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Computer vision: revolutionary technology
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understanding human emotions and behaviors



Visual recognition

. IMAGENET

a database of 15M images across
822000 classes of objects

Face

MS-Celeb-1M: A Dataset and Benchmark for
Large-Scale Face Recognition

Yandong Guo, Lei Zhang, Yuxiao Hu. Xiaodong He, Jianfeng Gao

Microsoft Research
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History of CNN
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Blossom of CNN
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Deep Face Recognition: A Survey .;,,2?:
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Deep Face Recognition: A Survey
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Same or Different People?

Angelababy | Angelababy

DCNN correct, Students wrong

The first 4 image pairs are from Similar-Looking LFW database

Weihong Deng, et al., Pattern Recognition , 2017



Why visual recognition is so hard?

Facial images of Lady Gaga



Increase uncertainty on LFW .
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Focus on face uncertainty: Deliberately selected pairs
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From LFW to SL/CA/CPLFW

Identical celebrities, scale, and protocols

Similar-looking Aging Poses

Cross-Pose

3K positive pairs
Cross-pose face pairs selected
by crowd-sourcing

Cross-Age
3K positive pairs
Cross-age face pairs selected
by crowd-sourcing

Similar-Looking
3K negative pairs

Similar-look face pairs
selected by crowd-sourcing
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Deep CNN versus My Stud
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Face Transfer to reduce variability
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Face Normalization Results

Face normalization of the same person Yichen Qian, Weihong Deng, et al., CVPR 2019. 15



Face Normalization Results

Face normalization results on 1JB-A.

Yichen Qian, Weihong Deng, et al., CVPR 2019. 16



Face Sketch-=>Photo Results

Sketch-> Photo Synthesis on CUFS.

Yuke Fang and Weihong Deng, Pattern Recognition 2020 17



Identity-Aware CycleGAN (IACycleGAN)

Sketch-to-Photo Synthesis

Real Sketch
Dataset

Synthesized
Photo Dataset
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Yuke Fang and Weihong Deng, Pattern Recognition 2020 18



Virtual Softmax and Normalized metric learning

Virtual Softmax:

--Inject dynamic virtual negative class
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Signal-to-Noise Ratio Metric Learning:

Given two images x; and x; ,the learned features can be
denoted as h; = f(:,x;) and h; = f(:,x;), we define the
SNR between the anchor feature h; and the compared
feature h; as:
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Man-made Adversarial Uncertainty
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Uncertainty in Visual recognition
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Adversarial Training Framework

Actively mining the
potential noisy
points

BEFORE: FA
First step: seekthe ([~ % / \
Source sample

potential adversarial PR é
examples by gradient \,:_ | e
il '- W : | Hypothetical adversarial example
vulnerability L]
exploitation . Class 1 Class 2 P AN <

Set as anchor
sample to do triplet |inference time
metric learning

1/

Second step: conduct AFTER: SUCCSESSFUL DEFENSE

triplet metric learning
based on the anchors
of potential
adversarial samples.

_n MTER

ﬁ Second step optimization in MTER

N : , ,
[ > Adversarial attack at inference tly

Yaoyao Zhong, Weihong Deng, et al.,, ICCV 2019. 22

Adversarial sample
cannot take effect




Adversarial Learning MTER- Experiment

The experimental results on MNIST, CASIA-WebFace, VGGFace2 and MS-Celeb-1M
reveal that our method increases the robustness of the network against adversarial
attacks in simple object classification and deep face recognition.

Figure 1. Embedding space visualization of MNIST Figure 2. Accuracy on clean images, and adversarial examples
trained with Softmax and Softmax+MTER. on MNIST.
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Uncertainty Challenges from Data Deficiency

Uncertainty Bias
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Unequal Training for Long-tailed learning
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Racial Bias

Amazon Rekognition WSEMAm" Racial Bias in Amazon Face MIT
, : 3 Recognition Technology
Review
Intelligent Machines

Are Face Recognition Systems
Accurate? Depends on Your Race.

e

Racial Faces m-the-WlId (RFW)

