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Abstract

Neural discrete representations are crucial components of modern neural networks.
However, their main limitation is that the primary strategies such as VQ-VAE
can only provide representations at the patch level. Therefore, one of the main
goals of representation learning, acquiring conceptual, semantic, and compositional
abstractions such as the color and shape of an object, remains elusive. In this paper,
we present the first approach to semantic neural discrete representation learning.
The proposed model, called Semantic Vector-Quantized Variational Autoencoder
(SVQ), leverages recent advances in unsupervised object-centric learning to address
this limitation. Specifically, we observe that a simple approach quantizing at
the object level poses a significant challenge and propose constructing scene
representations hierarchically, from low-level discrete concept schemas to object
representations. Additionally, we suggest a novel method for training a prior over
these semantic representations, enabling the ability to generate images following
the underlying data distribution, which is lacking in most object-centric models.
In experiments on various 2D and 3D object-centric datasets, we find that our
model achieves superior generation performance compared to non-semantic vector
quantization methods such as VQ-VAE and previous object-centric generative
models. Furthermore, we find that the semantic discrete representations can solve
downstream scene understanding tasks that require reasoning about the properties
of different objects in the scene.

1 Introduction

While there have been various findings regarding the purpose of the brain, it is fair to say that the
human brain has at least two key functions. First, it constructs a good representation that captures the
structure of the world through perception. Second, it imagines or generates various possibilities of
the world. Similarly, Al systems that aim to be as generally capable as humans would also need to
realize similar capabilities computationally. Building such a learning system that can both structurally
recognize and generate has long been a desired vision in machine learning, from Helmholtz machines
[1, 2] to Variational Autoencoders [3,4]. Although there could be various approaches to achieving
this, in this work, we focus on a specific class of models, which we call Generative Structured
Representation Models, which satisfy the following desiderata.

First, when it comes to representating a visual scene, it appears that we do not perceive the scene sim-
ply as a monolithic vector of features. Instead, we view it structurally and semantically, recognizing it
as a composition of meaningful components such as objects and their attributes like shape, color, and
position [} 16, [7]. Various works in Al, particularly object-centric approaches [8], have demonstrated
that this structural decomposition facilitates relational reasoning [9, 10, [11]] and out-of-distribution
generalization [[12[10] due to improved compositional generalization. It has also been shown that a
monolithic vector representation of a scene, such as VAE, fails in multi-object scenes [9, 12, [10].
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Table 1: Desiderata for Generative Structured Representation Models and Related Models

VAE VQ-VAE Slot Attention SysBinder SVQ (Ours)
Semantfc‘ Factor b 4 Object Object & Factor  Object & Factor
Decomposition
Discrete b 4 v b 4 b 4 v
Sampling v v b 4 b 4 v

Moreover, this structured and semantic understanding can be categorized and conceptualized dis-
cretely in an unsupervised way. Such an ability is critical for organizing and comprehending the
complexity of the environment, e.g., via language, as well as for implementing modularity [13]] or
symbolic reasoning [14]]. In Al, discrete representations are also useful to leverage powerful learning
models like transformers. One of the most popular models for discrete representation learning in Al
is VQ-VAE [15]. It has been shown to be beneficial for image generation [16} [17]] and probability
density modeling [18]]. However, VQ-VAE and its variants, such as dVAE [19, 20] and VQ-GAN
[L7], represent a scene as a grid of small patches, lacking the capability to capture the scene’s holistic
structure and semantics.

Besides, the ability to generate samples that adhere to the observed data distribution is foundational
for endowing Al the capabilities to imagine and simulate, e.g., for planning [21} 22]. However, only a
certain class of representation learning models supports this essential ability. While models like Slot
Attention [23]] and SysBinder [24]] offer structured, object-centric representations, in its original form
it is unclear how to support density-based sampling. In contrast, VAE-based models, such as VAE
and VQ-VAE, generally support this ability to sample from a prior distribution, but they either do not
provide object-centric structures (VAE) or are limited to patch-based representations (VQ-VAE).

