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Outline

* Paper review

- Text-guided 3D scene generation
- Text2Room: Extracting Textured 3D Meshes from 2D Text-to-Image Models (arXiv, 2023)

- Novel view synthesis

-Painting 3D Nature in 2D: View Synthesis of Natural Scenes from a Single Semantic Mask
(CVPR, 2023)
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Task introduction

 Text-guided 3D scene generation

- TextE Q85}10] 3D sceneE M MHsH= EjAA

- ObjectO| =t k[= Z 0| OfL|2} =F-2 objectt +ZX QO 2 A2 O|F 0Tl HA| scene2| meshE

4 -d5tCH= FOj|A] 2Bt text-guided 3D generationt X}O]

22 5
- 3D text-to-image 2 -2 A2 510§ 3D object (scene X)= A
'« i 2F2| 3D datal| £ 2 2150 £7 domain0f| =3t
- OIS B 2t5H7] 2|8l 2D text-to-image model = AFESH0{ 3D ‘4H0| HEA|7|2 = A=

:'+ 2D text-to-image2| generalityE O|-835+0| £7 domain0j| =2tX

A2 =R

- 2D text-guided image 2 22 AME5}H0] 3D scene generations Sh= =& 28 =X
:' Text2Room: Extracting Textured 3D Meshes from 2D Text-to-Image Models (arXiv, 2023)
;' SceneScape: Text-Driven Consistent Scene Generation (arXiv, 2023)
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Paper review

» Text2Room: Extracting Textured 3D Meshes from 2D Text-to-Image Models

- Method summary

4

3 living room with lots of bookshehes, couches, and small tables'

(a) 3D Mesh Generation from Text (b) Rendered Image + Mesh

- Scene< iterative®t WA 2 27| CHE viewpointOf| A A E
s Ih2E 4 7t viewpointS LHEHH

;' £|F output?! 3D textured meshe= texture2} geometryS E 3t
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Paper review

» Text2Room: Extracting Textured 3D Meshes from 2D Text-to-Image Models

- Method summary

Sample © Generate \\
- Pose — & Updatex—
& Text =& Mesh r

(a) Scene Generation Stage (b) Scene Completion Stage

_oCHAH|Of| AKX A] KIS
(a) Scene layout2!t objectS 24,
v7tH2t2| Zf pose= M{E A dd =l geometryE meshOf| =7t
(b) ¥el= =7t 7t 2t Z=E ME TSI 3D geometryOf| A H2 HZ B S
A

= o
v (@)l A layout2t objectE ‘4ot F 2| ub7d

>~
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Paper review

» Text2Room: Extracting Textured 3D Meshes from 2D Text-to-Image Models

- Iterative scene generation

Yitchen"

|
v

Ly Text2llm.age
Inpainting

v

Mono Depth =
Inpainting

v

Depth .
Alignment E r
Mesh Filter o = i

& Fusion <

- Render: Zf 7t 2t poseOil CHSHO] & Xl mesh 2 F H partial RGB2t depthE TG & Text2Image
inpainting EE*'I'J Monocular Depth Inpainting 2 &= A& 5] partial renderingsE 2

- Refine: Depth Alignment2} Mesh Filtering=S S8l %|& 2| mesh patchS A &I H O]= 7| =0

meshOl| 2t H{X|A| &
— Repeat: IterativeStA| render, refine 0t 2 HHE

R AW THEE D
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Paper review

» Text2Room: Extracting Textured 3D Meshes from 2D Text-to-Image Models

- Iterative scene generation
-Scene= meshZ BEH
M =(V,C,S)
vV = vertices
v'C = vertex colors
v'S = face set
- X| OF HHEH Of input= arbitrary text prompts
s+ {Pe} =1
- Z} arbitrary text prompt= Ol & k| = 7t 2} 2= Z=X
s {Eez}ioq
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Paper review

“prompt™: "floo
“negative prompt":
"fn_name™: "sphes
"fn_args™:
"height": 0.2,
"radius™: 1.0,
"phi": 35.0
’
"adaptive”:
{
"arg”: "radius”
"delta™: 0.3

"prompt”: "floor
"negative prompt":
"fn_name":
“fn_args”:
"height": -0.2,

"rot”: -15.0

“prompt™: “ceiling i
"negative_prompt”: "
“fn_name": lef
"fn_args"™:

"height”: e.

