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Abstract

DALL-E has shown an impressive ability to generate novel—significantly and
systematically different from the training distribution—yet realistic images. This
is possible because it utilizes the dataset of text-image pairs where the text pro-
vides the source of compositionality. Following this result, an important extending
question is whether this compositionality can still be achieved even without condi-
tioning on text. In this paper, we propose a simple but novel slot-based autoencod-
ing architecture, called SLATEﬂ that achieves this text-free DALL-E by learning
compositional slot-based representations purely from images, an ability lacking in
DALL.-E. Unlike existing object-centric representation models that decode pixels
independently for each slot and each pixel location and compose them via mixture-
based alpha composition, we propose to use the Image GPT decoder conditioned
on the slots for a more flexible generation by capturing complex interaction among
the pixels and the slots. In experiments, we show that this simple architecture
achieves zero-shot generation of novel images without text and better quality in
generation than the models based on mixture decoders.

1 Introduction

Unsupervised learning of compositional representation is a core ability of human intelligence (Yuille
& Kersten, 2006} [Frankland & Greene), [2020). Observing a visual scene, we perceive it not simply
as a monolithic entity but as a geometric composition of key components such as objects, borders,
and space (Kulkarni et al.} 2015} Yuille & Kersten,|2006; [Epstein et al., 2017; Behrens et al., [ 2018).
Furthermore, this structured understanding about the scene composition enables the ability of zero-
shot imagination, i.e., composing a novel, counterfactual, or systematically manipulated scenes which
are significantly different from the training distribution, e.g., “what if I move the chair to the other
room”. As such, realizing this ability has been considered the core challenge in building a human-like
Al system (Lake et al.| 2017).

DALL.-E (Ramesh et al.l2021) has recently shown an impressive result for zero-shot imagination.
Trained with a dataset of text-image pairs, DALL-E can generate plausible images even from an
unfamiliar text prompt such as “avocado chair” or “lettuce hedgehog”. However, from the perspective
of compositionality, the success of zero-shot imagination of DALL-E is arguably realizable with ease
because of the fact that composable representation is already provided inherently in the form of the
text prompt. That is, the text is already discretized into a sequence of composable concept modules,
i.e., words, each of which is encapsulated as a reusable word vector. Given this, its Image GPT (Chen
et al., 2020b) decoder learns to produce an image by smoothly stitching over the discretized concepts.

Extending from the success of DALL-E, an important question would probably be if we can achieve
such zero-shot imagination only from images without text as we humans can do. This would require

'The implementation is available at https://github.com/singhgautam/slate

1st CtrlGen: Controllable Generative Modeling in Language and Vision Workshop at NeurIPS 2021.
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Figure 1: Overview of our proposed model with respect to prior works. Left: In DALL E, words in the

input text act as the composable units for generating the desired novel image. The generated images have global
consistency because each pixel depends non-linearly on all previous pixels and the input word embeddings.
Middle: Unlike DALL E that requires text supervision, Slot Attention provides an auto-encoding framework

in which object slots act as the composable units inferred purely from raw images. However during rendering,
object slots are composed via a simple weighted sum of pixels obtained without any dependency on other pixels
and slots which harms image consistency and qudkight: Our model combines the best of both models. Like

Slot Attention our model is free of text-based supervision and like DAL Iproduces novel image compositions

with global consistency.

an ability lacking in DALLE: extracting a set of composable representation from an image. The
most relevant approach toward this direction is object-centric representation learning (Greff et al.,
2019; Locatello et al, 2020; Lin et dl., 2020b; Jiang ef al., 2019; Chenr et al.,|2020a). While it can
obtain a set of slots from an input image and reconstruct the same image from the slots, its ability to
recon gure an arbitrary set of slots for zero-shot imagination is signi cantly limited. We nd that this

is due to the mixture-based decoder used in these models which decodes each slot and pixel rather
independently.

