 2D CNN2 &2 Density & Feature Voxel Grid

3. 1D global latent, 3D coarse latent, 2D fine latent ‘4
4. Latent Diffusion model= &8, latent &5

5. Voxel X{ 44

Sampled Latents

=2 8
-NeRF’s Volume Rendering & A& % Latent Diffusion Model
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Main Method

* NeuralField-LDM[CVPR 23] (Scene Generation with Hierarchical Latent Diffusion Models)

- Method 7§ &

Scene Auto-Encoder

Latent Auto-Encoder

_| Encoding

Encoded Yoxel
Representation

v

Vaolume

Hierarchical Latent Diffusion Model

'
D Gicked 30 Wonel 20BEV |

Condifioning

Rendering

& Lifting

M images +
Camera

Sampling

Voxel Grid

Density & Feature

Output
Image

& Decoding

Generated Voxel
Representation

Sampled Latents

1. Scene Auto-Encoder

- 2D CNN Encoder O| & feature &
density 5

- Density2t Depth O], Occupancy
weight Al At

- Occupancy weight O|- 2, Feature
scaling

- Frustums to world coordinates, &5 =
pUBF2E F

A g d Rk
SOGANG UNIVERSITY

A

2. Latent Auto-Encoder

Encoder

- Voxel= 37l 2| LatentsZ encode

» 1D Global g: Y&l HE

ex) A|ZHAE HE

» 3D Voxel ¢ ; coarse 3D &M X

» 2D BEV(Bird’s eye view) f: fine 2D
3DOJ| A SEtEl residual information

Decoder

- Conditional group normalization layer
- g : conditioning variable

- f : intermediate tensor

9

3. Hierarchical Latent Diffusion Model

- Generative Adversarial network(GAN)
=> ‘28 2oty 4’

- Denoising Diffusion models(DDMs)
=> [ 2 G|O|HAI0] E R, Kot
AlLtE[ R

- (Z ) Latent Diffusion Model

= Z7tCHA Jatent EX MMH =
diffusion model 2| latent distribution

fitting
| VDS \



Main Method

« Scene Auto-Encoder

Scene Auto-Encoder

| Encoded Voxel
Representation

Volume
Rendering
& Decoding
Output
: Image
gé:‘:a:s * Density & Feature
Voxel Grid

Porameters — Training Generated Voxel
—* sampling ] Representation

Independently For Each Image Encode & Get Features Lift Into a Frustum

—

Merge The Frustums Get 2D Features with
Across Different Views Volume Rendering

| v

Decode Features

AW THEED VDS
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Main Method

o Scene Auto_EnCOder N epen-\e:w Li);roc mage ncoae et rea Ur B um
+ 2D CNN Encoder, Hx W x (D + C) AH& =5 '@«: :'I
:+H, W= O[0|X| 2| height width 2 C} 2t Al 47 JMegelhetnat  GeirsoeN s oo

-D : density value

- C : feature vector

-7t 2F == kOl [HE H x W x D size frustum (D : Depth)

- Density value o, Distance between each depth & O|- &, Occupancy Al A
d—1

O(hyw,d) = exp(= D T(h,w,5)07) (1=eXP(=0 (h,w,a)0))
=0

-Occupancy 2 scaling=| O] Feature ¢(h, w) Frustum A&
2 F(h,w,d) = [O(h,w,d)¢(h,w),o(h,w,d)]

- 0|2, shared 3D neural field(X, y, z) Vbensity, VFeat= fuse

:= Frustums to world coordinates

” AW THEE D VDS
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Main Method

» Scene Auto-Encoder

Independently For Each Image Encode & Get Features Lift Into a Frustum

- Volume rendering

-k, V O|& 2D feature map projection Merge Tne Frstums

Across Different Views Volume Rendering Decode Features
ik 5|‘D'”E|' pOoSe 3
,

’ Volume 2D CNN . ‘
. i . %% | Rendering *ﬂ Decoder Eﬂ
- Feature, density trilinearly interpolate Janr

-2D featureS CNN decoderd| fed

-Rendering =l image &= 7t LPIPS
(e L i W
- Expected depth p =8 7t |
e AR v
« L0OSS SotmdNatmra v Y %

Hlmg 27§2| O|O|X[E& ZtZ VGG NetworkOf| ,

=7t Iayerol feature?t =2 2024 &OLUW A, 2709
o = m O

'+ Perceptual Loss (LPIPS) feature7} FAIHA| S 500 UK HE AHE

- Better than L1 or L2 loss

- Depth supervision loss || p — P ||
.= MSE Loss

R 447 T8 I VDS \
SOGANG UNIVERSITY 12 LB

- 1mage Reconstruction loss ||i — ||

(The unreasonable effectiveness of deep features as a perceptual
metric. In Proceedings of the IEEE conference on computer vision

and pattern recognition, )




