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Compositional Scene Modeling with Object-centric Diffusion

SHEN Zhi-Meng"?, HUANG Yin-Xuan'”

'(School of Computer Science, Fudan University, Shanghai 200433, China)

*(Shanghai Key Laboratory of Intelligent Information Processing, Fudan University, Shanghai 200433, China)
Abstract: Object-centric learning methods aim to parse and model scenes in'!,a compositional way while extracting
representations of objects within those scenes. Early object-centrie approaches typically employ simple pixel-mixing
decoders for scene modeling. However, these methods often‘perform poorly when handling complex synthetic datasets
and real-world datasets. In contrast, recent object-centric learning methods have begun experimenting with more complex
decoders, such as autoregressive Transformers and diffusion models, to extract object representations and model scenes
more effectively. Despite the improved performance of these newer methods over earlier ones, their non-compositional
modeling approaches, contradict human intuition and fail to generate corresponding object images given object
representations. To address this issue, the proposed object-centric diffusion (OCD) model employs an improved diffusion
model as a decoder. OCD generates the appearance and masks of objects separately during the scene reconstruction
process, achieving true compositional modeling while maintaining model performance. Extensive experiments
demonstrate that OCD excels in image segmentation and generation tasks across various datasets, including two synthetic
and two real-world datasets, proving its versatility and effectiveness.
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TEA st FE Y, OCD 15 e MAm it & 17 23 A7 PR
TFEIE 20 IR G NIRAT 0 AT p(2- | 2,,8) B KA
BE|Z, .2, e, HIRA(E Rz, KT LU 2R
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i=1,,K
K
8 ~ gen 5
Zy= Z 2o, (10)
i=1

E13 —$EHIH2, U-Net P& g N 2 TP 5 4

R

S T 451 PG A B U-Net A IR, P — (1 X 51 78
Te i — A A AN EIE I RE R, TR OR AR
A m?™.
24 IKERH

H T OCD SEbr_EAT SRS —Fhdr B AL, Rt AE 45
KRB b, U5AEE S LDM KB k&, HHE
OCD Re £ 45 7T W 7 IR 1 D0 T Xof iy Mt 75 A5 0%
TERNHEAT 220, SR, IEQNZE 2.2 15 T B ALKE, 78
SIS, FRATT A I B T 7 R R 2 S B8O Zh A
FaE, B A =X (7) TS 7 s R R e R .
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AR . e R O R AT DA IR

L = Lpigs+ nKL(m™||nograd(m&-)) (11)
Ho, Loy BIFE AR (7) B, n & —ANEN %
FErR b B S8, KL BB T Em AN 2 00 i 2
)P KL BRE, 3X AN 22 T3 A1 20 39 LA m™ AN meen S5y
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TR TR DI KL B35 25 28 1 e () [ A4 3% LA gR:
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FAHCIRELY miff = D eSS = 1, Vie (1, N} Bz
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AR BT P — AL B M B Ry
LKL W tisat n

¥

. % VK . mmf
KL(m™|[nograd(#"=*)) = Z Zm}njfk’g[ - gel:;{ s] (12)
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i=1 j=1 i,j

B — 30T AR AT v 55 5 5K 3, IR, JRATTRD
FRRAE S (11) & AL RN OCD #EAT I

3 SEERHT
3.1 SLIIME

A 2B IS Y Ubuntu 20.04 #:17E 245, GPU Ny
GeForce GTX 4090, 11 GB; CPU A Intel Xeon Gold
6133 2.50 GHz; JR& %24 S HESE N PyTorch 1.13.1 HEZL.
3.2 HIEE

ASCR A 4 MHORSERIER OCD [t AE. 421X

4 MNEHESEH, CleviTex™ Hl MOVI-CP kA i 42,
Ifi OCTScenes-A #ll OCTSceqes-BBS]B‘\W\jEiﬁ?ﬁiﬁl
HEHE. AT S SR PR/ 4 B A 128128,
TEWAS G G S, CleviTex & HEZAN A
] BAFLAR (U BRARARNNL T 44%) R 2% SCER K400 A 21 Rt )

