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Abstract

The recent success of transformer-based image generative models in object-centric
learning highlights the importance of powerful image generators for handling
complex scenes. However, despite the high expressiveness of diffusion models
in image generation, their integration into object-centric learning remains largely
unexplored in this domain. In this paper, we explore the feasibility and potential of
integrating diffusion models into object-centric learning and investigate the pros
and cons of this approach. We introduce Latent Slot Diffusion (LSD), a novel model
that serves dual purposes: it is the first object-centric learning model to replace
conventional slot decoders with a latent diffusion model conditioned on object slots,
and it is also the first unsupervised compositional conditional diffusion model that
operates without the need for supervised annotations like text. Through experiments
on various object-centric tasks, including the first application of the FFHQ dataset
in this field, we demonstrate that LSD significantly outperforms state-of-the-art
transformer-based decoders, particularly in more complex scenes, and exhibits
superior unsupervised compositional generation quality. In addition, we conduct a
preliminary investigation into the integration of pre-trained diffusion models in LSD
and demonstrate its effectiveness in real-world image segmentation and generation.
Project page is available at https://latentslotdiffusion.github.io

1 Introduction

The fundamental structure of the physical world is compositional and modular. While this structure
is naturally revealed in some data modalities like language in the form of tokens or words, in
other modalities such as images, it is elusive how one may discover this structure. However, this
representational compositionality and modularity is essential for various applications that require the
systematic manipulation of knowledge pieces to achieve high-level cognitive abilities. This includes
reasoning [46, 5], causal inference [68], and out-of-distribution generalization [2, 22].

Object-centric learning [27] aims to discover the latent compositional structure from unstructured
observation by learning to bind relevant features, thereby forming useful tokens in an unsupervised
way. For images, one of the most popular approaches is to auto-encode the image via the Slot
Attention [53] encoder. Slot Attention applies competitive spatial attention to partition the image into
separate local areas and then obtain a representation, called a slot, from each area. Then, a decoder
generates the image from the slots with the aim of minimizing the reconstruction error. Due to the
limited capacity and competition between slots, each slot is encouraged to capture a reusable and
compositional entity, such as an object.

∗Correspondence to sungjin.ahn@kaist.ac.kr.

37th Conference on Neural Information Processing Systems (NeurIPS 2023).

https://latentslotdiffusion.github.io


The primary challenge that remains in the framework of unsupervised object-centric learning is
making it work for complex naturalistic scene images. Until recently, most object-centric models have
adopted a special type of decoder known as themixture decoder. While a weak slot-wise decoder [81]
is predominantly employed in this mixture decoder due to its ef�cacy in promoting the emergence
of object-centric representation in relatively simple scene images, further studies [70, 73] have
shown that this strong prior can make handling complex naturalistic scene images more challenging.
Contrary to conventional belief, Singhet al. [70] recently proposed departing from this low-capacity
mixture-decoder approach and suggested to use an expressive transformer-based autoregressive image
generator in object-centric learning [70, 73]. It was shown that increasing the decoder capacity is
crucial for handling complex and naturalistic scenes in this framework [8, 7, 69, 84, 71].

The success of transformer-based image generative modeling in object-centric learning naturally
leads to the question:can diffusion models, another pillar of modern deep generative modeling known
for their highly expressive generation capabilities, also bene�t object-centric learning? Diffusion
models [75, 31] are based on a stochastic denoising process and have demonstrated impressive
performance in a variety of image generation tasks [61, 58, 65, 14, 63, 66, 56], sometimes surpassing
transformer-based autoregressive models. Moreover, diffusion models possess unique modeling
capabilities that transformer-based autoregressive models cannot provide [75]. However, despite their
potential, the applicability of diffusion models to unsupervised object-centric learning remains largely
unexplored. Consequently, it is crucial to examine the feasibility of this approach and to identify the
associated bene�ts and limitations.

