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Abstract

Object-centric learning (OCL) extracts the representa-
tion of objects with slots, offering an exceptional blend of
flexibility and interpretability for abstracting low-level per-
ceptual features. A widely adopted method within OCL is
slot attention, which utilizes attention mechanisms to itera-
tively refine slot representations. However, a major draw-
back of most object-centric models, including slot atten-
tion, is their reliance on predefining the number of slots.
This not only necessitates prior knowledge of the dataset
but also overlooks the inherent variability in the number
of objects present in each instance. To overcome this fun-
damental limitation, we present a novel complexity-aware
object auto-encoder framework. Within this framework,
we introduce an adaptive slot attention (AdaSlot) mecha-
nism that dynamically determines the optimal number of
slots based on the content of the data. This is achieved by
proposing a discrete slot sampling module that is respon-
sible for selecting an appropriate number of slots from a
candidate list. Furthermore, we introduce a masked slot
decoder that suppresses unselected slots during the decod-
ing process. Our framework, tested extensively on object
discovery tasks with various datasets, shows performance
matching or exceeding top fixed-slot models. Moreover, our
analysis substantiates that our method exhibits the capabil-
ity to dynamically adapt the slot number according to each
instance’s complexity, offering the potential for further ex-
ploration in slot attention research. Project will be avail-
able at https://kfan2l.github.io/AdaSlot/

1. Introduction

Object-centric learning marks a departure from conven-
tional deep learning paradigms, focusing on the extraction
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Figure 1. Illustration of raw image and three kinds of segmentation
masks under different slot numbers. Pixels colored the same are

grouped as the slot. The slot number is very important.

of structured scene representations rather than relying solely
on global features. These structured representations encom-
pass crucial attributes such as spatial information, color,
texture, shape, and size, effectively delineating various re-
gions within a scene. These regions, characterized by dis-
tinct yet cohesive properties, can be likened to objects in
the human sense. These object-centric representations, of-
ten referred to as slots, are organized within a set structure
that partitions the global scene information.

Traditionally, object-centric learning adopts unsuper-
vised methods with reconstruction as the primary training
objective. This process clusters distributed scene represen-
tations into object-centric features, with each cluster asso-
ciated with a specific slot. Decoding these slots indepen-
dently or in an auto-regressive manner yields meaningful
segmentation masks. This inherent characteristic of object-
centric learning has paved the way for its application across
diverse tasks, including unsupervised object discovery and
localization [13, 15, 24], segmentation [30] and manipu-
lation [27]. And it can also be generalized to weakly-
supervised/supervised cases [9, 14, 19]. Among these algo-
rithms, Slot Attention [24] emerges as the most prominent
and widely recognized method in the field.

However, a significant challenge within the realm of slot
attention 1is its reliance on a predefined number of slots,
which can prove problematic. On one hand, accurately de-
termining the number of objects in a dataset can be chal-
lenging, especially when annotations are absent. On the
other hand, datasets often exhibit varying object counts,
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Figure 2. [llustration of our pipeline.

rendering a fixed, predefined number impractical. Incor-
rectly specifying the number of slots can substantially im-
pact the results, as illustrated in Fig. 1, where an inadequate
slot count leads to under-segmentation, while an excessive
count results in over-segmentation.

To address this challenge, we present an approach that
adaptively determines the number of slots for each instance
based on its inherent complexity. Our goal is to allocate
a larger slot count for instances with more objects while a
smaller number for fewer objects. To achieve this, we pro-
pose a novel complexity-aware object auto-encoder frame-
work. Within this framework, we initially generate a rela-
tively large number of slots, denoted as K,,,4., and dynam-
ically select a subset of slots according to each instance for
the reconstruction process. Additionally, our framework in-
corporates a slot sparsity regularization term into the train-
ing objective, explicitly considering the complexity of each
instance. This regularization term ensures a balance be-
tween reconstruction quality and the utilization of an ap-
propriate number of slots.

Our framework encompasses several key strategies.
Firstly, we leverage a lightweight slot selection module to
acquire a sampling strategy that keeps the most informa-
tive slots and discards redundant ones. However, simply
neglecting the dropped slot will not propagate the gradi-
ent. To deal with this, we employ Gumbel-Softmax [17] to
achieve end-to-end training. Furthermore, simply sampling
an element from the power set of slots will lead to exponen-
tially many choices and low computational efficiency. To
address this issue, we break the selection into K binary se-
lection with the mean-field formulation [3] to overcome this
problem. Finally, we introduce a masked slot decoder that
adeptly removes information associated with the dropped
slots. The whole pipeline is displayed in Fig. 2.

