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Even more surprising to the researchers was

unicorns spoke perfect English.
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It's eight o'clock now. Sue in her bedroom.
A, study
B. studies
C. studied
D. is studying
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“In-context” Learning

“Few-shot” Learning
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”Few-shot” Translate English to French: task description
Learning sea otter => loutre de mer examples

. eppermint => menthe poivrée
(no gradient pepp ’

descent) plush girafe => girafe peluche

cheese => prompt
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“One-shot” Learning “Zero-shot” Learning
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“One-shot” Translate English to French: task description
earnin sea otter => loutre de mer example
g
cheese => prompt
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Zero-shot Translate English to French: task description
Learning cheese => prompt
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https://youtu.be/DOG119lvsDY
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Image - BYOL

ABEHRETIEAY, AEBYOL

Bootstrap your own latent:
A new approach to self-supervised Learning
https://arxiv.org/abs/2006.07733
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* Speech processing Universal PERformance
Benchmark

* Will be available soon

* Downstream: Benchmark with 10+ tasks
* The models need to know how to process
content, speaker, emotion, and even semantics.
* Toolkit: A flexible and modularized framework for
self-supervised speech models.
* https://github.com/s3prl/s3prl
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https://github.com/andi611/Self-Supervised-Speech-Pretraining-and-Representation-Learning
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