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Figure A6: Visualization of predicted semantic segmentation masks of our cyclic walks on
MOVi-C and MOVi-E. In the object discovery task, we present the predicted semantic segmentation
masks on (a) MOVi-C and (b) MOVi-E. For each example, from left to right, we show the original
image (Col.1), the predicted semantic segmentation masks (Col.2) of our cyclic walks (11 slots for
MOVi-C and 24 slots for MOVi-E), and the ground truth semantic segmentation masks (Col.3). Each
color indicates a predicted semantic segmentation mask from a slot (Col.2).
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Figure A7: Schematic illustration on how to apply the learned object-centric representations
in downstream tasks. A slot assignment mask is obtained by calculating the pairwise similarity
between the features and the slot representations and then taking the corresponding slot indices with
the maximum similarity score. After that, the mask can be applied to downstream tasks such as
foreground extraction, object discovery, and semantic segmentation.

with a deeper CNN backbone, Slot Attention can achieve significantly higher performance: [6]
reports the performance of Slot Attention on CLEVRTex to be 91.3% in FG-ARI when combined
with a ResNet encoder. Compared with Slot Attention (ResNet), our method uses the frozen DINO
encoder, pre-trained on naturalistic images (ImageNet). This might lead to poor feature extraction in
CLEVRTex due to domain shifts between real-world and synthetic image datasets. As our experiment
has shown that a good extractor is essential for our method to work well, our method can be sensitive
to domain shifts if the feature extractor has not been fine-tuned on the images from the current dataset.

As shown in many existing works [29, 38] as well as our work, the original slot attention model
always performs poorly. To mitigate this issue, the Invariant Slot Attention paper [6] introduces an
interesting method based on slot-centric reference frames. Orthogonal to the proposed invariant slot
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attention method, we introduced the cyclic walks between slots and feature maps as the supervision
signals to enhance the quality of the learned slot representations. Our method does not require
decoders, compared with the invariant slot method.

A7 Limitations and Future Work

In this section, we discuss two limitations of our method. First, our model is only suitable for a
fixed number of slots. When the number of slots exceeds the number of objects, our method will pay
attention to unnecessary edge details. To overcome this limitation, coming up with a mechanism
to merge slots or filter slots is an interesting research direction. Second, our model can not achieve
instance segmentation in an end-to-end manner during the inference. How to make slots distinguish
individual instances of the same category remains a challenging and practical research topic.

In addition to the future work mentioned in the main text, we would also like to look into object-
centric representation learning from videos. Since videos carry temporal correlations and coherences
in time, the temporal information is important for learning objects from motions. Moreover, our
current work has been focusing on unsupervised foreground extraction, object discovery, and semantic
segmentation tasks. In the future, we plan to explore the possibility of adapting our method and
benchmarking all unsupervised object-centric learning models in high-level cognitive tasks, such as
unsupervised visual question answering.
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