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What | did... — Character Generation(2017)

- AR E=2(Input) & 'F2H ofit|H|o]’d 7HZE{(Output) & WEAFE U525
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What | did... — Character Generation(2017)
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What | did... — Character Generation(2017)
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What | did... — Video Synthesis(2018)



What | did... — Video Synthesis(2018)
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Deep face recognition

https://arxiv.org/pdf/1804.06655.pdf



https://arxiv.org/pdf/1804.06655.pdf

Q. €= Hlo[e{z offd EjAIF 3l & 4

o]
AN

=7t27(3%)



A. €= Hllo|B|{= of3d 27|17

- Face Detection(¥dZ El#))

- Face Alignment(¥dZ A=)

- Face Recognition(dZ 2UAN)

- Face Clustering(¥d2 &5

- Face Synthesis(d=2 AiA)

- Face Swap(¥2 Hi3h

- Face Super-Resolution(¥Z 1 3HAHE BigH
- 3D Face Reconstruction(3D 4=z £4<)
- Facial Expression Analysis(Zt4d £A)
- Age Prediction(L}o] of|&)
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Detection?



Object Detection — Input Image©i|X] (AfHo]] A 2|%l Label) Object ZrotA|Q.!







Face Detection Dataset, 0|21 Alo 2 JAE|o] Ql&L|CH

WIDER FACE - x1, y1, w, h, blur, expression, lllumination, invalid, occlusion, pose

http://shuoyang1213.me/WIDERFACE/



http://shuoyang1213.me/WIDERFACE/
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T2t 0| Face Detection, o|FA| ggLICH — Haar Cascade(2001)

Haar-like Feature

1. Edge features
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3. Center-surround features

.
(a) (b:;
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T2ty 0| Face Detection, O|FA| g L|CH — Haar Cascade (2001)

HO AR
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Claj) o] Face Detection, ©|&#| SHi&L|cH — Haar Cascade
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Claj) o] Face Detection, ©|&#| SHi&L|cH — Haar Cascade

https://www.youtube.com/watch?v=hPCTwxF0qf4


https://www.youtube.com/watch?v=hPCTwxF0qf4

Face Detection, Dlib(EE-= OpenCV)o|| o|o| L& E|o] Ql&L|C},
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Face Detection, Dlib(E-= OpenCV)ol o|o| I&iE|of Ql&L|C},




How to Detect Face — Dlibo| 22| & w}X|x| £ o7 QtofA Cf s{EL|CT.

import dlib
face detector = dlib.get frontal face detector() # H0G Face Detector
bbox = face detector(image, 1) # Face Detect

/



How to Detect Face — Dlibo| 22| & w}X|z| £ o1 2ofA| C} siFL|C}.

import dlib
face detector = dllb get frontal face detector() # HJ 0
: # Face Detect
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T2 °o|F Face Detection, o[ A| FgL|Cl!

T2y o|A : Sliding Window EHA] Filter 1}2lof| 2F= Object ZrotF|I(If-Else-_-)
HElY o|& 1 (YA T2) Hlo|e| F L o|H7f H|xTt 7‘| "*OH'
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https://arxiv.org/ftp/arxiv/papers/1604/1604.02878.pdf
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https://arxiv.org/pdf/1708.05237.pdf
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How to Align
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How to Align Face — Dlibo| EX| & CX|X| £ k7 tots C} sffEL|Ct.

import dlib

face detector = dlib.get_frontal_face detector() # HJG Face Detfector

bbox = face_detector(image, 1) # Face Dotect

landmark_detector = dlib.shape_predictor('. /shape_predictor_658_face_landmarks dat')
face = landmark_detector(image, bbox[Q]) # Facial [ andwark Detection

aligned_face = dlib.get_face_chip(image, face,size = 256, padding = 0.1)

/



How to Align Face — Dlibo| 22| & m}R|2| & Sk totr Ct SHFL|Ct,

import dlib
face_detector = dli
bbox = face_detecto
landmark _detector =
face = landmark_det
aligned_face = dlib

actfor

face landmarks.dat ')
ot ion
1g =0.1)




