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Synergistic Representation Learning

Video Object-Centric Learning Experimental Results

Object-Centric Learning is to group images into object entities without supervision. Video Slots _)f Recurrent I:I\  T— | > ¢ «—- pCL—enc » Experiment results on MOVi-C, MOVi-E, and YouTube-VIS 2021 datasets.
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» Both spatial maps are optimized with global reconstruction loss.

However, Noisy Encoder renders the decoder's reconstruction task ill-posed.

In turn, Blurry Decoder tends to generate more blurry object maps as the safest
strategy to minimize the reconstruction loss is to average over the possibilities.
Consequently, blurry outputs yield uninformative gradients, which lacks the
structural detail needed to refine the encoder's sharp but noisy features.

Goal: Suppress background noise in encoder attention maps.
Mechanism: Utilizes spatially coherent decoder masks as guidance.
Effect: Pulls noisy attention toward clean attention, denoising the slot representations.

M Positive : Top-K similar patches from the backbone @ Semi-positive : Patches assigned to the same slot in the decoder mask.

# Deblurring Contrastive Learning (Refining decoder with encoder)
Goal: Sharpen the blurry boundaries of decoder object masks.

Mechanism: Leverages sharp encoder attention as guidance.

Effect: Refines structural details of decoder mask.

H Positive : Corresponding patch in the reconstruction target. @ Semi-positive : Patches assigned to the same slot in the attention mask.

# Slot Regularization
Goal: Prevent redundant slot allocation and over-fragmentation (splitting object into multi-parts).
Mechanism: Identify spatially redundant slots & reinitialize slot w/ high-entropy.
Effect: Encourages stable & distinct object discovery,
which alleviates the risk of propagating noisy semi-positive targets in SRL.
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