Simultaneous Face Completion and Frontalization

via Mask Guided Two-Stage GAN
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[1] Frontal to profile face verification in the wild, (WACV 2016)
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Generative adversarial network(GAN)
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HHXTAE: direct pose-invariant feature based approaches #[1 indirect identity-preserved syn- thesis based approaches
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[2] FaceNet: A unified embedding for face recognition and clustering(CVPR 2015)

[3] A discriminative feature learning approach for deep face recognition(ECCV 2016)
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> indirect identity-preserved syn- thesis based approaches: [EfEETEMN{REGAYEIE
@ FFE3DTAAEE (3DMM) HETNEREERESR KT E R S MRESS
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® LAERSIIME (GAN) AEMAIZMUFRELIE (DR-GANM, TP-GANEP!)
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/T wo-pathway Generator Network

Local Pathway

Position Aggregation

Global Pathway

Profile
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[4] FaceNet: A unified embedding for face recognition and clustering(CVPR 2015)

[5] Beyond Face Rotation: Global and Local Perception GAN for Photorealistic and Identity Preserving Frontal View Synthesis(ICCV2017)
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[6] Look more into occlusion: Realistic face frontalization and recognition with BoostGAN( IEEE Trans. Netw.Learn. Syst., vol. 32, no. 1, pp. 214-228, Jan.

2021))
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A.Face Deocclusion Module and Face Frontalization Modul
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[1] U-net: Convolutional networks for biomedical image segmentation (MICCAI 2015)
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=¥~ A.Face Deocclusion Module and Face Frontalization Module
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Face Deocclusion Generator
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A.Face Deocclusion Module and Face Frontalization Module
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A.Face Deocclusion Module and Face Frontalization Module
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B. Mask-Attention Module
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C. Dual Triplet Loss

WE=JTiREK

Deocclusion

Deocclusion Triplet Loss L,

Frontalization
|

Frontalization Triplet Loss L r

> NEEREES=ItiRK Ly fl ARIEFERR =JoiRk L BXI9:

Ly = Softplus(d(f(I}), f(I;")) —|C;F
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D. Feature-Level Loss and Pixel-Level Losses
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[1] Large Displacement Optical Flow Computation without Warping (ICCV2009)
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E. Overall Training Loss Function
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F. Optimizer and Implementation
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Fig. 4.  Synthesis results on keypoint region occluded Multi-PIE dataset. From top to bottom, the poses are 15°, 30°, 45°, 60°. The ground truth
frontal images are provided at the last column. (a) Profile. (b) Ours* (synthetic de-occluded profile facial image). (c) Ours. (d) [31]*. (e) [20]. (f) [14]*.
(g) GT. (h) GT*.
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TABLE 1

RANK-1 RECOGNITION RATE (%) COMPARISON ON Keypoint Region
OCCLUDED MULTI-PIE. BLACK: RANKS THE 1°7; RED: RANKS THE
2nd . BLUE: RANKS THE 3"4

Method F15°  £30° +45°  *60° 75
DR-GAN [20] (kI) _ 6738 60.68 5583 4725 3934 oo oTTTTTTTTToooooooee !
DR-GAN [20] (k2) 7324 6537 5990 51.18 42.24 :
DR-GAN [20] (k3) 6693 60.60 56.54 4970 39.77
DR-GAN [20] (k4) 7133 6372 57.59 50.10 40.87 .

DR-GAN [20] (mean)  69.72 62.59 57.47 49.56 40.55 TSGANMBERAL.

|

|

|

|

|

i
TP-GAN [14]* (k1) 98.17 9546 86.60 6591 3951 ' = |
TP-GAN [14]* (k2) 99.27 97.25 8837 66.03  40.82 i@ B%DR_GANQFI E*EPTU_I

|

|

|

I

|

|

|

TP-GAN [14]* (k3)  95.04 90.95 82.72 62.40 38.67 3 =] |
TP-GAN [14]* (k4)  97.80 93.66 83.84 6227 36.76 é%ﬁ%ﬁéjﬁﬁéf’g E E_EH |
/ =T =

TP-GAN [14]* (mean) 97.57 9433 8538 64.15 38.94
BoostGAN* [31J(kI)  99.03 96.21 86.66 64.45 39.74 | sprblong e | X 1ah RS AR EE R SR
BoostGAN* [31](k2)  99.12 9633 8541 63.49 39.63 | IEFSARED | ____@j’_l_:_ _;@:‘_'ié_lﬁ?_éi_ _ﬁi__'i‘l___J
BoostGAN* [31](k3)  96.03 92.06 83.10 63.45 39.92
BoostGAN* [31](k4)  98.13 94.88 8424 62.17 39.45

