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Abstract

Object-centric learning (OCL) aspires general and com-
positional understanding of scenes by representing a scene
as a collection of object-centric representations. OCL has
also been extended to multi-view image and video datasets
to apply various data-driven inductive biases by utilizing
geometric or temporal information in the multi-image data.
Single-view images carry less information about how to dis-
entangle a given scene than videos or multi-view images
do. Hence, owing to the difficulty of applying inductive bi-
ases, OCL for single-view images remains challenging, re-
sulting in inconsistent learning of object-centric represen-
tation. To this end, we introduce a novel OCL framework
for single-view images, SLot Attention via SHepherding
(SLASH), which consists of two simple-yet-effective mod-
ules on top of Slot Attention. The new modules, Attention
Refining Kernel (ARK) and Intermediate Point Predictor
and Encoder (IPPE), respectively, prevent slots from be-
ing distracted by the background noise and indicate loca-
tions for slots to focus on to facilitate learning of object-
centric representation. We also propose a weak semi-
supervision approach for OCL, whilst our proposed frame-
work can be used without any assistant annotation during
the inference. Experiments show that our proposed method
enables consistent learning of object-centric representa-
tion and achieves strong performance across four datasets.
Code is available at https://github.com/object-
understanding/SLASH .

1. Introduction
Object-centric learning (OCL) decomposes an image

into a set of vectors corresponding to each distinct ob-
ject to acquire object-wise representations [16]. Learning
object-centric representation enables machines to perceive
the visual world in a manner similar to humans. We recog-
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Figure 1. Results of training Slot Attention [35] with different
seeds, which show inconsistent learning results. In the first trial,
object-centric representations fail to grasp each distinct object due
to the background noise. In the second, the model succeeds in
distinguishing each different object from the background.

nize the world as a composition of objects [27] and extend
the object-related knowledge to various environments [48].
Therefore, OCL enables a compositional understanding of
an image and generalization for downstream tasks, such as
visual reasoning [36] and object localization [6].

Mainstream OCL has adopted an autoencoding-based
compositional generative model [10, 15, 35]. Slot Atten-
tion [35] is the most prominent technique for OCL, which
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uses slots as the intermediate representation bottlenecks. In
the Slot Attention, randomly initialized slots compete with
each other to occupy their attention regions in terms of pix-
els. Eventually, each slot attains object-centric representa-
tion by aggregating visual features according to the atten-
tion map between the slot and pixels.

Recently, OCL has been extended to multi-view im-
ages [4, 42] and videos [9, 30, 46]. Multi-view image [43]
or video [13, 14, 51] datasets allow models to learn spa-
tial geometry or temporal dynamics of objects through
supplementary objective tasks such as novel view synthe-
sis [42] and optical flow inference [30]. Consequently,
these datasets provide additional information that enables
the adoption of data-driven inductive biases, facilitating the
learning of better object-centric representations.

In contrast, it is challenging to obtain data-driven in-
ductive biases, such as geometric or temporal informa-
tion, for single-view images. To address this problem,
novel architectures, such as auto-regressive generative mod-
els [3,10,11,15] and Transformer [53] for encoders [44] and
decoders [45], have been proposed. However, owing to the
absence of additional inductive biases, OCL for complex
single-view images suffers from unstable training results.

This stability issue implies inconsistent learning of
object-centric representation, that is, not all trials of train-
ing a model with the same architecture consistently succeed
in distinguishing objects from the background (Fig. 1). The
attention-leaking problem, or bleeding issue, can mislead a
model to yield object-centric representations based on dis-
torted attention maps. The bleeding issue is fatal for OCL
because it is difficult to predict the behavior of a model, that
is, whether a slot will seize a distinct object or an object en-
tangled with a background.

To solve this bleeding issue, we propose a novel OCL
framework, SLASH (SLot Attention via SHepherding).
SLASH resolves the bleeding by guiding the randomly ini-
tialized slots to successfully grasp objects 1) without being
distracted by the background and 2) by keeping informed
of the destination. These are accomplished by adding
two simple-yet-effective modules, Attention Refining Ker-
nel (ARK) and Intermediate Point Predictor and Encoder
(IPPE), to the Slot Attention framework.