In this paper, we propose a simple architecture that can combine the best of DAhH object-

centric representation learning. That is, like DAB, our model can do zero-shot imagination but by
learning a set of slot representations from the input image without relying on text prompt. The key
idea is simple: to combine the slot-attention with the Image GPT decoder used in BAWe call

the proposed model SLot Attention TransformEr or SLATE. In the experiments, we show that this
simple architecture achieves the zero-shot generation of novel images but without text, better quality
in generation than the models based on mixture decoders, and also provides structured relational
representation

The contribution of the paper is a new architecture that can be seen as either a text-fre&DALL

or an object-centric representation and generation model that signi cantly improves the systematic
out-of-distribution generalization ability in image generation. Our result suggests for the rst time
that an Image GPT decoder can be used for object-centric representation learning, making it much
simpler and more effective than previous approaches.

2 Background

2.1 Object-Centric Learning and Current Limitations in Compositional Generation

Object-centric learning is commonly done via an auto-encoding framework (Locatellg et al., 2020;
Burgess et dl[, 2019) in which an encoder takes an input image and returns a set of object represen-
tations or slots;.y = f (X). The slots are then provided to a decoder that composes the objects
represented by the slots and reconstructs the irRagey (s1.n ). In these models, the architecture

of the decodeg implements some form of domain knowledge about how the object slots are
composed to produce the nal outputimage. The most common composition approach assumes that
the generated image is a pixel-wise weighted mean of image compaonents (Locatellp et al., 2020;
Burgess et all, 2019; Lin et gl., 2020b). To do this, the decoder rst decodes the image component



» and the corresponding masks for each slon as follows:

expgmKs,)
N1 expgm®H(sy,)

wheregR®8 andg™@kdecode the RGB component and the mask weights, respectively, for a speci ¢
objegb These are then combined using a pixel-wise weighted mean to produce the nal image as
Ri = n:1 ni ni Wherei 2 [1;HW ]is the pixel index antH andW are the image height and

width, respectively. While such alpha composition may work for simple synthetic images, this model
suffers in generation quality when we attempt to do object composition in more realistic images. The
key failure mode occurs because each object comp@t&h(s,) and its mask weighg™s, )

are decoded for each slot independently without incorporating the information about other slots.
Because of this, when object slots selected from different input images are composed, the rendered
image may become incoherent. For instance, when objects and their shadows are modeled as separate
components, novel combinations of slots may result in shadows that become inconsistent with the
object.

n= g"%8(sn) n= P

In this work, we shall lift the use of inductive biases such as alpha composition for rendering the scenes
by making use of Transformer (Vaswani et al., 2017) as our image decoder. Our central hypothesis is
that a powerful auto-regressive decoder such as Transformer after training with suf ciently diverse
set of raw images should learn the rules of composition implicitly without domain speci cations.

2.2 Image GPT and DALL E

Image GPT (Chen et al., 2020a) is a generative model for images implemented using Transformer

(Vaswani et al., 2017; Brown et al., 2020). To train the model, Image GPT rst down-scales the

image of sizeH W by a factor ofK using a VQ-VAE encoder (van den Oord et al., 2017). This

makes the training of Transformer less costly. Thus an inxagecomes a sequence of image tokens

f zjg wherei indexes the tokens in a raster-scan order fromHYé=K 2. The transformer is trained
model an auto-regressive distribution over this token sequence by maximizing the log-likelihood
i logp (zijz< ). During generation, the transformer samples the image tokens sequentially. This

process may be describedZas p (2ij2< ) where2; is the image token generated for the position

i in the sequence. Once all the tokens for the sequence are generated, thesE2iagkaresprovided

to a VQ-VAE decoder to generate the imaye

It has been shown that Image GPT performs accurate image generation and completion given the
upper half of the image. Because it is able to generate consistent images containing multiple objects,
this suggests that Image GPT has implicitly learned “object models" about how to render those
individual objects and how to compose multiple objects together such that the generated image is
consistent with the true underlying image generating process.

