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Successful Applications
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ldentification at a Distance

BRIAR: The subject in the figure consented to publication.
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Problem Definition

L&

Pose and Occlusion

Faces that are front facining and
free of occlusions such as hands or
sunglasses are identifiable.

1O\

Landmark & Key points

Images with visible and detectable
facial landmarks are identifiable.

Easy to Recognize

£

Blur

Subject’s distance, camera setting and
other environmental factors cause the
image to be blurred.

0

Size
Too low image resolution causes the
subject to be unidentifiable.

L

lllumination

Too dark or too bright images cause
the subject to be unidentifiable.

. Source of Problem
(Impossible to recognize)
Training dataset without identifiable traits can be equivalent to noisy label samples




Easy to Recognize

I I I I Easy samples are
well classified
I I I I I I I I I I Hard sample mining

Avoid learning from
bad samples

Low

Magnitude of Emphasis




Motivation

High Quality
Qualit Hypothesis:
d Difficulty distribution will be different based on image quality.
Low Quality

Easy to Recognize Hard to Recognize Impossib!e to
Recognize

Difficulty




Findings
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“ UNIVERSITY

Our Findings and Methods

High Emphasis

. , Hard samples are
Emphasis Magnitude .
emphasized
High Quality

a Feature norm can approximate Margin Functions can change
the quality. . the slope.

High Emphasis
/ Unrecognizable

samples are avoided

Quality

Low Quality

Low Emphasis

Difficulty




Effect of Margin on Sample Emphasis
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Effect of Margin on Sample Emphasis
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Effect of Margin on Sample Emphasis
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How do we emphasize different samples?

Magnitude of g

Easier Sample, Low Norm
Harder Sample, Low Norm
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Combine different margin functions adaptively
to emphasize samples of different difficulty based on the image quality.



Previous works apply
same margin for all samples

Unit Sphere Representation



Class
Center

High Norm = Negative Angular Margin
De-emphasize trivial samples

7 Mid Norm = Additive Margin
/ Discriminative feature, equal
emphasis.

Low Norm = Positive Angular Margin
De-emphasize unrecognizable images



Performance

Performance in High Quality Datasets

Best of
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CVPR2018

ArcFace
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MagFace
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SCF

CVPR2021

Dataset Names

99.83%
—— Lhw
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CPLFW
98.32%
—— AgeDB
96.20%
— CALFW
AVG

98.49%
S

93.53%
—

87.19% (+0.03)
S

Metric: 1:1 Verification Accuracy

Sample Images in high
quality datasets

AdaFace




Performance

65.26% (+2.83)

—
66.27% (+2.46)
PFE oy
CVPR2018
23.74% (+4.20)
ArcFace — AdaFace

CVPR2019

CurricularFace 68.21% (+4.32)

CVPR2020

URL

CVPR2020

https://github.com/mk-minchul/AdaFace




Person Identification at a (far) distance
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Motivation

Training datasets

[ © BT

Source

Synthesis
Module 1 -

lFaIse

I Discriminator :

* Low resolution

* Motion blurring

* Bad illumination
* Turbulence effect

I

Testing scenarios

Target unconstrained domain




Motivation

Training datasets

Source
domain
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Controllable Face Synthesis Model (CFSM)

Input Encoder Decoder Output Discriminator ~ Target domain

Content
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Guided Face Synthesis for Face Recognition
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By-product
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Face Recognition on Low Quality Datasets

72.54% (+1.19)

|

72.65% (+0.72)
PFE I
Xp:zll_-sace 39.14% (+2.43) AdaFace+
CVPR2019 = CFSM
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Visualizations of the Face Synthesis Model
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Person Identification at a (far) distance
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Problem Definition

Traits of Face Recognition with Videos

i e e s
HEEERE |
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Sequential Inputs
Videos come in sequentially. We use

+ what we have up-to the current
timeframe.