Mot s .
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Paper review

» Text2Room: Extracting Textured 3D Meshes from 2D Text-to-Image Models

- Iterative scene generation
-2} generation step tOtCH Al 22 view point0il CHSH $4XH sceneS HEH 2
sily, de,my = (M, Ey)
vI; = rendered image
v'd.= rendered depth
v'm; = image-space mask
. 2HEHEl content7t S = pixelZ HA|
vE; = selected camera pose
- Text prompt0]| S0 2HE E[X| Q2 pixel== inpaint
sily = Frpi(Ip, me, Py)
vFy; = text-to-image model
vI, = inpainted image

v P, = text prompt
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Paper review

» Text2Room: Extracting Textured 3D Meshes from 2D Text-to-Image Models
- Iterative scene generation
- Monocular depth estimator F; = AME5H0] 2 E| K| B2 depth= aligndt ] <

'::“d\t — allgn(:ll—"d,lt, dti mt)

- OtX| 2t 2 = novel content {I;, d;, m;}E 7|& mesh2} == 0| A H|A|St= fusion
scheme2 £ g4l

Pr My = fuse(]\/[t, I, d., me, Et)

R 447 U 8k
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Paper review

» Text2Room: Extracting Textured 3D Meshes from 2D Text-to-Image Models

- Depth alignment step
-d, = align(Fy, 1,,d,, m;)
-2D O|0|X| Z 3D= H25t7| | A= depth 27t ER
SA|2F 2f Zt0f|2f = =0iCh 5 2ok 2 M| 0f| CHSH A CHE depth& 0SS == AU=S

AA O
s 7| & content2t AH 22 contentE € & [ &2t object”} H|== 2t depthOf| /| X[St ==
aligningSt= 1HEH0| EQ

- Depth alignmentZ 2CHA|Off ZH A =3
:': 7| & partial depthE GTE F/ =5t M&2 0| =2t depth= align

-I_

\/dp — Td(l, d)
;= Scale, shift ItEt0| B & Z[ X 2t5H0 0SSt depth®f rendered depthl| AHO| & Z| A2}
pplofz+n-3
vAligned depthS ==
ed=y- dp +p
N AT TS VDS
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Paper review

» Text2Room: Extracting Textured 3D Meshes from 2D Text-to-Image Models

- Mesh fusion step
~Miy1 = fuse(]\/[t, I, at:mt» Et)
~Mesh fusion= 47 2| step2 2 O| F O &

1. 7t HN O|0| X| 2] pixel== point cloud Z backproject
W,H

.. . - — 3 T
ye P = {Et 1K= (u, v, d; (u,v)) }uzo,vzo

v K = camera intrinsics
. Camera extrinsics = 7tH| 2t2] A X| 0|, &ak &
. Camera intrinsics = ZtH| 2} =28 AH2|, S ™ & 70| 2F AHA| 2] LfEA Ol mf2t0| E

vu, v = EHA [ width, height 2| X
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Paper review

» Text2Room: Extracting Textured 3D Meshes from 2D Text-to-Image Models

- Mesh fusion step
2. 4711 2| O| Z5t= pixel 22 F 7H2| &4 (face)= SO F

s{(w,v), u+ Lv),(u,v+1),(u+1,v+1)}

b

[ot

A
v

(a) Pixel Triangulation
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Paper review

» Text2Room: Extracting Textured 3D Meshes from 2D Text-to-Image Models

- Mesh fusion step
3. Face ZH &

;' Monocular depth estimator2 Of| Zot ZF /A 9| depthOf| £-30]| B 7| I 20| natett

triangulation 3D geometryE =O{E2 = S

[t2tA 274K| 7| =2 2 faceS ZE SO K| AHE
vEuclidean distance 7| &2 & face edge”| threshold 8,44, 2L S 39 EHE
74

o
vViewing direction2} surface normal AFO|2| ZF & 7} threshold §,,, 2Lt 2 4%

ZE
S = {(ip iy, ix)In"v > 8¢}
« S = face set

e (ig, iy,1,) = &5 2 9| vertex indices

g « 8, = threshold
- n = normalized face normal

S ‘ - v =world space & 0| A ZtH[2t2| SHH 2 HE H4H | SHE S &2 normalized
(b) Face Filtering viewing direction

| 541 % ndka VDS
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Paper review

» Text2Room: Extracting Textured 3D Meshes from 2D Text-to-Image Models

- Mesh fusion step
4. Mesh fusion

sz Inpainted G0 3l D St= & A ZFH backprojectE pixel 2

Q| faceE2 7| & mesh2| face0f A& =

NN
ANANAN

ANANAN
ANANAN

(c) Mesh Fusion
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Paper review

» Text2Room: Extracting Textured 3D Meshes from 2D Text-to-Image Models

- Qualitative results

iy il
m munil | }Ew].'%

. S

Editorial Style Photo, Modern Living Room, Large Window, Leather, Glass, Metal, Wood Paneling, Apartment