ARK is a single-channel single-layer convolutional ker-
nel, designed to prevent slots from focusing on a noisy
background. We adopt the Weights-Normalized Convolu-
tional (WNConv) kernel, a learnable low-pass filter, as the
kernel for ARK. This simple kernel refines the attention
map between slots and pixels by reducing noise and solidi-
fying object-like patterns.

IPPE serves as an indicator to nudge a slot to focus on the
proper location. Thus, the slots can consistently update their
representations without being confused by the background.
IPPE consists of two submodules with simple MLPs. The

first submodule predicts the position of an object in two-
dimensional coordinates, and the second encodes the pre-
dicted coordinates into a high-dimensional vector.

Since IPPE needs to be trained to provide locational cues
to slots, it is necessary to introduce positional labels. How-
ever, using fully annotated ground-truths is costly, partic-
ularly for densely-annotated labels such as object masks.
Hence, we adopt a weak semi-supervision approach in
which only a small subset of the dataset includes weak
annotations, such as the centers of bounding boxes. We
show that IPPE can be successfully trained with weakly
semi-supervised learning and can be deployed under cir-
cumstances where no assistant ground-truth exists.

For a comprehensive study, we validate our method on
numerous datasets, including CLEVR, CLEVRTEX, PTR,
and MOVi. Moreover, we conduct 10 trials of train-
ing for each method, including the baselines and ours, to
thoroughly evaluate the results. We estimate the perfor-
mance of the models using three metrics: mean Intersec-
tion over Union (mIoU), Adjusted Rand Index (ARI), and
foreground-ARI (fg-ARI) In particular, mIoU and ARI in-
vestigate whether the bleeding issue occurs by considering
the background separation. A model is defined as being sta-
ble over the metrics when deviations are lower, and as being
robust when averages are higher across all datasets. Exper-
imental results demonstrate that our method achieves stable
and robust OCL that prevents the bleeding issue.

Our main contributions are as follows:

• We observe OCL for single-view images suffers from
the stability issue with inconsistent training results.
To resolve this issue, we propose a novel framework,
SLASH (SLot Attention via SHepherding) consisting
of two simple-yet-strong modules: ARK and IPPE.

• ARK is a learnable low-pass filter designed to prevent
the bleeding issue where the attention of a slot leaks
into a background.

• IPPE is introduced to inform slots of the regions to be
focused. By leveraging weak semi-supervision, IPPE
can inject positional information into a slot.

• We empirically prove SLASH achieves stable and ro-
bust OCL against four distinctive datasets. SLASH
shows the best stability while outperforming the pre-
vious methods for all datasets over multiple metrics.

2. Related Works
2.1. Object-Centric Representation Learning

A line of works for OCL adopts the scene reconstruction,
where a model learns to decompose an image into several
components without using any human-annotated ground-
truths [7,12,16,17,23,34,40,50]. MONet [3] and IODINE
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[15] proposed unsupervised auto-regressive approaches to
sequentially disentangle object-centric representations from
a scene. GENESIS [10, 11] improved object-centric learn-
ing by enabling interactions between slots while using an
auto-regressive approach. Slot Attention [35] introduced an
attention-based mechanism between slots and pixels, where
slots parallelly and iteratively compete with each other to
occupy their own territory in the pixel space. Slot Atten-
tion improved training speed and memory efficiency by en-
abling the parallel update of slots. Recently, SLATE [45]
and DINOSAUR [44] adopted Transformer [53] as an en-
coder and decoder for Slot Attention, respectively, to learn
object-centric representations over real-world images.

Several studies have adapted novel view synthesis (NVS)
to OCL [4,20,42,49]. ROOTS [4] proposed an approach to
infer 3D disentangled object representation using 3D-to-2D
perspective projection [19] with multi-view images. Other
studies [42, 49] directly applied Slot Attention for multi-
view images and demonstrated that using multi-view im-
ages with NVS significantly improves OCL performance.

OCL for videos has been actively studied [9, 23, 26, 30,
46, 52]. SAVi [30], SAVi++ [9] and STEVE [46] extended
Slot Attention to videos, in which a model iteratively infers
object-centric representations across a sequence of images.
With a sequence of images, models can learn to distinguish
objects from backgrounds by referring to the temporal con-
sistency and dynamics of the objects. In this study, we focus
on a more challenging case, OCL for single images, where
less information about an object and its background is pro-
vided than in OCL for multi-view images and videos.