D Cnij2) -
ARI-FG = Y

D Cla2) ) Cb;.2)
i J

B aE, I H A SR 24 5. MOVI-C & —
ANPRAELHE £, AN I 7R AR SR S 56 mh A4 AR B AR A
EHE kAL, 5 ClevrTex AL, MOVI-C HA G 4R
PIIRFEE Sy H SR B 5. A LA AR g A 1) S
R E i OCTScenes-A (OCT-A) Fl OCTScenes-B
(OCT-B) #B4u & Z W M3 58U, Hrh i 2 5 aaim),
FHR B A R B XA S R s
AL A B . OCT-A AL i L B )4k, T OCT-B
W EAEE Pk, Bt RAAE KNS REEE. M
t OCT-A, OCT-B #3 &  £ [y

33 XEEAE | .

5 E I OCD 5 3 A7 AT Lz LSDU),
GENESIS-V2U' A1 SLATE!?. LSD J& M — FL A5 3™ ks
RIHEZE () B4 A OCL #5228, H HJ2 H i H 25 24 iR
I e HERIAR RS, R OCD #HEL, LSD 3% 1 I 41k
R EP BURAY 8% . % GENESIS-V2, &K N OCD
BURM T 5 H AR S g e Pr i FE g AL 28, 2
GENESIS-V2 F:35A 1 F 4 SR B AR Jy il i 25, 1 2
{EH T S S (8] FE R 2% 2 $ SLATE NJE A T
Fb A BB AL A 2% A1 [91 ) Transformer RS 25 [
KB, A1 OCD HItL, SLATE 1 I #VE & /1 dm 2%, I
{5 FH & 1915 Transformer ffEf5 &%, 7E VR L RE Hh, FRATT
X BT A LA ER T 15 A R ) Y AR EE, 7E Clevr-
Tex. MOVi-C. OCT-A #l OCT-B KA % 45l
WEN L. 11, 8 A 15. L
34 VRdERR L -

LE VA T S R, 7S B 6
4 B@\W%E%iﬁ%ﬁl (adjusted Rand index-foreground,
ARI-FG) F1"F-3J%2 3 LE (mean intersection over union,
mloU) Xf A [a) A Y E AT bl 0 47 B AR 20 AR g
I, A SC 3= B I3 20 (inception score, 1S).

(1) AT SRR 2 22 1848 20 (ARI-FG): ZA6Hr £
BT E R RS RS H RN . %58
HITHE A R

-z

/C(n, 2)

1
2
Horb, ny RO TIJE T 58 ¢ DRI SE P )& T2
J VIR IB R B o Fon RTINS i SR
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(2) BRI (mIoU): 1 ARI-FG $8 bR AN,
mloU & & & Fy v T AR UL 5, mloU B3

77 R F:
ZA,‘ N B;

ZA UB,

Horp, 4, 5 B RTINS i YA XL K 5
FRIN SR ¢ A AR IX sk b A ALLA) S B X P 4 [X 5. A
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T N U ARIFG (%)  mloU(%) IS

=

ALY ~ oCD 719 405 3.26
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0CD 512 24.6 4.29
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SLATE'™ 432 16.5 3.03

0CD 84.6 347 2.94

OCT-A LsSDY 29.9 12.8 1.94
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OCTB LsD" 654 282 2.46
GEN-v2!'! 64.1. \\ 27.7 2.64

SLATE!" a3 = T 204 2.68
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43 BRI O T RS 2 B AR T 505 B R ME AT VM

f9%5 5. A SCETES T OCD RS BTy Ak 1
FEI. R i, OCD B RERG IR 3.0 1 20 A A
PR I R, & — SR ISR HO7 R BT i
.

ES @R il Fv AR SO R

(1) ASC AR OCD 1E T4 58 5L A4 PLSE 15
HepiE k(I coCcoPhy I i RUR, I IX Be s S rh L
EAT R LA o O (KRR B 1 T S AR
58 R U E AR R FTAL R A, OCL 7EiX
ST M T MR S b 25 0 5 2 8 0 VAR 1 R
BECT. 534b, SO AR R AE B A 0 B SR
AT AL A PR AR 0, T 1 B 2% 3 AR 0

90 R4 % System Construction

SRS A AT PR B L A SO T AR R B g
RARRAET B RO HR b il (PR A . R H
Al AR TE B SRR S R I R,
V0 A AR AR 7, B TS DAL 5 5 T A4
R TE TS B L R PR 0 T R, 3
335 8 R DAL 45 07 R A R U, (AR — N R B
PE(ELAT SR 925G

(2) A< H I IUTE HRLAR LV Bl I T OCD.
0 25 W06 B S 5 KUURCR 5 ML B e L,
A S R R 26 0 5 3R f R T ] — ey —
SHE(S £, FTREREUSHE BT OCD NAE ). S
SR e B A Ml kO R R A I,
AR T A T LU — 2 2% B £ R R R 5 8.
DLt — 2 (VR B B, ) RSB 15 L, kAR
OCD IR,

SE 30k

Kirillov A, Mintun E, Ravi N, ef al. Segment anything.