:

 a > e > \ ]
1S ABTH §|_'. T Editorial Style Photo, Modern Nursery, Table Lamp, Rocking Chair, Tree Wall Decal, Wood, Cotton, Faux Fur
, SOGANG UNIVERSITY 16




Paper review

» Text2Room: Extracting Textured 3D Meshes from 2D Text-to-Image Models

A

- Quantitative results

A g d Rk
SOGANG UNIVERSITY

Method 2D Metrics User Study
CST IST PQT 3DST
PureClipNeRF [ +] 2406 126 234 2.38
Outpainting [55, 57] 23,10 1.60 290 2.58
Text2Light [ | 1]+4Ours 2599 221 282 2.97
Blockade [ 7]+ Ours 26.29 213 3.35 3.36
Ours w/o alignment 26.73 1.78 3.12 2.96
Ours w/o stretch removal 27.72 1.86 3.28 3.75
Ours w/o completion 2797 218 3.2 3.87
Ours 28.02 231 4.01 4.19

Table 1. Quantitative comparison.

17

We report 2D metrics
and user study results, including: Clip Score (CS), Inception
Score (I5), Perceptual Quality (PQ), and 3D Structure Complete-
ness (3DS). Our method creates scenes with the highest quality.



Paper review

» Text2Room: Extracting Textured 3D Meshes from 2D Text-to-Image Models
- Limitations
-gAw 28
s = stretched regions A A[SHA] & = U2, O|= Q5 &ff 50| H= &= US
=

o)
- =1=2| scene representation= =& 2 £ £ H texture
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Task introduction

* Novel view synthesis

- 7| Z=0f BHEL|X| &4 ME2 Al ™ (view point)Of| M M EE= K| E T M
- Single semantic mask= AFE 50| Xt scenel| novel viewE &dst= E4 240 &

- Semantic maskE &3 ZHCE AR EMN 0| F HESIH 3D contentsE ZHE+= 2 YO0| 7ts

7| E e
- 2D semantic image synthesis method
.= underlying 3D world S 112 5}X| @O} free-viewpoint videoS M A 5t= IO AF2E 4= S
- Single-view view synthesis method
.- TestA|Of| = single image 2t & Q S} X|

|'EI

t 3t& O|O| E{ 2= multi-view imagesS 21
;= TestA|Of| = single image T+ 2 2 5HX| 2t E-& Ofeff D &N &H &t& OO B 2= multi-view imagesS

2757| 20 i =& taskOll = 7| & HE HE0| 022

|'EI

TRAIN TEST Output frames

Input image

g AR THED . I VPES \
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Paper review

« Painting 3D Nature in 2D:View Synthesis of Natural Scenes from a Single
Semantic Mask

= Summary

- Single -view image H|O|E{ Ml © £ S+5 0| 745 Bt semantics-guided view synthesis of natural scene
THYKAAE Kot

:: TaskE O 7ttt task 2702 T2

vNovel view2| semantic maskS ‘& &
. & semantic maskS SPADE 22 S AtE30] RGB O|0|X| 2 HEt
- Depth estimatora A2 SH0 RGB 0| 0| X[ 2| depth map= T
- =73 &l depth map= AHESHY 3 semantic maskS novel viewE warp

vSPADE 22 & AtE3I0] MM El semantic maskE RGB O|O|X| 2 Hzt

- SPADE 2 &2 AFE35H0] M =l semantic maskE RGB O|O|X| £ 3t
=+ Inpainting model 2 4 435t semantic mask+= view inconsistent®t Z 20| US

;= ViewsOFCF CHE AbABE X}O| &= content 0| Al & X}O| & BHE O &= U 7| I 20f O| &
sHzsH7| 9t

R B THSED VDS
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Paper review

« Painting 3D Nature in 2D:View Synthesis of Natural Scenes from a Single

Semantic Mask

- Pipeline

"\ / Generating semantic masks
with inpainting network

Input

\
PN

A

Learning a semantic field

representation ground truth images

o
(" Learning a neural scene ) [~ Generating pseudo ) Rendering multi-view
consistent semantic masks

Optimizing 3D neural fields from a single semantic mask

- Pipeline2 2tHA 2 71 &

:': view-consistent semantic mask S 44 4

;s PADES AFE S multiview semantlc maskE Z 2{ O|0|X| 2

2|3l neural scene representations =+

R AW THEE D

SOGANG UNIVERSITY 21

Single-view image collections

Learning a priori knowledge
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Paper review

