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Fig. 3. Two different testing schemes with regard to inputs. Left: four faces with different keypoint occlusions are feeded as inputs, which is called Ours.
Right: four faces with the same occlusions are feeded as inputs, which is called Ours*.
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Fig. 4. Examples on regular block occluded Multi-PIE. From left to right,
the poses are (a) 15°, (b) 30°, (c) 45°, (d) 60°, and (e) 75°. From top to
bottom, the occluded masks are located on left eye, right eye, the tip of nose,
the center of mouth, and random block, respectively.
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RANK-1 RECOGNITION RATE (%) COMPARISON ON KEYPOINT
REGION OcCLUDED MULTI-PIE. BLACK: RANKS THE FIRST;
RED: RANKS THE SECOND; BLUE: RANKS THE THIRD

Method +15°  +30° £45°  +£60° £75°

DR-GAN [23] (k1) 6738 60.68 5583 4725 13934
DR-GAN [23] (k2) 7324 6537 5990 51.18 4224
DR-GAN [23] (k3) 66.93 60.60 56.54 4970 39.77
DR-GAN [23] (k4) 7133 6372 5759 50.10 40.87

DR-GAN [23] (mean)  69.72 62.59 5747 4956 40.55

DR-GAN [23] (k3_DP) 549 549 533 507 ;
TP-GAN [24]% (k1) _ 98.17 9546 86.60 65.91 3951

(€) TP-GAN [24]* (k2) 99.27 97.25 88.37 66.03 40.82
TP-GAN [24]* (k3) 95.04 9095 8272 6240 38.67
Fig. 5. Synthesis results on keypoint region occluded Multi-PIE data set. TP-GAN [24]* (k4) 907.80 93.66 83.84 6227 36.76

From top to bottom, the poses are 15°, 30°, 45°, 60°. The ground-truth frontal ~ Tp_GAN [24]* (mean) 97.57 9433 8538 64.15 38.94
faces are provided at column (f). (a) Profile. (b) Ours. (c) Ours*. (d) [23]. Tp.GAN [24]* (k3_DP) 63.44 5493 51.82 4469 2572

(e) [24]*. () GT. Ours*(k1) 99.03 9621 86.66 64.45 39.74
N . . Ours*(k2) 99.12 96.33 8541 6349 39.63
OursAUERBAEM T EfMEZ%; BIERAM Ours*(k3) 96.03 92.06 83.10 63.45 39.92
/NAARE GRS * GRAF _ Ours*(k4) 98.13 94.88 8424 62.17 39.45
'*EHH’JEH”)\ (Ours ) 1)'5,“\{753:DR GAN*D Ours*(mean) 98.08 94.87 84.85 6339 39.69

*
TP-GAN*, Ours 99.48 9775 91.55 72.76 48.43
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RANK-1 RECOGNITION RATE (%) COMPARISON ON RANDOM
BLOCK OcCLUDED MULTI-PIE. BLACK: RANKS THE FIRST;
RED: RANKS THE SECOND; BLUE: RANKS THE THIRD

Method +15°  £30° £45° £60° £75° 157
DR-GAN [23] (r]) _ 47.64 3893 3321 2538 18.02 67.38
DR-GAN [23] (2) 6575 55.15 4652 3833 29.00 223‘3‘
DR-GAN [23] (r3) 56.01 46.27 39.13 29.11 23.01 71:33
DR-GAN [23] (rd)  59.10 47.92 39.97 33.69 25.20 €972
DR-GAN [23] (mean) 57.13 47.07 3971 31.63 24.03 54.0

TP-GAN [24]* (r]) 89.81 83.88 7494 5483 31.34 ~ 98.17
TP-GAN [24]* (12) 7798 71.68 60.52 4268 23.92 99.27
TP-GAN [24]* (r3) 79.12 7245  60.00 4137 24.11 95.04
TP-GAN [24]* (4)  86.13 77.76 6484 4508 25.15 g;gg
Fig. 6. Frontalization results on random block occluded Multi-PIE. The TP-GAN [24]* (mean) 83.26 76.44 6508 4599 26.13 63:44
poses are 15°, 30°, 45°, and 60° from top to bottom. The GT frontal faces Ours*(rl) 98.16 95.07 86.67 6647 43.06 99.03
are provided at (f). Notably, all the models are trained solely on keypoint Ours*(r2) 98.10 9497 86.51 6656 42.96 99,12
position occluded Multi-PIE data set. (a) Profile. (b) Ours. (c) Ours*. (d) [23]. Ours*(13) 98.02 9499 86.78 6625 42.69 96.03
©) [24]*. () GT. Ours*(r4) 08.12 9512 86.69 6578 42.67 98.13
Ours*(mean) 98.10 95.04 86.66 66.27 42.85 98.08