Proceedings of the 2023 IEEE/CVF International Conference

on Computer Vision. Paris: IEEE, 2023. 3992-4003. [doi:

10.1109/ICCV51070.2023.00371]

2 Ramesh A, Dhariwal P, Nichol A, et al. Hierarchical text-
conditional image generation with CLIP latents. arXiv:
2204.06125, 2022. \

3 Nichol AQ, Dhariwal P, Ramesh A, 2; al. GLIDE: Towards

photorealistic image generation and editing with text-guided
%

—_

diffusion quefs_. Proceedings of the 2022 International
anferenée on Machine Learning. Baltimore: PMLR, 2022.
16784-16804.

4 Zhang LM, Rao AY, Agrawala M. Adding conditional
control to text-to-image diffusion models. Proceedings of the
2023 IEEE/CVF International Conference on Computer
Vision. Paris: IEEE, 2023. 3813-3824. [doi: 10.1109/
ICCV51070.2023.00355]

5 Yuan JY, Chen TL, Li B, er al. Compositional scene
representation learning via reconstruction: A survey. IEEE
Transactions on Pattern Analysis and Machine Intelligence,
2023, 45(10): 11540-11560. [doi: 10.1109/TPAMI.2023.
3286184]

6 He Z, Li J, Liu DX, et al. Tracking by animation:
Unsupervised learning of multi-object attentive trackers.
Proceedings of the 2019 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Long Beach: IEEE, 2019.
1318-1327. [doi: 10.1109/CVPR.2019.00141]

© TEREBIK R

http:/fwww.c-s-a.org.cn


https://doi.org/10.1109/ICCV51070.2023.00371
https://doi.org/10.1109/ICCV51070.2023.00355
https://doi.org/10.1109/ICCV51070.2023.00355
https://doi.org/10.1109/TPAMI.2023.3286184
https://doi.org/10.1109/TPAMI.2023.3286184
https://doi.org/10.1109/CVPR.2019.00141
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

2025 4F #5344 55 8 1

http://www.c-s-a.org.cn

i H AR SN A

7

10

11

12

13

14

15

16

17

18

Jiang JD, Deng F, Singh G, et al. Object-centric slot
diffusion. Proceedings of the 37th International Conference
on Neural Information Processing Systems. New Orleans:
ACM, 2023. 375.

Wu ZY, Hu JY, Lu WY, et al. SlotDiffusion: Object-centric
generative modeling with diffusion models. Proceedings of
the 37th International Conference on Neural Information
Processing Systems. New Orleans: ACM, 2023. 2216.

Zhu YF, Joshi A, Stone P, ef al. VIOLA: Imitation learning
for vision-based manipulation with object proposal priors.
Proceedings of the 6th Conference on Robot Learning.
Auckland: PMLR, 2023. 1199-1210.

Locatello F, Weissenborn D, Unterthiner T, ef al. Object-
centric learning with slot attention. Proceedings of the 34th
International Conference on Neural Information Processing
Systems. Vancouver: ACM, 2020. 967.

Engelcke M, Parker Jones O, Posner\ 1. GENESIS-V2:
Inferring unordered object representations without iterative
refinement. Proceedings of the 35th International Conference
on Neural Information Processing Systems. ACM, 2021. 618.
Singh G, Deng F, Ahn S. Illiterate DALL-E learns to
compose. Proceedings of the 10th International Conference
on Learning Representations. OpenReview.net, 2022.

Seitzer M, Horn M, Zadaianchuk A, et al. Bridging the gap
to real-world object-centric learning. Proceedings of the 11th
International Conference on Learning Representations.
Kigali: OpenReview.net, 2023.