DALL E (Ramesh et al., 2021) shows that this image generating ability of Image GPT can be
controlled using text prompts. DALE models the distribution over the tokens of the image
conditioned on the tokens of the text prompt. The process for generating the image given the
text may be described & p (2ij2< ;ci1.n ) Wherecy.y are the representations Mftokens of

the text prompt on which the image generation is conditioned?aigithe image token at position

i. However, in this approach for controlling image generation, a key limitation is that it requires
supervision in terms of text-image pairs. In our work, instead of using text supervision, we shall
show that composable object representations can be inferred directly from raw images without any
supervision and these representations can be used to condition the image generation of an Image
GPT decoder. By composing arbitrary object representations obtained from arbitrary input images,
we show that our decoder has the ability to render novel scenes such that the generated image is
consistent with the true underlying image generating process.

3 SLATE: Slot Attention Transformer
Our aim is to infer object-centric representations or simply slots from an input image and use the
slots to condition the Transformer decoder to reconstruct the image as a sequence of pixels.

Obtaining Image Tokens using DVAE.To make the training of transformer computationally feasible
for high-resolution images, we rst downscale the input imagef sizeH W by a factor ofK



using Discrete VAE (Im et al., 2017). To do this, we split the image Kito K -sized patches
resulting inT patches wher& = HW=K 2. We provide each patchy as input to an encoder network

f toreturn log probabilities (denoted ag) for a categorical distribution with' classes. With these

log probabilities, we use a relaxed categorical distribution (Jang et al., 2016) with a temperiture
sample a relaxed one-hot vec§P®. We then decode these codes to obtain reconstructions of the
patches.

o =f (xi);
z%°"  RelaxedCategoricéd;; );
xi = g (Z°"):

P
By minimizing an MSE reconstruction objective for the image patches pgag = iTzl (% Xi)?,
we train the DVAE encoddr () and decodeg () networks.

Inferring Object Slots. To infer the object slots from a given image we rst use the DVAE
encoder as described above to obtain an image tokéor each patclhi. Next, we map each codg

to an embedding by using a learned dictionary. To incorporate the position information into these
patch embeddings, we add learned positional embeddings. This results in an emiogadinch

now has both the content and the position information. These embeddingare then given as

input to a Slot-Attention encoder (Locatello et al., 2020) wiittslots.

o =f (x§);

zi Categoricdlo;);

u; = Dictionary (zi)+ pi ;
SlotAttention (uq.7):

SN GALN

This results irN object slotss;.y andN attention map#\;.n from the last re nement iteration of
the Slot-Attention encoder.

Reconstruction using Transformer. To reconstruct the input image, we use the stats to rst
reconstruct the DVAE codg,.t+ using a Transformer. We then use the DVAE decafléo decode
the DVAE code and reconstruct the image patches

6; = Transformer(0 ;sin);

2; =arg max 0y ;
v2[1;V]

Ri =g (%):

wheret; = Dictionary (2;) + p. and6;, is the log probability of tokew among the/ classes of
the categorical distribution representedy As the training objective for transformer, we minimize
the cross-entropy of predicting each tokemiven all the preceding tokemzs; and the slots; .y .
Let the predicted log-probabilities for the token atgpositidieo; = Transformer(u«; ;si:n ). Then
the cross-entropy objective can be writterLag = iT:l CrossEntrop§z; ; o).

Learning Objective and Training. The complete training objective is given by= Lst+ Lpyae
and all modules of our model are trained jointly. We apply a decay on the DVAE temperdtora
1.0 to 0.1 at the start of the training. We also apply a learning rate warm-up for the parameters of
Slot-Attention and Transformer at the start of the training as we found that this led to stable training.

3.1 Concept Library

The above model extracts a set of concepts or slots that describe an image whereas an intelligent
agent would build dibrary of reusable conceptsom diverse experience. In DALE, a vocabulary

of words with learned embeddings plays the role of this library and provides reusable concepts even
though the concepts or the words are pre-de ned rather than constructed from experience.

