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Methods #Train | #Net | LFW Accuracy
Deepface [1] IM 3 97.00%
DeepID2 [2] 0.2M 1 95.12%
DeeplD2+ 0.2M 25 99.47%
FaceNet [4] 200M 1 99.63%
VGG-Face [3] 2.6M 1 98.95%
1 99.13%
Center-loss [6] 0.7M 1 99.28%
NAN [15] 3M 1 -
Baseline A 0.5M 1 97.13%
Baseline B 0.5M 1 98.81%
Baseline C 0.5M 1 99.11%
1 DCFL 0.5M 1 99.32%
DCFL (64-layers) 4. 7™M 1 99.55%
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Negtive pairs in LFW
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e PL——— e I P L L 1
. e - —"
.'/- o T ! = ! - ] - 09
e . . Lo P VL gm = X -, :
A ' Vo ' - ' e '
I " ' 1 —_— ] ' - T ' 08
A e R S R Gl CRELEEREH . X
1 I.ﬂ' 1 - 1 1 L 1 1 o7
' ' ' ' ' ' a \ ' X
ll" ' .r".. F,ll"* ' ' ' A ' '
{ . C e - . . .
. . . . 08
....... Tl ceeeaean R e . 4

y
LY
i
1
True Postive Rate
[=]
o

' 04 SooTEmrrrrgrmnmmmenrerrnm
: R - = LFW - SUM[
a7 03 LFW — ITML I
LFW - KISSME

y LFW - Sub-SML
= = = FGLFW - SVM

' -i‘"";:.'-' . - .............E.........:........:.........:........E........_ o1 :::Egtm:zgé_h"z_
F ’. . . . . , . i i | ——I—FGLIFW—Sulb—SML
I F o 04 [1X=3 08 o7 08 09 1
o R e e e R ._ False Positive Rate
P+ : : : : : : : : (a) SSIFT
R R R T 1
: ...... e peene . N
" : N S i
....... e S UT TEPP s i ok
: : : : : | —— LFW - HDLBP 805
ey = FW - Figher Vector %05
; ; ; ; ; { ———LFW - DCNN 3.,
_______ i ] TS SEGLEW-HDLSR e
; : : : : | = = = FGLFW - Fisher Vector N ) AV
: : : : : | m = = FGLFW - DCHM o rrw_me
] ] ] ] ] ] T T LA S | = == FGLFW - KISSME |

= = = FGLFW — Sub—SML
T T

El1 [IE EI3 |:|4 EIE nﬁ u? uE’ Dg 1 GD Di1 0?2 0?3 0?4 GiS 0?6 GT? 08 09 1

Falze Positive Rate False Positive Rate
(b) LBP




ARSI : spmsmEy

MR MR RN AN ST AT
dr, N TIERBLE AR5, S HHI300 M B BTN
FERA THRERENES LN,

600033 i

(3000%:+30003F) 0 0 0
N4 B 95% 92% 97%

j{/l AEE I

9

—————*

4
|
|
|
|
I

x_




ARSI : mmsirstanEsmg)

MPIEEIRREASI ( IQIE ) FhREAEUREE, BT vt )7 APkt
30004 AP S AHAL ARG, DU v X B [ 7 U E %ﬁXTE%ﬂ@
f¥]Labeled Face in-the-Wild (LFW) AJGiRABIEI, FE R b
LFWE 75 MubATES i[RHEE -