In this paper, we address this question by introducing a novel model called Latent Slot Diffusion
(LSD). The LSD model can be interpreted from two perspectives. From the perspective of object-
centric learning, LSD can be viewed as the �rst model substituting conventional slot decoders with a
conditional latent diffusion model, in which the conditioning is object-centric slots provided by Slot
Attention. From the diffusion model perspective, our approach is the �rstunsupervisedcompositional
conditional diffusion model. While traditional conditional diffusion models [61, 63, 65, 52] require
supervised annotations, such as a text description of an image for compositional generation, LSD is a
diffusion model that enables the construction of such compositional descriptions in terms of visual
concepts extracted from images through unsupervised object-centric learning.

In our experiments, we evaluate the proposed model across various object-centric tasks, including
unsupervised object segmentation, downstream property prediction, compositional generation, and
image editing. We show that the LSD model delivers signi�cantly superior performance compared to
the state-of-the-art model, namely, the transformer-based autoregressive generative model. A notable
attribute of the proposed model is that LSD's performance advantage over autoregressive transformers
increases as the scene complexity increases. In particular, LSD enables exploring, for the �rst time,
the applicability of object-centric model to the FFHQ dataset [41], a collection of high-resolution and
high-quality face images that surpasses the generative capabilities of existing object-centric models.
Additionally, we discuss the over�tting issue faced by LSD on very simple scene images, such as
those in the CLEVR dataset [37], and offer suggestions for addressing this problem.

2 Latent Slot Diffusion

In this section, we outline the auto-encoding framework of our proposed model, Latent Slot Diffusion
or LSD 2, beginning with our object-centric encoder and subsequently describing our proposed
decoder.

2.1 Object-Centric Encoder

Given an input imagex 2 RH � W � C , our object-centric encoder seeks to decompose and represent it
as a collection ofN vectors or slotsS 2 RN � D , where each slot (denoted assn 2 RD ) is encouraged
to represent a compositional entity in the image. For this, we adopt Slot Attention, an architecture
that is also used in the current state-of-the-art object-centric learning approaches [53, 70, 43]. We
now describe how Slot Attention works in our model.

In Slot Attention, we �rst encode the input imagex as a set ofM input featuresE 2 RM � D input via a
backbone networkf backbone

� , i.e., E = f backbone
� (x). The networkf backbone

� is implemented as a CNN

2Code will be made available athttps://github.com/JindongJiang/latent-slot-diffusion
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Figure 1:Method. Left: In training, we encode the given image as image latent and as slots. We then
add noise to the image latent and we train a denoising network to predict the noise given the noisy
latent and the slots.Right: Given the trained model, we can generate novel images by composing a
slot-based concept prompt and decoding it using the trained latent slot diffusion decoder.

(detailed in Appendix D.2) whose �nal output feature map is �attened to form a set. Next, the features
in E are grouped intoN spatial groupings and the information in each grouping is aggregated to
produce aslot. The grouping is achieved via an iterative slot re�nement procedure. At the start of the
re�nement procedure, the slotsS are �lled with random Gaussian noise. Then, they are re�ned via
competitive attentionover the input features, where theN slots act as the queries and theM input
features act as the keys and values. The queries and keys undergo a dot-product to produceN � M
attention proportions. Next, on these attention proportions, thesoftmax function is applied along
the axisN to produce attention weightsA that capture the soft assignment of each input feature
to a slot. Then, for eachn, all input features are sum-pooled weighted by their attention weights
A n; 1; : : : ; A n;M to produce an attention readoutun 2 RD . These steps can be formally described as
follows:

A = softmax
N

�
q(S) � k(E)T

p
D

�
=) A n;m =

A n;m
P M

m =1 A n;m

=) un =
MX

m =1

v(Em )A n;m ;

where,q; k; v are linear projections that map the slots and input features to a common dimension
D. Using the bottom-up information captured by the readoutun , the slots are updated by an RNN
assn = f RNN

� (sn ; un ). In practice, competitive attention and RNN update are performed iteratively
several times and slots from the last iteration are considered the �nal slot representationS.

