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01. Introduction : Representation Learning

How to Solve Cats VS Dogs problem?
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O1. Introduction : Contrastive Learning

@ Contrastive Learning
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01. Introduction : SIMCLR

@ A Simple Framework for Contrastive Learning of Visual Representations (SimCLR)
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02. Design: Overview

@ Data augmentaion2 g%t contrastive learning
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@ Data augmentaion2 g%t contrastive learning
* Positive(cat) samples
« Negative(dog) samples
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02. Design: Data Augmentation
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02. Design: Model Structure
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02. Design: Model Structure

nonlinear P rOjectiOn projection projection projection projection
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02. Design: Model Structure
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02. Design: Model Structure
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02. Design: Model Structure
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02. Design: Loss Function

Similarity Calculation of Augmented Images
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02. Design: Loss Function

Softmax =
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02. Design: Loss Function
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02. Design: Loss Function
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Parameter and Dataset
« Training:
 Batch size : 256 ~ 8192 (Default Zf : 4096)
« Large Dataset0fl XMat5t LARS optimizerE At
« Dataset

* ImageNet 2012
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03. Evaluation

@ Data Augmentation

(b) Crop and resize  (c) Crop, resize (and flip) (d) Color distort. (drop) (e) Color distort. (jitter)

(f) Rotate {90°, 180°,270°} (g) Cutout (h) Gaussian noise (i) Gaussian blur (j) Sobel filtering

Figure 4. Illustrations of the studied data augmentation operators. Each augmentation can transform data stochastically with some internal
parameters (e.g. rotation degree, noise level). Note that we only test these operators in ablation, the augmentation policy used to train our
models only includes random crop (with flip and resize), color distortion, and Gaussian blur. (Original image cc-by: Von.grzanka)
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03. Evaluation

@ Data Augmentation
« Augmentation 17H& I Cropping
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03. Evaluation

@ Data Augmentation : Color Distortion

Supervised IearmngOHM Color augmentation= &
- SimCLR9| &

dotA| =H 450| BolX|= 0| AUS
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Color distortion strength
Methods /8 14 172 1 1 (+Blur) | AutoAug
SimCLR 59.6 61.0 62.6 632 64.5 61.1
Supervised | 77.0 76.7 76.5 75.7 75.4 77.1
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03. Evaluation

@ Batch Size
« Batch Size7l 228, & 7[210| 252
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03. Evaluation

@ Comparison with supervised learning
« SimCLR2 supervised learningdl| 2X| A £

rlo
X
ol
fjo
L

Food CIFAR10 CIFARI100 Birdsnap SUN397 Cars Aircraft VOC2007 DTD Pets Caltech-101 Flowers

Linear evaluation:

SimCLR (ours) 76.9 95.3 80.2 48.4 659 600 61.2 84.2 78.9 890.2 93.9 95.0
Supervised T2 95.7 81.2 56.4 649 68.8 63.8 83.8 78.7 92.3 94.1 04.2
Fine-tuned:

SimCLR (ours) 89.4 98.6 89.0 78.2 68.1 92.1 87.0 86.6 77.8 92.1 94.1 97.6
Supervised 88.7 08.3 88.7 77.8 67.0 914 88.0 86.5 78.8 93.2 94.2 98.0

Random init 88.3 96.0 81.9 77.0 537 91.3 8438 69.4 64.1 82.7 72.5 92.5
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04. Conclusion
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