We summarize our contributions here: 1) Novel Frame-
work: We propose a novel complexity-aware object auto-
encoder framework that dynamically determines the num-
ber of slots, addressing the limitation of fixed slot counts
in object-centric learning. 2)Efficient Slot Selection: Our
framework incorporates an efficient and differentiable slot
selection module, enabling the identification of informative
slots while discarding redundant ones before reconstruc-
tion. 3)Effective Slot Decoding: We present a masked
slot decoder that efficiently removes information associated

with unused slots. 4)Promising Results: Through exten-
sive empirical experiments, we demonstrate the superiority
of our approach, achieving competitive or superior results
compared to models relying on fixed slot counts. Impor-
tantly, our method excels in instance-level slot count selec-
tion, showcasing its practical efficacy in various applica-
tions.

2. Related Work

Object-Centric Learning. Object-centric learning funda-
mentally revolves around the idea that natural scenes can
be effectively represented as compositions of distinct ob-
jects. Current methodologies in this field mainly fall into
two categories: 1) Spatial-Attention Models are exempli-
fied by models like AIR [12], SQAIR [21], and SPAIR [6].
These approaches infer bounding boxes for objects, provid-
ing explicit information about an object’s position and size.
Typically, such methods employ a discrete latent variable
Zpres t0 determine the presence of an object and infer the
number of objects. However, these box-based priors of-
ten lack the flexibility needed to accurately segment objects
with widely varying scales and shapes. 2) Scene-Mixture
Models explain a visual scene by a finite mixture of com-
ponent images. Methods like MONET [4], IODINE [15],
and GENESIS [10] operate within the variational inference
framework. They involve multiple encoding and decoding
steps to process an image. In contrast, Slot Attention [24]
takes a unique approach by replacing this procedure with a
single encoding step using iterated attention.

Expanding on slot attention, various adaptations like
SAVi [19] for video data, STEVE[28] for compositional
video, and SLATE [27] for image generation have been de-
veloped. While effective on synthetic datasets, their real-
world performance can be limited. DINOSAUR [26] ad-
dresses this by reconstructing deep features instead of pix-
els, showing enhanced results on both synthetic and real-
world datasets, an approach we adopt in our work.

A common limitation among existing methods in this
line is the requirement to predefine the number of slots, of-
ten treated as a dataset-dependent hyperparameter. In this
context, GENESIS-V2 [11] introduces a novel approach
by clustering pixel embeddings using a stochastic stick-
breaking process, allowing for the output of a variable num-
ber of objects, serving as a valuable baseline method.

Differentiable Subset Sampling. Several studies have
pursued the goal of achieving differentiable subset selec-
tion. Notably, Gumbel-Softmax [17, 25] introduces a con-
tinuous relaxation of the Gumbel-Max trick, enabling the
selection of the top-1 element. Building upon this founda-
tion, Gumbel Top-k [20] extends the approach to general-
ize top-k sampling. Another innovative approach, proposed
by [7, 29], approximates top-k sampling by harnessing the
Sinkhorn algorithm from Optimal Transport. Furthermore,
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[1, 5] employs the perturbed maximum method to achieve
differentiable selection.

However, a common focus of these works lies in sce-
narios where the subset size is fixed at k, constraining
their adaptability for slot number selection. In contrast,
our method employs the common mean-field formulation to
transform the subset selection problem, which does not rely
on a predefined number, into a series of top-1 selections that
can be efficiently resolved using Gumbel-Softmax.

3. Method

Preliminary. Slot Attention [24] stands out as one of the
most prominent object-centric methods, relying on a com-
petitive attention mechanism. In the pipeline, Slot At-
tention initially extracts image features with an encoder
F = fene(z) € RH'XW'XD where x € REXWxC rep-
resents the image. Rather than directly decoding F' into z,
the Slot Attention Bottleneck g4,¢ further extracts K slots,
denoted as Sy, -+ , Sk = gsiot(F).