2.2 Latent Slot Diffusion Decoder

In this section, we describe our proposed decoding approach calledLatent Slot Diffusion Decoderor
LSD decoderfor reconstructing the image given the slot representationS. The design of the LSD
decoder takes advantage of the recent advances in generative modeling based on diffusion [63, 31].
An overview of our decoding approach is provided in Figure 1.

2.2.1 Pre-Trained Image Auto-Encoder

One of the key design components of the LSD decoder is a pre-trained auto-encoder (AE) [21, 63],
which provides a way to map an imagex to a lower-dimensionallatent representationz0 via an
encoderf AE

� . This enables LSD to reduce the computational burden of reconstructing high-resolution
images by using the lower-dimensional latentz0 as an intermediate reconstruction target. It also
allows us to later obtain the original resolution image without compromising image content and
�delity by decoding the latentz0 using the AE decodergAE

� . These can be summarized as:

z0 = f AE
� (x); x̂ = gAE

� (z0); wherez0 2 RH AE� W AE� D AE ; andx̂ 2 RH � W � C :

In our model, we employ an auto-encoder pre-trained on OpenImages3.

3We use the pre-trained weights from https://ommer-lab.com/�les/latent-diffusion/kl-f8.zip
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2.2.2 Slot-Conditioned Diffusion

In LSD, we leverage diffusion modeling to reconstruct the image latentz0 conditioned on the slotsS.
This modeling approach has been primarily explored in supervised contexts,e.g., for text-to-image
generation in Latent Diffusion Models (LDM) [63]. However, unlike LDM, in this work, instead
of conditioning the decoder on embeddings of supervised labels, we condition it on slots where the
process of obtaining the slots themselves,i.e., Slot Attention, is jointly trained with the decoder
without supervision. Following LDM, our decoder works by training a decoding distributionp� (z0jS)
to maximize the log-likelihoodlogp� (z0jS) of the image latentz0 given the slotsS. This decoding
distributionp� (z0jS) is modeled as aT-step denoising process:

p� (z0jS) =
Z

p(zT )
Y

t = T;:::; 1

p� (zt � 1jzt ; t; S) dz1:T ;

wherep(zT ) = N (0; I ), p� (zt � 1jzt ; t; S) is a one-step denoising distribution, andzT ; zT � 1; : : : ; z0
is a sequence of progressively denoised latents. The one-step denoising distributionp� (zt � 1jzt ; t; S)
is parametrized via a neural networkgLSD

� in the following manner:

p� (zt � 1jzt ; t; S) = N
�

1
p

� t

�
zt �

� tp
1 � �� t

�̂ t

�
; � t I

�
; where�̂ t = gLSD

� (zt ; t; S);

� 1; : : : ; � T is a linearly increasing variance schedule,� t = 1 � � t , and�� t =
Q t

i =1 (1 � � i ).

Sampling Procedure.To sample az0 � p� (z0jS), we adopt an iterative denoising procedure as in
[63, 31]. The sampling process starts with a latent representationzT � N (0; I ) �lled with random
Gaussian noise. Next, conditioned on the slots, we denoise itT times by sampling sequentially
from the one-step denoising distributionzt � 1 � p� (zt � 1jzt ; t; S) for t = T; : : : ; 1. This produces a
sequence of latentszT ; zT � 1; : : : ; z0 that become progressively cleaner. Finally,z0 can be considered
as the reconstructed latent representation.

