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1. Limitations

We point out some limitations of the present work which
could be possibly settled in the future works.
Large-scale encoder and decoder. In recent works
[13-15] for OCL, Transformer [17] is adopted as an en-
coder [13] or decoder [14, 15] to handle the complex
scenes. In step with these works, expanding SLASH with a
Transformer-like encoder and decoder is a promising path
for tiding over high-resolution images with complex real-
world scenes.
Slot communication.  As the SLASH directly inherits
the Slot Attention [11], our model has a similar limitation
with the Slot Attention, that is, the absence of communica-
tion between slots in the Slot Attention module. SLASH has
another module which could be improved with slot com-
munication: Point Predictor in IPPE. The Point Predictor in
SLASH yields 2D coordinates without considering the re-
lationship between slots. A communicable predictor where
the model prevents redundant or omitted points can be de-
vised in future works.
Background-related modeling.  Our method does not
care about any inductive bias or specific modeling for the
background. As we found out that the background noise
induces training instability in OCL, understanding back-
ground with external inductive bias can directly help mod-
els to be trained in a consistent way. We expect this to be
done by a novel architecture with an additional criterion or
ground truth signal to teach models the background knowl-
edge.
Slot Initializer. Our model still contains the previous slot
initializer using the Gaussian distribution with the learnable
mean and sigma. We expect that replacing this slot initial-
izer with a new one having some inductive biases concern-
ing OCL can prevent noisy attention maps generated in the
early iteration of the Slot Attention module.

mloU ARI fg-ARI
CLEVRI0
SA[I1]% 36.6 +24.8 — 959+ 24
MONet [1]# 30.7 £ 14.9 — 545+ 114
IODINE [5]% 45.1 £17.9 — 93.8+ 0.8
GenV2 [3] 9.5+ 0.6 — 579 +£204
SLASH* 497+ 6.0 8204142 949+ 12

Table 1. Results of the object discovery task (mean =+ std reported
in %). % stands for the scores recorded in [10] with 3 trials and
data-specific center crop. The scores of SLASH is calculated with
10 trials.

2. Broader Impact

In this work, we adopt inductive biases and a weak semi-
supervision scheme to achieve stable and robust OCL on the
top of the Slot Attention [11]. Since the Slot Attention is a
generic soft k-mean clustering algorithm, there is room for
applying our approach to various domains where data has
compositional characteristics. Not limited to vision tasks, it
is expected that the motivation of our method can be applied
to various domains and tasks, such as speech decomposition
[12, 16], or music source separation [2, 0].

3. Experiments
3.1. Additional Dataset: CLEVR10

We provide additional results on the CLEVR10 dataset.
As shown in Tab. 1, SLASH outperforms in all metrics,
recording the highest average scores and low standard de-
viations, representing robustness and stability. Unlike the
other models, our model solves the task without any data-
specific pre-processing, i.e. center crop. Note that, in the
CLEVR, as objects are crowded in the middle of images,
this center crop can benefit the training and testing of the
models.
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CLEVRTEX CLEVRTEX

SA(r=1)[11] 2224+ 43 38.14+125 521+ 59 5% 24+ 31 34.2 + 10.0 532+ 6.8
SA(T=2) 256+ 20 396+ 37 5494 27 10% 75% | 251+ 74 404+156 549+ 73
SA (1 = 5) 190+ 40 258+11.6 483+ 43 0% 5671 65 4304 71 369+ oo
SA-LRE (0.25) 286+ 98 442+197 623+126 : : : : : :
SA-LRE (0.5) 2724108 41.6+225 597+ 145 50% | 246+ 52 413+£11.0 566+ 738
Gau (o = (0.01,1.0)) 2524+ 49 388+£129 589+ 48 10% 75% | 251+ 74 404+£156 549+ 73
Gau (o = (0.1,2.0)) 260+ 8.5 4354146 559+11.0 100% | 256+ 89 415+173 53.6+ 7.3
Gau(o = (1.0,5.0) 247+ 3.1 421+ 74 552+ 28 100% 100% | 275+ 50 474+105 577+ 8.0
Conv 248+ 60 425+ 97 543+11.1 PTR
WNConv (3 x 3) 288+ 6.6 474+143 580+ 4.8 = P eI TAL SA31330 ST 53
WNConv (5 x 5) 314+ 66 556+132 578+ 7.7
WNConv (7 x 7 200+ 50 50.1+154 3596+ 5.6 0% 75% | 384128 584+£313 585+ 3.1

— 20% 39.84+ 142 594+32.8 598+ 3.2
SA(r=1) 176 £ 147 19.6+298 445+ 188 0% | 349+15.6 5334327 582+ 34
SA (r = 2) MIL120 S66L265 5004 7.9 10% 75% | 384+12.8 584+313 585+ 3.1
SA (r = 5) 74164 473 L3204 567+ 10.1 100% | 386+ 119 62.14+27.6 581+ 24
SA-LRE (0.25) 3244191 401+351 615+ 7.0 100% 100% | 39.4 +£10.8 66.5+21.7 604+ 8.2
SA-LRE (0.5) 3554156 5454341 621+ 45
Gau (o = (0.01,1.0)) 2264 13.1 257484 564+ 64 Table 3. Results of ablation studies on the level of the semi su-

