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Text to 2D Generation
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[1] Rombach, Robin, et al. "High-resolution image synthesis with latent diffusion models." CVPR 2022.
[2] Saharia, Chitwan, et al. "Photorealistic text-to-image diffusion models with deep language understanding." NeurlPS (2022)
[3] hitps://www.midjourney.com/



Some existing methods ...

Text2Room
Magic3D / ProlificDreamer / DreamFusion SHAP-E GENIE by LUMA Al

Input : Text prompt

Input : Text/Image prompt Input : Text/ Image prompt Output: textured mesh of scene

Output: Mesh with texture _ Output: Mesh V\I/_'th teXtLrJ:e Jobject Input : Text prompt
+ Time consuming (2-3 hours for 1 object)  + Very poor quality mes . Poor quality mesh and initial camera

- Poor ql_la“ty mlesh _ + No editing, articulation - No editing, articulation coordinates

- No editing, articulation Output : mesh of a
- Janus problem Set the Scene Scene Scape room

- Non intuitive,
require multiple
negative prompts

- Poor quality mesh

Neural Articulation Prior

¢

Input : Object part latents g = . N(t)i eo:ltlt?gr;
Output: Articulation between  Input : Text prompt and object meshes Input : Text prompt articuiatio
object latents Output: textured mesh of the room Output: tex_tured mesh of scene
- Dataset specific resembling the text prompt and given - Poor quality mesh
- Non-intuitive, every object mesh . N_o con5|sten9y

needs to be convertedtoits . Poor quality mesh - Time consuming and .

part latents . Time consuming (3-4 hours for 1 object) computationally expensive

- Poor quality missing parts . No editing, articulation - No editing, articulation



Some existing methods ...

A castle-shaped sandcastle
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Dreamfusion Magic3D LatentNeRF Fantasia3D SiC

[1] Poole, Ben, et al. "Dreamfusion: Text-to-3d using 2d diffusion.” arXiv preprint arXiv:2209.14988 (2022).

[2] Lin, Chen-Hsuan, et al. "Magic3d: High-resolution text-to-3d content creation." CVPR 2023.

[3] Metzer, Gal, et al. "Latent-nerf for shape-guided generation of 3d shapes and textures." CVPR , 2023.

[4] Chen, Rui, et al. "Fantasia3d: Disentangling geometry and appearance for high-quality text-to-3d content creation." ICCV, 2023.

[5] Wang, Haochen, et al. "Score jacobian chaining: Lifting pretrained 2d diffusion models for 3d generation." CVPR 2023.

[6] Wang, Zhengyi, et al. "Prolificdreamer: High-fidelity and diverse text-to-3d generation with variational score distillation." NeurlPS (2023).

ProlificDreamer



Why Text to 3D not progressed ....

Data scarcity

2D Dataset
LAION (5.8B)

3D Dataset
ObjaverseXL (10M)

https://objaverse.allenai.org/



Existing tools for 3D creation

@

UNREAL

ENGINE

High quality 3D assets
Expert 3D artist required
Time consuming and expensive

Assistive tools are coming up

& D
Blender X GPT-4




Different Categories

No 3D Data

Large - Large vision-
text-image corpus language model

Pepper the
aussie pup y

Prompt-based optimization of
differentiable 3D representation

| A

| CUP || DALLE-2 |
| ALIGN || IMAGEN |

AVA
(— AVAVA
NeRF DMTet

Unpaired Text-3D Data

3D shape corpus

Learned 3D shape priors

Shape Shape
‘I | ' Encoder Decoder ‘ I | ’

Hybrid3D

Paired Text-3D Data

“ ” “a tall brown table”
w “a brown table with four legs”

b\ﬁ “a gray, cushioned chair”

Aligned text-3D embedding

“a brown “a gray,
a tall Tye w table with cushioned
brown o Sl o four[egs 53 chair”
table” T, g

[1] Lee, Hanhung, Manolis Savva, and Angel X. Chang. "Text-to-3D Shape Generation." Computer Graphics Forum. Vol. 43. No. 2. 2024.



Different Categories - Training Paradigm

3DPT 3D Paired Text (3DPT)
“an office - Requires paired text-3D data which is limited.
chair”
* Generation limited to observed data.

[1] Lee, Hanhung, Manolis Savva, and Angel X. Chang. "Text-to-3D Shape Generation." Computer Graphics Forum. Vol. 43. No. 2. 2024.