« Painting 3D Nature in 2D:View Synthesis of Natural Scenes from a Single
Semantic Mask

- Generating view-consistent semantic masks
- Depth-based warping technique AtE

- 212 semantic map= SPADE & A&30| RGB O|0|X| 2 gt

;= monocular depth estimation network & A& 50| 44 =l RGB 0| O] X| 2| depth map= Gl =

« 0| F =l depthOl| 7]2+SHY 3D triangular mesh &4 -

;= semantic mask= mesh= H2HE|[ O, S| & SH= semantic label 2 M2 &2

- MM E| 3D triangular mesh= depth map2| 2H &40 2 Q8| 71X SIX| S Z gt 0| | A3}
2|5, MZ M verticesE 7}E! AKX E XA

s gl 3D triangular mesh= depth mapl| 2H&H o2 QIsl 7t SUX|E et 0|2 S| As}7|
& OH ME M verticesg 71! AUX[F | A

PR s5mska VDS
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Paper review

« Painting 3D Nature in 2D:View Synthesis of Natural Scenes from a Single
Semantic Mask

- Semantic mask inpaintina

I; S.. D, S.'_._,'.r),'_,j Sicsji

. Supervision ,MQ‘ Input

T2 El A Z inpaintSt7| 9/l self-supervised 7| &= AHE S} single-view natural imagesE semantic
mpalntmg networkS 2 &

s+ AFE 2 3 El image segmentation model 2t monocular depth estimation model & AHES}0] natural
|mages°| semantic mask 2} depth map ‘8 -d

=+ ZF training iterationOFCH source image ;£ HIO|H A0 22 MEE

- Depth map D'S AFESH0] &= semantic mask S; S random target view j = warpingSt 3| warped
semantic mask S;., 2t target view jOi| A{ 2| depth map DN E 4-d

= Semantic mask S(;, ;) & CtA| source viewZ depth map D7) & Ar&3}0f warpingdto] 73 rl ;DS I

R S5 CH &;‘D‘ U= semantic mask S, ;S &S

SOGANG UNIVERSITY 23



Paper review

« Painting 3D Nature in 2D:View Synthesis of Natural Scenes from a Single
Semantic Mask

- Semantic mask inpaintina

. Supervision |

- F2HEl S Y= inpaintdt”| 2|3l self-supervised 7| 'EH = AFE 5] single-view natural imagesE semantic
inpainting network & 2 &
;: OFX|2F 2 2| semantinc inpainting networkOf| S, ;& Yot 28 A|7] 1= inpainting. =
semantic mask S; 2t &7 X| = st&
-HAE AlOf& 22| 2 viewpoint setS A
warpingSt O] warped semantic maskS 24 4.
inpainting

215t &= F0{ Xl semantic mask S, S O| viewpoints2
[= inpainting network= AH& 5} disoccluded Y2

| UK
10

A szuta VDS
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Paper review

« Painting 3D Nature in 2D:View Synthesis of Natural Scenes from a Single
Semantic Mask

- Semantic field

- Inpainted semantic mask”} view-consistentStX| 352 4 SPADEE ‘d-/d ot 0|0 X|0f| A & artifacts7}
A M 5|

un

;2 O] M| & S| 252Xt semantic fieldES = 43X inpainted semantic maskE 8 & ot =0|=
A A

- 3D scene2| semantics2t geometryE HE210}H7| 2[5 = ¢

- Continuous neural field| A= MLP W E 23 f 6= 3D S0 M2l 2|9 2| QI E xE SDF 4/
det &7t O|X z2 0fE. 1 ChZ CHE MLP W E 3 £ o7t intermediate feature zE semantic logit s2

Off &
- Signed distance field (SDF) = M2 2 2 H 7% 717t EHILX| 9| HE| S LIEI = 3f
fo:xeR*— (deR,zcRY W
fo:zeR s seRM
R S THSED VDS
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Paper review

« Painting 3D Nature in 2D:View Synthesis of Natural Scenes from a Single
Semantic Mask

- Semantic field
- %|& semantic probability= Of2ff &1 ()2 20| Fo| &

;- Foreground 2t sky= 0% Ee2| EO{AH 7| &0 B = X

:: Sky= M 2D plane2 2 7} &|H semantic probobality= 2 H ot A3t HIE p skyZ HO| =l

22T fg= 7HHI2F 24 r2 2t foreground 2| X E 1= (transmittance) 0|, P_fge= &I & =

semantic logit% softmax 2{|O|0{ & & &350 &2 semantic probabilityO| Ct.

g AR THED N VPES
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Paper review

« Painting 3D Nature in 2D:View Synthesis of Natural Scenes from a Single

A

Semantic Mask

- Semantic field

- Training loss

A g d Rk
SOGANG UNIVERSITY

Semantic field. To optimize the semantic field, we use the
following overall loss function:

L :J‘ﬂﬁdeplh + A1 Ligans + A2Lp + Az Leikonal

(9)
+ )'l—'l-lcmnk + )'t:'}ﬁsrc-,

where A\g = 0.1.A; = 10X = 1.A3 = 0.01,A;y =
0.1, A5 = 1. The Laepth. Lirans and Lp are defined in the
main paper.