2.2. Weakly Supervised OCL

In weakly supervised learning, training is conducted
with human-annotated labels that provide insufficient or in-
direct information but are pertinent to obtaining the target
outputs. In OCL, GFS-Net [40] viewed the learning of ob-
ject representations as a combination of what and where
problem. GFS-Net is first trained with images contain-
ing only a single object and then fine-tuned with images
containing multiple objects to resolve the what and where
problem. PriSMONet [8] used shape priors in weakly su-
pervised learning for multi-object 3D scene decomposition
over RGB-D images. Furthermore, in OCL for videos,
SAVi [30] and SAVi++ [9] used position information, such
as the center of a mass, bounding box, or object mask, for
each object in the first frame of the given video to deal with
the video-level OCL. In this work, motivated by [9, 30], we
utilize the point information of objects in a scene to iron out
the subjectiveness problem in the image-level OCL.

2.3. Semi-Supervised Learning

In deep learning studies, any type of human-annotated
labels, even with coarse or sparse information, can help en-

hance the performance of models. However, it is unfeasible
to place ground-truths everywhere during the training and
testing phases. Several semi-supervision studies have in-
vestigated how to leverage the lack of labels to solve image
classification [2, 18, 33, 38], object detection [5, 22, 47, 56],
and semantic/instance segmentation [1,29,32,39] problems.

In this study, we adopt a novel approach for OCL, where
models can only use weak supervision labels for a fraction
of a given dataset. The most comparable study for different
tasks is Point DETR [5]. Point DETR focused on weakly
semi-supervised object detection using a dataset consist-
ing of a few fully-annotated images with bounding boxes
and object category labels, and a rich amount of weakly-
annotated images with center points and object category
labels. However, instead of fully-annotated images with
semantic labels, our method only uses a few amounts of
weakly-annotated images with point-level labels and a sig-
nificant amount of non-annotated images.

3. Method
3.1. Preliminary: Slot Attention

In Slot Attention [35], the object-centric representation
is implemented with the concept of slots ∈ RK×Dslot ,
which is a set of K vectors of dimension Dslot. The slots
are initialized by a Gaussian distribution with a learnable
mean µ and sigma σ, and updated over T iterations by the
Slot Attention module. The slots are then decoded into the
target reconstruction image.

We first describe the overall procedure of how Slot At-
tention is trained for the completeness of this study. Given
an image, a convolutional neural network (CNN) encoder
produces a visual feature map of dimension HW × Denc,
where H and W are the height and width of an input im-
age. The Slot Attention module takes slots and the visual
feature map, called inputs, then projects them to dimen-
sion D by a linear transformation k for slots and q, v for
inputs ∈ RHW×Denc . Dot-product attention is applied
to generate an attention map, attn, with query-wise nor-
malized coefficients where slots compete with each other to
occupy the more relevant pixels of the visual feature map
(Eq. (1) [35]).

attni,j :=
exp(Mi,j)

Σl exp(Mi,l)
, where

M :=
1√
D
k(inputs) · q(slots)T ∈ RHW×K .

(1)

The projected visual feature map weighted by the atten-
tion map coefficients (Eq. (2) [35]) is aggregated to produce
the updated slots, updates. As the Slot Attention module
runs iteratively, slots can gradually update their repre-
sentation. Each updated slot is then decoded into an RGB-
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Figure 2. (a) Overall architecture of the proposed framework. Upon Slot Attention (modules without color fillings), we add Attention
Refining Kernel (ARK, filled with orange color) and Intermediate Point Predictor and Encoder (IPPE, filled with yellow color). (b)
Within the Slot Attention module, we insert ARK before the softmax function. (c) IPPE predicts 2D point coordinates and encode the
coordinates into vectors of dimension Dslots. The point-encoded vectors are then added to the slots so that the slots can incorporate
position information.