The slot attention pipeline proceeds to reconstruct im-
ages from these slots using a weighted-average decoder.
Each slot S; is individually decoded through an object de-
coder gopject and a mask decoder giqsk, Subsequently inte-
grated through weighted averaging across the slots.

(.’L‘i, ai) = (gobject (Sz) y Ymask (Sz)) 5 (1)
al exp q;
T=) mior, mi=_—fm—, 2

where z; € REXWXC ig the object reconstruction while
a; € RE*W is the unnormalized alpha mask. We minimize
the mean squared error between x and & as Ly econ (I, ) =
|# — x||3. Here we utilize a fixed K model as our base
model. Moreover, we reconstruct the RGB pixels for toy
datasets, while following DINOSAUR to reconstruct fea-
tures extracted by self-supervised backbones on more com-
plicated datasets.

3.1. Complexity-aware Object Auto-Encoder

In slot attention model, predefining the slot number K pro-
foundly affects object segmentation quality. To address this
issue, we propose a complexity-aware object auto-encoder
framework.

Following clustering number selection [2], we set an
upper bound for the slot number as K,,,,. This repre-
sents the maximum number of objects an image may con-
tain in the dataset. During the decoding phase, instead of
decoding from all slots, our objective is to decode from
the most informative slots. To achieve this, we learn a
sampling method 7 for each instance x. The probability
m(z1, -+ ,2kK,,,, ) determines whether to keep or drop each
slot S1uk with z; = 0 indicating the slot .S; should

mazx?

be dropped, and z; = 1 indicating it should be kept dur-
ing reconstruction. We introduce a masked slot decoder
= faec(S, Z) that effectively suppresses the information
of the dropped slots based on Z.

To further control the slot number we retain, we incorpo-
rate a complexity-aware regularization term L,¢q (7). This
regularization term helps ensure the appropriate number of
slots are retained based on the complexity of instances. The
training objective can be formulated as:

min EZ ['recon (i'v CL’) +A- 'CTSQ (7T)
where S, ,Sk,,.. = Gsiot (fenc(T)) 3)
Z ~ 77(2), T = fdec(SaZ)

Naturally, without any regularization, the model tends to
greedily keep all the slots, as more slots generally lead to
better reconstruction quality. In contrast, our complexity
regularization, as expressed in Eq. 3, compels the model to
achieve the reconstruction objective while utilizing as few
slots as possible. The parameter A\ controls the strength of
this regularization.

A natural choice of regularization is the expectation of
keeping slots:

K

. %

i=1

K

=) E[Z]. 4)

=1

Lreg=E

The smaller expectation, the fewer slot left after selection.
Within this framework, we propose our adaptive slot at-
tention (AdaSlot) and dealing with two challenges. The
first is how to sample from a discrete distribution while
keeping the module differentiable 3.2. The second is how to
design mask slot decoder to suppress the dropped slots 3.3.

3.2. Mean-Field Sampling With Gumbel Softmax

Given K slots S, there are 2X possible subsets Sy, C S.
By mapping each subset to a number between 1 and 2%,
we transform the task of selecting a subset into a simpler
top-1 choice problem, accounting for the interrelations of
slots. Yet, as the number of slots increases, the exponen-
tially growing search space complicates memory manage-
ment and model optimization, often trapping the neural net-
work in local minima. To address this, we use the mean-
field formulation in variational inference [3], factoring 7
into a product of independent distributions for each slot:

(21, 2K) = m(21) - TR (2K)- ®)

Therefore, the problem of selecting from 2% space is re-
duced to a K binary selection problem. For each S;, we
decide drop or keep the slot individually. This mean-field
slot selection approach is computational and sampling effi-
cient. Although the relation among slots is ignored in this
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step, we postulate this relation can be implicitly modelled
by the competition mechanism in slot attention.

To be specific, we denote S € REXP A light weight
neural network hy : RP — R? is used to predict the
keep/drop probability of each slot individually:

7 = Softmax(hg(S)) € RE*2, (6)

where 7; o denote the soft probability to drop the i-th slot,
while 7; ; denote the soft probability to keep the i-th slot.
By applying the Gumbel-Softmax with Straight-Through
Estimation [17] on the probability dimension and take the
last column, we get the hard decision slot mask Z:

Z = GumbelSoftmax(m). 1. @)
Here, the colon (:) denotes all rows, and 1 denotes the
specific column we want to extract. Since Gumbel Soft-
max generate onehot vector, take the column we get K-
dimensional zero-one mask Z = (Zy,--- , Zx) € {0,1}%.