27
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Paper review

« Painting 3D Nature in 2D:View Synthesis of Natural Scenes from a Single
Semantic Mask

- Semantic field

- Cross entropy loss

;= Rendered semantic probability P(r) 2} infilled semantic mask 2| semantic probability P*(r)2| cross
entropy lossZ semantic fieldE &

Z E P} (r)log Py(r (3)

reR k=1

- Scale-and shift-invariant loss
;' Rendered dapth map D2} predicted depth map DA2| X}O|E Al AHSH| IBHA AHE
vR'2 camera rays of image pixels (sky region= K| 2|eh= 2|0
vwat g scalel} shiftE scalingdt”| $Ioi A AL

Lo = »_ [(wD(r) +q) —D(r)|*. @

reRS

” BTN VDS
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Paper review

« Painting 3D Nature in 2D:View Synthesis of Natural Scenes from a Single
Semantic Mask

- Natural scene representations

- Multi-view masksE Ht 2 RGB O|0| X| £ H2t5= A2 multi-view consistent?t O| 0| X| & M A4 5} X]|
EOF

- O|E ol Z3}7| I8l SPADEZ HE| &2 appearance information= fuse™ &= QU+ natural scene
representations &

- Appearance field: "To represent the scene’s appearance, we recover an appearance field"

ferxeRP*—»ceR?

.= Appearance fieldOf| A point x= tri feature planesOi| orthogonallyStA| projected = O 371 2| feature
vectorsZ} & 01 &, O] 2/t feature vectors= €t X M final feature vector7t & O &

2 MLP(CHE A E2) HER I E AHE 510 aggregated feature vector| Al RGB 4= =]

R B THSED VDS
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Paper review

« Painting 3D Nature in 2D:View Synthesis of Natural Scenes from a Single
Semantic Mask

- Natural scene representations

- ot5 50| M geometry network 97 1173 E| 11 appearance network+= perceptual loss2} adversarial loss =
x| X 3}l

- HX S5 =l semantic fieldS AF 0] multi-view semantic maskS H H 2l s+ & 0| S SPADEZ
O|0|X| 2 Hi2,
- Adversarial lossO| A| = =&l 0|0|X| C7t "fake" M=l o|OfX| C"7f "real" MEZ0| =lC}.

AH
d
= semantic fieldO| A| L}-=2 mask& HI 2 SPADEZ H 2ot O|0|X|-& HZk=l O|0] X| (rendered image)
JE|I'_ appearance fieldOf| A| LI featureS AF23H0] MLPZ A d 5._F O|0X| E 44 =l o|O[X]|
(generated image)

- HetE O|0fX| et ‘d-d &l O|0|X| cr& H| St | 2|5l perceptual loss7 AHE &.

Lew (€,€) = |[0(€) - 9(O)_, ™

R B THSED VDS
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Paper review

« Painting 3D Nature in 2D:View Synthesis of Natural Scenes from a Single
Semantic Mask

- Qualitative results

e S
P o 7 uhen i

R HAB gk ,
< ~ Nag 3 63 P 8l *T1¢ i
6 SOGANG UNIVERSITY Remintie:Mask Ours 3DPhoto [6.1] AdaMPI [20] GVS*[19]  InfiniteNatureZero [ 6]
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Paper review

« Painting 3D Nature in 2D:View Synthesis of Natural Scenes from a Single

Semantic Mask

- Quantitative results

SOGANG UNIVERSITY

A szuta
S

Methods FID] KIDJ
SPADE [5”]+InfiniteNatureZero [70] 149.80 0.080
SPADE [52]+3DPhoto [61] 127.74 0.064
SPADE [ ]+AdaMPI [ 2] 185.96 0.115
GVS* [19] 141.64 0.084

Ours 109.85 0.050

Table 1. Quantitative comparisons on the LHQ dataset.
“SPADE + *” means a two-stage pipeline that first generates
an image with SPADE and then performs single-view view
synthesis. “GVS*" means that we train GVS on the LHD

dataset using the strategy in AdaMPI.
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