Ours 99.45 97.50 91.11 72.12 48.53 _ 9948
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e r ‘ : FACE VERIFICATION ACCURACY (ACC) AND AUC RESULTS
= E m E H ON KEYPOINT REGION OCCLUDED LFW
Method ACC(%) AUC(%)

‘J‘ H m . DR-GAN [23] (k1) 67.60 73.65
DR-GAN [23] (k2) 67.28 72.94
DR-GAN [23] (k3) 58.43 59.19
DR-GAN [23] (k4) 69.50 76.05
DR-GAN [23] (mean) 65.71 70.46
“ u ﬂ TP-GAN [24]* (k1) 8652 9281
L - TP-GAN [24]* (k2) 87.83 93.96
o b © 0 © TP-GAN [24]* (k3) 85.17 91.63

TP-GAN [24]* (k4) 87.78 93.97

Fig. 7. Frontalization results on keypoint region occluded LFW data set in the

wild. Notably the ground-truth frontal images for this data set are unavailable. TP-GAN [24]* (mean) 86.83 93.09

The models are trained based solely on*keypoint position oc*cluded Multi-PIE Ours*(kl) 88.47 04.07

data set. (a) Profile. (b) Ours. (c) Ours*. (d) [23]. (e) [24]*. OUI’S* (k2) 88.13 9385

LFWE{E.TT H, EHBH/).IIEI\ 858 Ours*(k3) 86.62 93.66

*(k4 7. 92

RBVERE (ACC) AISIMLE FEM O o8 ores
A A A /\ IJ . .

(AUC) i, Bl HORI MERUIALE T DR- Ours 89.57 __ 94.90

GANFOTP-GAN*AIH4EBE,
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FACE VERIFICATION ACCURACY (ACC) AND AUC RESULTS
ON RANDOM BLOCK OCCLUDED LFW
Method ACC(%) AUC(%) w
DR-GAN [23] (r]) 63.28 67.20 67.60
DR-GAN [23] (12) 65.53 71.79 67.28
DR-GAN [23] (13) 57.15 57.76 58.43
DR-GAN [23] (14) 64.82 70.35 69.50
DR-GAN [23] (mean) 62.70 66.78 65.71
TP-GAN [24]* (r1) 82.75 89.86 86.52
TP-GAN [ 41% (r2) 77.65 84.63 87.83
TP-GAN [24]* (r3) 81.07 88.24 85.17
TP-GAN 24 * (r4) 83.25 90.15 87.78
TP-GAN [24]* (mean) 81.18 88.22 86.83
Ours*(r1) 87.92 93.46 8847
Ours*(r2) 86.78 92.81 88.13
Ours*(r3) 87.28 93.15 86.62
Ours*(r4) 87.18 93.26 87.88
Fig. 8.  Frontalization results on random block occluded LFW data set. Ours*(mean) 87.29 03.17 R7.78
Notably, all the models are trained solely on keypoint position occluded Multi- Ours 89.58 94.75 8957
PIE data set, without retraining on randomly blocked data sets. (a) Profile. -,
(b) Ours. (¢) Ours*. (d) [23]. (e) [24]*. /
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(a)

Fig. 9. Examples on irregular block occluded Multi-PIE. (a) Four kinds of
irregular masks deployed in this article. (b)—(f) Irregular block occluded face
samples under the poses of +15°, £30°, £45°, +60°, and £75° based on
the four masks. (a) Mask. (b) £15°. (¢) £30°. (d) £45°. (e) =60°. (f) £75°.
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COMPARISON OF RANK-1 RECOGNITION RATE (%) ON IRREGULAR
BLOCK OCCLUDED MULTI-PIE. BLACK: RANKS THE FIRST;
RED: RANKS THE SECOND; BLUE: RANKS THE THIRD

Method +15% 4+30° +45°  £60° £75°

DR-GAN [23] (m1) 6051 52.68 4488 3569 23.59
DR-GAN [23] (m2) 7340 63.59 50.74 40.10 29.13
]
]

DR-GAN [23] (m3)  73.38 65.44 55.63 44.16 33.56
DR-GAN [23] (m4) 6370 43.62 3574 32.17 27.34
DR-GAN [23] (mean) 67.75 5633 46.75 38.03 28.41
TP-GAN [24]* (m1)  94.11 8998 8132 5723 28.93
TP-GAN [24]* (m2)  61.60 48.65 39.19 2447 13.98