Main Method

 Latent Voxel Auto-Encoder

| Latent Auto-Encoder

Etdeois! ...... ! ..... !
[ E‘IDG\\MSD n
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Main Method

» Latent VVoxel Auto-Encoder
- Channel W2} Vaensity, Vieat 28}

- Encode voxel into three latents with 2D CNNs
-1D global latent g
:': Global properties(the time of the day)
-3D coarse latent ¢
:'= 3D scene structure
-2D fine latent f

:=Same horizontal size X XY as V

;= Bird’s eye view

» SR
SOGANG UNIVERSITY 14

Latent Auto-Encoder

« T2 detail
-3D CNN CH4l 2D CNN 1= 0] 8
:'=V’s vertical axis channel dimension
-Regularization
= ¢ . Small KL-penalty
;= ¢ : Codebook 1024 entries
:+ f: Codebook 128 entries

VDS
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Main Method

» Latent VVoxel Auto-Encoder
- CNIN decoder

- Latent c : vertical axisOi| [CF2F concatenate
- Conditional group normalization layers with g
- Concatenate f intermediate tensor
- Latent decoder output 7 reconstructed voxel
= 0SS
-Voxel reconstruction loss
si Vo= 7
vDensity Voxel 2.5Hl higher weight
v'To reconstruct the geometry
- Image reconstruction loss
se|li = 2], =7V, k)
vLAES| St 0| TF ALE

v'Scene Auto-Encoder is kept fixed

SOGANG UNIVERSITY 15
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Latent Auto-Encoder

e
a_

Layer Output dimension
Input ¢ (3D) 4% 8x32x32
Concat Z-axis (4 % 8) x 32 x 32
Conv2D 3x3 512 x 32 x 32
MidBlock-CGN 512 x 32 x 32
ResBlock-CGN 512 x 32 x 32
ResBlock-CGN 912 x 32 x 32
ResBlock-CGN 512 x 32 x 32

2 x {ResBlock-CGN
ResBlock-CGN
ResBlock-CGN
Upsample2x }

Combine f
Conv2D 3x3
Split Z-axis (3D)

Table 8. Decoder of the latent auto-encoder

512 x 128 x 128

512 x 128 x 128
1024 x 128 x 128
32 % 32 x 128 x 128




Main Method

« Hierarchical Latent Diffusion Model

Hierarchical Latent Diffusion Model

Forward Process

p(gr)  ReverseProcess  p(go)
Forward Process

p(Cleo) Reverse Process p(Colgo) ggn"gnd. ;

Forward Process

Doto
/ 9 c
\ | VDS |
; H [Y:)

- 3
. ABTH &;_3_ p(fr|g0, co) Reverse Process p( o140, co)
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Main Method

 Hierarchical Latent Diffusion Model —————
- Denoising Diffusion Models(DDMs) m
-p(V.g,e.f) = p(Vlg,c, /)p(flg.o)p(clg)plg) Pl osmes ne

Data
2 AHASH FZE Sl Voxel VFE 7ts -; COénang

" LE [wO)lgo — vyl D] oo ST i)
62490 Forward Process .
Data
E [w A )lleo — Y.y, go, t 2} <
ego.co ( t:]” 0 T;DL( ts 90 )||2 & (?;dnéng -------
E  |w)llfo— s (fer g0, co. ]3] el Ll
t.e.go.co,fo

-y &= 35 7Hs T denoising network
- Latent VVoxel Auto-Encoder

ot B g, ¢, f7} sample 2, latent decoder O| - voxel V 44 7t
- Scene Auto-Encoder

;= Volume rendering 2t decoding step O| %, desired viewpoints scene ‘4

A szugta VDS
S
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Main Method

« Hierarchical Latent Diffusion Model
- T M RARS
- 1D global latent g& 2|8t wi= skip connection= 72! linear layer
= Global latent g= c2}F f& |2t w0l conditional group normalization layer= x| &
-« trajectory ‘S 2= 2 Z 0| ‘where to focus on generating’ 0| &2t &
vtrajectory information©O| gOf| concatenate
-2D, 3D latent ¢, f= U-net 7+ =
= conditioning variable= cross-attention layersZ input
= Self-attention layer 22 extra conditioning information(BEV map)
-2t y= ot H S5 E 0| 20| = parallelotA| g5 7ts
L DO m AN

‘?