Training Procedure. Following LDM [63], the training ofp� (z0jS) can be cast to a simple procedure
for traininggLSD

� as follows. Given an imagex, its slot representationS, and its image latentz0,
we �rst randomly choose a noise levelt 2 f 1; : : : ; Tg from a uniform distribution. Given thet, we
corrupt the clean latentz0 and obtain a noised latentzt as follows:

zt =
p

�� t z0 +
p

1 � �� t � t ; where� t � N (0; I ); �� t =
tY

i =1

(1 � � i ):

The noised latentzt is then given as input togLSD
� along with the slotsS and denoising time-stept to

predict the noise� t . The networkgLSD
� is trained by minimizing the mean squared error between the

predicted noisê� t and the true noise� t :

�̂ t = gLSD
� (zt ; t; S) =) L (�; � ) = jj �̂ t � � t jj2:

2.2.3 Denoising Network

We implement the denoising networkgLSD
� as a variant of the conventional UNet architecture adapted

to incorporate slot-conditioning. Our denoising network consists of a stack ofL layers where each
layerl is a UNet-style CNN layer followed by a slot-conditioned transformer:

~h l = CNNl� ([h l � 1; hskip( l ) ]; t); =) h l = Transformer l
� (~h l + p l ; cond=S);

whereh0 = zt is the input,h1; : : : ; hL � 1 are the hidden states and�̂ t = hL is the output.

CNN Layers. Following UNet [64], the convolutional layersCNN1� ; : : : ; CNNL� downsample the feature
map via the �rst L

2 layers and then upsample it back to the original resolution via the remaining
layers. Following standard UNet, these CNN layers also receive inputs via skip connection from an
earlier layer denoted by skip(l). This network design has also been explored in LDM [63].

Slot-Conditioned Transformer. The role of the transformer is to incorporate the information from
the slots into the UNet-based denoising process. For this, in each layerl , the intermediate feature map
~h l produced by the CNN layer is �attened into a set of features. To this, positional embeddingsp l
are added and the resulting features are provided as input to the transformer. Within the transformer,
these features interact with each other and with the slotsS, thus incorporating the information from
the slots into the denoising process. The transformer output is then reshaped back to a feature maph l .
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3 Compositional Image Synthesis

In this section, we describe how a trained LSD model can be used to compose and synthesize novel
images. The conventional approach to composing novel images is commonly supervised and rely on
text prompts. This involves using words from a vocabulary to create a sentence, which is then given
to a text-to-image model to synthesize the desired image [62, 61, 65, 63, 58]. However, in a fully
unsupervised setting like ours, we �rst need to build a library of visual concepts by simply observing
a large set of unlabelled images. Then, similarly to composing a sentence prompt using words, we
compose aconcept promptby selecting concepts from the visual concept library. By providing this
concept prompt to the LSD decoder, we can then synthesize a desired novel image. This approach of
unsupervised compositional image synthesis was also explored in [70].

Unsupervised Visual Concept Library. To build a library of visual concepts from unlabelled images,
we �rst take a large batch ofB imagesx1; : : : ; xB . We then apply slot attention to obtain slots for
these imagesS1; : : : ; SB . Next, we gather all these slots into a single setS and performK -means
on it. TheK -means procedure assigns each slot inS to one of theK clusters. We consider the set
of slots assigned to ak-th cluster as a visual concept libraryVk . With K as the number of clusters,
this method results inK visual concept librariesV1; : : : ; VK . Our experiments will demonstrate that
this basicK -means technique can generate semantically meaningful concept libraries. For example,
on a dataset of human face images like FFHQ [41], theK libraries correspond to practical concept
categories such as hair style, face, clothing, and background.

Novel Image Synthesis.Given librariesV1; : : : ; VK , we can compose a concept promptScomposeby
pickingK slots, each from the correspondingk-th library, and stacking them together:

Scompose= ( s1; : : : ; sK ); wheresk � Uniform(Vk )

We then give the composed promptScompose to the LSD decoder to generate the image latent:
zcompose� p� (z0jScompose). Applying the image decoder onzcomposegenerates the desired novel
scene imagex compose= gAE

� (zcompose). For instance, in the FFHQ dataset, the concept prompt can
be a collection of chosen hair style, face, clothing, and background. Decoding this prompt would
generate a face image that conforms to this prompt.