In this work, we observe that, despite its significance, there is currently no method that simultaneously
satisfies all of the mentioned criteria of Generative Structured Representation Models, as summarized
in Table|l] To address this issue, we propose the Semantic Vector-Quantized (SVQ) Variational Au-
toencoder. Our model achieves discrete semantic decomposition by learning hierarchical, composable
factors that closely align with the objects and the properties of objects in visual scenes. Similar to
patch-based vector quantization methods, we can train an autoregressive prior to learn the distribution
of the dataset. However, unlike VQ-VAE, we achieve this by learning the distribution of semantic
discrete tokens, rather than patch tokens. As a result, the generation (or imagination) process is to
compose semantic concepts such as objects and their attributes, rather than stitching a grid of patches.

Our contributions are as follows: First, we introduce SVQ, the first model to obtain semantic neural
discrete representations without any supervision about the underlying factors in the scene. Second,
by training a prior over these discrete representations, we are able to obtain an object-centric density
model, capable of capturing the underlying data distribution and generating new samples. Third, we
evaluate our model on several 2D and 3D datasets including the challenging CLEVRTex dataset,
showing superior downstream task performance and image generation quality.

2 Background and Related Work

Vector-Quantized Variational Autoencoder (VQ-VAE). The VQ-VAE [15] is a model that learns
to compress high-dimensional data into a discretized latent space. The latent space is maintained
by a codebook of prototype vectors e 2 R¥*9 where K is the size of the codebook and d is the
dimensionality of each prototype vector. An input X is first passed through encoder E (x) to obtain
latents ze 2 RY. A nearest-neighbor lookup between ze and each of the prototype vectors in the
codebook yields a quantized representation zg = Quantize(ze) = ex where kK = arg min; jjze  €jjjz.
A straight-through estimator [25] is used to estimate the gradients through the quantization step by
copying the gradients from zq to ze. The model is trained with a reconstruction loss, a codebook loss,
and a commitment loss. We refer to the original work [15] for more details.

Slot Attention. We build on top of Slot Attention [23], a spatial attention-based object-centric
representation method that has been shown to be able to decompose a scene into a set of slots, each
corresponding to an object in the scene. Additional discussion of related work can be found in

Appendix



Figure 1: (a) Overall architecture of SVQ. We maintdih learned codebooks and split each slot iktoblocks.

At the end of each Slot Attention iteration, we apply vector quantization to each block representation to obtain a
set of discrete codes for each slot. Each block ends up specializing in different underlying factors of variation
for the objects in the scene. (b) The Semantic Prior. After training the model, we freeze SVQ and train and
autoregressive prior over the discrete latent codes. Sampling from this prior allows us to generate an image one
object at a time, based on their properties.

3 Semantic Vector Quantization

Given a slot attention encoder that can obtain a set of representations of the objects in a scene,
one may think of a hypothetical method, applying vector quantization to the slot representation
itself to obtain a set of semantic discrete representations. While these representations would indeed
correspond to the different objects in a scene, this scheme would essentially require one codebook
entry per possible object con guration and would be insuf cient for anything beyond trivially simple
scenes.

For example, consider a simple scene containing a single object in a xed position that only varies
by color and shape. Assume there apossible colors and possible shapes for the object. With
slot-level quantization, in order to represent all the potential objects, the codebook would require at
leastc s entries. This is because each slot representation is a single entangled representation so
each combination of factors needs to be represented by a separate code. If instead, we were able to
disentangle the object-level representations into factor-level representations—representations that
align with the underlying latent factors of variation of each object—we would be able to describe the
potentially large combinatorial space of each object with a much small number of discrete factors. In
the above example, if we had a fully disentangled representation of the color and the shape, we would
be able to represent all possible scenes withs codes. See Appendix A.4 for further discussion.

This observation motivates us to design an architecture that further disentangles slot representations
to factor representations that re ect the underlying discrete factors of the objects in the scene, and
to perform vector quantization on these factor representations. Under this scheme, each object
representation would be composed of multiple discrete factors, and each factor would have its own
codebook that can be shared across objects. The resulting modegnttaaticV ector-Quantized
Variational Autoencoder (SVQ), is depicted in Fighte 1a and described below.