Labeled Faces in the Wild
Labeled Faces in the Wild Home %ﬁ%%

Menu

¢ LFW Home
Mailing
Explore
> Download
Train/Test

; AT 99.2% 92%
R He X

Errata Collected resources related to LFW:
Reference 3
* AW (EELFW) RE 99.3% 95%
Contac ) X -
> Support "Common face verification addresses mainly large intra-class variations, such as V)
Changes pose, illumination, and expression. After inspecting the LFW databases, one can ? D) ]
e Part Labels identify a main limiting factor for its unconstrained face verification task:
e UMass Vision almost all the negative face pairs are quite easy to distinguish. Thus,

verification is, by its nature a problem in which many examples are very easy

with large inter-class variance, because the collection of LFW database is Chen &_ Deng, CVPR17 ‘
based on the assumption of random imposter attack. For practical usage,

however, it is likely that a desperate impostor may attempt to spoof a genuine
user by seeking a similarly-looking people. To simulate this deliberate imposture
attack, we construct FGLFW database, which deliberately selects 3000
similarly-looking face pairs within original image folders by human crowdsourcing
to replace the random negative pairs in LFW."
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Facial Expression Understanding

* Challenges

Most widely used facial expression datasets are recorded in “lab”
controlled environment with insufficient data.

Annotation of facial expression categories is difficult and time-consuming.
Facial emotional images in real world are various in subjects’ age, gender
and ethnicity, head poses, lighting conditions and occlusions.

* Opportunities

Millions of images are being uploaded every day by users from different
events and social gatherings.

Crowdsourcing is an efficient tool to collect the judgments of annotation
results from a large common population.

The emerging deep learning techniques have boosted unconstrained
expression recognition to the new state-of-the-art.



Real-world Affective Face Database (RAF-DB*)

Keywords
. ‘smile’ ‘crying’ arse download
1' OMG'... —> flickr ’s API — response - - -
60,000 images Images

downloaded

e Image Collection
Flickr (Image social network)

https://api.flickr.com/services/rest/?method=flickr.photos.search&api ke

yv={1&text={!&tags={!&per page={}l&page={!&sort=relevance

XML response—Interpreted into URLs of the images—Download

‘collection PhotosOflneSearch="Searchl":>

photos page="1" pages="127" perpage="300" total="63478">

<photo
<photo
<photo
<photo
<photo
<photo
<photo
<photo
<photo
<ohoto

id="14197338518" owner="T74529773EN0T" secret="8313e97alf" server="2909" farm="3" title="null" ispublic="1" iszfriend="0" izfamily="0" />
id="8505470995" owner="69642848EN05" secret="375b0cE2bc" zerver="8111" farm="9" title="null" ispublic="1" izfriend="0" izfemily="0" />
1d="14744669763" owner="96619214EN04" s=cret="a818044e97" zerver="5557" farm="6" title="null" ispuklic="1" isfriend="0" isfamily="0" />
id="3568274837" owner="22505098EN04" secret="31f8cd91db" server="3358" farm="4" title="null" ispublic="1" izfriend="0" isfamily="0" />
id="6109626903" owner="45833131EN03" secret="176b96e284" zerver="6201" farm="7" title="null" iszpublic="1" izfriend="0" izfemily="0" />
1d="8204874310" owner="33436872EN00" secret="61d0c904351" server="8207" farm="9" title="null" ispublic="1" isfriend="0" isfamily="0" />
1d="335131224" owner="83353067EN00" secret="caed5l19488" szerver="151" farm="1" title="null" ispublic="1" izfriend="0" iszfamily="0" />

id="5821864725" owner="55919672EN08" secret="81leld46cife" zerver="2603" farm="3" title="null" ispublic="1" izfriend="0" izfamily="0" />
id="113989596" owner="64705987EN00" secret="601e305e76" server="56" farm="1" title="mull" ispublic="1" isfriend="0" isfamily="0" />

id="858252701" owner="9722602EN05" zecret="805210523d" zerver="1334" farm="2" title="null" ispuklic="1" iszfriend="0" izfamilv="0" />


https://api.flickr.com/services/rest/?method=flickr.photos.search&api_key={}&text={}&tags={}&per_page={}&page={}&sort=relevance
https://api.flickr.com/services/rest/?method=flickr.photos.search&api_key={}&text={}&tags={}&per_page={}&page={}&sort=relevance

Real-world Affective Face Database (RAF-DB*)

Learning from

iﬂ{;‘;ﬂ:‘:ﬁ 'i labels 1,200,000

2, Annotation > labels

Power of the Crowd

e I[mage Annotation

Crowd-sourcing

315 well-trained annotators were asked to label facial images with one of
the seven basic categories

Each image 1s annotated enough times independently, 1.e., around 40
times in our experiment.