4 Related Work

Unsupervised Object-Centric Learning.Object-centric representation learning aims to decompose
multi-object scenes into meaningful object entities. A common approach to this is by auto-encoding.
In this line, the focus has been to design an appropriate decoder that supports good decomposition. The
most widely used decoders include the mixture-decoder [6, 25, 53, 26, 19, 78, 1, 17, 18, 39, 89, 80],
spatial transformer decoder [20, 12, 50, 35, 13, 9, 36, 49, 72, 86], Neural Radiance Fields (NeRF)
[77, 83, 74], transformer decoder [70, 73, 71, 84, 7, 67, 23], energy-based models [16] and complex-
valued functions [55]. Among these, the mixture decoder has been shown to struggle on complex
scene images [70, 73] while the spatial transformer decoder requires careful tuning of hyperparameters
which limits their applicability in realistic scenes. Neural Radiance Fields require camera poses,
and the learning setting involves 3D scenes unlike ours. Another line of work seeks object-centric
scene decomposition without reconstruction. This includes works such as [69, 82, 28, 79, 3, 54, 87].
However, unlike ours, these approaches lack the ability to generate images. Preceding object-centric
learning, several works pursued disentanglement within a single-vector representation of the scene
and use it for compositional image generation [11, 30, 42, 45, 10]. However, lacking spatial binding
mechanisms, these methods struggle in multi-object scenes [25] unlike ours.

Diffusion Models. Diffusion models (DMs) are a recent class of generative models that can produce
high-quality images by reversing a stochastic process that gradually adds noise to an image [31, 76].
DMs have been applied to various tasks in computer vision, such as class-conditioned generation, text-
to-image generation, image editing, super-resolution, and inpainting [14, 33, 61, 58, 65, 56, 32, 66].
Recently, [63] proposed Latent Diffusion Models (LDM). By virtue of operating on a low-dimensional
latent space, LDM reduces the computational demands of DMs signi�cantly. [51] introduced a method
for multi-object scene generation by combining signals from multiple text-conditioned denoising
networks. However, to achieve controllable generation, many of these existing DMs require additional
labels such as text descriptions to train and control the generation process. In contrast, our model can
generate images compositionally using object concepts directly extracted from images. Moreover,
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Figure 2:Visualization of Unsupervised Object Segmentation.We show visualizations of predicted
segments on CLEVR, CLEVRTex, MOVi-E, and FFHQ datasets.

DMs have also been used for representation learning. [4] demonstrated that the intermediate features
of a learned DM are useful representations for label-ef�cient semantic segmentation. [60] introduced
an image encoder that compresses an image into a latent representation, jointly trained with the
denoising objective. Nevertheless, these representations are unstructured and not modular like ours.

Concurrent Research. A concurrent study in [85] also explores a similar idea of object-centric
learning using DMs and its downstream applications such as the image editing tasks akin to our
experiments. Just like LSD, they employ the Latent Diffusion Model (LDM) as the slot decoder.
However, unlike our method, [85] independently train a latent encoder for each dataset, whereas LSD
employs a pre-trained latent encoder shared across all input data.

5 Experiments

We extensively evaluate our proposed Latent Slot Diffusion (LSD) model on various object-centric
tasks, including unsupervised object segmentation, downstream property prediction, compositional
generation, and image editing. As will be shown, our model demonstrates substantial improvements
over the state-of-the-art on multiple challenging datasets with complex texture and background,
including FFHQ [41] which has been beyond the generative capability of object-centric models.
In addition, we also include a preliminary exploration into the potential of LSD using pre-trained
diffusion models, discussing its performance in both multi-object datasets and unconstrained real-
world images in Section 5.4 and Appendix C.

