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Abstract
Object-centric representations using slots have shown the advances towards efficient,

flexible and interpretable abstraction from low-level perceptual features in a composi-
tional scene. Current approaches randomize the initial state of slots followed by an it-
erative refinement. As we show in this paper, the random slot initialization significantly
affects the accuracy of the final slot prediction. Moreover, current approaches require a
predetermined number of slots from prior knowledge of the data, which limits the appli-
cability in the real world. In our work, we initialize the slot representations with cluster-
ing algorithms conditioned on the perceptual input features. This requires an additional
layer in the architecture to initialize the slots given the identified clusters. We design
permutation invariant and permutation equivariant versions of this layer to enable the
exchangeable slot representations after clustering. Additionally, we employ mean-shift
clustering to automatically identify the number of slots for a given scene. We evaluate
our method on object discovery and novel view synthesis tasks with various datasets.
The results show that our method outperforms prior works consistently, especially for
complex scenes.

1 Introduction
Object-centric representations using slots have shown good performance in object detection
[27, 31], segmentation [19, 22] and tracking [25, 28, 43] tasks. Slots are a set of latent vari-
ables. The common approach is to frame disentangled and structured slot representations
of the compositional scene with some iterative refinement mechanisms in a self-supervised
manner, e.g., using softmax-based attention [31] or variational inference [19]. The idea is
to improve the sample efficiency and generalization of capturing the structured environment
to unseen compositions or objects. However, most slot-based approaches have difficulties in
representing complex scenes. Moreover, the number of slots needs to be specified before-
hand on each dataset, which limits the generalization across datasets. In addition, a random
slot initialization from a common distribution is widely used in prior works, which lacks
consideration between the slots and the perceptual input. Consequently, the quality of the
following iterative slot refinement is also affected by the sub-optimal initialization.
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Figure 1: The network architecture. Instead randomizing slot initialization from a common
distribution widely used in prior work, we initialize slot representations conditioned on the
input features. A clustering algorithm and a mapping layer are adopted.

To overcome these challenges, instead of random sampling, it is intuitive to sample the
initial slot representations conditioned on the perceptual input (see Figure 1). Hence, we
employ the k-means clustering algorithm on the convolutional features of the input image.
A set of cluster centers are specified based on the features. Afterwards, a set of slots are
initialized given the cluster centers as input. Since the order of cluster centers changes ran-
domly, we extend this idea with a permutation-invariant mechanism, where the initial slot
representations remain invariant w.r.t. the order of clusters. To further evaluate the effect of
permutation symmetry for slot representations, we employ another permutation equivariant
model with mean-shift clustering algorithm, where the slot representations change accord-
ingly with respect to the permutation of the clusters. Mean-shift identifies the number of
clusters automatically based on each perceptual input, followed by an injective mapping
where each slot is considered as an output of each cluster individually. Thus, it does not
require a fixed number of slots based on the whole dataset as prior works.

Our proposed method can be easily placed on top of existing slot-based approaches and
trained in an end-to-end manner. In this work, we consider object discovery and novel view
synthesis as downstream tasks. To evaluate the improvement and versatility of our method,
we choose Slot Attention [31] and IODINE [19] as baselines for object discovery task, and
uORF [47] for novel view synthesis. The experiments are conducted on various datasets.

Our main contributions are as follows: i) We propose the conditional slot initialization
using clustering algorithms instead of random initialization. ii) We analyze the effect of
permutation symmetry including invariance and equivariance on the object-centric slot rep-
resentations. iii) We apply mean-shift clustering on the perceptual features which allows to
generate flexible number of slots. iv) We demonstrate that, our proposed idea achieves sig-
nificant improvement over all baselines, while the permutation equivariant mean-shift model
presents notable advances especially for complex scenes.

2 Guiding Slot Initialization using Clustering
In this section, we will introduce i) the conditional slot initialization with k-means cluster-
ing (KM) in Section 2.1, ii) the permutation invariant version named Pseudoweights (PW)
in Section 2.2, iii) and the permutation equivariant version with variable slot generation us-
ing the mean-shift clustering (MS) in Section 2.3. More details about implementations and
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architectures are shown in appendix A.1.