Gau (0 = (0.1,2.0)) 206+ 15.1 20.0+29.9 53.8+10.2
Gau (0 = (1.0,5.0)) 202+ 147 283+314 584+ 39
Conv 124+ 97 11.6+13.1 32.1+£26.0
WNConv (3 x 3) 414+ 11.1 605+212 603+ 35
WNConv (5 x 5) 438+ 3.0 623+194 604+ 32
WNConv (7 x 7) 402+ 50 5874243 61.0+ 3.6

Table 2. Results of object discovery on the possible alternatives for
ARK (mean =+ std for 10 trials, reported in %). 7 is the temper-
ature in an attention mechanism. SA-LRE stands for Slot Atten-
tion with Low Resolution Encoder with the ratio of downsampling.
Gaussian model (Gau) is given with the standard deviation o with
its min and max value. We use o = (0.1, 2.0) in the main paper
as the default one. We mark WNConv (5 x 5), which is the setting
for our method, as bold text.

3.2. Additional Alternatives for ARK

Tab. 2 describes an additional ablation study on the alter-
natives for the ARK. For the global smoothing technique,
we include one more Slot Attention model with a temper-
ature value of 5.0. In addition, the Slot Attention models
with a low-resolution encoder, which we term SA-LRE, are
added to the line of global smoothing methods.

For the alternative kernels of the WNConv, we provide
the results of Gaussian smoothing with distinct standard de-
viations. We also conduct experiments on the different ker-
nel sizes of WNConv, where we use 5 x 5 as a default one.

It can be easily observed that our proposed method and
choice of the default WNConv show the most consistent and
robust performance over the other alternatives.

3.3. Level of Semi-supervision

We conduct ablation studies on the level of semi-
supervision according to two aspects: the number of im-
ages and objects. To inspect the sole impact of the weak
semi-supervision, we only add the IPPE module to the Slot

pervision for the model of Slot Attention + IPPE which is shown
as ‘+IPPE’ in Tab. 2 in the main paper (mean =+ std for 10 trials,
reported in %). The ratio of the number of images and objects is
described in the table. We mark the 10% for images and 75% for
objects, which is the setting for our method, as bold text.

Attention model, i.e. SLASH without the ARK module. As
shown in Tab. 3, we trained models by assigning ground
truth annotations to 5, 10, 20, and 100% of images from a
given dataset, and 50, 75, and 100% of objects in a given
image. The results show that as the ratio of weak supervi-
sion ground truths grows, SLASH can perform better in the
object discovery task. Furthermore, the full supervision, de-
noted as 100% and 100%, helps SLASH achieve the most
consistent and high scores in both mIoU and ARI metrics.

4. Qualitative Results
4.1. Intermediate and Final Results of SLASH

To investigate the overall process of SLASH, we visual-
ize the intermediate attention maps of each slot in addition
to the final results of the SLASH in Fig. 1, Fig. 2, Fig. 3,
Fig. 4 for CLEVR6, CLEVRTEX, PTR, and MOVi, respec-
tively.

Given an input (leftmost in the first row), SLASH iter-
atively updates the slots during which the attention maps
between the slots and the feature vector are generated (first,
third, and fifth rows). The attention maps before ARK de-
pict our observation of salt-and-pepper patterns. Then ARK
is applied to the attention maps to make the refined atten-
tion maps (second, fourth, and sixth rows). The noisy at-
tention maps are cleansed by ARK so that the background
noise is erased and the object pattern is strengthened. After
T = 3 iterations, the decoder produces the segmentation
masks (seventh row) and reconstruction images (last row).



4.2. Model Comparisons

In this section, we qualitatively compare the baseline
Slot Attention (SA), a newly introduced weakly semi-
supervised baseline WS-SA, and our model SLASH. For
the fair comparison, we select the model which performs the
second-best and the second-worst in the mIoU metric. The
results of second-best and second-worst models for each
dataset — CLEVR6 (Fig. 5, Fig. 6), CLEVRTEX(Fig. 7,
Fig. 8), PTR(Fig. 9, Fig. 10), MOVi(Fig. 11, Fig. 12) — are
illustrated below.

For the figure details, the first row contains the atten-
tion maps of K slots; K = 11 for CLEVRTEX, K = 7
otherwise. The second row contains the ground truth seg-
mentation mask (leftmost), the aggregation of the predicted
segmentation mask (second from the left), and the predicted
segmentation masks for K slots. The last row contains the
input image (leftmost), the final reconstructed image (sec-
ond from the left), and the reconstructed images of K slots.

The results of the second-best models show that all the
models perform well, where SLASH is superior to the other
models in terms of robustness against background noise.
The main difference comes from the results of the second-
worst models. As mentioned in Sec. 4.4 in the main ta-
ble, various types of the bleeding issue occur in the dif-
ferent datasets: irregular bleeding in CLEVRG, bleeding to
background patterns in CLEVRTEX, the striping issue in
PTR. In addition, for the MOVi dataset, we observe that the
models, except for the SLASH, split the image into several
blocks with less relation to objects. In contrast, even with
the second-worst models, the SLASH accomplishes stable
and robust outcomes across all datasets.