Subject in the slide consented to publication

G/Q/@\Q@

Varied Identifiability

Some image more identifiable than




Problem of Previous Methods
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Large N / Sequential Scenario
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Large N / Sequential Scenario
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Large N / Sequential Scenario
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Architecture

Cluster and Aggregate Cluster Network (CN) St-1,Ft-1,Ac1 Aggregation Network (AGN)
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3 components(SIM, CN, AGN)




Architecture

1 %=
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: RV X

Input images fed into the fixed feature extractor.




Architecture
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Architecture

Cluster Network (CN)
[
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Architecture

Aggregation Network (AGN)
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Architecture

Cluster and Aggregate
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Performance Gain over simple average using feature fusion methods.

—Naive-=PFE-—CFAN--RSA-=-CAFace

8.0 % 1Inc. over Naive

6.0 Proposed
4.0
2.0
0.0
(-) : avg probe size _'
[JB-A I1JB-B [JB-C [JB-S
(9) (21) (23) (7114)

Naive: Simple Average T
PFE, CFAN: single image weight estimation Largest Probe size,
RSA: Attention Mechanism Largest Perf. gain



CAFace Demo

Video Feed - Frame Count: 1 Detected Face Frame Top 5 CAFace Match Top 5 Naive Match
0.13 0.13

Tok 5 Most influential Images in CAFace Cosine Similarity To Gallery Gallery Image
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Recognition Examples
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Person Identification at a (far) distance
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> 4. 3D body matching
(ICCV’23)




Problem Definition
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Feng Liu, et al., Learning Clothing and Pose Invariant 3D Shape Representation for Long-Term Person Re-Identification, ICCV 2023




Discriminative 3D Human Shape Recon

Joint two-layer implicit model
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3D Reconstruction Performance

(CD-L2|)

LVD SHAPY Ours
ECCV'22 CVPR'22 1ICCV’'23

Reconstruction on
HBW dataset




2-layer 3D Reconstruction

Naked Clothed Rec. ‘ Naked Clothed Rec.
body body image body body image




Body Matching Accuracy

A new Cloth-Changing and Diverse Activities (CCDA) dataset
1,555 images of 100 subjects

Normal set

CAL Ours CAL+
CVPR'22 ICCV’'23 Ours

Body matching outperform gait!



Person Identification at a (far) distance
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Characteristics of Labeled Faces

a) Sampling from True Dist.
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b) Unconditional Generation

Low Consistency
High Diversity

No ID control

c¢) Lacking Style Variation
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4 %
< &1
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No Style Diversity

d) Lacking Class Variation
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DCFace: Face dataset generation pipeline

1. Sampling Stage

N(0,1) p Generate ID image ‘ ID Image X%,
id d

Identity Generator

1. Generate a facial image with unconditional DDPM




DCFace: Face dataset generation pipeline

1. Sampling Stage
N(0,1)

Generate ID image R ID Image X‘iqd

Choose Style image ‘ Style Image X5,

Identity Generator

2. Choose a real image that will be used for style information.
Style bank is an arbitrary set of real facial images.




1. Sampling Stage
N(0,1)

DCFace: Face dataset generation pipeline

Generate ID image ID Image X‘iqd

Y

2. Mixing Stage

9 1_Gu

Identity Generator

Subject : A

Choose Style image Style Image X5,

Style Bank

)

Subject : B

3. Mix the ID image X’{ld and Style image thy using DCFace

oo

Dual Condition Generator G,,;,




DCFace: Face dataset generation pipeline

2. Mixing Stage

- ID Image X‘l-qd
Subject : A

—Style Image X Ety

. [§f Subject : B
-? E‘tfjJ Many styles

€9
‘EA

Dual Condition Generator G,,;,

How do we ensure

1. ID consistency

2. Style Diversity

of generated samples?

3. Mix the ID image X’{ld and Style image thy using DCFace




DCFace: Face dataset generation pipeline

2. Mixing Stage

Complete dependence
on X4, leads to
no style diversity.