BoostGAN*(mean)  98.08 94.87 84.85 63.39 39.69

——— e e ———

Ours(k1) 9036 97.68 91.35 7073 42.01
Ours(k2) 99.23 9792 91.04 6877 38.48 R .
Ours(k3) 96.15 9435 89.27 69.25 40.73 |:> ' TSGAN |
Ours(k4) 97.67 9560 89.45 6846 40.53 Lo T |
Ours(mean) 08.08 9639 90.28 69.30 _40.44
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Fig. 5. Synthesis results on random block occluded Multi-PIE. From top to bottom, the poses are 15°, 30°, 45°, 60°. The ground truth (GT) frontal images
are provided at the last column. Note that the all the models are trained solely on keypoint occluded Multi-PIE dataset. (a) Profile. (b) Ours*. (c) Ours.
(d) [31]%. (e) [20]. () [14]*. (g) GT. (h) GT*.
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TABLE II

RANK-1 RECOGNITION RATE (%) COMPARISON ON Random Block
OCCLUDED MULTI-PIE. BLACK: RANKS THE 1°': RED: RANKS THE
2d . BLUE: RANKS THE 379

Method +15°  +30° +45 +60° +75°

DR-GAN [20] (r1) 47.64 3893 3321 2538 18.92
DR-GAN [20] (r2) 65.75 55.15 46.52 3833 29.00

TABLE I

RANK-1 RECOGNITION RATE (%) COMPARISON ON Keypoint Region
OCCLUDED MULTI-PIE. BLACK: RANKS THE 1°7; RED: RANKS THE
2nd . BLUE: RANKS THE 3"4

Method +15°  +30°  +45°  +60° +75°

DR-GAN [20] (k1) 67.38 60.68 55.83 4725 39.34
DR-GAN [20] (k2) 7324 6537 5990 51.18 42.24

~ 7 B /\
DR-GAN [20] (r3) 5601 46.27  39.13  29.11  23.01 DR-GAN [20] (k3) 6693 60.60 56.54 4970 39.77 EE271T
DR-GAN [20] (t4)  59.10 47.92 3997 33.69 2520
DR-GAN [20] (k4) 7133 6372 5759 50.10 40.87
DR-GAN [20] (mean)  57.13 47.07 3971 31.63 24.03 =) (K
PN T SRR — T DR-GAN [20] (mean) 69.72 62.59 57.47 49.56 40.55 '
- [14]* (r1) ' ' : ' ' TP-GAN [14]* (k1)  98.17 9546 8660 6591 13951 @ TSGAN &

TP-GAN [14]* (r2) 7798 T71.68 60.52 4268 2392

TP-GAN [14]* (k2 99,27 97.25 88.37 66.03 40.82
TP-GAN [14]* (13)  79.12 7245 60.00 4137 2411 L141* (k2)

|
I
I
|
|
I
;
| NA=FAN
TP-GAN [14]* (k3) 95.04 9095 8272 6240 38.67 : Hbe{jr”
|
I
|
I
I
I
I
|
|
I

TP-GAN [14]* (r4) 8613 7776 64.84 4508  25.15 TP-GAN [14]* (k4)  97.80 93.66 8384 6227 36.76 @ TSGAN %
TP-GAN [14]* (mean)  83.26 7644 65.08 4599 26.13 TP-GAN [14]* (mean) 97.57 9433 8538 64.15 38.94 B tGA
BoostGAN* [31](r]) 98.16  95.07 86.67 66.47 43.06 BoostGAN* [31](k[)  99.03 9621 86.66 6445 3974 0O0S |
BoostGAN* [31](r2) 98.10 9497 86.51 66.56 4296 BoostGAN* [31](k2)  99.12 96.33 8541 6349 39.63 NE_E Eﬂ} |
BoostGAN* [31](r3)  98.02 9499 8678 66.25 42.69 BoostGAN* [31](k3)  96.03 92.06 83.10 63.45 39.92 & +E M |
BoostGAN* [31](rd)  98.12 95.12 86.69 65.78 42.67 BoostGAN* [31](k4)  98.13 94.88 8424 62.17 39.45 NE&EH ol

