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A= OlAl — Triplet loss
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Anchor Positive Anchor Negative
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[Schroff et al.,2015, FaceNet: A unified embedding for face recognition and clustering] Andrew Ng
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ClAl — Triplet loss
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Training set: pictures of 1k persons

[Schroff et al.,2015, FaceNet: A unified embedding for face reco
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PlA] — Triplet loss choosing data

During training, if A,P,N are chosen randomly,
d(A,P) + a < d(A,N) is easily satisfied.
LED-COF + & < L) -CoN
R

Choose triplets that're “hard” to train on.
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[Schroff et al.,2015, FaceNet: A unified embedding for face recognition and clustering]
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Taigman et. al., 2014. DeepFace closing the gap to human level performance] Andrew



o _ A2t}

O O
»> —>'—>'—>,>,—>/> O—>O—>57
26 X 26 13 x 13 13 x 13 13x13 6X%x6x256
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‘ FC FC
224 X 224 x 3 110 X 110 X 96 4096 4096
Pick a unit in layer 1. Find the nine
1mage patches that maximize the unit’s | g)
activation. Z]
Repeat for other units.
Visualizing and understanding
_ B convolutional networksZ2=
[Zeiler and Fergus., 2013, Visualizing =t andine eonvolutiona Works] Andrew Ng
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1. Initiate G randomly Initial
G:100x100x 3
e i .
AR First iter. ¢
2. Use gradient descent to minimize J(G)
Second iter.
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Final output F&g
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AEFY MO| — content cost

](G) = & Jcontent (C: Gl + B ]style (S' G)
1

* Say you use hidden layer [ to compute content cost.
* Use pre-trained ConvNet. (E.g., VGG network)

Let all(©) and al'l(%) be the activation of layer !
on the 1images

If alJ©) and ald(® gre similar, both images have

similar content Jt ) v Y112
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Style image Generated Image

HO| - style cost
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Let aU , = activation at (l k).
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1D2} 3DO Al CNN

2D input image
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2D filter
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3D volume
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