To obtain factored representations, we follow an approach motivated by Neural Systematic Binder
(SysBinder) p4], where a binding mechanism is introduced to produce disentangled factors within

a slot. Speci cally, the following modi cations are applied to slot attention: First, we mairi¥ain
codebooksC 2 RM K d¢ each withK discrete prototype vectors of dimensidn= ﬁA—S. Then,

we split each of thé\ ds-dimensional slot representations iftb equally-sized blocks, each of

which will represent one factor. We denote the full set of block representatica2aBN M de
Crucially, we replace the slot-level GRUs and residual MLPs with block-level equivalents that have
shared parameters across blocks corresponding to the same factor. At the end of each slot attention
iteration, we apply vector quantization for each block using its corresponding codebook to obtain a
set of quantized blockg, 2 RN M 9 Forn 2 [L;N];m 2 [L;M],

Zg;m = Cmy Wherek = argmin jj ze™  Cmjliz;
]



wherezg™ denotes then-th block in then-th slot andCrk is thek-th prototype vector in the

m-th codebook. By sharing the codebook for each block across all of the slots, each block ends
up specializing in different underlying factors of the objects in the scene, such as color, shape, and
position. Thus, these quantized representations are semantic in the sense that they contain factor-level
representations mapping to the underlying structure of the scene.

To reconstruct the image, we use the same autoregressive transformer decoder that is used in Singh
et al. [24]. We train the model with the reconstruction loss, the VQ-VAE commitment loss, and we
update the codebooks with EMA updates. To prevent codebook collapse, we also incorporate random
restarts for the embeddings, similar to previous w@®.[ To achieve this, we keep a count of the
usage of each code in the codebooks and randomly reset it to be near one of the encoder outputs of
the current batch if its usage falls below a threshold.

3.1 Semantic Prior

Given these semantic discrete codes representing the different objects in the scene, we can now freeze
the SVQ and train an autoregressive pp@e,) over these codes to model the structure of the data
(Figure 1b). We can then sample from this prior to obtain codes for new scenes and use these codes
in the SVQ decoder to generate new images. Compared to patch-based VQ methods that generate
tokens that correspond to a spatially local region of an imagesémgantiqrior generates an image

one object at a time, based on their properties.

We implement the prior using a simple autoregressive transformer decoder. First, wezaitiemg

the slot and block dimensions to a vector with dimensidhé  d.. We then apply a positional
encoding across all slots and blocks and input the resulting vector to a transformer decoder with an
objective of predicting the discrete code of the next block. Although slot attention does not guarantee
any speci c ordering of the slots, the blocks within the slots are arranged in a prede ned order.
Therefore, the positional encoding is important in providing information about the ordering of the
blocks as well as which block belongs to which slot.

Note that generating the latents of one image requires samylivigblocks, but does not depend on
the size of the image. This is different than VQ-VAE, which scales with the size of the feature map
and may become expensive for high-resolution images.

4 Experiments

Datasets.We evaluate our model on two variants of a 2D Sprites dat23el ] and three variants

of the CLEVR dataset8], CLEVR-Easy, CLEVR-Hard, CLEVR-Tex. In the 2D Sprites datasets,
objects of varying shapes and colors are placed in a scene. In total, there are 7 possible colors and
12 possible shapes. In each image, one object has a single property that is unique from the other
objects. All other properties are shared by at least two objects. This structure allows us to evaluate if
the prior correctly models the dependencies between the properties of the scene. We test versions of
this dataset with and without textured backgrourt.[Details about the CLEVR datasets can be
found in Appendix B.1.

Baselines.We compare our model with several patch-based quantization methods: VQIBRE [
with a PixelCNN [Lg] prior, and dVAE [L9, 20] with a transformer decoder prior. For the dVAE
baseline, we use the dVAE weights that are trained along with the SVQ. This provides a more direct
ablation comparing the semantic prior of SVQ with the patch-based transformer decoder prior since
the dVAE decoder is shared across these models and will not contribute to differences in image
quality. We also compare with GENESIS-\V&], a continuous latent object-centric model with an
autoregressive prior that can also generate samples.

4.1 Generating Samples with Semantic Prior

4.1.1 2D Sprites

We show the results of the 2D Sprites experiments in Table 2 and sample generations in the appendix
(Figure 3). We additionally calculate generation accuracy by manually inspecting 128 images per
model to check if the generated images follow the constraints of the dataset. That is, each image must



have exactly one object that has a unique property. All other properties in the scene will have at least
one duplicate among the other objects.