Datasets.We evaluate our model on �ve datasets. Four of them are synthetic multi-object datasets—
CLEVR [37], CLEVRTex [40], MOVi-C, MOVi-E [ 24]. They present increasing levels of dif�culty—
CLEVRTex adds texture to objects and backgrounds, MOVi-C uses more complex objects and natural
backgrounds, and MOVi-E contains large numbers of objects (up to 23) per scene. Furthermore, we
explore the applicability of object-centric models to FFHQ [41], a dataset of high-quality face images.
Unlike previous works in this line that only investigate low-resolution images,e.g., up to128� 128,
we use a resolution of256� 256for all datasets in our experiments.

Baselines.We compare our model against SLATE, the state-of-the-art object-centric learning and
unsupervised compositional image generation approach. We use its improved version [73], which
is more robust in complex scenes. For a fair comparison with LSD that leverages pre-trained
auto-encoder, we also develop a variant of SLATE denoted as SLATE+ , where its low-capacity
dVAE [70] is replaced with a pre-trained VQGAN model [21]. For all models in this work, we use
OpenImages-pretrained auto-encoders [63].

5.1 Object-Centric Representation Learning

In line with previous work [53], we use unsupervised object segmentation and downstream property
prediction to evaluate the object-centric learning capability and representation quality. Within each
dataset, all models we compare use the same number of slots.
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Table 1:Segmentation Performance and Representation Quality.Left: We evaluate the segmenta-
tion quality and report mBO, mIoU, and FG-ARI scores across various datasets and baselines.Right:
We measure the representation quality by learning a probe to predict object properties given frozen
slots. For position and 3D bounding box, we report MSE. For shape, material, and category, we
report accuracy. The results are averaged over three random seeds, and the complete table, including
standard deviations, can be found in Figure 5 in appendix.

(a) CLEVRTex

Segmentation SLATE SLATE+ LSD (Ours)

mBO (" ) 50.88 54.90 63.93
mIoU (" ) 49.54 52.96 62.52
FG-ARI (" ) 44.19 70.71 64.41

Representation SLATE SLATE+ LSD (Ours)

Shape (" ) 74.24 71.63 80.23
Material (" ) 69.73 63.61 75.56
Position (#) 1.28 1.26 1.13

(b) MOVi-C

Segmentation SLATE SLATE+ LSD (Ours)

mBO (" ) 39.37 38.17 45.57
mIoU (" ) 37.75 36.44 44.19
FG-ARI (" ) 49.54 52.04 51.98

Representation SLATE SLATE+ LSD (Ours)

Position (#) 1.37 1.28 1.14
3D B-Box (#) 1.48 1.44 1.44
Category (" ) 42.45 45.32 46.11

(c) MOVi-E

Segmentation SLATE SLATE+ LSD (Ours)

mBO (" ) 30.17 22.17 38.96
mIoU (" ) 28.59 20.63 37.64
FG-ARI (" ) 46.06 45.25 52.17

Representation SLATE SLATE+ LSD (Ours)

Position (#) 2.09 2.15 1.85
3D B-Box (#) 3.36 3.37 2.94
Category (" ) 38.93 38.00 42.96

Unsupervised Object Segmentation.Following [53, 69], to measure segmentation quality, we
report the foreground adjusted rand index (FG-ARI), the mean intersection over union (mIoU), and
the mean best overlap (mBO). These metrics are computed based on the attention masks generated by
Slot Attention. Speci�cally, we utilize the attention weights described in Section 2.1, where attention

weightsA are computed asA = softmax
N

�
q(S) �k (E )T

p
D

�
.

Our results in Table 1 suggest that LSD is particularly strong in visually complex scenes. For example,
on the most challenging MOVi-E dataset, LSD outperforms the strongest baseline by> 8% in mBO,
> 9% in mIoU, and> 6% in FG-ARI. On CLEVRTex and MOVi-C featuring complex textures, LSD
also achieves> 9% and> 6% gain respectively, in both mBO and mIoU. We visually show the
superior segmentation quality of LSD in Figure 2. LSD obtains tighter object boundaries, less object
splitting, and cleaner background segmentation. The advantages are most noticeable on CLEVRTex
and MOVi-E, where the baselines over-segment the objects more frequently, or exhibit a common
failure mode that divides images into approximately uniformly distributed block masks.