2.1 Image-Dependent Slot Initialization
Most slot-based methods typically sample from a standard Gaussian as the random ini-
tialization for the slot latent variables (see Figure 1). Although the slots are updated by
the refinement mechanism incorporating the features from the perceptual input, it is inef-
ficient to start from a random initialization and also limits the final accuracy. Since the
perceptual input includes a strong inductive bias about the represented scene, it is straight-
forward to incorporate the perceptual input directly from the beginning. We first imple-
ment a non-permutation symmetric model using k-means clustering. K-means is applied
on the pixel-wise convolutional perceptual feature x ∈ RN×D to get the feature-based clus-
ter centers: c = K-means(x) ∈ RM×D where N is number of pixels from the feature in-
put, M is the number of clusters and D is the feature dimension. Afterwards, the clus-
ter centers are flattened and mapped to the K slots using multi-layer perceptrons (MLPs):
zslots = MLP(c.flat()).reshape(K,D). Therefore, the number of slots is fixed beforehand like
in prior works, as well as the amount of cluster centers.

2.2 Permutation-Invariant Slot Initialization
A good slot representation respects the permutation symmetry [31]. In our case, the order of
the predicted slots should either remain the same (permutation invariance) w.r.t. the permuta-
tion of the cluster centers or change correspondingly in the same order as the cluster centers
(permutation equivariance). Such symmetric behavior enables good generalization of slot
representations to unseen world and objects. However, a simple mapping between M cluster
centers and K slots as shown in Section 2.1 breaks the permutation symmetry and cannot
generalize to more slots during evaluation for the scenes with more objects. To address this
issue, we propose a permutation invariant model named Pseudoweights. To identify different
slots, we use a sine-cosine positional encoding pk for the k-th slot as follows:

pk =

(
sin

( π

D′ k
)
,cos

( π

D′ k
)
,sin

(2π

D′ k
)
,cos

(2π

D′ k
)
, ...,sin
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))
, k = 1, ...,K,

(1)
where D′ = D

2 and D denotes the embedding length. Afterwards, the cluster centers are
broadcasted along the slot dimension c ∈ RK×M×D and are concatenated with the broadcast
of the positional encoding p ∈RK×M×D to predict the weights w = MLPs([c,p])∈RK×M×D,
which allocate the importance of the cluster centers to the different slots. We use a soft-max
layer such that the weights allocated for each slot are normalized as follows:

M

∑
m=1

wk,m,d = 1, wk,m,d ∈ [0,1], k = 1, ...,K, m = 1, ...,M, d = 1, ...,D. (2)

The slots are then initialized as the weighted sum over the cluster centers by w:

zk =
M

∑
m=1

wk,m · ck,m. (3)

Thus, the Pseudoweights mapping applies a permutation invariant assignment of cluster cen-
ters into the slots. Moreover, since the slots are identified by the positional encoding, it
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enables generalization on increasing objects during test by changing the defined number of
slots K without increasing the model parameters. A detailed visualization of the architecture
is depicted in appendix A.1.

2.3 Automatic Tuning of the Number of Slots using Mean-Shift

Both models introduced in Section 2.1 and Section 2.2 still require a fixed number of slots
beforehand. Therefore, it is essential to apply an unsupervised clustering mechanism to
determine the number of slots conditioned on the input features while keeping the permuta-
tion symmetry. Consequently, we perform the mean-shift clustering algorithm [7] over the
feature space to determine the cluster centers. Mean-shift is an iterative procedure to ap-
proximate different modes of a distribution using kernel density estimation. Each mode is
represented as a cluster which does not need to be determined beforehand. In our model, we
use a Gaussian kernel k(x,y) = exp(− 1

σ2 ||x− y||2) for the density estimation. σ is a hyper-
parameter which affects the granularity of the modes. A shared mapping layer is utilized to
initialize the slots based on each cluster respectively zi = MLPshared(ci) where i ∈ {1, ...,K}.
Thus, it holds the permutation equivariance but requires to have the same number of slots as
the number of the predicted cluster centers K = M. Since the Gaussian kernel is predefined
by a hyperparameter, an expressive learned convolutional feature space is crucial to output
distinctive modes.

