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Overview

e Discrimination between instances 1n a non-parametric fashion.

e Low-dimensional 128 embedding for each image, 600 mb for ImageNet.
* Nearest neighbor search during test time.

* Noise contrastive estimation to reduce computation.

Motivations Parametric vs. Non-Parametric (Why Non-Parametric?)

e Superivsed learning 1s able to discover inter-class corelations.

e Can we learn a metric space by discrimination between instances? Parametric:
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Non-parametric instance discrimination

features similarity

>
B
!
i

W
it
R
~

72 T

SN 0.2 - N (V* V/T)
03 Train & Test P(2|V) — Zn ox %(VTV/ )

08 ®  on ONE metric 7=1 P J "

0.0

R
1
g

£

\J,

Unsupervised ImageNet Classification
Main Results

Deal with Million Classes

Sampling - Deduce millions to constant
Noise Contrastive Estimation

e unsuperivsed training loss retlects a good estimation

Image Classification Accuracy on ImageNet
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