Different Categories - Training Paradigm

3DPT 3D 3D Unpaired Text (3DUT)
“an Off Ice - Leverages 3D data to train 3D generative model.
chair”
» Bridges text and 3D using images.
Inference - I -

» (Can use vision-language models to generate
captions for 3D data, reducing to “Paired”
scenario.

) “a brown “agray,
/ “atall T1° 'V table with cushioned /
| brown Sl ° four legs” 53 chair” ;’
table ) i

” TZ T3 0 bﬁ

3DUT Aligned text- 3D embeddlng Tralnlng

[1] Lee, Hanhung, Manolis Savva, and Angel X. Chang. "Text-to-3D Shape Generation." Computer Graphics Forum. Vol. 43. No. 2. 2024.



Different Categories - Training Paradigm

Differentiable 3D

A Ll |
AVA

AVAVA, O

DMTet NeRF

LN N

o”,

Gaussian
Splatting

“an office CLIP,

chair”

No3D
e
—
s

[1] Lee, Hanhung, Manolis Savva, and Angel X. Chang. "Text-to-3D Shape Generation

No 3D Data (NO3D)
No 3D data for training.
Multi-view and structure consistency is an issue.

Uses images as bridge, typically with
differentiable rendering.

Conceptually can generate arbitrary 3D content.

Per-prompt optimization, slow.

." Computer Graphics Forum. Vol. 43. No. 2. 2024.



Different Categories - Training Paradigm

Hybrid3D
« Combine text-to-image and image-to-3D
Text Image 3D methods.
3D ﬂ yistillation | ©  Enforce 3D consistency using 3D-aware text-to-
T2 Auvaie % oss image models or multi-view images.
Model 2]

I i I ] f 9, ,“_L“’.: ’..‘_": L | | ¥
o | g 5. |
I 4

office .
chair” b Forward || Point Cloud / NeRF
Hybrid3D —— / SDF /DMTet

[1] Lee, Hanhung, Manolis Savva, and Angel X. Chang. "Text-to-3D Shape Generation." Computer Graphics Forum. Vol. 43. No. 2. 2024.



Text-to-3D Diffusion Models - No 3D Data

Can we generate a 3D object from its 2D images ?

' -
e Vo
NeRE Gaussian

Splatting




Text-to-3D Diffusion Models - No 3D Data

g
_. Input : Set of images with camera poses

 a— Output : An implicit representation of 3D object
NeRF

o 1. Render an image from a specific view using NeRF
The optimization loop 2 Compute the loss between rendered and ground truth image
3. Compute the gradient and update the NeRF using gradient descent

5D Input Output Volume Rendering
Position + Direction Color + Density Rendering Loss
2,0, RGEB
f’ g ¢) _bl]["]-»( %) \ Ray’1 v Ray 1 /—\4 2
oo .f')' FQ Ray 2 %oﬂ ) / .-g.t."
2 255 oy 4 2

- /RM Y

Ray Distance

2
-g.t. ||
2




Text-to-3D Diffusion Models - No 3D Data

' Do we need many images ? NO, but... additional information would b€ required

| a—

Few-shot view
synthesis

DietNeRF

Lsc(I, 1) = M) T p(])

Leverage CLIP’s prior knowledge.
CLIP (ICML 2021) : A text-to-image model

It takes a text-image pair as input and compute
the alignment between them.

— “a bulldozer is
)T @MQET;S a bulldozer
5 from any
perspective”




Text-to-3D Diffusion Models - No 3D Data

ero-shot view
synthesis

(CVPR 2022)

Input : A text prompt but no images,
Output : A 3D shape
How ? : Maximize the similarity between a rendered image and the input prompt in the CLIP embedding space.

sample outputs

a robotic dog. a robot in the A boat on the water tied down to
Transmittance loss shape of a dog. a stake.
“* :> ET encouraging sparsity
[:. ﬂ Transmittance —

Neural Radiance Field

& &

matte painting of a castle made of matte painting of a bonsai
%‘ugn&enlted £CLIP cheesecake surrounded by a moat tree
encering made of ice cream

Caption: “Washing blueberries” I:> ‘




Text-to-3D Diffusion Models - No 3D Data

Can we do better than CLIP , in terms of evaluating the similarity/plausibility of the rendered image ?
Image Diffusion Models? DreamFusion (ICLR 2023) : Text-to-3D using 2D Diffusion

Score Distillation Sampling (SDS) : A concept proposed to measure the plausibility of the rendered image,
leveraging the 2D diffusion.
...want to create 3D models that look like good

2 ;
How? images when rendered from random angles...