A image using a spatial broadcast decoder [55], where the
weights are shared across slots. The decoded images are
blended into a single image using alpha masks to yield the
final reconstructed image. The mean squared error (MSE)
between the original input image and the predicted recon-
struction image is chosen for the objective function so that
the overall training follows unsupervised learning.

updates := WT · v(inputs) ∈ RK×D,

where Wi,j :=
attni,j

ΣN
l=1attnl,j

.
(2)

3.2. SLot Attention via SHepherding (SLASH)

In this work, our goal is to achieve stable and robust
OCL in single-view images by preventing the bleeding is-
sue incurred when slots are distracted by background noise.
To achieve this goal, the model needs to provide guidance
to the slots about where to focus or not. To this end, we
propose a novel OCL framework, SLASH (SLot Attention
via SHepherding), which steers slots to correctly seize ob-
jects using two newly introduced modules: Attention Refin-
ing Kernel (ARK) and Intermediate Point Predictor and En-
coder (IPPE). ARK guards and stabilizes slots against back-
ground noise by reducing the noise and solidifying object-
like patterns in the attention map between the slots and
pixels. IPPE guides slots towards the area where an ob-
ject is likely to exist by providing positional indications to
the slots. Using these two simple-yet-effective modules that
shepherd slots to the desired region, SLASH accomplishes
stable and robust OCL. The overall architecture of SLASH
is shown in Fig. 2.

3.2.1 Attention Refining Kernel

Attention Refining Kernel (ARK) is designed to prevent
slots from being distracted by background noise by refin-
ing the attention map between slots and visual features. As
depicted in the upper part of Fig. 3, we can observe that
Slot Attention [35] generates attention maps with salt-and-
pepper-like noise around the objects. Noisy attention maps
are likely to provoke unstable learning of object-centric rep-
resentations. We address this issue by introducing an in-
ductive bias for local density of objects. The bias for lo-
cal density assumes that the density of the attention values
should be higher near an object and lower outside the object.
Thus, the inductive bias is materialized using the Weights-
Normalized Convolutional (WNConv) kernel which aims
to refine an attention map by reducing noise and solidify-
ing object-like patterns around objects. WNConv kernel is
a single-channel single-layer convolutional network trained
under the constraints that the sum of the kernel weights
equals 1 while maintaining every weight greater than or
equal to 0. With these constraints, the WNConv kernel
serves as a low-pass filter, smoothing the attention map as
shown in the lower part of Fig. 3. As depicted in Fig. 2 (b),
ARK is applied to the logit values of the attention map.

3.2.2 Intermediate Point Predictor and Encoder

Intermediate Point Predictor and Encoder (IPPE) expedites
learning “where objects exist”. In order for IPPE to un-
derstand the location of objects, it is necessary to introduce
external supervision related to the object positions. To train
our model practically, we utilize a weak semi-supervision
approach. We use the low-cost information, center points
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Figure 3. Visualization of the results by Attention Refining Kernel
(ARK). Each colored box shows an attention map between a slot
and pixels. The upper part of a rectangular box is a visualization
of the attention map on the input image. The lower part represents
the attention map in grayscale. The top and bottom row, split by
the dotted line, corresponds to the attention map before and after
applying ARK, respectively. One can observe that ARK refines
the scattered attention around objects so that slots can escape from
the background noise.

of bounding boxes, as the weak supervision among the pos-
sible positional cues. Furthermore, instead of using a fully
annotated dataset, we assume that only a fraction (10%) of
the dataset and not all objects in a given image (75%) have
labels. The following describes how IPPE leverages weak
semi-supervision.

IPPE consists of two modules, a point predictor and a
point encoder, as shown in Fig. 2 (c). The point predictor is
a 3-layer MLP that predicts 2D point coordinates of objects
from slots. The point encoder, also a 3-layer MLP, encodes
the point coordinates into Dslot dimensional vectors, which
are added to the original slots. The updated slots can now
contain information about the location of objects and be-
come less likely to wander around the background.

The point predictor is trained by weak semi-supervision
with an auxiliary point loss which is MSE between the pre-
dicted and ground-truth coordinates. Hungarian algorithm
[31] is used to match the predictions and ground-truths.
Fig. 4 shows the results of the point predictor, where the
predictions get closer to objects through slot updates.

The point encoder is trained using the image reconstruc-
tion loss in a self-supervised manner [35]. As the recon-
struction loss is shared with the Slot Attention module, the
point encoder generates position-encoded vectors that are
well-aligned with the Slot Attention module. It is worth
noting that the point encoder can take either ground-truths
as inputs, if available, or the predicted coordinates from the
point predictor, otherwise.