3 Related Work

Object-centric slot representations. Slot representations have been widely used in static
scenes [3, 6, 11, 19, 31] and videos [25, 29, 37, 42, 46]. Each slot represents a corresponding
object in the scene. This can be achieved either by accumulating the evidence over time to
maintain the consistent object slot [42] if a variational auto-encoder [24] is employed, or
using softmax-based attention mechanism [1, 31]. However, all of these approaches require
a fixed set of slot variables. The set size needs to be strictly equal or larger than the number
of objects in the scene, which limits the generalization on real-world applications since the
number of objects is changing dynamically over time and cannot be determined in advance.
Scene decomposition. Most works formulate scene decomposition as compositional gen-
erative model [12, 19, 40] or a mixture of components [3, 11, 31]. Recently, some works
[2, 35, 47] extend 2D scene decomposition to 3D with the advances of Neural Radiance Field
(NeRF) [33]. [9] and [28] infer 3D scenes from multiple reference images and textureless
background. In contrast, uORF [47] infer from a single image and test on complex objects
with diverse textured background.
Object discovery. Object discovery requires to differentiate the objects and background in
an unsupervised way. These methods typically model objects as a set of latent embeddings
[6] and adopt topic modelling [34], group image patches [18, 36] or clustering-based deep
learning algorithms [26, 38]. Some methods [39, 49] also apply saliency detection and region
proposals on the entire image to group and localize the objects.
Novel view synthesis. Novel view synthesis aims to generate novel views of the given
scene from a single [13, 19, 47] or multiple [28, 33] source views. [30] employ a token-
transformation module to synthesize the novel views from a single image without requiring
the pose information. [10] extend GQN [13] with a Spatial Transformation Routing (STR)
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mechanism without requiring explicit camera intrinsic information. [32] enable the real-
time novel view inference with the advantage of volume rendering. Recently, [5] replace the
expensive computation of volumetric sampling in NeRF-like methods by pixel-wise depth
prediction and a differentiable point cloud renderer.
Deep clustering. Clustering helps analyze unstructured and high-dimensional data into
meaningful and low-dimensional representations, which has been improved with deep learn-
ing techniques in recent years [44]. [20] propose an iterative optimization of learning low-
dimensional representations from an auto-encoder by minimizing the Kullback-Leibler di-
vergence between the pixel-wise features to each cluster center. [16] extend it with a classi-
fier on top which predicts the probability over the k classes where k is the number of cluster
centers. [45] employ the objective of k-means as clustering loss in the feature space while
[14] relax the cluster assignment problem by using a soft-assignment which can fully benefit
from the efficiency of stochastic gradient decent (SGD). [15] propose a fully differentiable
version with the cluster parameters while [4] reduce the computational time by introducing
a subspace-based clustering and improve the scalability of deep clustering.

4 Experiments
To evaluate our method, we choose two object-centric tasks: object discovery in Section 4.1
and novel view synthesis in Section 4.2. We employ our idea on top of three state-of-the-art
methods: Slot Attention [31], IODINE [19] and uORF [47]. We show more details about
implementations in appendix A.1 and qualitative results in appendix A.2 and A.3.
Baselines. In the object discovery task, we use Slot Attention and IODINE as baselines and
build our method on top of them. Both baselines use slot representations but with different
procedures to refine the slots: Slot Attention uses simple but effective softmax-based atten-
tion mechanism while IODINE considers slots as probabilistic latent variables and employs
variational inference to accumulate the evidence during iterations. For the novel view synthe-
sis task, we choose uORF as baseline which uses softmax-based attention module to update
slots and generate slot-based compositional scenes with Neural Radiance Field (NeRF). Note
that all these models use random slot initialization. In addition, we also design two ablated
models where the slot initialization is conditioned on the input features. First, we employ the
k-means initialization directly as slot representations without any mapping layers in between
(direct model). Second, we design a simple and permutation equivariant model using shared
MLPs to map the k-means cluster centers of the input features to the slots (shared MLPs
model).
Datasets. We use three datasets for the object discovery task: Multi-dSprites (MDS), CLEVR
and Chairs datasets. Each dataset contains multiple objects in the scene. Similar as Slot
Attention, we extract the CLEVR dataset to have maximum 4, 6, and 10 objects respec-
tively and denote them as CLEVR4, CLEVR6 and CLEVR10. The Chairs dataset originates
from uORF[47], which includes 4 chairs in each scene. The dataset includes 1200 different
shapes of chairs sampled from ShapeNet [8] and 50 different floor textures as background.
To train the Slot Atttention related models, we use 5k images for CLEVR4 and 10k for MDS,
CLEVR6 and Chairs. To train the IODINE related models, we use the same datasets except
13.9k images for MDS. Each dataset contains another 500 images for evaluation. For the
novel view synthesis task: We only use the Chairs dataset but it includes 5k scenes for train-
ing and 500 scenes for testing, where each scene includes 4 images with different camera
viewpoints. Therefore, there are in total 20k images for training and 2k images for testing.
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Table 1: Quantitative results on the object discovery task.