How to Align Face — Dlibo| £2| & wtz|x|E OF1 otA] Cf sHFL|C}.

import dlib
face detector = dlib.get_frontal_face detector() # HJG Face Detfector
0 _ ' ¥ Face Detect

' predictor('. /shape_pre
- bbox[0]) # Facial Lar
vip(image, face,size =

0
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100
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Face Alignment Dataset, 0|31 Ao 2 JLAJE|o] Ql-5L|C}H

- 7t 29| Index} Z2tH (+ Pose?)

(d) Menpo2D-test
https://arxiv.org/pdf/1812.01936.pdf
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Face Recognition Dataset, % Sict,

- LFW, CASIA , MegaFace, Youtube Faces, MS-Celeb, VGGFace?2...

TABLE VI
THE COMMONLY USED FR DATASETS FOR TRAINING

Datasets .??r?]gSh #photos #subjects ;?fsﬁzﬁ:gf 1 Key Features
MS-Celeb-1M 2016 10M 100,000 100 breadth; central part of long tail;
(Challenge 1)[69] 3.8M(clean) 85K(clean) celebrity; knowledge base
MS-Celeb-1M 2016 1.5M(base set) 20K (base set) 1/-/100 low-shot learning; tailed data;
(Challenge 2)[69] 1K(novel set) 1K(novel set) celebrity
MS-Celeb-1M 2018 4AM(MSvlc) S0K(MSvic) i breadth;central part of long tail;
(Challenge 3) [2] 2.8M(Asian-Celeb) 100K (Asian-Celeb) celebrity
MegaFace [105], [145] | 2016 4.7M 672,057 3/7/2469 breadth; the whole long

tail:commonalty
VGGFace? [22] 2017 3.31M 9,131 87/362.6/843 | depth; head part of long tail; cross

pose, age and ethnicity; celebrity
CASIA WebFace [243] 2014 494414 10,575 2/46.8/804 celebrity
UMDPFaces-Videos [10] | 2017 22,075 3,107 — video
VGGFace [149] 2015 | 2.6M 2,622 1,000 ﬂepﬂ“.“’“’b“‘)" anmotation with

ounding boxes and coarse pose

CelebFaces+ [187] 2014 202,599 10,177 19.9 private
Google [176] 2015 >500M >10M 50 private
Facebook [195] 2014 4.4M 4K 800/1100/1200 | private

I The min/average/max numbers of photos or frames per subject




Face Recognition Dataset, ©|21 Alo & JLAJE|o] Ql&L|CH

- 1wl Af2E NRF, 2l Af2E NRF O MEdR ALF N 2F — Number of Identity, Image per Identity

e - Q‘ .

(c) John Wesley Shipp (d) Leymah Gbowee

DE B3P

(e) Princess Haya Bint Al Hussein (f) Julio César Chavez Jr.

(g) Roy Jones Jr.

= RS8N

(1) Additi Gupta (j) Lee Joon-gi

https://arxiv.org/pdf/1710.08092.pdf
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Cla{L) o] Face Recognition, ©|&#| g4&L|CH — Eigenface(1991)




O0|Z Face Recognition = Classification
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C G 1 O O
-2 o|& Face Recognition, L& S¥Ct...
VMF loss
(weight and feature
normalization)
V
DeeplD2 L-softmax Normface A-softmax Cosface
(contrastive loss) (large margin) nm}naltwizatnnmq) (large n:.argin) (large r:ﬂrgm}
N v V
DeeplD DeepID3 TSE Range loss e CoCo loss Arcface
(softmax) (contrastive loss) (triplet loss) 1zation) ( ization) (large margin)
N N v 14 V v N
Deepface DeeplD2+ FaceNet VGGface TPE Center loss Marginal loss invgﬁgnt?i - AMS loss
(softmax) (confrastive loss) (triplet loss) (triplet+softmax) (triplet loss) (center loss) (center loss) (large margin)
N N N N v vV V vV v
2014 2015 2016 2017 2018
: I Negative f’ N\ ' L ]
’ \“1\ ’_{ A An:hcr . LLEARNING{ -9 &ﬁ% d'b g,.. a s Syl
+ o .- N fi b 1 o I il 1 e ﬁ.‘g -.
e 3 = , egative] ":f 5\ es ! Fo §:Ifm
T & Positive Positive o N A3 ) cutns e
Softmax loss Contrastive loss Triplet loss Center loss Feature and weight normalization Large margin loss