3.3. Masked Slot Decoder

As mentioned in [26], the Transformer decoder is biased
towards grouping semantically related instances together,
while the mixture decoder is able to separate instances bet-
ter. The behavior of the mixture-decoder makes it a bet-
ter choice for exploring dynamic slots since we expect the
model to distinguish instances rather than semantics. In this
paper, we focus on mixture decoder. With the slots repre-
sentations .S and the keep decision vector Z, we introduce
several possible design choices of suppressing less impor-
tant slots based on Z.

Zero slot strategy directly multiply the zero-one keep de-
cision vector Z with the slots S:

S; = 7S, (8)

which shrinks dropped slots to zero and keeps the others.
Learnable slot strategy employs a shared learnable em-
bedding S, sk as the prototype of the dropped slot. The in-
tuition is that a learnable dropped slot would offer the model
more flexibility and stabilize training, and complement the
information loss caused by dropping slots. This is achieved
as:

Si = ZiSi + (1 = Z:) Smast- ©)

We empirically found that both the two strategies would
hurt the reconstruction quality as well as the object group-
ing. The root cause is that when computing the alpha mask,
the zero/learnable-shrinked slots are still decoded to non-
zero masks which matter at the softmax operation as fol-
lows:

eXp & (gz)

— __XPil%) (10)
Zfil exp oq(S))

m;

Zero mask strategy Instead of manipulating the slots rep-
resentations, we propose to shrink the corresponding alpha
masks to zero:

Zimi exp az(Sz)
= =K ,_ o ™=K o
Zl:l Zrmy + 1) Zl:l exp Ozl(Sl)

where ¢§ is a small positive value for computation stabil-
ity. It is worth noting that neglecting 4, Eq. 11 is equiva-
lent to omitting the slot in the mixture decoder, except that
Gumbel-Softmax is applied to ensure differentiability. The
key difference is that this strategy manipulates the alpha
mask directly, fully removes the information of dropped slot
while the other two approaches could not.

mg

, (I

4. Experiments

Datasets. To evaluate its performance, we utilize a toy
dataset CLEVRI10 [18] and two complicated synthetic
MOVi-C/E [16] with high-quality scanned objects in real-
istic backgrounds. MOVi-C has up to 10 objects, while
MOVi-E includes at most 23 objects. We treat MOVi
datasets as image datasets. Additionally, we use MS COCO
2017 dataset [23] as a real-world dataset, which introduces
increased complexity. Noting that we utilize COCO’s in-
stance mask instead of semantic mask.

Metrics We use three kinds of methods for evaluation.
The pair-counting metric utilizes a pair confusion matrix
to compute precision, recall, F} score, and Adjusted Rand
Index. In the matching-based metric, we utilize three meth-
ods: mBO, CorLoc, and Purity. Purity assigns clusters to
the most frequent class, and compute the accuracy. mBO
calculates the mean intersection-over-union for matched
predicted and ground truth masks, while CorL.oc measures
the fraction of images with at least one object correctly lo-
calized. The information-theoretic metric employs Normal-
ized Mutual Information (NMI) and Adjusted Mutual Infor-
mation (AMI). All metrics, except mBO and CorLoc, are
computed on the foreground objects. We use ARI to denote
FG-ARI for simplicity.

Implementation Details We employ DINO ViT/B-16 as
a frozen feature extractor. We set values of K, to 24
for MOVi-E, 11 for MOVi-C, and 33 for COCO. A two-
layer MLP is used for each slot to determine the keeping
probability. Feature reconstruction is performed using MLP
mixture decoder as DINOSAUR. We use Adam optimizer,
learning rate 4e — 4, 10k step linear warmup, and expo-
nential learning rate decay. We train our model 500k steps
for main experiments and 200k steps for ablation. Results
are averaged over 3 random seeds. More details are in Ap-
pendix. We set A to 0.1 for MOVi-E/C and 0.5 for COCO.

4.1. Main Results on Each Dataset

Toy Dataset. We compare a fixed 11-slot model (K4, =
11) on the toy dataset CLEVRI10 in Fig. 4, with pixel re-
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three datasets. For each dataset, we select two examples and compare our model with a small slot number and a large slot number.