MDS CLEVR6 Chairs
Model ARI ↑ LPIPSA ↓ LPIPSV ↓ PSNR ↑ SSIM ↑ ARI ↑ LPIPSA ↓ LPIPSV ↓ PSNR ↑ SSIM ↑ ARI ↑ LPIPSA ↓ LPIPSV ↓ PSNR ↑ SSIM ↑
SL 0.9671 0.0693 0.1351 27.43 0.9237 0.9815 0.0748 0.1486 32.11 0.8908 0.9982 0.3144 0.4362 24.49 0.6035
SL + kmeans (direct) 0.9223 0.1074 0.1606 26.13 0.9095 0.9963 0.0381 0.1097 34.22 0.9161 0.9963 0.2971 0.4273 24.17 0.6024
SL + kmeans 0.9837 0.0519 0.1149 28.88 0.9417 0.9970 0.0313 0.1032 34.98 0.9255 0.6271 0.2948 0.4274 24.31 0.6034
SL + kmeans (shared MLPs) 0.9043 0.1174 0.1672 25.84 0.9019 0.9989 0.0320 0.1041 34.82 0.9255 0.9974 0.3173 0.4297 25.01 0.6199
SL + PW 0.9605 0.0834 0.1526 26.25 0.9104 0.9937 0.0371 0.1056 34.04 0.9251 0.9523 0.3052 0.4363 24.82 0.6104
SL + MS (direct) 0.9893 0.0448 0.1059 31.39 0.9559 0.6114 0.1098 0.1957 29.43 0.8555 0.9999 0.2757 0.3997 26.02 0.6341
SL + MS 0.9944 0.0393 0.0919 32.17 0.9613 1.0000 0.0306 0.1022 35.32 0.9301 1.0000 0.2693 0.3774 26.03 0.6444
ID 0.9362 0.0504 0.0888 30.91 0.9591 0.8990 0.0224 0.0500 37.5 0.9661 0.2185 0.2757 0.3843 24.27 0.6299
ID + kmeans (direct) 0.9910 0.0193 0.0492 36.03 0.9833 0.8791 0.0254 0.0559 36.86 0.9619 0.6881 0.2666 0.3842 24.25 0.6322
ID + kmeans 0.9962 0.0166 0.0415 37.06 0.9861 0.8325 0.0198 0.0479 37.725 0.9667 0.7281 0.2559 0.3744 24.31 0.6314
ID + PW 0.9930 0.0207 0.0440 36.42 0.9834 0.9818 0.0190 0.0483 37.725 0.9667 0.8792 0.2192 0.3712 29.025 0.6362
ID + MS 0.9970 0.0143 0.0401 38.12 0.9921 0.9909 0.0141 0.0361 38.90 0.9753 0.9991 0.1645 0.3219 31.07 0.6995

Figure 2: Qualitative results on the object discovery task. Notably, the mean-shift (MS) ver-
sions can recover detailed appearance over all datasets with even better quality than original
input for IODINE-based models in MDS dataset.

Metrics. As prior works [3, 19, 31], for the object discovery task, we adapt the Adjusted
Rand Index (ARI) score to be evaluated only on the pixels of the foreground objects and
evaluate the predicted segmentation with the groundtruth mask. For the novel view synthesis,
we follow uORF and adopt ARI on the fully reconstructed image, the foreground regions
(Fg-ARI) and the synthesized novel view images (NV-ARI). Furthermore, we use LPIPS
[48], SSIM [41] and PSNR [21] as perceptual metrics for both tasks.