To build a library of concepts from experience, in our experiments, we shall use the following simple
approach based d&-means clustering to construct a library of reusable visual concepts. (i) Collect
N slotsS; = fs;;:::;sy gand their attention mapg; = fA};:::; Ay gfrom each imagein the
training dataset. (i) Rui -means clustering o8 = ; S; with cosine similarity between slots as a
distance metric wheri is the number of total concepts in the library. In cases when object position



is more important for building the concept library, it might be more natural to cluster the slots via
IOU between the attention maps as a distance metric. (iii) Use each cluster as a concept and the
slots assigned to the cluster as the instantiations of the concept. (iv) To compose an arbitrary image,
choose the concepts from the library and randomly choose a slot for each concept. (v) Provide this
set of slots to the decoder to compose and generate an image. Here, choosing concept vectors is like
composing a text prompt in DALE. But in our case, our prompt is an order-less set of slots.

Considering that an agent may collect new experience (or images) inde nitely, it is an interesting
future direction to scale this idea to larffe and apply online clustering (Liberty et al., 2016) or
Bayesian non-parametric clustering (Neal, 2000).

3.2 Multi-headed Slot Attention

For representing images, slots of standard Slot Attention encoder (Locatello et al., 2020) can suffer
in expressiveness when representing objects with complex shapes and textures. This is because the
slots collect information from the input cells via dot-product attention in which the attended input
values are pooled using a simple weighted mean. As such, this pooling method can be too weak
for representing complex objects. To address this, we propose an extension of Slot Attention called
Multi-headed Slot Attentioim which each slot attends to the input cells via multiple heads. This
allows each slot to attend to different parts of the same object. When the slot state is computed,
the attended values of different heads are concatenated which allows these partial object features
to interact more exibly and produce a signi cantly better object representation. Full details of the
implementation and an ablation experiment to show the bene ts of multiple heads are provided in
Appendix A.2.

4 Related Work

Compositional Generation via Object-Centric Learning. Self-supervised object-centric ap-
proaches (Burgess et al., 2019; Greff et al., 2019; Locatello et al., 2020; Kabra et al., 2021; Greff
etal., 2017; Engelcke et al., 2020, 2021; Eslami et al., 2016; Crawford & Pineau, 2019b; Lin et al.,
2020b; Jiang & Ahn, 2020; Kosiorek et al., 2018; Jiang et al., 2019; Crawford & Pineau, 2019a; Lin
et al., 2020a; Deng et al., 2021; Anciukevicius et al., 2020; von Kigelgen et al., 2020; Wu et al.,
2021) typically perform mixture-based alpha compositing for rendering with contents of each slot
decoded independently. Savarese et al. (2021) and Yang et al. (2020) rely on minimizing mutual
information between predicted object segments as a learning signal while Yang et al. (2021) leverage
optical ow. However, these approaches either cannot compose novel scenes or require specialized
losses for object discovery unlike ours which uses a simple reconstruction loss. DINO (Caron et al.,
2021) combining Vision Transformer (Dosovitskiy et al., 2021) and a self-supervised representation
learning objective (Chen et al., 2020b; He et al., 2020; Grill et al., 2020; Touvron et al., 2021; Hinton,
2021; van den Oord et al., 2018) discovers object-centric attention maps but, unlike ours, cannot
compose novel scenes. TIMs (Lamb et al., 2021) attach an image encoder (Goyal et al., 2021) to
an Image GPT decoder and show object-centric attention maps but, unlike ours, do not investigate
compositional generation.