We see that for the simplest dataset with 3 objects and no background, SVQ achieves the lowest FID
of the models and comparable generation accuracy to dVAE, generating about 75% of the scenes
correctly. This setting may be simple enough that dVAE with a transformer prior can capture the
structure of the scene even with a patch-based discrete latent. As the scene complexity increases with
more objects and textured background, SVQ starts to outperform the baselines in terms of generation
accuracy.

Table 2: FID and Generation Accuracy on the 2D Sprites datasets. For Generation Accuracy, 128 samples were
inspected manually to determine if they matched the constraints of the scene (ie. exactly one unigue property
among all the shapes). Underlined numbers indicate a minor difference from the best value.

FID # Generation Accuracy (in %)
Dataset VQ-VAE dVAE SVQ (ours) VQ-VAE dVAE SVQ (ours)
2D Sprites (3 obj) 14.81 7.26 6.61 2891  75.78 75.00
2D Sprites (4 obj) 26.35 19.15 17.93 21.88 62.50 66.41

2D Spritesw/ bg (4 obj) 58.14 66.08  58.50 1953 3047  42.19

41.2 CLEVR

In Figure 2, we show sample generations after training the models on the CLEVR-Easy, CLEVR-
Hard, and CLEVR-Tex datasets. We report the Frechet Inception Distance (FID) in Table 3. We
nd that compared to the other models, GENESIS-v2 generates very blurry images and completely
fails on CLEVR-Tex, resulting in a high FID. While VQ-VAE produces sharper images, several of
the generated shapes are malformed or have mixed colors. The dVAE-generated images look closer
to the ground truth dataset, but still have some errors such as overlapping objects ( rst image) and
generating scenes with more objects than seen in the training set (third image). SVQ has the lowest
FID for all of these datasets and the generated images look very close to the ground truth dataset,
indicating the usefulness of having a semantic prior for generating these multi-object scenes.

In Appendix A.2, we show additional analysis of the learned codebook on the CLEVR-Easy dataset.

Figure 2: Generated samples for the CLEVR-Easy, CLEVR-Hard, and CLEVR-Tex Datasets.

4.2 0Odd-One-Out Downstream Tasks

We rst evaluate on a downstream supervised learning task on the 2D Sprites dataset. We modify
the dataset by rst dividing each image into four quadrants and ensuring exactly one object will be
in each quadrant. As in our previous experiments, one object has a single property that is unique



Table 3: FID for the various models on the CLEVR datasets.

FID #
Dataset GENESIS-v2 VQ-VAE dVAE SVQ (ours)
CLEVR-Easy 115.56 57.06 40.30 32.50
CLEVR-Hard 93.01 73.33 65.89 43.12
CLEVR-Tex 225.08 178.59 112.80 84.52

from the other objects. The goal of the task is to identify the quadrant of the odd-one-out object.
We rst pretrain the baseline models on a dataset containing all 12 possible shapes and 7 possible
colors. Then, we freeze the underlying model and train a downstream model on top of the learned
representations with the supervised objective. The downstream model is trained on a dataset that
only contains 9 possible shapes and 4 possible colors. We then evaluate on both the in-distribution
(ID) dataset and an out-of-distribution (OOD) dataset that consists of the remaining 3 shapes and 3
colors. In addition to dVAE and VQ-VAE, we use SysBinder as a baseline for this task, to compare
its continuous representation with SVQ's discrete representation. For the latent representation of
SVQ, we include variants that use the codebook indices (SVQ Indices) and the codebook prototype
vectors (SVQ Codebook).

Table 4 shows the results of our ex-
periments. Since all models can Table 4: Results for the downstream odd-one-out task.
solve the task when evaluated on the
ID dataset, we report the number Steps to 98%#) OODAcc. % ()
of steps to reach 98% accuracy on

the validation dataset. We nd that E/VA\E/AEI di 3777%%% 226:170
SysBinder and SVQ Codebook learn YQ-VAE Indices , '
: : : SysBinder 27,000 67.6
the quickest in the ID setting. For ;
the OOD setting, we nd that dvAE SVQ Indices 77,000 46.8
' SVQ Codebook 27,000 99.1

