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INTRODUCTION

=Unified system

= Method: a deep convolutional network.

= Learn a Euclidean embedding per image.

= For face verification, recognition and clustering.

= The squared L2 distances in the embedding space directly

correspond to face similarity.
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UNIFIED EMBEDDING
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UNIFIED EMBEDDING
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DEEP CONVOLUTIONAL NETWORK

 How previous approaches get embedding?
(1)Train a K people classifier (2)Pick middle layer as embedding vector.

= = P

Input il
(42x50) ™ RelU+ RelU+ RelU+
Max Pooling Max Pooling Max Pooling
Convolutional Convolutional Convolutional Fully Connected  Output Layer
Layer 1 Layer 2 Layer 3 Layer (7 classes)
(24 layers) (24 layers) (24 layers)

 Drawbacks: indirectness, inefficient...
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FACENET APPROACH

= Trains its output to be a compact 128-D embedding using a triplet-
based loss function based on/LMNN|

Euclidean Mahalanobis

Large Margin Nearest Neighbor M Metric
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LOSS FUNCTION OF LMNN
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TRIPLET-BASED LOSS FUI

= Triplet

= Two matching face thumbnails and a non-matching face thumbnail.

(CTION

= Thumbnails: tight crop of the face area.

N
L = z?) — f(x¥ f— xd) — f(xt 'z (
-« Loss Z[Hf( 9) = F@D3 — 1£(22) - F@)3 +o

= Aims to separate the positive from the negative by a distance margin.

Negative m

Anchor ®

LEARNING L]
Q‘ .Agative
O O

Anchor =
Positive Positive
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TRIPLET SELECTION

= Select triplets that violate the triplet constraint
ILf (i)~ (o< (x)-F (xS
B b whel .

= Infeasible to compute
= May lead to poor training

= Offline: on a subset of the data

= Online: within a mini-batch
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GENERATE TRIPLETS ONLINE

- Sample the training data
40 faces are selected per identity per mini-batch
Random sampled negative faces are added to each mini-batch

- Use all anchor-positive pairs in a mini-batch, while still selecting the
hard negatives
Semi-hard negatives

I (2f) = FD)5 < £ () = £a)ll3

- Large mini-batch, size: 1800
Improve convergence during SGD
The way of selecting hard relevant triplets
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MODEL STRUCTU?

= End-to-end learning

E

= Batch input layer, deep CNN, L, normalization
= Followed by the triplet loss during training

E CZ> DEEP ARCHITECTURE
Batch J

= Explore two different deep network architectures

= Triplet

=|L2 Loss

N

SZ—DOoOmDETm

{ Zeiler&Fergus model

Inception model
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MODEL

= End-to-end learning

STRUCTURE -

CNN

Shared| |weights

_ E positive CNN
! > DEEP ARCHITECTURE | |E| = E = -
Batch d
Shared| |weights
negative CNN

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

ROC
* True Accepts The validation rate VAL ) and the false accept rate
TA(d) = {(i,j) € Psame, With D(z;,2;) < d} FAR(d) for a given face dl%t ce d are then defined as

= False Accepts VAL(d |TA |
FA(d) = {(i,j) € P, with D( (i, ;) < d} Prame

|FA
FAR(a

= Standard protocol for unrestricted, labeled outside data

= Mean accuracy of 10-folders verification set and the standard error of the mean

= Training
= 100M - 200M face thumbnails
= 8M different identities
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DATASETS AND EVALUATION

= Hold-out Test Set
= One million images: same distribution as training set, but disjoint identities

= Five splits of 200k images each
= VAL and FAR are computes on 100k*100k pairs each split
= Standard error across the five splits

= Personal Photos

n 112]é< ilmages: similar distribution to training set, but manually verified to have clean
abels.

= Compute the VAL and FAR across all 12k squared pairs.

= Academic Datasets
= LWF (Labeled Faces in the Wild): 13233 images, 5749 people.

= Youtube Faces DB: 3,425 videos of 1,595 different people.
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architecture VAL

J——— T - — o . PR 1

NN g ; i '
| Jpeg q | val-rate #pixels | val-rate

NN :
EXPERIMENTS N T G
B NN o 6.400 | 79.5%

o
I O 14,400 | 84.5%
o 50 | 85.5% | |
C tation A Trade-off & NN T | s61% 25,600 | 85.7%
= Computation Accuracy Trade-off g 1%
P y ®00d o0 | 86.5% 65,536 | 86.4%
S o
= Effect of CNN Model 0% .°| #dims VAL
30.0% 64 | 86.8% + 1.7
L . 200%° 128 | 87.9% £1.9 |
= Sensitivity to Image Quality | 56 | 87.7% + 1.9 | 00000
2 41,1 512 | 85.6% % 2.0

#training images | VAL

2,600,000 76.3%
26,000,000 85.1%
52,000,000 85.1%

260,000,000 86.2%

1E-6 1E-5 1E-4 1E-3 1E-2 1E-1 1E0
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= Embedding Dimensionality

= Amount of Training Data




False accept

PERFORMAN -% & L prnsers
' LFW '