1. Render an image from a specific view using NeRF

"a DSLR photo of a

. peacock on a surfboard" Imagen
\n .
P(light) 20, t ~ U0, 1) [ramtome@ ) 5 (2e]y: 2)

rendering

| normals ﬂ shadin: /
V. | g
L

- color e P(camom €~ N(0.1I)

Backpropagate onto NEFTF‘ weights




Text-to-3D Diffusion Models - No 3D Data

How?

2. Add noise to the rendered image

Xp = \/c?txo + 1 —a:&:

// 5 S "a DSLR photo of a
«6» ’ -, ( ' - 4 peacock on a surfboard" lmagen
Syt [ n-£ ‘_ : 7
P(light) A ' 2yt ~ U(0, 1) Go(zaly: )
) [ £ :' 3
'a 1\—shading 4 riandering iy : Bl Y !
7 Y
- colore | " P(camera) % AT

Backpropagate onto NeRF weights




Text-to-3D Diffusion Models - No 3D Data

How?

3. Perform gradient descent on loss L with respect to
the NeRF parameters

Yy
@i
FYA

P(light)

/\ ‘ "a DSLR photo of a

peacock on a surfboard" Imagen

26,4 U1 o (2e|y: 1)

nl/ |/ sheding | g rénderin‘ RS
4 2”1 '

/’,.,,;_ f“
| |

/
/
£

_ colore |/ P(camera) % N

Backpropagate onto NeRF weights




Text-to-3D Diffusion Models - No 3D Data

loss perturbs x with a random amount of noise, and estimates an update direction that follows the
How? - The maths score function of the diffusion model to move to a higher density region

Lpife (¢, x) = E¢~24(0,1),e~N(0,1) [’w(t)H €p(2e5t,Y) - €||3]

classifier-free guidance (g %ﬁ
€p(Zt;y,t) = (1 +w)eg(ze;y, t) — wep(ze; 1) <

oA
|
4
rendering
R

"\ \
‘ n-£
normals 1 shading
—
Al 7

g color ¢ amera) @

7y
| albedop |

0 = argming Lpir(¢, x = g(0)) g:r::f;te(;“ab'e

NeRF MLP(,; ) Back] ate onto NeRF weights
A Oey(z % Ox
VoLoii (9, x = g(0)) = Ei ¢ |w(?) (€5(2459,1) =€) ooy

y ZN A

- =~
Noise Residual U&et Jacol\)\i}m Generator Jacobian
ox gradient of a weighted probability
A ~
VoLsps(¢,x =g(0)) = Ey e (w(t) (€g(2e;y,t) — € @] density distillation

expensive to compute (requires backpropagating through the diffusion model U-Net), and poorly
conditioned for small noise levels as it is trained to approximate the scaled Hessian of the marginal
density. We found that omitting the U-Net Jacobian term leads to an effective gradient for optimizing



Text-to-3D Diffusion Models - No 3D Data

DreamFusion : Sample Results

Dream

Fields

CLIP-
Mesh

More results Dream-

Fusion

https://dreamfusion3d.github.io/ (Ours)

matte painting of a castle made
of cheesecake surrounded by a

a vase with
moat made of ice cream plIlk flowers

a hamburger



Text-to-3D Diffusion Models - No 3D Data

(CVPR 2023)

® Two stage approach
® Stage 1: Coarse level
@® Stage 2: Fine level textured mesh

K [ a stuffed grey rabbit holding a pretend carrot ]

High-resolution
optimization

Low-resolution
camera .

optimization
camera | . i = | '
| Lsps _ -‘

™ | ta render i R

4 ! (high-res) 4 ;
= . s ﬂy Im] or @
render a | (1, | LA .