https://arxiv.org/pdf/1804.06655.pdf



https://arxiv.org/pdf/1804.06655.pdf

Cla{ o|& Face Recognition, o|ZA| i&L|cH — FaceNet(2015)

N def triplet loss(anchor, positive, negative, alpha):
B
Tri o - :
!:> DEEP ARCHITECTURE | |L2| E D ﬂﬁl Calculate the triplet loss according to the FaceNet paper
N
Batch = Args:
anchor: the embeddings for the anchor images.

Figu[e 2. Mﬂde.l Structure. OU.I.' ﬂetWOl'k COHSiStS Of d batCh j.n_ positive: the embeddingg for the posi‘tive images.
put layer and a deep CNN followed by L2 normalization, which negative: the embeddings for the negative images.
results in the face embedding. This is followed by the triplet loss
during training. Returns:

the triplet loss according to the FacelNet paper as a float tensor.

NeQatNe with tf.variable scope('triplet loss'):

Anchor -
LEARNlNG pos_dist = tf.reduce_sum(tf.square(tf.subtract(anchor, positive)), 1)
Negatlve neg dist = tf.reduce_sum(tf.square(tf.subtract(anchor, negative)), 1)
Anchor

Positive Positive basic_loss = tf.add(tf.subtract(pos_dist,neg dist), alpha)
Figure 3. The Triplet Loss minimizes the distance between an an- loss = tf.reduce mean(tf.maximum(basic loss, ©.8), )
chor and a positive, both of which have the same identity, and
maximizes the distance between the anchor and a negative of a return loss

different identity.

https://arxiv.org/pdf/1503.03832.pdf



https://arxiv.org/pdf/1503.03832.pdf

Softmax SphereFace CosFace ArcFace

Figure 5. Decision margins of different loss functions under bi-
nary classification case. The dashed line represents the decision
boundary, and the grey areas are the decision margins.

https://arxiv.org/pdf/1801.07698.pdf
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2|d 0|% Face Recognition, HM o|FH| & £Icta?