Our method differs from the previous weakly supervised
OCL method for videos [30] in that we use weak semi-
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Figure 4. Visualization of point predictions by Intermediate Point
Predictor and Encoder (IPPE). The leftmost column shows the in-
put images, and the right three columns show the prediction results
by IPPE for each slot. Each number stands for the order of itera-
tion T . Best viewed in color.

annotations as the ground-truth labels for the module (Point
Predictor) as well as the input for the module (Point En-
coder). Conversely, SAVi exploits weak supervision to ini-
tialize slots using an MLP with the ground-truth position
information as its input. That weakly supervised slot ini-
tialization shows outstanding performance for video OCL;
however, it is limited in the sense that the model requires la-
bels for all samples, even during inference time. This limi-
tation arises from the lack of preparation for the cases where
the ground-truths are not provided or are partially provided
in both the training and inference phases. By virtue of
the design of IPPE, our method can be trained in a weakly
semi-supervised manner and can be deployed under circum-
stances where no ground-truth exists. In the following sec-
tion, we validate the proposed method against a SAVi-like
OCL method for images.

4. Experiments
4.1. Experimental Setup

Task & Metrics To validate the effectiveness of our
method, we conduct experiments on the object discovery
task following the previous OCL works [9–11, 30, 35, 40].
In the object discovery task, a model is required to cluster
pixels into object segments. Though the task seems similar
to the instance segmentation, the object discovery differs
from the image segmentation in that it does not require se-
mantic classes or captions for each segmentation.

To evaluate the models, we use mean Intersection over
Union (mIoU) and Adjusted Rand Index (ARI) [41]. Sim-
ilar to [10, 37], we avoid focusing on foreground-ARI (fg-
ARI) where the annotation for the background is excluded
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fg-ARI: 98.0    ARI: 2.3    mIoU: 13.2
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Figure 5. Demonstration of the bleeding issue. The top row of
each case shows decoded images by a model [35] and the bot-
tom row shows segmentation masks corresponding to the decoded
images. At the bottom of each case, evaluation results by three
different metrics are reported in %. One can observe that fg-ARI
cannot represent the bleeding case in contrast to ARI and mIoU.

from the evaluation. Fig. 5 demonstrates that fg-ARI can-
not describe the stability issue, such as the bleeding. On
the other hand, the stability issue can be demonstrated us-
ing mIoU and ARI since the annotation of backgrounds is
concerned with those metrics.
Baselines We compare SLASH with Slot Attention (SA)
[35], GENESIS-v2 (GenV2) [11], and weakly supervised
Slot Attention (WS-SA). GenV2 is a recent study on OCL in
single-view images, derived from GENESIS [10]. The offi-
cial GenV21 is used in our datasets. Additionally, we com-
pare SLASH with WS-SA, a simple variant of SA, equipped
with a weakly supervised slot initializer. The WS-SA ini-
tializes each slot using an MLP, which takes the point coor-
dinates of an object as input by following SAVi [30]. Unlike
SAVi, we assume the datasets do not contain labels for the
precise number of objects in an image. Therefore, we ini-
tialize the surplus slots with randomly sampled values from
the Gaussian distribution as opposed to SAVi which initial-
izes surplus slots that receive no ground-truth point coordi-
nates with (−1,−1) to deactivate the slots.
Datasets The experiments cover four multi-object
datasets: CLEVR6 [24], CLEVRTEX [28], PTR [21] and
MOVi-C [14]. CLEVR was designed to assess the mod-
els’ comprehension of compositional elements, such as vi-
sual reasoning. CLEVR6 contains 35K train and 7.5K val-
idation samples consisting of scenes with three to six ob-

1https://github.com/applied-ai-lab/genesis

mIoU ARI fg-ARI
CLEVR6

SA [35] 49.5 ± 20.5 63.0 ± 42.1 97.1 ± 1.6
SA† 46.4 ± 24.6 59.2 ± 48.2 98.3 ± 0.9
WS-SA∗ 61.8 ± 4.3 90.7 ± 2.0 93.3 ± 1.6
SLASH∗ 63.6 ± 4.3 90.3 ± 4.3 94.2 ± 1.3