Compositional Generation using GANs.Chai et al. (2021) show compositional generation using

a collage of patches encoded and decoded using a pretrained GAN. However, the collage needs to
be provided manually and object discovery requires a specialized process unlike our model. Bielski
& Favaro (2019) and Chen et al. (2019) show object discovery from given images by randomly re-
drawing or adding a random jitter (Voynov et al., 2021) to the foreground followed by an adversarial
loss. As these models use alpha compositing, their compositional ability is limited. Some works
(Donahue et al., 2016; Donahue & Simonyan, 2019) infer abstract representations for images that
emphasize the high-level semantics, but these, unlike ours, cannot be used for compositional image
generation. Niemeyer & Geiger (2021), Nguyen-Phuoc et al. (2020); Chen et al. (2016), van
Steenkiste et al. (2020), Liao et al. (2020) and Ehrhardt et al. (2020) introduce GANs which generate
images conditioned on object-wise or factor-wise noise and optionally on camera pose. Lacking
an inference module, these cannot perform compositional editing of a given image unlike ours.
While Kwak & Zhang (2016) provide an encoder to discover objects, the decoding relies on alpha
compositing. Reed et al. (2016a) show controlled compositional generation in GANs and improved
generation quality (Johnson et al., 2018; Hinz et al., 2019) via an object-centric or a key-point based



FID (#) MSE (#) FID (#)

Dataset SA Ours Dataset SA Ours SA Ours
Shapestacks 155.7451.27 Shapestacks 233.72111.86 139.72 30.22
Bitmoji 71.43 15.83 Bitmoji 388.72 261.10 67.66 11.89
(a) Compositional Generation (b) Image Reconstruction

Table 1: Comparison of Compositional Generation (left) and Image Reconstruction (right) between Slot-
Attention (SA) and our model. For comparison of compositional generation, we report FID score. For image
reconstruction quality, we report MSE and FID score.

pathway for scene rendering. However, these require supervision for the bounding boxes and the
keypoints.

Compositional Generation with Latent Variable Models and Text. An early line of approaches
focused on disentangling the independent factors of the observation generating process\sing
(Higgins et al., 2017) or ensuring that independently sampling each latent factor should produce
images indistinguishable from the training distribution (Kim & Mnih, 2018; Kumar et al., 2017,
Chen et al., 2018). However unlike ours, these approaches can suffer in multi-object scenes (Jiang &
Ahn, 2020) due tesuperposition catastroph@&reff et al., 2020). Another line of approaches learn

to map text to images to compose novel scenes (Ramesh et al., 2021; Reed et al., 2016b; Li et al.,
2019; Higgins et al., 2018) or map attribute-value pairs to images (Sohn et al., 2015; Yan et al., 2016).
However such approaches rely on supervision.

5 Experiments

In experiments, we evaluate whether a Transformer decoder instead of a mixture decoder can provide
bene ts in: 1) generating novel scenes from unseen combinations of slots, 2) image reconstruction,
and 3) generating novel scenes that do not belong to the training image distribution. For this, we
compare our model with Slot Attention (Locatello et al., 2020) which, like ours, uses a slot-based
encoder but uses a mixture decoder for decoding. We evaluate the models on 2 datasets: Shapestacks
(Groth et al., 2018) and Bitmoji (Graux, 2021). In each dataset, a scene can be described in terms of
composable entities such as blocks, walls, oors, hair or face. Our models take only raw images as
inputs without any other supervision or annotations.

5.1 Compositional Image Generation.

In DALL E, unseen text prompts were used to generate novel scenes. Similarly, in our text-free
model, we evaluate whether novel scene generation is possible by providing unseen combinations of
slots as the prompt for our Image GPT decoder.

To build slot prompts, we rst build a concept library usikgmeans as described in Section 3.1.

