Face recognition



Face verification vs. face recognition

Verification (Binary Classification)

e |nput image, name/ID

e Qutput whether the input image is that of the claimed person

Recognition (Multi Class Classification)

e Has a database of K persons
e Get an input image

e |D Output ID if the image is any of the K persons (or
“not recognized”)



Multi Class Classification vs Multi Label Classification

Multi-Class Multi-Label
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o ref: scikit-learn


https://scikit-learn.org/stable/modules/multiclass.html

One-shot learning: intro
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One-shot learning: Meta Learning

Meta refers to a level above.
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If x@ xU) are the same person, ||f(x(”) — f(xU})”z is small.

If x@ xU) gre different persons, ||f(x(’:}) — f(xm)llzis large.



One-shot learning: refs

e refs
o meta learning = wiki

o meta learning @& blog

o Supervised vs one-shot E&
o few-shot G+

o few-shot 2t=(7I7}2)


https://en.wikipedia.org/wiki/Meta_learning_(computer_science)
https://machinelearningmastery.com/meta-learning-in-machine-learning/
https://searchenterpriseai.techtarget.com/feature/Comparing-semi-supervised-machine-learning-vs-one-shot-learning
https://www.borealisai.com/en/blog/tutorial-2-few-shot-learning-and-meta-learning-i/
https://www.kakaobrain.com/blog/106

Triplets loss: intro

Embeddings

anchor CNN
Shared| |weights

positive CNN »| Triplet Loss
Shared| |weights

negative CNN

Triplet loss on two positive faces (Obama) and one negative face (Macron)



Triplets loss: code

def batch all triplet loss(labels, embeddings, margin, squared=False):
"""Build the triplet loss over a batch of embeddings.

We generate all the valid triplets and average the loss over the positive ones.

Args:
labels: labels of the batch, of size (batch_size,)
embeddings: tensor of shape (batch size, embed dim)
margin: margin for triplet loss
squared: Boolean. If true, output is the pairwise squared euclidean distance matrix.
If false, output is the pairwise euclidean distance matrix.

Returns:
triplet_loss: scalar tensor containing the triplet loss
# Get the pairwise distance matrix
pairwise dist = pairwise distances(embeddings, squared=squared)

tf.expand_dims(pairwise_dist, 2)
tf.expand_dims(pairwise dist, 1)

anchor_positive dist
anchor_negative dist

# Compute a 3D tensor of size (batch_size, batch_size, batch_size)

# triplet _loss[i, j, k] will contain the triplet loss of anchor=i, positive=j, negative=k
# Uses broadcasting where the 1st argument has shape (batch size, batch_size, 1)

# and the 2nd (batch _size, 1, batch _size)

triplet_loss = anchor_positive_dist - anchor_negative_dist + margin

e ref. https://omoindrot.github.io/triplet-loss


https://omoindrot.github.io/triplet-loss

Face Verification in the lecture

Learning the similarity function
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[Taigman et. al., 2014. DeepFace closing the gap to human level performance] Andrew Ng




Face Verification in the lecture

Face verification supervised learning
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[Taigman et. al., 2014. DeepFace closing the gap to human level performance]

Andrew Ng
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Neural Style Transfer

e Visualize CNN

e Neural Style Transfer
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Visualize CNN
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Visualize CNN: layer 1

Zt layer®| A unit@| Z|CHZ activate T/ Al St= fetchE &

o fetch= datasetO| Al &t&L|CY,

V1sual1zmg deep layers Layer 1

Y lllul
Ihll

Andrew Ng

13



Visualize CNN: layer 2

V1sual1zmg deep layers Layer 2

Andrew Ng
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Visualize CNN: layer 3

Andrew Ng
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Visualize CNN: layer 4

Vlsuahzlng deep layers Layer 4

Andrew Ng
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Visualize CNN: layer 5

V1sual1zm deep layers Layer 5

Andrew Ng
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Visualize CNN: other method

e Filters2| weightE JLHE &= =S
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e https.//www.youtube.com/watch?v=ho6JXE3EbZ8
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https://www.youtube.com/watch?v=ho6JXE3EbZ8

Neural Style Transfer: cost function

Neural style transfer

Cnptent (<) Style; (."—:-)

Generated image ( Q) Generated image ( Cl)

[Images generated bv Justin Johnsonl] Andrew Ng

J Y/
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Neural Style Transfer: generate

Find the generated image G

1. Initiate G randomly
G: 100x100x3
- o 1t

AL
2. Use gradient descent to minimize J(G)
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[Gatys et al., 2015. A neural algorithm of artistic style] Andrew Ng

J(S,C,G)

O Al S,C & 117851, gradient descentZ GE YH|O|E
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Neural Style Transfer: content cost function

Content cost functiond ;

J(G) = afcnnteg;(c: G) + ﬁfsry!e ($,6)
T
* Say you use hidden layer [ to compute content cost.

Use pre-trained ConvNet. (E.g., VGG network)

Let al''© and alY(® be the activation of layer [
on the images

If altl©) and alll@® gre similar, both images have
similar content Lit 1 ”‘f’m (@1
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[Gatys et al., 2015. A neural algorithm of artistic style] Andrew Ng
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Neural Style Transfer: style cost function

Meaning of the “style” of an image

O
&9 e
a_ﬂ—,/——J ,{_ L

Say you are using layer ['s activation to measure “style.”
Define style as correlation between activations across channels.

¢
L—“ How correlated are the activations
n ¢ across different channels?
Mg =
my {1

[Gatys et al., 2015. A neural algorithm of artistic stvle] Andrew Ng

Style image

22
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e Style cost= generated image2} style image 710 O] E&=2| XtO| & LIEFLHCE
* Style costE Z[A3} o= A2

igenerated image2} style image 7t2| 4 X}0|E X[A3} of= Al

The style cost function should be:

JY(S,G) =

style

1(G) 2
Tk pY ( kk! - GLL(, ))
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1D and 3D Generalizations

Conv 1d
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Look-up table Convolution

A J
Max-pooling  Fixed Dense  Full connection

Standard CHNN on text classification.

e ref https://arxiv.org/abs/1408.5882
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https://arxiv.org/abs/1408.5882

Conv 3d
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convolution kernel input layer convolution layer

Figure 3: llustration of the 3D convolutional operation
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Conv 3d: rels

e |earning Spatiotemporal Features with 3D Convolutional Networks
e https://github.com/karolzak/conv3d-video-action-recognition

e conv3d for image classification
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https://arxiv.org/abs/1412.0767
https://github.com/karolzak/conv3d-video-action-recognition
https://keras.io/examples/vision/3D_image_classification/