512 x 512

(low-res) |
latent diffusion

64 x 64 image diffusion L
prior ’ encoder prior _
update
update

after optimization N

Lsps

High-resolution
3D mesh model

Instant NGP . ), .y
representation 3D mesh extraction (DMTet) - 3D mesh



Text-to-3D Diffusion Models - No 3D Data

(ProlificDreamer NeurlPS 2023)

® SDS suffers from over-saturation, over-smoothing, and low-diversity problems
Minimize the SDS loss for multiple sample of NeRF - 3D scene given a textual prompt as a
random variable instead of a single point as in SDS

from all views aligns as closely as possible

[
® VSD optimizes a distribution of 3D scenes such that the distribution induced on images rendered
[

Finetune the diffusion model using low rank adaptation

Variational Score Distillation

‘ 4’,;& Sample
S

Particles of NeRF/Mesh

P R ———

NeRF/Mesh

Back Propagation

y -

A highly detailed

—

Text to Image

sand castle. Diffusion
1
+ Finetune |
v
_—
@ —_— —1 _  1o0RA
Render 2D 4 Add Noise
Image

Add Noise

l? Back Propagation

vt9£:\/SD(9) = Et,e,c |:W(t) (Epretrain(mt; t, yc) - Ecb(mta by G y))

a

minE; ¢ o||€4 (@, t, ¢, y) — €||3
¢

Eprclruin(wr- t,y)
— eg(@nt,c.y)



Text-to-3D Diffusion Models - No 3D Data

Algorithm 1 Variational Score Distillation

Input: Number of particles n (> 1). Large text-to-image diffusion model €preain. Learning rate 1,
and 75 for 3D structures and diffusion model parameters, respectively. A prompt y.
1: initialize n 3D structures {09}, a noise prediction model ¢4 parameterized by ¢.
: while not converged do

Randomly sample 0 ~ {0 }"_, and a camera pose c.
Render the 3D structure # at pose ¢ to get a 2D image xog = g(0, ¢).

2
3
4
i o y cy ag(b,c)
21 0 0—mE; e [W(t) (epretram(mtatay ) Ecﬁ(mt:taca y)) 90 ]
6
T
8

a2
¢ < d’ — M2VgEe.c||€s(, T, c,y) — €3 To model the score of the variational distribution, we train an additional
: end while diffusion model parameterized by LoRA
: return
R - - |
I Back Propagation i
| A highly detailed Text to Image E
! sand castle. Diff"‘us.iona ;
i + Finetune : Epretrain (L, £, Y)
‘ 4& v — €yt y)
o Sample
=, —* B— b — | . a —
o y ai Render 2D Add Noise
R & ¢
- NeRF/Mesh Tags l? Back Propagation
Particles of NeRF/Mesh min By ¢ o|l€s(@:, t, c.y) — €||§
Add Noise ¢ '



Text-to-3D Diffusion Models - No 3D Data

Problem with SDS : It does not converge well without a high CFG weight (e.g., w = 400) and thus suffers
from model collapse

Other issues : “danus problem”

dadd

Mitigation ? : Add 3D consistency e.g. MVDream, SweetDreamer




Text-to-3D Diffusion Models - Paired Text-3D Data

Text 3D Generative
Model

Text
rammmmien | o | e || Stape
padded seat and round Encoder code
red pad back”

When paired text-3D data is not available ?

When paired text-3D data is available ?

@® Useimage as a bridge between text and shape
@® Pre-trained vision-language models : aligned text-image

embedding space.
@® Train shape encoder to align embedding into the same space,

and use them to train shape decoder

® Train a joint text-shape embedding by specifying
the alignment

“a brown “a gray,
“a tall Ty w table with  cushioned

brown oS, © four legs” Ss chair”
gs s chair
table” “ﬂ 0 52 °




Three steps

Text-to-3D Diffusion Models - Paired Text-3D Data

inference time, we can

: control the importance of
SDFusion (CVPR 2023) each conditioning modality.

Multi-modality Conditioning =
1

. Input Encoder enmse Decoder Output

compress the 3D shape into a o C_
discretized and compact latent space = .
L &

llhl ] \lT/!