BoostGAN* [3]1](mean) 98.10 95.04 86.66 66.27 42.85 BoostGAN*(mean) 08.08 9487 8485 6339 3969 T T T T T T T TTTTTT

Ours(rT) 98.70 97.67 93.78 79.88 44.43 Ours(kT) 9926 07.68 91.35 70.73 42.01
Ours(r2) 98.47 97.01 93.20 80.52 45.22 Ours(k2) 99.23 9792 91.04 68.77 38.48
Ours(r3) 98.33 97.17 9340 78.80 4223 Ours(k3) 96.15 9435 8927 69.25 40.73
Ours(r4) 9839 9674 9221 7576 44.29 Ours(k4) 97.67 9560 8945 6846 40.53
QOurs(mean) 98.47 97.15 9315 7874 44.04 Ours(mean) 98.08 96.39 90.28 6930 40.44
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Fig. 6. Synthesis results on keypoint region occluded LFW dataset in the
wild. Note that there are no ground truth frontal images for this dataset.

The models are solely trained based on keypoint occluded Multi-PIE dataset.
(a) Profile. (b) Ours*. (c) Ours. (d) [31]*. (e) [20]. (f) [14]*. (g) GT*.
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TABLE III

FACE VERIFICATION ACCURACY (ACC) AND AREA-UNDER-CURVE
(AUC) RESULTS ON Keypoint Region OCCLUDED LFW

TP-GAN [14]* (mean) 86.83 93.09
BoostGAN* [31](k1) 88.47 94.07

under curve, AUC);EiSF
(EAREE ARz

BoostGAN* [31](k2) 88.13 03.85

Method ACC(%)  AUC(%)
DR-GAN [20] (K1) 67.60  73.65

DR-GAN [20] (k2) 6728 7294 e

DR-GAN [20] (k3) 58.43 59.19 i EE=DHT: i

DR-GAN [20] (kd) 6950 76,05 | |

DR-GAN [20] (mean) 6571 7046 | " o

TP-GAN [14]* (kD) 8652 9281 @ fF B R Bl FE =R

SN " (recognition _accuracy,

TP-GAN [14]* (kd) 87.78  93.97 | ACOFIHIZ T~ EFH (area |

| |

| |

| |

' :

|

BoostGAN* [31](k3)  86.62  93.66 ' @ TSGANMEEERAT.
BoostGAN* [31](k4) 87.88 93.92 e :
BoostGAN* [31](mean) 87.78 03.88
Ours(k1) 93.63 97.65
Ours(k2) 93.43 97.64 [———————— A
Ours(k3) 90.32 95.99 |:> ' TSGAN |
Ours(k4) 90.05 95.84 I |
Qurs(mean) 91.86 96.78
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TABLE IV

FACE VERIFICATION ACCURACY (ACC) AND AREA-UNDER-CURVE
(AUC) RESULTS ON Random Block OCCLUDED LFW

Method ACC(%) AUC(%) L —oommmee
DRGAN (0] () 6353 7179 @ Wi RE
- T . . |
DR-GAN [20] (13) 57.15 57.76 i %:-F?é%@ﬁ“ |
DR-GAN [20] (r4) 64.82 70.35 | NEEER
DR-GAN [20] (mean)  62.70 66.78 | . g |
TP-GAN [14]* (1) 8275 89.86 | Multi- P/IE*& |
TP-GAN [14]* (r2) 77.65 84.63 | EEHITI !
TP-GAN [14]* (13) 81.07 88.24 | ) |
TP-GAN [14]* (r4) 83.25 90.15 | Zko |
TP-GAN [14]* (mean)  81.18 88.22 '@ TSGANHIE |
BoostGAN® [31](r]) §7.02 93.46 | |
BoostGAN* [31](r2) 86.78 92.81 | WX&%EWV ’i
BoostGAN* [31](r3) 87.28 93.15 | ZHBENER |
. |
Fig. 7. Synthesis results on random block occluded LFW dataset. Note th: BoostGAN® [31](r4) 87.18 93.26 ! . }

BoostGAN* [3]](mean) 87.29 93.17

all the models are trained solely on keypoint occluded Multi-PIE datase

without retraining on randomly blocked datasets. (a) Profile. (b) Ours? 83;2&?3 gigg gzgﬁ
(C) Ours. (d) [31]* (C) [20] (f) [14]* (g) GT*. Ours(r3) 88.23 94.76
Ours(rd) 87.38 93.68

Ours(mean) 89.72 95.43
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Fig. 8. Four kinds of irregular masks deployed in this paper.

