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Background LAVIDA

« |dentity

« Emotion
 Ethnicity
« Gender o
- Attractiveness [

This information plays a significant role during
face-to-face communication between humans.
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It attempts to automatically predict age based on an
individual face.

Age Model

Testing face

Training images: /§
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Law enforcement
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Automatic age estimation from face images is an
attractive yet challenging topic.
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MR: Metric Regression
« DEX: Classification

« Ranking
« DLDL
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- Classification and regression may lead PN T SR
to an unstable training procedure. S &
« There is an inconsistency between (o { T
the training objectives and evaluation <ObJeCt'Ve- 131 Strfputiol
metric in DLDL and Ranking. Evaluation:[
\

VGG16 iPhone6 iPhone7 iPhonex

« Almost all state-of-the-arts have huge - | BB ;garxg—?'
computational cost and storage " Y %=
overhead. MES o
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- Label distribution can represent more meaningful age information.

- Label distribution learning is more efficient.
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® Label Distribution Module

- Linear transformation

N qu-i-f:b CNN feature
- Label distribution fiC) )
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® Expectation Regression Module

- Expectation layer

i = Z Pl Label Set
k; [ ]
- Loss: [}
Ler — ‘Q _ y‘
This module does not introduce any new parameter. _ )
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® Network Architecture
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® Jointly Learning (SGD algorithm)
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- Apparent age
- Chalearn15 (2476+1136) [F AJINCY ER 2N S ARc o | S
e ChalLearni6 (56']3+']978) 103 338 634 1844 2423 2874 3015 5186 69.00 7986

- Real age
« Morph (55134: 80%+20%)

600 18.00  26.00 3200 38.00 4000 42.00  46.00 5200 600()

MAE : mean average error
« e-error: It is defined by the Chalearn.
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Experiments

Table 1: Comparisons with state-of-the-art methods for apparent and real age estimation.

Methods External | ChaLearnl5 Chalearnl6 Morph
“ Data |MAE e-error| MAE e-error | MAE
Human [Han et al., 2015] X - 0.34 - - 6.30
OR-CNN [Niu er al., 2016] X - - - - 3.34
DEX [Rothe et al., 2018] x 15369 0456 | - - 3.25
DEX [Rothe et al., 2018] v, 3252 0.282 | - - 2.68
DLDL [Gao et al., 2017] x 351 031 | - - | 242
Ranking [Chen er al., 2017] X - - . - 2.96
LDAE [Antipov et al., 2017] v - - - 0.2417] 235
DLDL-v2 (TinyAgeNet) X 3.427 0.301 |3.765 0.291 | 2.291
DLDL-v2 (ThinAgeNet) x 13135 0.272 |3.452 0.267 | 1.969

LUsed 90% of Morph images for training and 10% for evaluation;
“Used multi-model ensemble;

Table 2: Comparisons of model parameters and forward times with state-of-the-arts.

Methods #Param(M) | #Time(ms) « 32 images in ms
DEX [Rothe et al., 2018] 134.6 133.30 | ‘onone M40 GPU.
DLDL [Gao et al., 2017] 134.6 133.30 150X

LDAE [Antipov et al.,2017]| 14866 | 1446.30 36X
DLDL-v2 (TinyAgeNet) 09)] [ 24.26) 55X
DLDL-v2 (ThinAgeNet) 3.7) [ | 51.05]] 2.6X
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Align , 2 P SA 2 _ i
Apparent  1.03 3.38 6.34 18.44 2423 2874 37.15 51.86 69.00 79.86 11.24 2981 4171 66.84 88.50
Estimation 1.32 2.63 2L 17.72 2293 2851 3632 5240 67.62 7843 20.47 22.84 3420 60.17 80.38

Align 1 = - ! 4
Apparent  16.00 18.00 26.00 32.00 38.00 40.00 42.00 46.00 52.00 60.00 16.00 35.00 46.00 62.00 70.00
Estimation 15.96 18.07 25.64 3198 3834 40.19 42,14 47.04 5233 60.40 1936 39.16 5185 5726 6842
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- Comparisons
Table 3: Comparison of different methods.

Methods Factors = Chalearnl5 Chalearnl6 Morph
" |Aug Pool | MAE e-error | MAE e-error | MAE
x  HP | 3399 0.303 |3.717 0.290 | 2.346
DLDL-v2| / GAP|3.210 0.282 [3.539 0.274 | 2.039
v/ HP [3.135 0.272 [3.452 0.267 | 1.969
MR (¢2) | v/ HP [3.665 0.337 [3.696 0.294 | 2.282
MR (¢1) | / HP |3.655 0.334 (3.722 0.301 | 2.347
DEX v/ HP [ 3.558 0.306 (4.163 0.332 | 2.311
Ranking | / HP [3.365 0.298 [3.645 0.290 | 2.164
ER (¢1) v HP | 3287 0.291 [3.641 0.282 | 2.214
DLDL v/ HP |3.228 0.285 |3.509 0.272 | 2.132

It means that erasing the inconsistency between training and
evaluation stages can help us make a better prediction.
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Experiments

- Sensitivity of hyper-parameters
Table 4: The influences of hyper-parameters.

) Hyper-param Chalearnl5 Chalearnl6 Morph

A Loss weight EX MAE c-error [MAE e-error | MAE
0.01 3.223 0.282 (3.493 0.270 | 1.960

0.10 3.188 0.278 [3.455 0.268 | 1.972

0.01 E A E 10 1.00 3.135 0.272 |3.452 0.267 | 1.969
10.00 3.144 0.273 |3.487 0.270 | 1.977

[&l (K)The number Of] 1.00 3.182 0276 (3473 0.270 | 1.963
discrete labels 1.00 3.184 0.274 (3.484 0.271 | 1.963

1.00 3.184 0.278 [3.484 0.269 | 1.992

(.25 <Al< 4 1.00 3.167 0.274 |3.459 0.265 | 2.028

Our method is not sensitive to these hyper-parameters.
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infants

adults

v In

senior people

The network uses different patterns to estimate different age.
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O We provide the first analysis and show that the ranking method
js_in fact learning label distribution implicitly. This result thus
unifies existing state-of-the-art facial age estimation methods
into the DLDL framework.

O We propose an end-to-end learning framework which jointly
learns age distribution and regresses single-value age in both
feature learning and classifier learning.

O We create new state-of-the-art results on facial age estimation
fasks using single and small model without external age labeled
data or multi-model ensemble.
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