.
- s :\‘ \ \‘ _
. .,,4_;, 31_,,_
e ;.“ 3 -

- _
- -
T — ’ b ¢ 3
- 3

_——

..-’ = -~

-
-
-
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Main Method

 Post-Optimizing Generated Neural Fields

Scene Auto-Encoder

Latent Auto-Encoder Hierarchical Latent Diffusion Model

| Encoded Yoxel
Representation

v

'
D Gicked 30 Wonel 20BEV |

Condifioning

| Encoding
& Lifting

Volume
Rendering

M images +
Camera

Farameters Training
* Sampling

& Decoding

Ent: Em:: En
Luten'rs

:yﬂ IDG\\o ol 30 onel m H
i

Density & Feature
Voxel Grid

Generated Voxel
Representation

Output
Image

Sampled Latents

Stable Diffusion

VvLsps = E

et.K

w0V, m), 1) 5]

R AW THEE D
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Main Method

 Post-Optimizing Generated Neural Fields

- Real-world data= &Sl reasonable texture2f geometry 2l 5 7t
-But, CH2F H|O| & &3l st& =l 2D image diffusion model2 O|-&, &7} optimizing 7t&
,gﬂ 'nx )

S f-"" : ,{J’f ' = A ,‘r 4}3,\.‘ R n\\
g ) o~ B ‘ (! 4s 3

» N

& b

IS 4
> -

-

R BTN VDS
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Main Method

 Post-Optimizing Generated Neural Fields
- SDS(Score Distillation Sampling) Loss

- 27| voxel VO A BFE X O 2 ypdate

-Scene2 2 2 H viewpoint renderingdt 2} 0|0| X|0f| CH3H SDS Loss O| 2
- 6m20f| M ZEHO| origin T2 £ uniformly sample

ar(V, n)}

VvLsps = E [‘“’(/\:)(E—@(T(Vsﬂ)ﬁf)) oV

etk
- eg= Off-the-shelf latent diffusion model
~CLIP image embeddings= & ofl finetuned
::CLIPO| O|O|X| 2| &0 CHet o2 2ot S HA
;' Initial rendering image2| Geometry distortion2} texture errors7F 7 AFSoFA| &4

;' Negative guidance O|-& SDS Loss optimizing

g AW THEE D N

SOGANG UNIVERSITY

VDS

-
>
o



Main Method

 Post-Optimizing Generated Neural Fields

- SDS Loss with negative guidance
- Dataset imageZ £ E{ &2 clean image conditioning CLIP embeddings : y
-SamplesZ2F B &2 artifact conditioning CLIP embeddings : y’
- Classifier-free guidance
:= Conditioning vector y, Unconditional embedding with y’

PO o M MZ 2| St ATt £ p(xly)*
- : = or— AJ—|' = V.o = aV, logp(zly) — V. log p(z|y’
P (xly) = S 8 o(zly) gp(zly) gp(zly’)

No
Negative
Guidance

With Post
Optim.

Random
Voxel Init.

R 447 U 8k ;
22
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Main Method

 Post-Optimizing Generated Neural Fields
- Result

Initial e
Sample B

No
Negative
Guidance

With Post TWW" T‘ —_

Optim.

Initial
Sample

No
Negative
Guidance

With Post |,
Optim.

R sAazostan
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Result

Criterion | Method ‘ Depth ‘ VizDoom Replica

- - GRAF [60] X 47.50 65.37

* Basellne CompaI’ISOnS m-GAN [5] X 143.55 166.55
. . FID () GSN [Y] v 37.21 41.75

- FID(Frechet Inception Distance) GAUDI[3] | v 3370 1875
NF-LDM v 19.54° 14.59

~-GANL 2 M d = output} real data
H|m X| &

- Pretrained inception Network2| conv
layer =1} activation Z+ H| 10

Table 1. FID [27] scores on VizDoom and Replica. NF-LDM
outperforms all baseline models. Baseline numbers are from [ 3].

Criterion | Method | Depth | Carla ~ AVD

EG3D [0] X 76.89 194.34
. - FID GSN [Y v 7545 166.07
- FVD(Frechet Video Distance) D b | 5 e oo

- S H|C| A|RA ZHXO| &5
-FIDQ| Z2H%tut
- ZF A[ZEAE AEREEA 10 e

— 1 —
« Xt

- EG3D and GSN (outdoor)

Table 2. FID [22] scores on Carla and AVD datasets. Baseline
models have trouble learning the distribution of complex outdoor
datasets, in particular AVD, while NF-LDM models them well.

Criterion | Method | Depth | Carla ~ AVD

EG3D[6] | X | 13494 123238
: FVD GSN[9] | v | 18430 1659.81
- GAN-based 3d generative model W NELDM | ~ | 91.80 24250

- GSN(FVD for indoor)

- Inconsistent rendering

g AW THEE D N

SOGANG UNIVERSITY

Table 3. FVD [77] scores on Carla and AVD Datasets. As for FID,
baseline models have trouble learning to model complex datasets.