CLEVRTEX
SA 22.2 ± 4.3 38.1 ± 12.5 52.1 ± 5.9
MONet [3]‡ 19.8 ± 1.0 — 36.7 ± 0.9
IODINE [15]‡ 29.2 ± 0.8 — 59.2 ± 2.2
GenV2 [11]‡ 7.9 ± 1.5 — 31.2 ± 12.4
WS-SA∗ 22.4 ± 4.5 36.0 ± 7.2 52.3 ± 7.3
SLASH∗ 34.7 ± 5.3 59.4 ± 11.5 61.9 ± 6.4

PTR
SA 17.6 ± 14.7 19.6 ± 29.8 44.5 ± 18.8
GenV2 28.5 ± 11.3 41.0 ± 25.4 56.8 ± 13.0
WS-SA∗ 23.8 ± 15.5 21.4 ± 33.6 52.9 ± 11.6
SLASH∗ 44.1 ± 9.6 67.9 ± 22.6 59.0 ± 3.2

MOVi
SA 23.0 ± 9.8 25.9 ± 20.3 48.7 ± 7.0
GenV2 10.8 ± 1.1 3.6 ± 0.2 47.1 ± 5.8
WS-SA∗ 21.6 ± 11.5 22.8 ± 21.3 46.2 ± 8.5
SLASH∗ 27.7 ± 5.9 34.6 ± 13.5 51.9 ± 4.0

Table 1. Results over the object discovery task (mean ± std for
10 trials, reported in %). * indicates that the model is trained by
weakly semi-supervised learning. All models performed inference
with no assistant label. † is for the results by [35] which uses a
center crop. ‡ is for the results from [28] which conducted three
trials of training for each method with a center crop.

jects [25, 35]. CLEVRTEX is a variant of CLEVR, having
complicated shapes, textures, materials, and backgrounds.
CLEVRTEX contains 50K samples, which we split into
40K train and 10K validation set. PTR, which contains
52K train and 9K validation samples, is a visual reason-
ing dataset in which objects have part-whole hierarchies.
MOVi-C is a synthetic video dataset comprising realistic
and textured daily objects and backgrounds. We collected
the first frames of the randomly rendered videos that have
scenes with at most six objects. Our MOVi-C dataset con-
tains 39K train and 9K validation samples. The supplemen-
tary material contains details of the data collection process.
Training All models are trained by the MSE reconstruc-
tion loss in an autoencoding fashion. The training envi-
ronments for WS-SA and SLASH are the same as those
of SA [35], while those of GenV2 follow the official pa-
per [11]. The number of slots, K, is set to 7 for CLEVR6,
PTR, and MOVi-C, and 11 for CLEVRTEX.

4.2. Object Discovery

The quantitative results on the object discovery task are
summarized in Tab. 1. The bleeding case causes signif-
icant degradation of mIoU and ARI, that is, the metrics
have higher deviations and lower averages. We argue that
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mIoU ARI fg-ARI
CLEVR6

SA [35] 49.5 ± 20.5 63.0 ± 42.1 97.1 ± 1.6
+ ARK 64.1 ± 3.1 89.9 ± 2.2 95.3 ± 1.3
+ IPPE 57.8 ± 14.6 84.9 ± 27.9 95.7 ± 1.0
+ ARK + IPPE 63.6 ± 4.3 90.3 ± 4.3 94.2 ± 1.3

CLEVRTEX
SA 22.2 ± 4.3 38.1 ± 12.5 52.1 ± 5.9
+ ARK 31.4 ± 6.6 55.6 ± 13.2 57.8 ± 7.7
+ IPPE 25.1 ± 7.4 40.4 ± 15.6 54.9 ± 7.3
+ ARK + IPPE 34.7 ± 5.3 59.4 ± 11.5 61.9 ± 6.4

PTR
SA 17.6 ± 14.7 19.6 ± 29.8 44.5 ± 18.8
+ ARK 43.8 ± 3.0 62.3 ± 19.4 60.4 ± 3.2
+ IPPE 38.4 ± 12.8 58.4 ± 31.3 58.5 ± 3.1
+ ARK + IPPE 44.1 ± 9.6 67.9 ± 22.6 59.0 ± 3.2

MOVi
SA 23.0 ± 9.8 25.9 ± 20.3 48.7 ± 7.0
+ ARK 26.2 ± 6.1 33.2 ± 13.7 51.0 ± 3.7
+ IPPE 27.2 ± 7.9 36.2 ± 16.8 50.8 ± 5.7
+ ARK + IPPE 27.7 ± 5.9 34.6 ± 13.5 51.9 ± 4.0