Subject : A

Style Image X Ety D
" Est
Subject : B 2

Dual Condition Generator G,,;,

3. Mix the ID image X’{ld and Style image thy using DCFace




DCFace: Face dataset generation pipeline

2. Mixing Stage

+ 1|_ID Image x4 =@
Subject : A

Style Image X5,
Subject : B

Dual Condition Generator G,,;,

2

Complete dependence
on Xg,, leads to
incorrect subject appearance.

3. Mix the ID image X’{ld and Style image thy using DCFace




DCFace: Face dataset generation pipeline

\ ID Image X‘l-qd

2. Mixing Stage

22 Subject : A

Style Image X Ety

t“ Subject : B

Dual Condition Generator G,,;,

€9
‘EA

Take two images of one subject.
Let X4, provide fine details of ID.

Let X5, provide low frequency
style.




DCFace: Face dataset generation pipeline

2. Mixing Stage

\ ID Image X2, D Xtarget
> Lid
4 Subject: A
—] —
e
Style Image X Ety €9 =
= N - > Eg
) Subject : B

ual Condition Generator G,,;,

Conceptually
Patch-wise Style Extractor (E Sty) D :
k; d
' ”sty
A‘ ' Ea.3 > POOlmean ._@_. + = g‘
: q lRoolyg |MEET i Style pre
I ;
Sty o-sty d

Patch-wise spatial mean+variance creates low frequency style information.




DCFace: Face dataset generation pipeline

1. Sampling Stage 2. Mixing Stage
N(0,1) CG y I Generate 1D image S + J|_ID Image x4 ‘E Predicted Xg;, 2 —\A_
l Subject : A ——
Identity Generator : B
k. Choose Style image ,<*' Style Image thy D €o . -
&7 > ' P Est :
w1 ” Subject : B >
= . Labeled
Dual Condition Generator G,y Dataset

4. Predicted image has the ID of X‘lfld while taking the style of X?ty.




1. Sampling Stage 2. Mixing Stage

N(0,1) c Generate ID image [ N ID Image Xy JE, Predicted X5, . -\A_
i l“ . Subject: A : —~
Identity Generator S i e D s o e R B
~¥ Choose Style image Style Image X, D=
” 2 £, ‘?, : T, Egy, Subject : A ¢
) Subject : B
4 S A\ Labeled
Style Bank Dual Condition Generator G,,;, Dataset
5. Repeat this procedure to generate a dataset.
ID Image Stylel  Style2  Style3  Style4 ID Image Stylel Style2 Style3  Style4

g €% &
‘ 4




ID Image Generation

Count of Unique Subjects in 10,000 Samples

10000 DDPM
8000 DiscoFaceGAN
§ 6000
)
4000
2000
0 Both meodels trained on FFHQ
0.0 0.1 0.2 0.3 0.4 0.5 0.6

Threshold

We take Unconditional DDPM to generate novel subjects.
Uniqueness determined by a pretrained face recognition model with varying
threshold.



Style Extraction

Patch-wise Style Extractor (E,,)

ki
I’ls o
TS = [T ..-"‘y_@ Patch-size controls the
_ . _ = » (— ) : .
o . [Poolyy | = diversity/consistency trade-off
Isty o-s;y
1 Ours : Patch-size: 5
0.8 O Ours : Patch-size: 7 (Acc: 89.04)
) (Acc: 0.5) Ours : Patch-size: 3
2 (Acc: 85.79)
% 0.6
S Consistency / Diversity Tradeoff
'5 0.4 DigiFace
() (Acc: 83.45)
0.2 © SynFace
(Acc: 74.75)
0
04 0.6 0.8 1

Consistency



Effect of Patch Size

DigiFace

Less style High Consistency
variation X! Low Diversity

3x3

5x5 % »

i
Leaking Low Consistency
i . L

Identity High Diversity

ngh Quahty Low Lighting Glasses Pose Variation Age Hat




Synthetic Dataset Performance

Py

CASIA-WebFace /

SynFace ICCV2] Y. DigiFace WACV23 y. DCFace CVPR23 y.