%" | E (s1,52) =‘(0:0)
& i d | »

Diffusion
process

Latent diffusion model
Include user conditions

=00 &

(s1,52) = (1,0)

Condition / f =

/ /
/ / /
/ P Skip
/
N / - - :
m - ﬂ "i" ‘/ﬁ"//)/ ® S, connection
\ ="

Lsimple(e) = Ez,eNN(O,l),t |:”6 - 69<Zt’ 2(:)||2:|

/ Task Denoising g
e [Ega - Do Q050 | e
(s51,52) = (0,1)
L0,{¢:}) = E [He — ep(24,t, F{D o By, (ci)})||2] class-specific encoders along with classifier-free
et guidance to enable multi-modality conditioning
EQ(Zta t, F{Edn Vl}) = EQ(Zta t, 0)-'-
Densities 0 NeRF Weights “wooden house with snow”

D sileolze t, F{Ey,(c;) By, (c;) : ¢ = BVj #1i})

Z- ". " 4 ;
—€g(z¢,t | \ 5 |
0(z1,t,0)), S Stable Diffusion [y %"

72

e~N(0,1)



Text-to-3D Diffusion Models - Paired Text-3D Data

SDFusion - Sample outputs

Text-guided
Completion

square couch table with net

with shelf ]

[ G &

cheesecake

Shape Cam;)letmu [ Missing

HLR

Smgle view Reconstruction

l

“a mckmg chair” ice cream sumimer huuse Japanese castle }

. EE:

“square table, curved legs”
Text-guided Generation Text-guided Colorization

wooden table table tennis table

gl

—

—
condition ‘ ﬁ
strength 1 " a i
I i
- I

An L-shaped table

r‘(irﬂ

a chair with arms

Multi-condition 3D Print



Text-to-3D Diffusion Models - Un-paired Text-3D Data

DreamStone (TPAMI 2023)

» Two stage feature space alignment approach
» leverages a pre-trained single-view reconstruction (SVR) model to map CLIP features to shapes
» Atext-guided shape stylization module that can enhance the output shapes with novel structures and textures

———————————————

T e o e ,a &
LN
CLIP Text feature space CLIP Image feature space 3D shape feature space a |CLIP Forge Dream Fields !
---------------- ISS . i
-y ! N
A e e ’
o e ek ~

Mesh DreamFusion

,_______,
L —

A green
bedside
lamp.

=
w

H:r

‘ i \
SVR I 1
~--T‘i"1---i‘ffﬁif--_» lmage | MaperJ peure \SVR decoder 3D shape prean L | 4
i Stone | 1
—» SVR —»Stagel —» Stage2 @ Stage-1 feature @ Target shape feature i I b &‘
4 4

(a) Our DreamStone Framework (b) Text: A {green, ra nbow, mushroom} bedside lamp.

..-—-———-—..,

0
E
‘-------

Map the CLIP image feature  map the CLIP text feature to the shape space by
to the detail-rich shape space encouraging consistency between the input text and
in the SVR model rendered images of the generated shape



Text-to-3D Diffusion Models - Un-paired Text-3D Data

N
Ly = Z || Es(1;) — M(f[,:)”% Ebg = Z HDC(]?) - 1”%1(1? ﬂraY(Oap) — @)
=1 p
(a) Stage 1 %%\\\\ /,—"\\
" Es —PS R
"—' —— ," s k!
Reduce the e 7
semantic . E =0
/ I|. 1
gap st o
ge?2 ! Diffusion prior 7
|
T
‘%,‘; Frozen
Stage -1

* Leverage a pre-trained single-view reconstruction (SVR) model to align the feature spaces of the CLIP image feature
space and the shape space of the SVR model.

+ Train CLIP2Shape mapper to map images to shapes while keeping encoder frozen, and
*  Fine-tune the decoder using an additional background loss

»  During training, we stop the gradients from the SVR loss and the background loss propagating to mapper



Text-to-3D Diffusion Models - Un-paired Text-3D Data

N
Lar = Y ||Bs(L) — M(fia)ll Lue =Y _|IDe(p) — 1[31L(F Nray(o,p) = 0)
g=1 p
(a) Stage 1
Reduce the l
semantic d
9ap (b) Stage 2 R
|
T
‘%‘; Frozen
Stage -2

* Fix the decoder D and fine-tuning the mapper Mto M ’,

»  Encourage the CLIP consistency between the rendered images of the generated shape and the input text T .



Text-to-3D Diffusion Models - Un-paired Text-3D Data

N
L= ||Es(L) — M(fia)ll3 Log = Y [|1De(p) — 1|31(F Nray(o,p) = 0)
i=1 P

(a) Stage 1

Reduce the l

semantic d
gap

(b) Stage 2

A wooden table.