Table 2. Results of the ablation studies on the modules of SLASH
(mean ± std for 10 trials, reported in %).

a model is stable when it has lower deviations and robust
when it has higher averages across all datasets. Thus it is
crucial to prevent the bleeding case for stable and robust
OCL. SLASH records the highest average value of mIoU
and ARI for almost all datasets except for ARI on CLEVR6
with a minimal difference. In addition, SLASH demon-
strates lower standard deviation values of mIoU and ARI
across overall datasets. To sum up, SLASH scores the high-
est and the most consistent performance across all datasets,
achieving stable and robust OCL. We provide abundant
qualitative results in the supplementary material due to spa-
tial constraints.

4.3. Ablation Studies

4.3.1 ARK and IPPE

To prove the effectiveness of ARK and IPPE, we conduct an
ablation study on those modules by training SA [35] with
or without each module. Tab. 2 demonstrates that SLASH
benefits from both ARK and IPPE.

We observe that ARK apparently stabilizes the model,
resulting in low standard deviation values for overall
datasets. IPPE boosts the performance of both SA and
‘+ARK’. Although the standard deviation values tend to be
high due to the absence of ARK, we find that IPPE aids in
learning against a complicated dataset, i.e. MOVi, where
slots struggle to grasp the visual patterns of objects. We ar-
gue that the positional information given by IPPE can aid
the slots in binding appropriate objects more effectively.

mIoU ARI fg-ARI
CLEVR6

SA (τ = 1) [35] 49.5 ± 20.5 63.0 ± 42.1 97.1 ± 1.6
SA (τ = 2) 52.7 ± 24.6 66.4 ± 40.6 95.8 ± 2.8
Gaussian 50.1 ± 14.9 75.6 ± 29.4 93.2 ± 2.4
Conv 52.7 ± 19.6 76.8 ± 32.0 92.5 ± 2.2
WNConv 64.1 ± 3.1 89.9 ± 2.2 95.3 ± 1.6

CLEVRTEX
SA (τ = 1) 22.2 ± 4.3 38.1 ± 12.5 52.1 ± 5.9
SA (τ = 2) 25.6 ± 2.0 39.6 ± 3.7 54.9 ± 2.7
Gaussian 26.0 ± 8.5 43.5 ± 14.6 55.9 ± 11.0
Conv 24.8 ± 6.0 42.5 ± 9.7 54.3 ± 11.1
WNConv 31.4 ± 6.6 55.6 ± 13.2 57.8 ± 7.7

PTR
SA (τ = 1) 17.6 ± 14.7 19.6 ± 29.8 44.5 ± 18.8
SA (τ = 2) 34.3 ± 12.0 56.6 ± 26.5 50.0 ± 7.9
Gaussian 20.6 ± 15.1 20.0 ± 29.9 53.8 ± 10.2
Conv 12.4 ± 9.7 11.6 ± 13.1 32.1 ± 26.0
WNConv 43.8 ± 3.0 62.3 ± 19.4 60.4 ± 3.2

MOVi
SA (τ = 1) 23.0 ± 9.8 25.9 ± 20.3 48.7 ± 7.0
SA (τ = 2) 27.1 ± 5.5 28.7 ± 12.5 54.6 ± 1.8
Gaussian 25.5 ± 10.8 33.7 ± 21.5 48.5 ± 7.1
Conv 25.5 ± 8.8 28.2 ± 18.0 53.0 ± 2.4
WNConv 27.2 ± 6.1 33.2 ± 13.7 57.0 ± 3.7

Table 3. Results of ablation studies on the alternatives of the kernel
for ARK (mean ± std for 10 trials, reported in %). SA stands for
the baseline Slot Attention [35]. τ is a temperature coefficient in
the attention mechanism.

4.3.2 Kernels in ARK

In our method, ARK is applied as a low-pass filter with
a WNConv network to eliminate the noise and strengthen
the object-like patterns in the attention maps. In this study,
we look into the alternatives for the WNConv. Firstly, we
compare our WNConv with the global smoothing scheme
where we increase the temperature τ The logit values of an
attention map are divided by τ so that the larger τ yield a
more smoothed attention map. Secondly, we apply a repre-
sentative smoothing technique, Gaussian filter [54]. Lastly,
we conduct experiments on a Convolutional (Conv) kernel
without any constraints like weight normalization.