We also note that the FG-ARI score is sometimes not an ideal metric for evaluating segmentation
quality, because it only considers the foreground pixels and disregards the correctness of the mask
shape, as also highlighted by [19, 40]. In the MOVi-E experiment, even though SLATE+ partitions
the images arbitrarily into uniform patches, as shown in Figure 2, it still achieves a FG-ARI score
comparable to SLATE, which produces signi�cantly more reasonable object masks. This highlights
the need for additional metrics, such as the mIoU score that we also measure for evaluating the
segmentation quality in this work.

Downstream Property Prediction. Following [15, 53], we evaluate the quality of the learned object-
centric representations through downstream property prediction. Speci�cally, for each property, we
train a network to predict the property given a frozen slot representation as input. The correspondence
between the slot and its true label is determined by Hungarian matching [44] using masks. We
use linear heads and 2-layer MLP as the prediction networks for discrete and continuous values,
respectively. We report prediction accuracy for discrete properties (e.g., shape and material), and
mean squared error for continuous properties (e.g., position).

As shown in Table 1, LSD is competitive with or better than the strongest baseline on CLEVRTex,
MOVi-C, and MOVi-E, which is consistent with our �nding in unsupervised object segmentation that
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Table 2:Compositional Image Generation.On various datasets, we generate images using object
slots randomly sampled from the dataset. We compare the �delity of the generated images via the
FID score. The lower the FID score, the better the �delity. We �nd that our model produces the best
�delity scores compared to the baselines.

FID # SLATE SLATE+ LSD (Ours)

CLEVRTex 105.83 69.23 29.53
MOVi-C 170.83 148.27 69.12
MOVi-E 169.32 126.51 64.76
FFHQ 112.38 98.76 27.83

Figure 3: Compositional Generation Samples.We qualitatively compare the quality of image
samples generated by our model with the baselines. We observe that LSD provides signi�cantly
higher �delity and more clear details compared to the other methods.

LSD shines in visually complex scenes. For example, LSD obtains> 4%gain in predicting object
category on MOVi-E and object material on CLEVRTex.

5.2 Compositional Generation with Visual Concept Library

Like text-to-image generative models, LSD is able to take unseen slot-based prompts at test time
and compose new images. Unlike text-to-image models, however, LSD obtains the compositional
generation ability solely from images without relying on additional supervision like text inputs. As
described in Section 3, we �rst build a concept library. Then, we sample one slot representation from
each visual concept library and concatenate them into a sequence to form a slot-based prompt. We
then feed the slot-based prompts to the LSD decoder to generate the images. This produces scenes
with novel object layouts and faces with unseen attribute combinations.

We report in Table 2 the FID score [29] as a measure of the compositional generation quality.
Following standard practice [14], we compute the FID score using 2K generated images and the full
training dataset. Across all datasets, LSD achieves signi�cantly better FID scores than SLATE and
SLATE+ . We further demonstrate the superior compositional generation quality of LSD in Figure 3.
We observe that on the more challenging MOVi-E and FFHQ datasets, LSD generates images with
substantially more clear details and better coherence. In contrast, SLATE is limited by its decoder
and produces images with missing details in the objects or human faces. While the details can be
improved by the pre-trained auto-encoder in SLATE+ , some samples still exhibit severe distortions.

5.3 Slot-Based Image Editing

In addition to generating new images from randomly sampled slot-based prompts, LSD also allows
editing existing images by directly modifying their slot representations. Our experiments showcase
LSD's capability in slot-based image editing, including object removal, single-object segmentation,
object insertion, background extraction, and background swapping. Remarkably, we demonstrate, for
the �rst time in object-centric generative models, the ability to perform face editing in real-world
images, as illustrated in Figure 4.
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