on, =
= AY

A
A2 371 Elo|efMlof[Tk 2F 45 QgLIEL
- [ (@) A
— HA| 2 Mo = A ER]| G5 & USLIC
Method ,l;;‘r';gc' Loss Architecture E:t’:’:ﬁ:f Training Set Accuracy+Std(%)
DeepFace [195] 2014 softmax Alexnet 3 Facebook (4.4M,4K) 97.35+0.25
DeepID2 [187] 2014 contrastive loss Alexnet 25 CelebFaces+ (0.2M,10K) 99.154+0.13
DeeplID3 [188] 2015 contrastive loss VGGNet-10 50 CelebFaces+ (0.2M,10K) 99.5340.10
FaceNet [176] 2015 triplet loss GoogleNet-24 | Google (500M,10M) 99.63+0.09
Baidu [124] 2015 triplet loss CNN-9 10 Baidu (1.2M,18K) 99.77
VGGface [149] 2015 triplet loss VGGNet-16 | VGGface (2.6M,2.6K) 98.95
light-CNN [225] 2015 softmax light CNN I MS-Celeb-1M (8.4M, 100K) 988
Center Loss [218] 2016 center loss Lenet+-7 1 ggg;ﬁ;ﬁc?g ;ﬁ’, l(%ﬁ()ZDX)OO, 09.28
L-softmax [126] 2016 L-softmax VGGNet-18 | CASIA-WebFace (0.49M,10K) 08.71
Range Loss [261] | 2016 | range loss VGGNet-16 | 1 ?g;%'(‘;"ﬁ)m CASIA-WebFace | o 5,
L2-softmax [157] 2017 L2-softmax ResNet-101 1 MS-Celeb-1M (3.7M,58K) 99.78
Normface [206] 2017 contrastive loss ResNet-28 | CASIA-WebFace (0.49M,10K) 99.19
CoCo loss [130] 2017 CoCo loss - 1 MS-Celeb-1M (3M,80K) 99.86
vMF loss [75] 2017 vMF loss ResNet-27 | MS-Celeb-1M (4.6M,60K) 90,58
Marginal Loss [43] | 2017 marginal loss ResNet-27 | MS-Celeb-1M (4M,80K) 00.48
SphereFace [125] 2017 A-softmax ResNet-64 | CASIA-WebFace (0.49M,10K) 99.42
CCL [155] 2018 center invariant loss | ResNet-27 1 CASIA-WebFace (0.49M,10K) 99.12
AMS loss [205] 2018 AMS loss ResNet-20 1 CASIA-WebFace (0.49M,10K) 99.12
Cosface [207] 2018 cosface ResNet-64 1 CASIA-WebFace (0.49M.10K) 99.33
Arcface [42] 2018 arcface ResNet-100 1 MS-Celeb-1M (3.8M,85K) 99 .83
Ring loss [272] 2018 Ring loss ResNet-64 1 MS-Celeb-1M (3.5M,31K) 99.50
https://arxiv.org/pdf/1804.06655.pdf
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Face Recognition, Yato]| &= Repo& Z2tr LG 4 QlcH

face_recognition - https://github.com/ageitgey/face recognition
Vggface2 - https://github.com/ox-vgg/vgg face?

Facenet - https://github.com/davidsandberg/facenet

OpenFace - https://cmusatyalab.github.io/openface/

Sphereface - https://github.com/wyTiu/sphereface

Arcface - https://github.com/deepinsight/insightface

L5 TSL...



https://github.com/ageitgey/face_recognition
https://github.com/ox-vgg/vgg_face2
https://github.com/davidsandberg/facenet
https://cmusatyalab.github.io/openface/
https://github.com/wy1iu/sphereface
https://github.com/deepinsight/insightface

Bonus : Face Swap - Deepfakes

. N

.

Target: Oliver

-




Bonus : Face Swap - Deepfakes

Original Face A Encoder Decoder A Reconstructed Face A

E Latent Face A :l

Original Face B Encoder Decoder B Reconstructed Face B

P
P

L J + L

)
P

Latent Face B

Reconstructed
Original Face A Encoder Decoder A Face A From B

Latent Face A

—>

Latent Face B

5 B

Original Face B Encoder Decoder B Reconstructed
Face B From A

https://www.alanzucconi.com/2018/03/14/understanding-the-technology-behind-deepfakes/
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220l = A= 2 2SX|? — Snapchat of7| %'-I (Style Transfer?)




Q20| = Y22 ZSIR[? — = 224! 74|, (Face Recognition)
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Oj2fof] =22 25IR|? — Custom 7HZ/E], o| ZE|Z
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Further Issues?



TODO

- Few Shot Learning(3F5 Hl[o|E{7} X2 miof| = 2 &|A| 5t 4C...)
- Tiny Face(7&3tE 92 3717 YR 2fc}y)
- Real-time(or Lightweight) Face Image Processing
(=2 ... or JA| RH{Y C|Hjo[Ao|M Fo}7t={TH 7 fH=|-?—J°F1|')
- Profile Face Detection(RE2 & e | T G B

- M2|7}2t Segmentation(YH E 2| Z5}7?) f\ﬂ ‘
- JEt 55 - a LEJ 53 ! [ JEZ

For face For hair
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