Table 1. Results on MOVi-C. (P., R. for Precision, and Recall).

Pair-Counting Matching Information
Model K  ARI P. R. F1 mBO CorLoc Purity AMI NMI
6 39.65 71.02 5234 5823 11.58 1.29 59.83 5256 52.70
GENESIS-V2 11 2663 6536 37.61 4572 1444 6.97 49.58 40.16 40.42
3 4298 6142 79.06 66.87 10.75 4.94 67.88 49.53 49.61
DINOSAUR 6 7323 83.06 8498 8256 3385 738 8319 7644 76.51
9 69.11 8750 7553 79.08 35.00 7126 7977 7543  75.50
11 6642 8842 7131 7673 3472  68.69 7743 7431 7439
AdaSlot (Ours) 75.59 84.64 86.67 8425 35.64 7680 8521 78.54 78.60

construction. The ordinary 11-slot model lacks knowledge
of the object number and tends to allocate slots for seg-
menting the background, resulting in slot duplication. In
contrast, AdaSlot accurately groups pixels according to the
actual number of ground truth objects. Surprisingly, our
AdaSlot exhibits the ability to determine the object count
and resolve slot duplication on the toy dataset. Please refer
to the appendix for detailed results.
Results on MOVi-C/E. Compared to our model, vanilla
slot attention in DINOSAUR uses a pre-defined fixed slot
number. The selection of slot numbers is subject to the
dataset statistics. Note that for data in the wild, we don’t
have access to the ground-truth statistics. Here, we access
the number only for comparison. We established baselines
for the MOVi-E dataset with an average of 12 objects (max
23) using small (3, 6, 9), medium (13), and large (18, 21,
24) slot numbers. For the MOVi-C dataset with a maximum
of 10 objects, we used slot numbers 3, 6, 9, and 11. Be-
sides, GENESIS-V2 is compared. The results are displayed
in Tab. 1, Tab. 2 and Fig. 3.

For Object Grouping, our algorithm demonstrates
its benefits through three different kinds of metrics.
Our method outperforms GENESIS-V2 by a large mar-

gin. When compared to the fixed-slot DINOSAUR, our
complexity-aware model achieves the highest ARI and F}
score, indicating that it can effectively group sample pairs
within the same cluster as defined by the ground truth. In
terms of Purity, AdaSlot yields the highest results, showing
the greatest overlap between our predictions and the fore-
ground in the ground truth. Additionally, the information-
based metrics AMI and NMI indicate that our model shares
the most amount of information with the ground truth.
Overall, AdaSlot outperforms fixed slot models across all
five mentioned metrics. For Localization, our model have
the highest CorLoc and as good as best mBO compared with
fixed slot models. Improper slot number will oversegment
or undersegment the objects, and decrease the IoU, leading
to poor spatial localization.

In MOVi-E, 18-24 slots model keeps the precision at
a higher level. Our model can decide the slot number
according to the instance and further merge the overseg-
mented clusters together to improve the recall rate by a
large amount. On MOVi-E, our model keeps the same
level of precision as 18-slot model but has around 12 points
higher recall. Therefore, our model reaches best F; and
ARI scores.
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Pair-Counting Matching Information
Model K  ARI P. R. Py mBO CorLoc Purity AMI NMI
9 4819 6152 5886 5814 1116 1238 6007 6516 6535
GENESIS-V2 4 3427 6297 3487 4332 1612 2113 4834 S7.57 5806
3 3678 4137 8527 5410 623 167 5319 5031 5042
6 68.68 6820 88.66 7566 1204 2792 7381 7652 76.62
9 7601 7729 87.83 8116 2541 8745 7957 81.17 8128
DINOSAUR 13 9374 8373 7735 7893 2908 90.02 7841 8153 8167
18 6889 8608 6836 7446 2957 8671 7460 80.19 8035
21 6615 8715 6387 7186 3001 8557 7239 7933 7951
24 6198 88.09 5782 6791 3054 8515 6896 7793 78.14
AdaSlot (Ours) 7673 8521 8031 8142 2983 91.03 8128 83.08 83.20

Results on COCO. MS COCO has a problem of extreme
imbalance in its validation set: most images have less than
10 objects. This makes it difficult to determine the correct
number of slots. To address this, we conducted experiments
using a wide range of slot numbers with non-uniform spac-
ing. The results can be found in Table 3 and Fig 3.