5. Implementation Details
5.1. Model

As our method is built on Slot Attention [11], the im-
plementation of the Slot Attention module is just the same
as [11]. Thus, in this section, we only describe the de-
tails for Attention Refining Kernel (ARK) and Intermediate
Point Predictor and Encoder (IPPE).

ARK is a 5 x 5 single-channel single-layer convolutional
kernel having only 25 learnable parameters and no bias. By
applying SAME padding, the output size will be the same
size as the input size.

IPPE has two submodules, Point Predictor and Point En-
coder, consisting of 3-layer MLP with ReLU activation
(Tab. 4). Point Predictor takes a slot of Dglot dimension
and yields 2D coordinates (x,y). Point Encoder encodes
a 2D point (z,y) into a vector of Dy, dimension. In our
implementation, Dy, = 64 and —0.5 < z,y < 0.5.

Type Size (Input/Output) Activation
Point Predictor

MLP 64/32 ReLU

MLP 32/16 ReLU

MLP 16/2 -
Point Encoder

MLP 2/16 ReLU

MLP 16/32 ReLU

MLP 32/64 -

Table 4. Model details of IPPE.

5.2. Dataset

We use CLEVR dataset [8], also called CLEVR10, given
by Multi-Object Datasets [9]. We split the CLEVRIO
dataset into 70K and 15K for training and test set, respec-
tively. We filtered out scenes containing more than six ob-
jects to compose CLEVRG6 from the CLEVR dataset. As a
result, in the CLEVRG6 dataset, the training and test set have
35,050 and 7,492 images, respectively.

PTR dataset [7] is sourced from the official project page
I Also, for PTR, we utilize the validation set as a test set
to use the ground truth segmentation masks for evaluation.
CLEVRTEX dataset [10] is also sourced from the official
project page 2. We use part 1-4 for the training set and
part 5 for the test set; we do not use the other variants of
CLEVRTEX for our work.

For the MOVi dataset, we utilize the dataset generator
provided by Kubric [4] in the official repository °. Although
Kubric provides diverse variants of MOVi, we only focus on
MOVi-C to -E for the following reasons: 1) MOVi-A and -
B contains relatively simple objects compared to the other
variants; 2) MOVi-F is for training optical flow predictor.
Moreover, the only difference among MOVi-C, -D, and -
E is in the dynamics of objects or camera view. We col-
lected static images from MOVi-C, -D, and -E, and termed
it MOVi or MOVi-C as there is no meaning to distinguish
MOVi-C, -D, and -E in consideration of static image. In
details, we set the number of static objects from 3 to 6 in
a scene. For the clear observation of objects, we set the
height of the camera greater than or equal to 5.0 in the half
sphere whose radius ranges from 7 to 9. For data collection,
only the first frames of the rendered videos are selected to
prevent the existence of the same scenes in the dataset.

Uhttp://ptr.csail.mit.edu
Zhttps://www.robots.ox.ac.uk/ vgg/data/clevrtex/
3https://github.com/google-research/kubric



Figure 1. The intermediate and the final results of SLASH on CLEVRG6. You can find the figure details in Sec. 4.1.
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Figure 2. The intermediate and the final results of SLASH on CLEVRTEX. You can find the figure details in Sec. 4.1.




Figure 3. The intermediate and the final results of SLASH on PTR. You can find the figure details in Sec. 4.1.
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Figure 4. The intermediate and the final results of SLASH on MOVi. You can find the figure details in Sec. 4.1.
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Figure 5. Results on CLEVRG6 by the second-best models from SA, WS-SA and SLASH. You can find the figure details in Sec. 4.2.]
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Figure 6. Results on CLEVRG6 by the second-worst models from SA, WS-SA and SLASH. You can find the figure details in Sec. 4.2.
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Figure 7. Results on CLEVRTEX by the second-best models from SA, WS-SA and SLASH. You can find the figure details in Sec. 4.2.
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Figure 8. Results on CLEVRTEX by the second-worst models from SA, WS-SA and SLASH. You can find the figure details in Sec. 4.2.



Slot Attention

mloU: 0.4302
ARIL:  0.7498
fg-ARI: 0.5962

.

WS-SA

mloU: 0.4511
ARI:  0.7518
fg-ARI: 0.5911

SLASH

mloU: 0.4812
ARI:  0.8109 r
fg-ARI: 0.5873

. KR
mE -

Figure 9. Results on PTR by the second-best models from SA, WS-SA and SLASH. You can find the figure details in Sec. 4.2.
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Figure 10. Results on PTR by the second-worst models from SA, WS-SA and SLASH. You can find the figure details in Sec. 4.2.
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Figure 11. Results on MOVi by the second-best models from SA, WS-SA and SLASH. You can find the figure details in Sec. 4.2.
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Figure 12. Results on MOVi by the second-worst models from SA, WS-SA and SLASH. You can find the figure details in Sec. 4.2.
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