4.1 Object Discovery
Training. We follow the same training setup of Slot Attention and IODINE. We use Adam
optimizer [23] with a learning rate of 4×10−4 for Slot Attention based models and 3×10−4

for IODINE related models. We train the Slot Attention related models with 2 NVIDIA
Tesla V100-32GB GPUs and a batch size of 32 on each GPU. For IODINE related models,
we use 4 GPUs since IODINE requires more computation and gpu memory. We train each
model for 1000 epochs with a warm-up training strategy [17] and an exponential learning
rate decay. We use K = 5 for MDS, CLEVR4 and Chairs datasets since there are maximum
4 objects in each scene, and K = 7 for CLEVR6. The cluster number is set to M = 2K except
for the mean-shift, direct and shared MLPs versions which require M = K.
Results. Quantitative results are shown in Table 1 and qualitative results in Figure 2. In
general, learning inductive slot initialization from input features improve the performance
on both baselines, where mean-shift models achieve the best performance consistently over
all datasets. Well-recovered details: Surprisingly, all our IODINE-based variants achieve
higher resolution even than the groundtruth image for MDS dataset, while the original IO-
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Figure 3: Qualitative results of slot-wise reconstructed scenes (left) and masks (right). Mean-
shift models disentangle the objects better than others and recover more details.

DINE is struggled with the data prior and cannot reconstruct the shape of objects. Fur-
thermore, in Figure 2, we observe that only the mean-shift models can capture the details
of objects for Slot Attention based models. For example, it captures the “heart” objects
in MDS while others struggle with the data prior. In particular, our models (especially for
mean-shift models) can reconstruct the appearance in very good details, e.g., the small blue
sphere in CLEVR6 and the legs and rims of various chairs in Chairs dataset. Slots disentan-
glement: We also visualize the slot-wise reconstructed scenes and masks in Figure 3. From
the masks, we observe that only the mean-shift models can fully disentangle the objects and
background where the highlighted area indicates large attention. In contrast, original Slot
Attention mixes the background and a chair in slot #1 while IODINE cannot even work
with textured background. Pseudoweights and k-means models also entangle the chairs into
one slot even though the overall reconstructed performance is still better than the baselines
(Table 1 and Figure 2). The slot-wise reconstructed scenes also reveal our conclusion that
mean-shift models contain more appearance details with fully disentangled slots. Mapping
between clusters and slots: Furthermore, our ablation studies demonstrate that the k-means
models using non-linear mapping layers between the clusters and slots gain additional ben-
efits compared to the direct models (in Table 1). Additionally, the permutation equivariant
model (shared MLPs) performs better than the non-permutation symmetric model (k-means)
on CLEVR6 and Chairs datasets, indicating the benefits of permutation symmetry on com-
plex scenes, though it is not as good as the mean-shift models especially on MDS dataset.
Generalization on increasing objects: In addition, we evaluate the generalization on more
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Figure 4: Qualitative results on increasing objects. The models are trained on CLEVR6 but
evaluated on CLEVR10 with larger number of objects.

Table 2: Evaluation with different number of iterations (5 iterations are used for training). In
particular, our models achieve significant improvement already at the first iteration.

Iter 1 Iter 3 Iter 7
Model LPIPSA ↓ LPIPSV ↓ PSNR ↑ SSIM ↑ LPIPSA ↓ LPIPSV ↓ PSNR ↑ SSIM ↑ LPIPSA ↓ LPIPSV ↓ PSNR ↑ SSIM ↑
ID 0.4415 0.6071 12.72 0.3820 0.4477 0.5804 16.33 0.4908 0.4363 0.5646 19.53 0.5001
ID + kmeans 0.2108 0.3768 27.05 0.6202 0.1956 0.3607 28.75 0.6533 0.1884 0.3545 29.33 0.6656
ID + PW 0.2269 0.3734 27.57 0.6297 0.1973 0.3531 29.33 0.6642 0.1885 0.3461 29.92 0.6768
ID + MS 0.1798 0.3545 28.39 0.6467 0.1602 0.3343 30.16 0.6828 0.1528 0.3273 30.68 0.6951