EL LA )

4% LR 5405




Real-world Affective Face Database (RAF-DB*)

Filter out _
EM unreliable labels Optimal

Reliabil
3. . > Reliability

Estimation framework

e Reliability Estimation
Filter noisy labels

an Expectation Maximization (EM) framework was used to assess each
labeler’s reliability.

Algorithm 1 Label reliability estimation algorithm.

Input:  Training set D = {(x;,1],17,....t7)}7',
Output:  Each annotator’s reliability o

Initialize:

%¥j = 1,...,n, initialize the true label y; using majority voting

R . .
B =— le{t;) Inp(t;), o :=1,
The initial value of 3; is image j’s entropy. The higher the entropy,
the more uncertain the image.

Repeat:
E-step:

Qily;) == Hp(yjltj1as,ﬁj)
M-step:
o = argmax 3 37 Q, (y,) n P w100 )
L Qily;)
Until convergence




Real-world Affective Face Database (RAF-DB*)

Keyword§ - download 30 000 ReS U It
‘smile’ ‘crying’ —p ﬂlckrv — ‘parse — T
‘OMG'... images
60,000 images 1
downloaded 08
0.6
S04 0.34 0-39

I

I

I Crowd-sourcing

| 315 volunteers online

¥ Each image labelled 40 times

ag, 012 8§ 0.1
0.02 § 0.01 0
o N o -

Learlr;itr)\j:rom 1’200’ 000

. . — 7 labels Seven Basic Emotions
Twelve Compound
Emotions
* Li & Deng, CVPR2017
An Filter out
Reliability EM unreliable labels Optimal
: . > . .y
Sl framework Reliability Multi-label Emotions

+ Li & Deng, ICCV Submission



Real-world Affective Face Database (RAF-DB*)

* Database Statistics
* 29672 number of real-world images,
* a 7-dimensional expression distribution vector for each image,
* two different subsets: single-label subset, including 7 classes of basic
emotions; two-tab subset, including 12 classes of compound emotions,
* 5 accurate landmark locations, 37 automatic landmark

locations, race, age range and gender attributes annotations per image.

Pitch Roll

Yaw
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1480 1500+ E 1800
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1600 000 000
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ount

Count

Age distribution
0~3 4~19 20~39 40~69 70+
2696 4731 16460 4696 1089
9.09% 15.94% 55.47% 15.83% 3.67%




Real-world Affective Face Database (RAF-DB*)

7 classes Basic Emotions

e8! 2

Surprised

Fearful

.
/,./ / ’ ‘ ~
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Fearfdlly
\__Surprised
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Angrily

\_ Disgusted /

s

Disgustedly

e
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¥ ‘t y ! v

7 W . :

Surprised  /

Happily
\_ Surprised /

. Disgusted )
—
Sadly | earfLuIIy
\_  Surprised /\_ Angry AN Disgusted j

* Li & Deng, CVPR2017



Comparison: Real-world & lab-controlled

LAB-BASED Datasets

Controlled 1ab conditions

Prototypical emotions

£ o

Balanced distribution

*1:1:1:1:1:1
bt

REAL-WORLD RAF

Diverse imaging conditions

B33

Highly-imbalanced

@ e.g. ‘Joy’ ‘Disgust’
{ AR >>
.yx
\“3’/




Action Units: RAF-DB is more diverse

CK+ [4]

AU1,2
AUS

Surprise

AU7
g Disgust

AU17
“ AU1,4
Wt QUL
AU17

Sadness



DLP-CNN: Deep Locality-preserving CNN

* Locality Preserving Projection [5] (LPP) -
* Preserving the information of its local region

1. Construct the adjacency graph

2. Choose the weights

3. Computer the eigenvector equation below:
XLXTa = AXDX"a

LLP + Deep Learning —»

DLP-CNN
(Deep Locality-preserving CNN)



DLP-CNN: Deep Locality-preserving CNN

. C: The convolution layer

. P: The max-pooling layer

' R: The ReLU layer

. F: The fully connected layer .