= 1. Fixed center cro

= 2. A proprietary fa -l “un on the provided
LFW thumbnails. If 4 A\ #. >ens for two images),
the LFW a11gnmen" @\ ‘ . 99.63%+0.09
) e il sepld2+: by 30%
e n hundred frames that

our face detector ¢ ‘ LN — 95.12%+0.39
» DeepFace: 91. 4%,1ﬁ‘

an overview of all failure cases Presenter: Yiling He, 3/28/2019 @

98.87%1+0.15

= DeepFace: (error)r




ILLUMINATION AND POSE INVARIANCE

0.99

A threshold of 1.1 would classify every pair correctly.
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0.99

‘léw' All these images in the users personal photo collection were
=" clustered together.
"\‘

ﬁ * an exemplar cluster for one user. Presenter: Yiling He, 3/28/2019 @



= Provide a method to directly learn an embedding into an Euclidean
space for face verification

= sets it apart from other methods (e.g. DeepFace / Deepld2+)
= use the CNN bottleneck layer
= require additional post-processing

= End-to-end training both simplifies the setup and shows that directly
optimizing a loss relevant to the task at hand improves performance.

= Only requires minimal alignment (tight crop around the face area).
= DeepFace: performs a complex 3D alignment
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LIMITATIONS

= Reduce model size and CPU requirements.

= Improve currently extremely long training times (1000-2000h)
= Smaller batch size

= Offline as well as online positive and negative mining

= Not have a side-by-side comparison of hard anchor-positive pairs
versus all anchor-positive pairs.

= Not directly compare to other losses.
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HARMONIC EMBEDDING

Compatibility:
* aset of embeddings generated by different models vl and v2 can be compared to each other.
» greatly simplifies upgrade paths

:‘" NN2 compared to NNlé
: - --- NN1 - :

10 107 10°® 10° 10° 10'3 102 10% 10°
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NETWORK ARCHITECTURES

[layer | size-in | size-out | kernel [param|FLPS] type output depth | #1x1 H#Hax3 £33 F0 XD LEx5 P"-t'}] params | FLOPS

convl [220x220x3 [110x110x64] 7x7x3,2 [ 9K [115M size reduce reduce proj (p)

pooll [110x110x64| 55x55x64 |3x3x64,2| 0 convl (Tx7x3,2) | 112x112x64 1 9K 1 19M

morml| 55x55x64 | 5Hx5hx64 0 max pool + norm Dl D= 64 ] mdxd, 2

conv2a| 55x55x64 | 5HxHHx64 | Ix1x64,1| 4K | I3M inception (2) 56w 56w 192 2 4 192 115K 360M

conv2 | 55x55x64 | 55x55x192 | 3x3x64,1 | 111K |335M norm + max pool 28 % 28% 192 0 m 3x3, 2

mormz2| 55x55x192 | 55x55x192 0 inception (3a) 28 % 28 % 256 2 64 96 128 16 32 m, 32p 164K 128M

el inception (3b) 28%28%320 | 2 64 96 128 32 64 | Lo.6dp | 228K | 179M

ot 100 | 2ot 301 133100, 1| Ceak |oima|  [inception (3c) TAx14x640 | 2 0 128 | 2562 | 32 | 642 | m3x3.2 | 398K | 108M

Sool3 | 28x28x384 | 14x 14384 |3x3x384.2| 0 inception (4a) 14x14x640 | 2 256 96 192 32 64 | Lo, 128p | 545K | 107M

convda| 143143384 | 14% 14384 |13 1x384. 1| 148K | 29M i'l'lU(‘!PliUl'l {4.]} 14w 14 =640 2 224 112 224 a2 d L'._r.. 128'] 505K 117M

convd | 14x14x 384 | 14x14x 256 |3x3x384, 1| 885K |173M inception (4¢) 14> 14 %640 2 192 1258 256 32 64 Ls, 128p | 654K 128M

convsa| 14x14x256 | 14x14x256 |1x1x256,1| 66K | 13M inception (4d) 1dx 14 %640 2 160 144 288 32 64 L., 128p | 722K 142M

convS | 14x14x256 | 14x14x256 [3x3x256,1| 590K |116M inception (4e) TxTx 1024 2 0 160 256,2 64 128,2 | m3x32 | 717K 56M

convéa| 14x14x256 | 14x14x256 [1x1x256,1| 66K | 13M inception (5a) TxTx1024 2 384 192 384 48 128 | Lo, 128p 1.6M T8M

convo | 14x14x256 | 14x14x256 |3x3x256, 1| 590K |116M inception (5b) TxTx1024 2 384 192 384 48 128 m, 128p 1.6M 78M

]30-0]4 1414 %256 TxT=x256 |3x3I=256,2 0 avg [Im'!l 1% 1= 1024 0

Eﬂcat ;iiigsg 17:37;;215258 maxout p=2 ltng 103M Fully conn Pxlx128 ! 131K 0.1M
o) . . dXxou = v z

fc2 | 1x32x128 | 1x32x128 | maxout §=2 34M | 34M 1.2 normalization 11> 128 0

fc7128 | 1x32x128 | 1x1x128 524K | 0.5M total 7.5M 1.6B

L2 1x1x128 | 1x1x128 0

[total | | [ | 140M | 1.6B |
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Anchor Semi-hard
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Figure 9. Learning the Harmonic Embedding. In order to learn
a harmonic embedding, we generate triplets that mix the vl em-
beddings with the v2 embeddings that are being trained. The semi-
hard negatives are selected from the whole set of both vl and v2

embeddings.
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