Unsupervised Domain Adaptation for
Face Recognition in Unlabled Videos
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Introduction

Video Face Recognition
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Problem statement
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Key Idea

Keyldea

* Image Face Recognition with transfer learning
* Data augmentation(transformation)
* Adversarial learning




Method

Overall Famework
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Method

Distiling Knowledge
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Method

Data Augmentation(transformation)
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Method

Adversarial Leaming

2-way :
3-way :

2 = image vs. synthesized image, unlabeled video
2 = image vs. synthesized image vs. unlabled video
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Experiment

Experiments

YTF(youtube faces) dataset A&

Training Ol = labelO| 81 = videos AME

2 frame TH{F LHO| E=0] QA K= H=E S HIt
M2 E WIS W= labelO| £ videoE AHE




Results

BExperiment onthe YTF dataset

o QA VNSO CHet ablation study T &M

* Transfer learning, augmentation, adversarial Iearmng% DEZSolE FREO £E2 ds=2 EY
Model [ IC | FM | FR Adv fusion 1 (fr/vid) 5 (fr/vid) 20 (fr/vid) 50 (fr/vid) all
baseline } - 91.12+0.318 | 93.17+£0.371 | 93.62+0.430 | 93.74+0.443 | 93.78+0.498
v - 93.30+0.362 | 93.724+0.428 | 93.804+0.444 | 93.9440.493
A v [ - M/S - - 91.37+0.334 | 92.97+0.381 | 93.424+0.399 | 93.434+0.384 | 93.32+0.443
B v |V M/S - - 91.44+0.348 | 93.46+0.392 | 93.84+0.433 | 93.95+0.443 | 93.94+0.507
C v | v | MISIC - - 91.68+0.320 | 93.52+0.323 | 93.94+0.337 | 93.90+0.361 | 93.82+0.383
D v |V - two-way - 91.38+0.350 | 93.74+0.354 | 94.04+0.375 | 94.23+0.379 | 94.36+0.346
E s | v s | woway - 92.39+0.315 | 94.72+0.306 | 95.13+0.263 | 95.13+0.286 | 95.22+0.319
v - 94.73+0.270 | 95.144+0.229 | 95.134+0.261 | 95.16+0.284
- 92.17+0.353 | 94.44+0.343 | 94.90+0.345 | 94.98+0.354 | 95.00+0.415
K Vo | MSIC ] three-way | _ 94.5240.356 | 95.01+0.352 | 95.1540.370 | 95.38+0.310
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Unsupervised DA SOTA (1mage-based)
baseline 93.78 DeepFace [5] 91.4
PCA 93.56 FaceNet [0] 95.12
CORAL [2%] | 94.50 CenterFace [ 0] 94.9
Ours (F) 95.38 CNN+AvePool [29] | 95.20




Conclusion

Condusions
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