Fig. 10. Frontalization results on irregular block occluded Multi-PIE. Th TP-GAN [24]* (m3) 86.21 7940 67.69 47.69 2434
poses are 15°, 30°, 45°, and 60° from top to bottom. The GT frontal image TP-GAN [24]* (m4) 8584 76.71 6497 4435 26.18
are provided at (f). Notably, all the models are trained solely on keypoin TP-GAN [24]* (mean) 81.94 73.69 63.29 4344 23.36
position occluded Multi-PIE data set. (a) Profile. (b) Ours. (¢) Ours*. (d) [23] Ours*(m1) 9912 96.84 9020 7036 4429
IR G Ours*(m2) 9327 86.13 7092 4608 27.65
Ours*(m3) 93.14 88.17 76.53 56.67 34.52
DR-GANFOTP-GAN*E~HBBENATIE Ours*(m4) 98.56 9521 8599 65.59 42.11

%
KE*D %?Zﬁ&%o Ours*(mean) 96.02 91.59 8091 59.68 37.14

Ours 98.81 96.10 88.14 67.23 44.03
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FACE VERIFICATION ACCURACY (ACC) AND AUC RESULTS
IRREGULAR BLOCK OCCLUDED LFW

Method ACC(%) AUC(%)

DR-GAN [23] (ml) 66.27 71.85
DR-GAN [23] (m2) 66.93 73.11
DR-GAN [23] (m3) 58.22 59.20
DR-GAN [23] (m4) 66.82 72.58
DR-GAN [23] (mean) 64.56 69.19
TP-GAN [24]* (ml) 84.17 91.22
TP-GAN [24]* (m2) 77.12 83.88
TP-GAN [24]* (m3) 82.80 89.87
TP-GAN [24]* (m4) 84.32 91.03

Fig. 11.  Frontalization results on irregular block occluded LFW data set. TP-GAN [24]* (mean) 82.10 89.00
BIE dibn s, it Yeaining o TGl pRatMOud dath 565, () Erofle Ours*(m1) 8845 94.09
(b) Ours. (c) Ours*. (d) [23]. (e) [24]*. Ours*(m?2) 84.98 91.59

BooSIGANTF A AE SRS Qurs () So08 9308
=PSB, R HRIFAYZ RS Ours*(mean) 86.66  92.89

ISk, Ours 38.52 93.91
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Fig. 12. Comparison with SOTA synthesis models under the pose variation of 45° (the first two rows) and 30° (the third row). Our BoostGAN model is
trained from scratch on the nonoccluded Multi-PIE data set. (a) Profile. (b) Ours. (c) [24]. (d) [23]. (e) [76]. (f) [77]. (g) [60]. (h) [21]. (i) GT.

RANK-1 RECOGNITION RATE (%) COMPARISON ON PROFILE
MULTI-PIE WITH OCCLUSION REMOVED FIRST

Method +15°  +30° +45° +60° mean

- e e . FIP1LDA [78] 907 807 641 450 7035
KAIESNEGHEHITIES, Light MVP+LDA [79] 928 837 729  60.1 7738
CNNBYZEE/ESELE. BoostGANTER CPF [76] 95.0 885 799 619 81.33
. . : DR-GAN [23] 940 90.1 862 832 8838
AEWMEEG  EmILTFRraEM G, DR-GANay [29] 950 913 880 858  90.03

FF-GAN [62] 94.6 925 89.7 852  90.50
TP-GAN [24] 98.68 98.06 9538 87.72 94.96
Light CNN [70]  98.59 97.38 92,13 62.09 87.55
Ours 99.88 99.19 96.84 87.52 95.86
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COMPARISON WITH DIFFERENT BOOSTING ACROSS COARSE AND FINE
GENERATOR ON KEYPOINT REGION OCCLUDED MULTI-PIE

FOR BETTER INSIGHT OF THE BOOSTING EFFECT

Boosting +15°  +30° £45° +60° +£T5°
Only 1 fine 0552 86.20 6929 4699 3218 «— KIIHENSRCHIEH
| coarse + 1 fine 9847 93,13 78.16 5393 34.70
2 coarse + 1 fine 9895 9553 86.09 61.62 36.9?’} &30 e &5 R A9 E A
3 coarse + 1 fine 99.39 96.23 85.20 60.67 3991
Only 4 coarse 97.63 90.78 76.14 51.38 33.18 «— MAE 26 HIER
4 coarse + 1 fine 9948 97.75 9155 72.76 48.43
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