Tab. 3 demonstrates the results of the possible kernels for
ARK. We observe that the SA models with high temperature
and the Gaussian smoothing outperform the original SA.
This result implies that simple global and local smoothing
can help a model boost its performance by erasing noises in
the attention maps. For the Conv kernel, we observe that the
overall performance is worse than the other kernels. We ar-
gue that the poor performance of the Conv kernel is incurred
due to the high degree of freedom for the single-channel
single-layer network. In contrast, owing to the reduced de-
gree of freedom, WNConv consistently performs well by
recording high average values than the alternatives.
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ARI: 12.48 / 93.01

fg-ARI: 98.99 / 94.45

mIoU: 26.03 / 65.95
SA Ours

(a) CLEVR6
SA (bleeding) SLASH

fg-ARI: 58.13 / 58.53

mIoU: 11.48 / 49.01

ARI: 3.99 / 81.27

SA Ours

(b) PTR
SA (bleeding) SLASH

fg-ARI: 46.66 / 72.69

mIoU: 14.62 / 41.04

ARI: 15.11 / 68.09

SA Ours

(c) CLEVRTEX
SA (bleeding) SLASH

Figure 6. Qualitative evaluation of SLASH compared to the baseline, Slot Attention (SA) [35]. The images in the top left of each dataset
section are randomly selected inputs fed to the models. The bottom row shows the segmentation masks generated from attention maps of
slots. The numbers in the top right of each section are for the qualitative results of each model over each dataset (reported in %).

4.4. Analysis of Bleeding Issues

In this section, we investigate the cases where the base-
line, Slot Attention [35], fails to prevent the bleeding issue
and SLASH succeeds in that. Fig. 6 shows the results by
the baseline and SLASH. Here, we present our analysis of
the failure cases for each dataset.

As depicted in Fig. 6 (a), for CLEVR6, SA encounters
the bleeding issue due to the simplicity of the background.
As shown in the top-left image, CLEVR6 only contains
simple white backgrounds without any complicated pattern.
Since the background has almost no information, a model is
likely to get into the trivial solution that every slot binds to
the piece of the background.

As shown in Fig. 6 (b), stripping frequently occurs for
PTR. The striping issue is a phenomenon where each slot
is trapped into a simple and meaningless stripe pattern of
an image. We assume the striping issue occurs as a model
tends to focus on positional embedding rather than object-
related patterns that are difficult for the model to figure out.

CLEVRTEX contains a variety of complex backgrounds
as shown in Fig. 6 (c). In SA, slots tend to be attracted
by the explicit eye-catching patterns on backgrounds. We
argue that this phenomenon is attributed to the design of SA
which focuses on the versatility towards domain- and task-
agnostic models. This design principle results in the lack of
inductive biases and locational information for discovering
objects rather than backgrounds.

As SLASH is designed to not only eliminate background
noise and solidify object-like patterns in the attention map,
but also encode the positional information into the slots, we
observe that SLASH is robust against the aforementioned
failure cases in various datasets.

5. Conclusion and Limitation
In this paper, we observed that OCL for single-view im-

ages has a stability issue that some training trials end up
with having the bleeding issue. We attributed this problem
to the lack of inductive bias about the appearance of ob-
jects and additional cues like positional information. We
presented a new OCL framework for single-view images,
called SLASH, acting as a shepherd, guiding the slots to
the correct destination without being distracted by the back-
ground noise. To accomplish this, we proposed two simple
modules: ARK for smoothing the noise in the attention and
IPPE for inducing positional information through a weak
semi-supervision. Experimental results show the effective-
ness of our method, which achieved strong and consistent
results for stable and robust OCL.

Although our model shows impressive results on vari-
ous challenging synthetic datasets, extending our method to
real-world image datasets remains a problem and promis-
ing path for future work. There are several potential chal-
lenges to achieving real-world OCL: understanding back-
grounds, controlling a large number of objects, handling the
representation of an object having intricate shape and tex-
ture, and designing an efficient model that can process high-
resolution images. We expound on additional limitations of
our study in the supplementary material.
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