In Bitmoji, we applyK -means clustering on the slots. This results in clusterdress hair, neck
eyesfaceandcollar. These clusters make up our concept library and are visualized in Appendix C.
To build novel prompts from this library, we simply pick one slot from each cluster. In Shapestacks
dataset, object positions are more important and thus we slightly modify the above approach to build
the prompts. We rst sample a set of random positions on the canvas in a vertical tower con guration.
Then for each of these positions, we then sample a slot from the concept library. In this way, we
generatel0000prompts for each dataset and render the corresponding images. We then evaluate
the realness of the images by computing FID score with respect to the true images. To support this
metric, we also report the training curves of a CNN discriminator that tries to classify between real
and model-generated images. If generated images are close to the true data distribution, then they
should be harder for the discriminator to discriminate and the resulting training curve should converge
more slowly.

Better Visual Quality. From Figure 2a and Table 1a, we note that our compositional generations are
signi cantly more realistic than the generations from the mixture decoder. This is also supported by
gualitative samples shown in Figures 2b and 4.



(a) Discriminator Training Curves (b) Compositional Generation Samples in Bitmoji

Figure 2: Comparison of compositional generation between Slot Attention and our model. LeftCom-

parison of training curves of a discriminator to compare the quality of compositional generation between
Slot-Attention and our model. A CNN discriminator receives either a real image or a model-generated image and
tries to classify between real and fake. A slow converging curve is b&iignt: We visualize the set of slots

that the model receives as prompt and we visualize the composed scene returned by the model. We visualize
the slots in the prompt by showing source image masked using the input attention map of that slot. Note that
these attention maps had emerged in the source images implicitly without any supervision. We also note the
limitations of mixture decoder of Slot Attention which produces incoherent compositions. For instance, the
white background from the face slot can incorrectly mask the hair slot which is not the desired composition.

Figure 3: Scene Editing by Replacing Slots in Bitmoji.We show that in our model, it is possible to edit the
image by taking a speci c slot and replacing it with an arbitrary slot drawn from the concept library for the same
concept.

Better Global Consistency.In Figure 2b, we visualize the compositions for Bitmoji datasets. These
results show that the mixture decoder is unable to consistently combine the slots provided in the
prompt. In Bitmoiji, the mixture components of the source images interact incorrectly leading to
inaccurate compositions. In comparison, our model is signi cantly more robust to this inconsistency
problem when performing novel compositions.

Compositional Scene Editing.In our model, it is also possible to edit a given scene by inferring the
slot representation and then replacing the slot with another one taken from the concept library. In
Figure 3 (and Figure 7 in Appendix), we show compositional editing on Bitmoji dataset.

5.2 Reconstruction Quality

A natural test about whether an auto-encoder learns accurate representations of the given input is
through an evaluation of the reconstruction error. For this, we report two metrics: 1) MSE to evaluate
how well the reconstructed image preserves the contents of the original image and 2) FID score to
show how realistic is the reconstructed image with respect to the true image distribution. We compute
these metrics on a held-out set and report in Table 1b.

We nd that our model outperforms Slot Attention in all datasets in terms of FID and MSE which
shows that the image quality of our model is better. We also note qualitatively that Slot Attention



Figure 4: Compositional generation in Shapestacks DatasetVe provide 4 object slots and the background
slots in the slot prompt and generate compositions.

renders more blurry images with fewer details than ours. One reason for this is Spatial Broadcast
decoder (Watters et al., 2019) which is a weak decoder used for rendering object components in
Slot Attention. Prior works use Spatial Broadcast decoder to bias the decoder towards simple object
components and encourage disentanglement of objects into separate slots. However, our results show
that such inductive biases are not needed and we do not need to trade-off image quality with object
discovery (see Appendix D.1).

6 Conclusion

We presented a model for zero-shot imagination by learning slot representations from the input image.
Our model combines the best of DALE and object-centric representation learning. It achieves novel
scene composition without text while also providing signi cant improvement in generation quality
over mixture-based decoders. Because we do not make any design choices speci ¢ to images, itis an
interesting direction to explore our model on other domains such as text or audio.

7 Broader Impact

The current version of the model does not generate images realistic enough for negative societal
impact. However future versions of the model with more computation, larger datasets, and better
tuning may generate images with such impact. However, this is not imminent.
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