Rethinking Self-supervised Correspondence Learning:
A Video Frame-level Similarity Perspective
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Supervision of Learning Correspondence

Human Supervision from Annotated Datasets
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Supervision of Learning Correspondence

Self-Supervision from Temporal Signals



Supervision of Learning Correspondence

Self-Supervision from Temporal Signals

Forward-backward tracking as
self-supervision

© query @ target @ negatives
Jabri et al. 2020



Is explicit tracking the only way
to learn correspondence?
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Image-level Similarity Learning

Enforce two views of the same
iImage to have similar features in
high-level fully-connected layer
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Image-level Similarity Learning

- Image-level Similarity » | fully-connected

Enforce two views of the same
image to have similar features in
high-level fully-connected layer

The mid-level features may learn
correspondence implicitly.
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Video Frame-level Similarity (VFS) Learning

Image -> Video frame

Frame-level Similarity fully-connected
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Video Frame-level Similarity (VFS) Learnlng

Image -> Video frame

Frame-level Similarity : fully-connected

Object-level
Correspondence (emerged) |

Enforce two frames from the same
video to have similar features In
high-level fully-connected layer

Fine-grained
Correspondence (emerged)

Correspondence emerges in
ress/ress by maximizing the

. : Target
frame-level similarity only
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VFS Pipeline

With negative pairs
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VFS Pipeline

With negative pairs

Encode frames with Predictor/Target Encoder
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VFS Pipeline

With negative pairs
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VFS Pipeline

With negative pairs

Encode frames with Predictor/Target Encoder
Concatenate features from negative bank

Compute affinity between two branches

Maximize the affinity of positive pairs
Minimize the affinity of negative pairs
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Evaluation

Fine-grained Correspondence
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Evaluation

Fine-grained Correspondence

Label propagation
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Evaluation

Object-level Correspondence

Frame-level Similarity fully-connected
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Evaluation

Object-level Correspondence
SiamFC Tracker
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Compare with State-Of-The-Art
DAVIS 2017 Video Object Segmentation
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Summary

* The simple VFS achieves state-of-the-art performance for self-supervised
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