When it comes to object grouping, MS COCO is highly
sensitive to the number of slots in the fixed-slot DI-
NOSAUR. The experiment showed that the best results
were achieved with 6 slots. However, increasing the num-
ber of slots led to a rapid decline in performance, especially
in object grouping. For example, just going from 6 to 8
slots resulted in a significant drop of around 4 points in ARI,
which is about a 10% reduction from the maximum score.

Our models, set K,,,, = 33 and equipped with
complexity-aware regularization, effectively surpass the
performance of the 33-slot model. Specifically, our model
achieves approximately 20 points higher in terms of ARL
Although the improvement in localization is comparatively
smaller, our model still outperforms the 33-slot model by
three points in terms of mBO.

It is worth noting that on the MS COCO dataset, the best
results obtained with fixed slot numbers are marginally su-
perior to our results. COCO’s nature images present greater
challenges than MOVi-C/E due to incomplete labeling, clut-
tered compositions without clear backgrounds, and a vast
range of object sizes and varieties. Despite these challenges,

our complexity-aware module enables our model to achieve
results comparable to top-performing fixed-slot methods,
highlighting its effectiveness.

4.2. Revealing the insights of AdaSlot

Statistical Results Stratified by Ground-truth Object
Number. The above sections reflect the average perfor-
mance of models on the whole validation datasets. How-
ever, the model may over-fit a specific slot number to
improve the final average. To eliminate this possibility,
we used stratified sampling method on MOVi-C/E to dis-
play the values of various metrics of images with different
ground truth object number in Fig. 5 . For MOVi-C, we
compare our models with fixed 11 slots(the upper bound
of object number) and fixed 6 slots(thigh ARI and mBO si-
multaneously). Similarly, for MOVi-E, compare our models
with fixed 13-slot and 24-slot models.

Precision&Recall are inversely related to the number of
objects present in an image. As the number of objects in-
creases, precision decreases while recall increases. In the
case of our model, it falls somewhere in between high-slot
and low-slot models in terms of precision. However, re-
garding the recall, our model outperforms high-slot models
significantly and performs just as well as low-slot models
for image with different objects number.

ARI&mBO. Different advantages can be observed for
large and small slot models. Our model’s curve encom-

23067



Table 3. Experiments on COCO datasets. (P., R. for Precision, and Recall)

Pair-Counting Matching Information
Model K ARI P. R. Fi mBO CorLoc Purity AMI NMI
6 2539 5895 4049 4460 15.42 7.77 5239 3355 34.15
GENESIS-V2 33 974 63.61 1077 1528 10.19 0.41 2126  24.08 26.08
4 3085 7595 6193 6286 17.75 17.95 61.09 3730 3735
6 4189 8200 70.12 70.66 2746  50.81 69.07 46.11 46.16
7 3995 8287 6569 68.00 27.77 @ 50.09 66.40 45.25 4531
8 3760 8383 59.86 6438 2693  45.68 6293 4436 44.43
DINOSAUR 10 3525 8529 5405 6043 27.19 44.18 59.15 43.66 43.73
12 3270 86.44 48.63 5653 27.02 4242 55.55 42.64 4271
20 2655 8893 3631 46.00 25.43 35.28 46.18  40.00 40.10
33 20.83 9096 2663 3650 24.09 @ 32.09 37.87 37.10 37.23
AdaSlot (Ours) 39.00 81.86 66.42 6837 2736  47.76 67.28 44.11 4417
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Figure 5. Stratified statistics of four metrics of our models and two fixed slot models, one set the slot number to the upper bound and
another set to slot with both high ARI and mBO. We apply stratified sampling according to ground truth object number the image have.
The first row is MOVi-C while second row is MOVi-E. The visualizations prove that our model do not over-fit a specific slot number to

improve the performance.

passes the metric curve of the two fixed-slot models for
ARI, indicating a wider range of effectiveness. For mBO,
our model achieves a performance comparable to the better-
performing fixed-slot models across the entire range. This
demonstrates the efficacy of our dynamic slot selection ap-
proach, as it consistently delivers favorable results.
Comparison between ground truth and predicted object
numbers. We reveal the insights of our model by showing
some examples in Fig. 3, and heatmap and slot distribution
in Fig. 6. The predictions of fixed-slot models tend to be
concentrated within a narrow range, forming a sharp peak
which deviates from ground truth distribution. In contrast,
our models exhibit a smoother prediction distribution that
closely aligns with the ground truth.