Singh G, Wu YF, Ahn S. Simple unsupervised object-centric
learning for complex and naturalistic videos. Proceedings of
the 36th International Conference on Neural Information
Processing Systems. New Orleans: ACM, 2022. 1322.

Ho J, Jain A, Abbeel P. Denoising diffusion probabilistic ‘

models. Proceedings of the 34th International Conference on
Neural Information Processing Systems. Vancouver: ACM,
2020. 574. i y !

Sohl-Dickstein J, Weiss E A, Maheswaranathan N, et al.
Deep unsupervised learning using nonequilibrium
thermodynamics. Proceedings of the 32nd International
Conference on International Conference on Machine
Learning. Lille: ACM, 2015. 2256-2265.

Kingma DP, Welling M. Auto-encoding variational Bayes.
Proceedings of the 2nd International Conference on Learning
Representations. Banff: OpenReview.net, 2013.

Greff K, Van Steenkiste S, Schmidhuber J. Neural
the 31st

International Conference on Neural Information Processing

expectation maximization. Proceedings of

20

21

22

23

24

25

26

27

28

29

Systems. Long Beach: ACM, 2017. 6694-6704.

Yuan JY, Li B, Xue XY. Spatial mixture models with
learnable deep priors for perceptual grouping. Proceedings of
the 33rd AAAI Conference on Artificial Intelligence.
Honolulu: AAAI Press, 2019. 9135-9142. [doi: 10.1609/aaai.
v33i01.33019135]

Greff K, Kaufman RL, Kabra R, er al. Multi-object
representation learning with iterative variational inference.
Proceedings of the 36th International Conference on Machine
Learning. Long Beach: PMLR, 2019.@242472433.

Lin ZX, Wu YF, Peri SV, et al. SPACE: Unsupervised
object-oriented seene representation via spatial attention and
decomposition. ‘Proceedings of the 8th International
Conferenée on Learning Representations. Addis Ababa:
OpénReVieW.net, 2020.

Eslami SMA, Heess N, Weber T, et al. Attend, infer, repeat:
Fast scene wunderstanding with generative models.
Proceedings of the 30th International Conference on Neural
Information Processing Systems. Barcelona: ACM, 2016.
3233-3241.

Yuan JY, Li B, Xue XY. Generative modeling of infinite
occluded objects for compositional scene representation.
Proceedings of the 36th International Conference on Machine
Learning. Long Beach: PMLR, 2019. 7222-7231.

Crawford E, Pineau J. Spatially invariant unsupervised object
detection with convolutional neural networks. Proceedings of
the 33rd AAAI Conference on ?Arfiﬁcial Intelligence.
Honolulu: AAAI Press, 2019. 3412-3420. [doi: 10.1609/aaai.
v33i01.33013412]

Burgess CP, Matthey L, Watters N,
UnSupervised
arXiv:1901.11390, 2019.

Engelcke M, Kosiorek AR, Jones OP, er al. GENESIS:

Generative scene inference and sampling with object-centric

MONet:

scene decomposition and representation.

et al.

latent representations. Proceedings of the 8th International
Conference on Learning Representations. Addis Ababa:
OpenReview.net, 2019.

Jia BX, Liu Y, Huang SY. Improving object-centric learning
with query optimization. Proceedings of the the 11th
International Conference on Learning Representations.
Kigali: OpenReview.net, 2023.

Luo C. Understanding diffusion models: A unified
perspective. arXiv:2208.11970, 2022.

Lugmayr A, Danelljan M, Romero A, et al. Repaint:
Inpainting using denoising diffusion probabilistic models.

Proceedings of the 2022 IEEE/CVF Conference on Computer

System Construction R4 91

© TEREBIK R

http://www.c-s-a.org.cn


https://doi.org/10.1609/aaai.v33i01.33019135
https://doi.org/10.1609/aaai.v33i01.33019135
https://doi.org/10.1609/aaai.v33i01.33013412
https://doi.org/10.1609/aaai.v33i01.33013412
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

i E R %N

http://www.c-s-a.org.cn

2025 4F 534 % 55 8 1

30

31

32

33

34

Vision and Pattern Recognition. New Orleans: IEEE, 2022.
11451-11461. [doi: 10.1109/CVPR52688.2022.01117]
Rombach R, Blattmann A, Lorenz D, et al. High-resolution
image synthesis with latent diffusion models. Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. New Orleans: IEEE, 2022. 10674—10685. [doi:
10.1109/CVPR52688.2022.01042]