and VQ-VAE fail completely, not per-
forming better than randomly guess-

ing, showing that the patch-based discrete latent is insuf cient for OOD generalization in this task.
SysBinder can partially solve the task in the OOD setting, while the SVQ Codebook seems to be able
to solve the task, achieving 99% accuracy. This indicates that the compact latent space offered by the
discrete code provides better out-of-distribution generalization abilities for this particular task. One
possible explanation for this is that since this is an odd-one-out task, the downstream network needs
to do comparisons between the properties of the objects and this may be easier to do with SVQ's
codebook vectors that are xed. SysBinder's continuous latents, on the other hand, offer greater
variations for the same concept. This increases the potential for the downstream network to learn
spurious correlations in the data, which can negatively impact OOD performance. SVQ Indices is
also only able to partially solve the task. This makes sense because in the out-of-distribution case,
the model does not have any way of knowing two codebook indices are for the same property value
(e.g. if two codebook vectors both correspond to the color blue). Since SVQ Codebook uses the
prototype vectors, it does not have this problem because the similarity can be determined by the
vector representation.

5 Conclusion

In this work, we introduced the Semantic Vector-Quantized Variational Autoencoder. Unlike tradi-
tional vector quantization methods, our model can obtain semantic neural discrete representations,
capturing the rich structure of the objects in a scene. We showed that by training a prior over these
semantic discrete tokens, we are able to generate multi-object scenes that follow the underlying
data distribution. These semantic discrete representations are also useful for downstream tasks,
outperforming the representations from patch-based discretation methods. While our model is only
evaluated on static images, an interesting future direction would be to apply our method to videos
to predict future frames. This may be fruitful for modeling longer video sequences since SVQ can
compress each frame into a set of latents that only depend on the number of objects in the scene.
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A Additional Experimental Results

A.1 2D Sprites Qualitative Samples

Figure 3: Generated samples for the 4-object 2D Sprites and 4-object 2D Sprites with background datasets.

Inspecting these qualitative results, we see that in the dataset with the background, VQ-VAE and
dVAE start generating occasional blurry objects, whereas SVQ maintains clean-looking objects that
match the ground truth dataset. This may be because SVQ can segment the background into its own
slot and factor the texture into a discrete latent, cleanly separating the representation of the objects
from the background. The patch-based methods, however, may have a harder time separating the
foreground from the background resulting in messier generations. Interestingly, despite the blurry
shapes, VQ-VAE achieves the lowest FID score on the 2D Sprites dataset with background. We
hypothesize this may be because the model spends more capacity modeling the background correctly
instead of the foreground, which may produce a better FID score, but not necessarily better generation
accuracy. This is con rmed by the low generation accuracy of the VQ-VAE model this dataset, only
generating 19.5% of the scenes correctly.

A.2 Codebook Analysis

Figure 4: Sample scene we use in our codebook analysis.

Latent Traversal. In this section, we qualitatively analyze the codebook for a sample scene. Figure

4 shows the sample we will use in our analysis. First, we run the image through the pretrained SVQ
encoder to obtain a set of semantic discrete latents. Each latent represents one block from one slot
and is provided by a prototype vector in the corresponding codebook for that block. To investigate
the effect of traversing through the codebook, we replace each block with a different code in the
codebook while keeping all other latents xed. We then reconstruct the scene with the SVQ decoder
and dVAE, essentially generating a new image that only differs from the original image by one
discrete latent.

Figure 5 shows the results for several sample blocks for the rst slot (which corresponds to the
teal ball) and the fourth slot (which corresponds to the gray cylinder). For each block, we choose
the same set of 16 prototype vectors to display. First, we see that the slots are disentangled at the
object level—changing one block in one slot does not affect the other objects. We also see that the
different blocks specialize in different factors. Block 1 corresponds to the left and right placement
of the object. Block 3 also corresponds to the placement of the object, but seems to also control the
forward and backward placement of the object, as well as the size of the object. We notice that in this
particular case, the factors of position and size are not completely disentangled. This may be because
in this scene, the size depends on the placement of the object (e.g. closer objects are bigger). Block 7
controls the color of the object. We see that the same prototype vector seems to produce the same
color, although there are some inconsistencies such as the disappearing cylinder in the bottom left.
The color also seems to be cleanly disentangled from the other factors—changing the color does not
affect other factors like shape, size, or position.
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