On MOVi-C/E, fixed-slot models may generate fewer
masks due to the one-hot operation. However, most of
their predictions are concentrated around the predefined slot
number, resulting in a heatmap exhibiting a distinct vertical
pattern. Our model instead exhibits an approximately di-

agonal pattern on the heatmap. In other words, our model
can predict more masks for images with more objects, and
the number of predicted masks roughly matches the ground
truth number. Though the diagonal relationship is imper-
fect, and the prediction on images with an extremely large
or small number of objects is slightly poorer than other im-
ages, our model first achieves the adaptive slot selection.
Figure 3 demonstrated the adaptability of slot numbers
at the instance level with illustrative examples. In partic-
ular, on the MOVi-E dataset, our model generates 13 and
6 slots for two different images, highlighting a significant
discrepancy in slot counts. Noteworthy, our results effec-
tively group pixels based on image complexity, resulting in
accurate and appropriate segmentation.
Results on Object Property In addition to object discov-
ery, we study the usefulness of adaptive slot attention for
other downstream tasks. Following the setting of [8], we
provide experiments of object category prediction on the
MOVi-C dataset. Our experiments employ a two-layer MLP
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Figure 6. Comparison between ground truth and predicted object numbers. Heatmap of confusion matrix and slot distribution of our
models and two fixed slot models on MOVi-C/E. For heatmap, y-axis corresponds to the number of objects of ground truth, and z-axis
is the predicted object number by models. Due to imbalanced ground truth object numbers, we normalized the row and visualize the
percentage. The brighter the grid, the higher the percentage. The slot distribution graph shows the probability density of grounded and
predicted object numbers.

Table 4. Experiments of object property prediction on MOVi-C.

Slot Recall Precision Jaccard
3 36.16 74.89 36.16
6 58.62 60.69 51.43
9 70.34 48.55 47.93
11 77.88 43.98 4398

Ours 59.25 63.08 54.10

as the downstream model. Our model only makes predic-
tions on the retained slots. We employ cross-entropy loss
and align predictions with targets with the Hungarian al-
gorithm [22], minimizing the total loss of the assignment.
To better compare the results for models with different slot
numbers, we provide the precision, recall and the Jaccard
index. The results are provided in Tab. 4.

In the fixed slot model, an increase in the number of
slots typically leads to the discovery of more objects, thus
enhancing recall. However, models with a larger number
of slots also tend to generate more redundant objects, ad-
versely affecting precision. The Jaccard index, which takes
slot redundancy into account, offers a more comprehensive
evaluation. In our experiments on MOVi-C dataset, the 6-
slot model achieved the best Jaccard index among fixed-slot
models. Notably, our model yields a superior Jaccard index
to all fixed slot models. This demonstrates the effectiveness
of our adaptive slot attention mechanism.

More Ablation Study in Appendix. We conduct thorough
ablation studies in the appendix to assess our framework,
including comparing three masked decoder designs and ex-
amining the impact of A\. These studies demonstrate our
model’s effectiveness.

Limitations. Our model excels in scenarios with well-

ground truth object number
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segmented objects but may struggle with complex, densely
packed scenes like COCO, where annotations are incom-
plete and learned objects don’t always align with manual la-
bels. Its performance on small, dense objects is limited, and
the complexity of real-world part-whole hierarchies poses
additional challenges. We aim to address these issues in
future work.

5. Conclusion

We have introduced adaptive slot attention (AdaSlot) that
can dynamically determine the appropriate slot number ac-
cording to the content of the data in object-centric learn-
ing. The framework is composed of two parts. A slot selec-
tion module is first proposed based on Gumbel-Softmax for
differentiable training and mean-field formulation for effi-
cient sampling. Then, a masked slot decoder is further de-
signed to suppress the information of unselected slots in the
decoding phase. Extensive studies demonstrate the effec-
tiveness of our AdaSlot in two folds. First, our AdaSlot
achieves comparable or superior performance to those best-
performing fixed-slot models. Second, our AdaSlot is capa-
ble of selecting appropriate slot number based on the com-
plexity of the specific image. The instance-level adaptabil-
ity offers potential for further exploration in slot attention.
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