Liu N, Li S, Du YL, et al. Compositional visual generation
with composable diffusion models. Proceedings of the 17th
European Conference on Computer Vision. Tel Aviv:
Springer, 2022. 423-439. [doi: 10.1007/978-3-031-19790-
1_26]

Liu N, Du YL, Li S, et al. Unsupervised compositional
concepts discovery with text-to-image generative models.
Proceedings of the 2023 IEEE/CVF International Conference
on Computer Vision. Paris: IEEE, 2023. 2085-2095."[doi:
10.1109/1CCV51070.2023.00199]

Karazija L, Laina I, Rupprecht C. ClevrTex: A texture-rich
benchmark for “ unsupervised y'multi-object segmentation.
Proceedings of the 5021 Neural Information Processing
Systems Track on Datasets and Benchmarks. NeurIPS, 2021.
Greff K, Belletti F, Beyer L, et al. Kubric: A scalable dataset

92 R4 7 ¥ System Construction

35

36

37

38

39

generator. Proceedings of the 2022 IEEE/CVF Conference
on Computer Vision and Pattern Recognition. New Orleans:
IEEE, 2022. 3739-3751. [doi: 10.1109/CVPR52688.2022.
00373]

Huang YX, Chen TL, Shen ZM, et al. OCTScenes: A
versatile real-world dataset of tabletop scenes for object-
centric learning. arXiv:2306.09682, 2023.

Lin TY, Maire M, Belongie S, et al. Microsoft COCO:
Common objects in context. Proceedings of the 13th
European Conference on Computer Vision. Zurich: Springer,
2014. 740-755. [doi: 10.1007/978-3-319-10602-1_48]

S, 3T, BRERER. T I F R ) 5 A T A 4 B
R Pelk 5 . RS KR, 2024, 61(9): 2128
21‘4}1. [doi: 10.7544/issn1000-1239.202440054]

b, 3038, TR, 2. BT 2% SRR T A S
it TFEHLR SR, 2023, 32(10): 22-33. [doi: 10.15888/
j.cnki.csa.009291]

BRIEE, AT, T, &, BiER 2 REERERS 1
H BB IEFEAG. TH5HL R S8, 2024, 33(7): 121-128.
[doi: 10.15888/j.cnki.csa.009587]

(B Tt K HE)

© TEREBIK R

http:/fwww.c-s-a.org.cn


https://doi.org/10.1109/CVPR52688.2022.01117
https://doi.org/10.1109/CVPR52688.2022.01042
https://doi.org/10.1007/978-3-031-19790-1_26
https://doi.org/10.1007/978-3-031-19790-1_26
https://doi.org/10.1007/978-3-031-19790-1_26
https://doi.org/10.1007/978-3-031-19790-1_26
https://doi.org/10.1007/978-3-031-19790-1_26
https://doi.org/10.1007/978-3-031-19790-1_26
https://doi.org/10.1007/978-3-031-19790-1_26
https://doi.org/10.1007/978-3-031-19790-1_26
https://doi.org/10.1007/978-3-031-19790-1_26
https://doi.org/10.1109/ICCV51070.2023.00199
https://doi.org/10.1109/CVPR52688.2022.00373
https://doi.org/10.1109/CVPR52688.2022.00373
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.1007/978-3-319-10602-1_48
https://doi.org/10.7544/issn1000-1239.202440054
https://doi.org/10.7544/issn1000-1239.202440054
https://doi.org/10.7544/issn1000-1239.202440054
https://doi.org/10.15888/j.cnki.csa.009291
https://doi.org/10.15888/j.cnki.csa.009291
https://doi.org/10.15888/j.cnki.csa.009587
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

	1 相关工作
	1.1 以物体为中心的表示学习
	1.2 扩散模型

	2 基于以物体为中心扩散的组成式场景建模算法
	2.1 实例折棍染色过程编码器
	2.2 加噪模块
	2.3 混合扩散解码器
	2.4 损失函数

	3 实验分析
	3.1 实验环境
	3.2 数据集
	3.3 对比方法
	3.4 评价指标
	3.5 无监督图像分割
	3.6 无监督图像生成
	3.7 可控组成式生成
	3.8 单个物体生成
	3.9 消融实验

	4 总结与展望
	参考文献