objects and slots (CLEVR10) while the models are trained on CLEVR6. The qualitative
results are shown in Figure 4. We observe that the original baselines struggle with closed
or overlapped objects by missing, mixing or predicting wrong color of objects, while our
models (especially the mean-shift models) can detect the overlapped objects perfectly with-
out missing any object even for extremely difficult scenes. For example, i) the mean-shift
Slot Attention model (ID + MS) can recognize all the objects in the first example with right
colors and shapes, ii) in the second example, both mean-shift models (SL + MS and ID +
MS) and k-means IODINE (ID + KM) can detect the red small cylinder in front of the red
cube, though the objects are overlapped and with the same color, and iii) both mean-shift
models and Pseudoweights IODINE (ID + PW) can reconstruct the yellow cylinder in the
third example. We believe the benefits come from the inductive slot initialization condition-
ing on the perceptual input features, which gives expressive slot representations used in the
following slot refinement. Note that k-means models can merely detect 6 objects from the
scene since the slot number is by design not scalable. Generalization on increasing itera-
tions: Furthermore, Table 2 shows the evaluation with increasing number of iterations up to
7 while the models are trained with 5 iterations. All models are capable of generalizing on
more iterations with performance gains. In particular, using inductive slot initialization en-
ables notable improvement at the first iteration, which indicates the efficiency of the learned
inductive slot initialization. Failure cases: We further investigate the cases when k-means
and Pseudoweights are failed to disentangle objects in Chairs dataset. Examples are shown
in Figure 5. Interestingly, we find they learned structured slot representations not always
based on the objects. The slot representations of k-means model are not generalize due to the
non-permutation symmetry. Thus, it always uses the same slot to represent specific area, e.g.,
the first slot to represent the objects in the top right area, the second and third slots for walls.
On the other hand, Pseudoweights outputs the same slot representations while changing the
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Figure 5: Failure cases on Chairs dataset where k-means and Psuedoweights (PW) cannot
disentangle the objects and use each individual slot for specific areas.

object positions due to the permutation invariance. As a result, it neglects the object-centric
spatial features in the scene. Thus, the model tends to reconstruct the scenes by assigning
fixed spatial area to each individual slot. Such undesirable behaviors occur especially on
Chairs dataset where each scene includes 4 images with changing viewpoints. In contrast, a
good permutation equivariant model such as mean-shift can alleviate this issue and decouple
the objects (as shown in Figure 3).

4.2 Novel View Synthesis
Setup. The Chairs dataset contains 4 images from different viewpoints of each scene. Dur-
ing training, we randomly pick one image from each scene as input and reconstruct the
images for the other 3 viewpoints. We use the same training loss functions and strategies as
uORF [47]. uORF is a memory-extensive model which only works with a batch size of 1 on
NVIDIA Tesla V100-32GB. Meanwhile, mean-shift also consumes large memory for the in-
termediate tensors due to its iterative optimizations. Therefore, we cannot build a mean-shift
algorithm on top of uORF with our available hardware. We consider this as a limitation of
our mean-shift model.

Table 3: Results of novel view synthesis on Chairs-diverse.

Model ARI ↑ Fg-ARI ↑ NV-ARI ↑ LPIPS ↓ SSIM ↑ PSNR ↑
uORF 0.4974 0.5347 0.4291 0.2417 0.6862 24.9712
uORF + kmeans 0.651 0.7346 0.5304 0.1894 0.7176 26.1833
uORF + PW 0.5784 0.6943 0.4773 0.221 0.703 25.6277

Results. We show quantitative results in Table 3 and qualitative results in appendix A.3.
Overall, our models outperform the original uORF consistently over all metrics. In particular,
our models can better reconstruct the chairs pointed to the right direction while original
uORF cannot build a clear shape for most chairs.

5 Conclusion
We propose to learn an inductive slot initialization from the input instead of using a ran-
dom initialization which is widely used in the prior works for the slot-based methods. To
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evaluate the importance of permutation symmetry over slots, we design various models with
non-permutation symmetry, permutation invariance and permutation equivariance into con-
sideration. In particular, our proposed permutation equivariant mean-shift model enables
additional flexibility without requiring a fixed number of slots in advance, while it achieves
notable improvements on the reconstructed perception details.
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