T
‘%,‘; Frozen

fine-tune the mapper M using a CLIP consistency loss to reduce the gap between the input text T
and m rendered images captured from random camera viewpoints of the output shape S

Diverse 3D shape generation? - use diffusion prior

& B(R) s -
co= 2 it Nk Lc = Z (Tfro1+ (1 —7)fr) - EI(R%) )
— / | Ev(R;)||

text-to-image feature by sampling a random noise



Text-to-3D Diffusion Models - Un-paired Text-3D Data

» The generative space and quality are still limited by the pre-trained SVR model in use
» Further refinement can be done using CLIP or SDS guided stylization/refinement

(a) CLIP-Guided Stylization

A mahogany

table.

T D
Shape-and-texture
stylization

[ T R P ——

A snooker
table.

T
‘;E; Frozen

—— e e o e e e o e e e e e e e Em e e e e e e e e e e =

T Ep (z; T, t)
~Y

i

1

1

1

1

1

1

1

ﬂﬂﬂﬂﬂﬂ !

““““ i

Lsps = |&g (21T, t)-€| ’

T e e e mm M mm e e mm o



Text-to-3D Diffusion Models - Un-paired Text-3D Data

DreamStone sample outputs

"A chair imitat do" "A 3D model of an
chair imitating avocaco adorable cottage with a
thatched roof" "A_hamburger" "A chair imitating banana" "Snooker table"

J

"A swivel chair with wheels" "This is a bar stool with
metal arches as a design

feature” More results

_q; https://liuzhengzhe.github.io/Dream
5z Stone.github.io/



https://liuzhengzhe.github.io/DreamStone.github.io/

Text-to-3D Diffusion Models - Hybrid 3D

Point-E by OpenAl

* ahybrid text-image-3D model
» Fast 3D generation (1-2 mins)

oﬁ‘lce

chalr

Text to-image (T2lI)

OR —PI

Image -to-image (121)

J8h
8 Gow

Multi-view, multi-
modal images

Image-to-3D (12-3D)

HC A

Distillation losses,
photometric losses, LRMs

Step 1: generate a synthetic view conditioned on a text caption.
Step 2: generate a coarse point cloud (1,024 points) conditioned on the synthetic view.
Step 3: generate a fine point cloud (4,096 points) conditioned on the low-resolution point cloud and the synthetic

view.

“A corgi” —» D .
Fine-tuned
GLIDE

Text to image
synthesis models

Synthetic

(r

Point cloud

diffusion

3D RGB point
cloud




Text-to-3D Diffusion Models - Hybrid 3D

» Point Cloud Diffusion : Represent point cloud as a prediction
tensor of shape K x 6 - "
» (coordinates + colors)

« run each point in point cloud through a linear layer
and obtain a K x D input tensor.

* run the timestep t through a small MLP, obtaining

Transformer

another D-dimensional vector to prepend to the bt t s v
context . : A
* Run the image to CLIP (ViT-L/14 CLIP model) f

[ %
;i

Pointcloud upsampler
» same architecture as the base model, but with extra conditioning tokens for the low-resolution point cloud.



Text-to-3D Diffusion Models - Hybrid 3D

Sample outputs

“a corgi wearing a “a multicolored rainbow

roxt gt hat” pumpkin” “an elaborate fountain™ “a traffic cone™

@ ¢

“a small red cube is sitling
“a vase of purple flowers” o wp of a large blue cube.
red on top, blue on botom” i blue”

“an avocado chair, a chair
imitating an avocado”

“a pair of purple

“u red mug filled “u humanoid rabot with
headphones™ ;

with coff a round head”

“a yellow rubber duck”




Conclusion

No 3D Data

Large
text-image corpus

Large vision-
language model

=

i | CLIP || DALLE-2|
| ALIGN || IMAGEN |

Pepper the 1
aussie pup

'jj—A

Prompt-based optimization of
differentiable 3D representation

1.7‘7 A

AVA
[ AVAVA
NeRF DMTet

Unpaired Text-3D Data

3D shape corpus

Learned 3D shape priors

Shape Shape
‘I | ' Encoder Decoder ‘ I | ’

Paired Text-3D Data

“ ” “a tall brown table”
w “a brown table with four legs”

“ﬁ “a gray, cushioned chair”

Aligned text-3D embedding

“a brown “a gray,
“a tall T1o w table with  cushioned
brOWn 051 ° four’e A hair”
gs 3 cnair
table” T © 52 T.o
3