TABLE V

RANK-1 RECOGNITION RATE (%) COMPARISON ON [rregular Block
OccLUDED MULTI-PIE. BLACK: RANKS THE 1°7; RED: RANKS
THE 2" ; BLUE: RANKS THE 3"

Method +15°  £30° £45° £60° £75°

DR-GAN (ml) 60.51 52.68 4488 35.69 23.59
DR-GAN (m2) 73.40 6359 5074 40.10 29.13
DR-GAN (m3) 73.38 6544 55.63 4416 33.56
DR-GAN (m4) 63.70 43.62 3574 3217 27.34
DR-GAN (mean) 67.75 5633 4675 38.03 2841
TP-GAN* (ml) 94.11 8998 8132 5723 2893
TP-GAN* (m2) 61.60 48.65 39.19 2447 1398
TP-GAN* (m3) 86.21 7940 67.69 47.69 2434
TP-GAN* (m4) 8584 7671 6497 4435 26.18
TP-GAN* (mean) 81.94 7369 63.29 4344 2336
BoostGAN* (ml)  99.12 96.84 90.20 70.36 44.29
BoostGAN* (m2)  93.27 86.13 7092 46.08 27.65
BoostGAN* (m3)  93.14 88.17 76.53 56.67 34.52
BoostGAN* (m4)  98.56 9521 8599 6559 42.11
BoostGAN* (mean) 96.02 91.59 8091 59.68 37.14

: Ours (ml) 98.73 9717 93.94 80.48 50.45

(a) (b) (2) (h) Ours (m2) 93.55 8890 80.02 5494 27.20

Ours (m3) 97.04 95.12 87.85 6799 4047

Fig. 9. Examples on irregular block occluded Multi-PIE. The first column is irregular mask. From top to bottom, the poses are 15°, 30°, 45°, 60°. Ours (m4) 98.14 9690 92.73 7485 45.11
Note that the all the models are trained solely on keypoint occluded Multi-PIE dataset. (a) Profile. (b) Ours*. (c¢) Ours. (d) [31]*. (e) [20]. (f) [14]*. Ours (mean) 96,87 9452 88.64 6957 40.81

(2) GT. (h) GT*.
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TABLE VI

FACE VERIFICATION ACCURACY (ACC) AND AREA-UNDER-CURVE
(AUC) RESULTS ON Irregular Block OCCLUDED LFW

Method ACC(%) AUC(%)
DR-GAN [20] (ml) 66.27 71.85
DR-GAN [20] (m2) 66.93 73.11
DR-GAN [20] (m3) 58.22 59.20

DR-GAN [20] (m4) 66.82 72.58
DR-GAN [20] (mean) 64.56 69.19
TP-GAN [14]* (ml) 84.17 91.22
TP-GAN [14]* (m2) 77.12 83.88
TP-GAN [14]* (m3) 82.80 89.87
TP-GAN [14]* (m4) 84.32 91.03
TP-GAN [14]* (mean) 82.10 89.00
BoostGAN* [31](ml) 88.45 94.09
BoostGAN* [31](m2) 84.98 91.59
BoostGAN* [31](m3) 86.23 92.83
BoostGAN* [31](m4) 86.98 93.06
BoostGAN* [31](mean) 86.66 92.89

Ours(m1) 91.27 96.07
Ours(m2) 90.62 95.94
Ours(m3) 86.68  93.19
Ours(mé) 87.08  93.82
Ours(mean) 88.92 94.76
Fig. 10. Synthesis results on irregular block occluded LFW dataset. Note
that all the models are trained solely on keypoint occluded Multi-PIE dataset,
without retraining on randomly blocked datasets. (a) Profile. (b) Ours*. e~ A N e~ e 1 e Sl o |
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TABLE VII

ABLATION STUDY: RANK-1 RECOGNITION RATE (%) COMPARISON ON
Keypoint Region OCCLUDED MULTI-PIE

Method +15°  +30° +45° +60° mean

w/o Lip 93.68 90.56 83.27 59.98 30.21
w/o Lagy  98.72  96.10 8640 66.01 36.57
w/o MAM  98.24 96.09 89.25 65.74 35.17
w/o DTL ~ 98.82 96.79 87.83 63.71 35.88

w/o Ly 98.26 9593 8924 68.84 39.23

TSGAN 99.26 97.68 91.35 70.73 42.01

______________________________________________________________________________________________
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