Mei Wang, Weihong Deng, et al., ICCV 2019. 27



Existence of racial bias

RFW
Model _ . _
Caucasian Indian Aslan

- African
Center-loss 87.18 81.92 7932 | 7800
SOTA SphereFace 90.80 87.02 8295 | 8228
Algorithms ArcFace 92.15 88.00 83.98 _
VGGFace? 89.90 86.13 8493 | 8338
Mean 90.01 85.77 8280 | 8215
Face++ 93.90 88.55 9247 | 8150
Baidu 89.13 86.53 90027 | 1191
ComA"F‘,f;Cia' Amazon 90.45 87.20 g487 | 8621
Microsoft 87.60 82.83 79.67 _
Mean 90.27 86.28 86.82

White Indian Asian



Deep information maximization adaptation network (IMAN)

distribution at cluster-

[ Learn discriminative
level for color races

Match global distribution
at race-level
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A major driver of bias in face recognition

Racial distribution (%0)

Database

Caucasian Asian Indian  African

CURRENT TRAINING DBS
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Ethnicity Aware Training Sets for RFW

Population Ratio-Training Set

m Caucasian mAsian mlIndian g African

African

Balanced Training Set

m Caucasian pgAsian pglindian g African

African

25%

1.3M Image®

Indian
25%

To release in Nov. 2019. 31



Fair loss for Unbiased Training

Overview
_Unbalanced | Agent mwserre AR .
QECEsattiEa Ty sty Grouping i ) R - Fair Loss :
e | ~ Manually change | fesssepassed
! . / —— " the margin for ' .
i ; | -'" | Sheew " | Select an actionto |
\Eaas = ‘ W2 - U AGwag S:)} ] S Ny change the margin |
I R ; Y,  Offline - according to Q value
L. ‘ $ of different actions
\ - — ‘/VZL—/*‘ ® Sampling . Guiding t ‘
| Inter-class distance o : i Trin f Current|State %\ ‘,
| f | : ) A ,,
‘ J Agent L Agent < = —>—
Sample \ Intra-class variance | Falr LOSS “. o .4,‘
Networks - Network
Agent training Samples Q-Net
Current State
Reward Mext State | Fully Connected Q value
Agent Current/Mext margi
) gin. i &
* The empirical group T Adda fixed step
= Current/Mext intra-class variance
. i == Minus a fixed step
State Take Environment Current Action
aCtion + or = or n ﬂ Remain unchanige
* Decrement of intra-class variance |

* Increment of inter-class distance

Observe state
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Understanding Human Emotions

« Different emotions evolved at different times:
Ancient parts of the brain Early mammals Social Primates

i-E'!
. .

Primal Emotlons Filial Emotions Social qutions
e.g., fear e.g., smile e.g., guilt

33



Deeper Look at Expression Dataset Bias
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Emotion-Conditional Adaption Network (ECAN)
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Dataset Construction (RAF-ML)

Data collection and Annotation

Process
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Dataset Construction (RAF-DB)

7 classes Basic Emotions

BES 200 ARk hEA 0%

l Sad —

Surprised

Fearful

Disgusted

Happy

12 classes Compound Emotions
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Shan Li, Weihong Deng, CVPR 2017, TIP 20109.
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Dataset Construction (RAF-ML)

Shan Li, Weihong Deng, 1JCV 2019.



Deep Bi-manifold CNN (DBM-CNN)

Label Mar\i-fold * * Label manifold indicates the ground-truth
. label distribution of training samples
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Deep Bi-manifold CNN (DBM-CNN)

Smoothness in terms of both face appearance and emotion perception

Shan Li, Weihong Deng, 1JCV 2019. 41



Tang (CNN) [127] (winner of FER2013) 2013
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Summary: Technical contributions

B Major Contributions: Deep representation learning

== Separable->Large margin

=N Tiny interclass-difference

- Virtual softmax (NIPS’18)

[\ - Unequal learning, Fair loss
Robustness >  (CVPR’19,ICCV’19)

- MTER for adversarial learning (ICCV’19)

ma Huge intra—class variations gm Lobality->Locality
N

Variable intensity D DIP-CAN (T3 DUM-CAN Y13
. Spatial variations aptiveness - Hybird attention (CVPR’19)
/1 - High-order attention (ICCV’19)

- Massive number of classes
- Adversarial images

™M Global distribution shift g Srecificity>commonality
N . o . |
: - Confusion regularization of metric learning
ZDea:::l I:i'::t I(::LTEI?'? non-iid Generalization (AAAI'18)
P ’ % - Information maximum TL (ICCV’19)

- Reducing racial bias (ICCV’19)
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