Result

 Baseline Comparisons

- Qutdoor Scene - Indoor Scene

Front-Left Front Front-Right

Z
w)
O
c
Q
0
2
@
c
o)
0
o)
o

Reconstruction: Ours

Figure 6. Generated Scenes: The top three rows are samples from
Carla, and the bottom three rows are samples from AVD. Figure 8. Reconstructing held-out scenes not seen during training.

g B THSED VDS \
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Result

» Ablations

- Hierarchical structure

| Coarselat. ¢+ Finelat. f + Global lat. g
FID () |  46.43 43.52 35.69

~Global latent g7} FID X| 20| & g2 FT= AS

b

ot

o

s
- Scene encoder2| voxel size

~-Voxel size7} sceneQ| detailS ZAtst=0| Qs Z{O 2 HICt

:=Voxel I} encoder frustum?@| size7} H & 4£==
| 32x32x8 64x64x16 128 x 128 x 32
Percept. Loss (1) | 0.3508 0.2688 0.2237

- Generative model 0| Al R0 A high-dimensional voxel modeling
-128x 128 x 327t HEHQN EEHE ME = JtsTt &2 A 7|

p(legO, C()) Reverse Process p(folgo, CU)

R AW THEE D
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Forward Process

. forward Process
—
p(gr)  ReverseProcess  p(go)
Forward Process

Data
Hc

2 Conditioning
79

pler|ge) ReverseProcess  p(co|go) E?‘Sﬁii""'.j

Forward Process

<
‘

Data

[ B

Conditioning

pixel-level detail 7} 7| CH

challenging

o5 L
2= =el 7ts



Result

» Ablations

- Latent Encoder
- 2 voxel2 O L} reconstruction® M|-&5hX|0F A4 mEo] HEF =T}

- Latent encoder2| downsampling =.7| H|
| ds=16 ds=8 ds=4
Vox. Recon Loss (/) ‘ 0.6076  0.5949 0.4915

-Downsampling factor(for coarse 3D latent)/| 4L |, S =95| £3 75t HE &2 =0l

- Explicit Density

'8

-Occupancy HA[H 0|52 S5, frustum EE
-2 AN EEE SR EN FIHEC

R AW THEE D
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Conclusion

» Applications
- BEV Conditional Synthesis
- Additional conditioning signal 0|-&
:': BEV segmentation map

- Cross attention layer 0|2

-BEV map conditioning®{l CCt2}
reconstruction 21 HA =20l 7t

A szuta
O\

SOGANG UNIVERSITY

30

+ Add Trees

+ Edit Car




Conclusion
» Applications

Initial
Sample

- Scene Editing in 3D coarse latent @
-Image inpainting without explicit training

Re-sample AT
-3D coarse latent c2| £ F Y resampling e "ol £ Sl
= 2t denoising stepOf| A EE SO

noise =7}, sampling = ¢! %4 ini,

Center |

A A5t diffusion model & 1t @ -
-MER cE 22 F, fine latent EEBF s
conditioned on c= re-sample Initi
Sample

Re-sample
Right Half

Re-sample
Center

PR A% ndhan
@" SOGANGUNIVERSITY 31




Conclusion

» Applications
- Stylization(Post-Optimization)

From-Leﬁ

Combined
Sample

Combined
Sample

Back-Left Back- -Right

Back-Left

g d R
OGANG UNIVERSITY 32




Conclusion

e Limitations

- NeuralField-LDM2| + X2 = 1 &

-t A|ZHdb sampling £ £9| Z

- Neural field2| voxel grid £ 2

— CH 2t sparse representations 2 2

>

2 4 A NAd= /ts

volume render®} diffusion model H| & =7}

-More efficient sparse voxel representations

s Ot 2 2 M A H O] H

R EERSIPEEL R

- Multiview O| 0| X| 2

Ef

—Universal problems2t overfitting =& <& =X|

-AVD2| Z& sample2| CtAHO| Mot U E Zd2 limited number of scenes [ &

A szuta
S
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Dataset

* VizDoom

- Front view sensor observations obtained by navigating inside a synthetic game
environment

* Replica

- Reconstructions of 18 indoor scenes, containing 101 front-view trajectories
* Carla

- Open-source simulation platform for self-driving research

- Six cameras (front-left, front, front-right, back-left, back, back-right), covering 360
degrees with some overlaps

- AVD

- In-house dataset of human driving recordings in roads and parking lots.

g AW THEE D .
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https://dlaiml.tistory.com/entry/Score-based-Generative-Models%EA%B3%BC-Diffusion-Probabilistic-Models%EA%B3%BC%EC%9D%98-%EA%B4%80%EA%B3%84
https://dlaiml.tistory.com/entry/Score-based-Generative-Models%EA%B3%BC-Diffusion-Probabilistic-Models%EA%B3%BC%EC%9D%98-%EA%B4%80%EA%B3%84
https://dlaiml.tistory.com/entry/Score-based-Generative-Models%EA%B3%BC-Diffusion-Probabilistic-Models%EA%B3%BC%EC%9D%98-%EA%B4%80%EA%B3%84
https://xoft.tistory.com/4
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