Real Dataset GAN-Based Synthesis 3DMM-Based Synthesis Dual Condition DDPM
(ID Consistent) (style Diverse) (Consistent + Diverse)
Face Recoqgnition Performance
| Methods | Venue | #images (# IDsx#imgs/ID) [ LFW | CFP-FP | CPLFW | AgeDB | CALFW || Avg || Gap toReal |
| CASIA-WebFace (Real) | 0.49M (approx. 10.5Kx47) | 99.42 | 96.56 | 89.73 [ 94.08 | 9332 [ 9462 [ 00 |
P p—" SynFace ICCV21 | 0.5M (10K x 50) 91.93 [ 75.03 | 70.43 | 61.63 | 74.73 74.75 21.00
DigiFace WACV23 | 0.5M (10K x 50) 954 | 87.4 7887 | 76.97 | 78.62 || 83.45 11.81
as kea DCFace (Ours) - 0.5M (10K x 50) 98.55 | 85.33 | 82.62 | 89.70 | 91.60 || 89.56 5.35
DigiFace WACV23 | 1.2M (10K x 72 + 100K x5) | 96.17 | 89.81 | 8223 | 81.10 | 82.55 | 86.37 8.72
More Samples DCFace (Ours) - 1.0M (20K x 50) 98.83 88.4 84.22 90.45 92.38 90.86 3.98 >
DCFace (Ours) - 1.2M (20K x 50 + 40K x5) | 98.58 | 88.61 | 85.07 | 90.97 | 92.82 || 91.21 3.61




Combining Multiple Synthetic Datasets

Other types of synthetic datasets
are complementary

u )

y, y,
Face Recognition Performance
# Synthetic Imgs #Real Imgs | LFW | CFPFP | CPLFW | AGEDB | CALFW || AVG G;Satf
DigiFace | 1.2M (10K x 72+ 100K x 5) 0 96.17 | 89.81 | 82.23 81.10 82.55 || 86.37 | 8.72
DigiFace | 1.2M (10K x 72+ 100K x 5) 2Kx20 | 99.17 | 94.63 88.1 90.5 90.97 || 92.67 | 2.06
DCFace | 1.2M (20K x 50+40K x 5) 0 98.58 | 88.61 | 85.07 | 90.97 92.82 || 91.21 | 3.61
DCFace | 1.2M (20K x 50+40K x 5) 2Kx20 | 98.97 | 94.01 | 86.78 91.80 92.95 || 92.90 | 1.82
| DCFace+DigiFace (2.4M) | 0 1 99.20 | 93.63 | 87.25 | 9225 | 92.95 [[ 93.06 | 1.65 |

[ CASIA | 0 [ 05M [ 99.42 | 9656 | 89.73 | 94.08 | 9332 [ 9462 ] 0 |




Trustworthiness

Forgery

Manipulated image Real image Encrypted real image Manipulated image

Level 1 ully-synthesized
[ e PP~ <N Ir_n _a R .
Level 2 ditlgng
Level 3
Passive Image Manipulation
L _-_lml_i: ______________________________________________________________________________________________ detection encryption detection
cve

[49] [54] [24] [611 [30] [31] [12] [39] [42] [37] [43] [43] [67] Ekoactelictection

.‘. Image manipulation detectiOn‘ 4 ’
Deepfake detection, CVPR’23 Proactive CV, CVPR’22, 23

v/ Separability  / Alignment

Anti-Spoofing, CVPR’23



Future Directions

* New backbone for face recognition: ViT

« Move from close-set to open-set

 Fusion between face, body, and gait

» Advance AIGC to push “gap to real” to zero
 Explainable recognition systems

* 3D cloth modeling for body biometrics
 Leverage LLM for fine-grained recognition




Conclusions

» There are many research opportunities in person identification
at a distance.

» Body biometrics is just at the beginning and there is a great
potential for further development.

» Classic topics such as face recognition could benefit from the
latest Al development, such as AIGC or LLM.
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Questions?
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