Softmax
Loss

Input
coTTTTT T ! | ! Locality-
: PIENN 7 | : | preserving
| : | | Loss
EAAD R I 1 |
, i v@/éc ® | : :

) |x; — %2 s ! L. ;

Separable Features Discriminative Features

_ _ Locality Preserving Loss:
1, x;isamong k nearest neighbors of x; or

Sij = x; is among k nearest neighbors of x; 1
0, otherwise




DLP-CNN: Deep Locality-preserving CNN

I Surprised
Fearful
I Disgusted
I Happy
sad
Angry
B Neutral




DLP-CNN: Experiment Results

Table 1. Expression recognition performance of different DCNNs on RAF. The metric is the mean diagonal

value of the confusion matrix.

basic compound

Anger Disgust Fear Happiness Sadness Surprise Neutral Average | Average
VGG [6] 68.52 27.50 35.13 85.32 64.85 66.32 59.88 58.22 31.63

AlexNet [7] 58.64 21.87 39.19 86.16 60.88 62.31 60.15 55.60 28.22
mSVM baseDCNN 70.99 52,50 50.00 9291 77.82 79.64 83.09 72.42 40.17
center loss [8] 68.52 53.13 54.05 93.08 78.45 79.63 83.24 72.87 39.97
DLP-CNN 71.60 5215 62.16 92.83 80.13 81.16 80.29 74.20 44.55
VGG [6] 66.05 25.00 37.84 73.08 51.46 53.49 47.21 50.59 16.27

AlexNet [7] 43.83 2750 37.84 75.78 39.33 61.70 48.53 47.79 15.56
LDA baseDCNN 66.05 4750 51.35 89.45 74.27 76.90 77.50 69.00 28.23
center loss [8] 64.81 4938 54.05 92.41 74.90 76.29 77.21 69.86 27.33
DLP-CNN 77.51 5541 52.50 90.21 73.64 74.07 73.53 70.98 32.29




DLP-CNN: Experiment Results

Table 2. Comparison results of DLP-CNN and other state-of-the-art methods on CK+, SFEW and MMI
databases. To validate the generalization of our model, the well-trained DLP-CNN has been employed as a
feature extraction tool without finetune.

(a) CK+ (b) SFEW 2.0 (c) MMI
Methods Accuracy Methods Accuracy Methods Accuracy
CSPL [9] 88.89% DL-GPLVM [16] 24.70% 3DCNN-DAP [12] 63.4%
FP+SAE [10] 91.11% AUDN [11] 26.14% DTAGN [21] 70.24%
AUDN [11] 92.05 % STM-ExpLet [17] 31.73% CSPL [9] 73.53%
AURF [11] 92.22 % Inception [13] 47.7% AUDN [11] 74.76%
3DCNN-DAP [12] 924 % SFEW third [18] 48.5% STM-ExpLet [22] 75.12%
Inception [13] 93.2% SFEW second [19] 52.29% F-Bases [23] 75.12%
Dis-ExpLet [14] 95.1% SFEW best [20] 52.5% Inception [13] 77.6%
ESL [15] 95.33% DLP-CNN 51.05% Dis-ExpLet [14] 77.6%

. . (4
DLP-CNN 9578 (without finetune) DLP-CNN 78 46 %

(without finetune)

(without finetune)
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FGLFW (AB2iR3), PR 17, CVPR 17a)

http://vis-www.cs.umass.edu/Ifw/#resources

RAF (81, VPR 17b)
http://www.whdeng.cn/RAF/modell.html
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