Unified Negative Pair Generation toward Well-Discriminative Feature Space for Face Recognition
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Proposed Methods

(Good) Well-Discriminative Feature Space

(Bad) Low-Discriminative Feature Space
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Definition of WDFS: The space that for all negative pair similarities, s™ o
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are lower than any positive pair similarities, s”

m —= entropy -

cosine similarity of positive pairs in P! or P!

cosine similarity of negative pairs in V¢! or v
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Classification Loss with CLPG

Metric Loss with MLPG
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viewing and integrating CLPG and MLPG in Similarity score s™ of negative pairs
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Pros Cons

X, can be matched with all X, is only matched with weight

CLPG

weight vectors at once vectors, not real face features Method Backbone —_ TIDBUARCGIAR)  — MWB-COARGRAR
) VGGFEaced 7] R30 67.10  80.00 - - 7470 84.00 - -
X, can be matched with . . . Circle-loss*[30] R34 - : 86.78 9344  96.04
MLPG Makmg palrs can be bIaSEd Circle-loss*[30] R100 _ 89.60 9395  96.29
. ArcFace*[5] R100 _ _ 94.20 _ _ 95.60 _
various real face features MagFace*[20] R100 42.32 9036  94.51 _ _ 90.24 94.08  95.97 _ _
Tripletloss R34 I42 1257  32.65 6133 8878 404 1532 3686 6646 9077
ore . contrastive-loss R34 33.10 5940 72.18 8198 90.11 57.84 6641 76.16  85.03  92.21
* CLPG and MLPG lack the Capabllltv of balanced Samplmg for WDFS. CosFace[36] R34 39.70  87.47 9355 9571  97.05 8595 9257 9523 96.81  97.94
: . Cos+UNPG R34 4333 8751 9358 95.96 9724 87.84 9249 9533 9694  98.06
* Both are Comp|ementa ry FE|atIOnS, SO we unlfy two methods. ArcFace R34 1061 8628 9338 9574 9722 8547 9221 95.08 9679  97.94
Arc+Triplet R34 3831 8646 9322 9572 9728 8640 92.19 9497  96.68 97.94
Arc+Contrastive R34 38.07 8654 93.03 9561 97.33 8521 9254 9486  96.60  98.01
Arc+UNPG R34 4027 88.05 93.66 9596 97.17 87.99 93.02 9533 9688  97.92
- ,\ CosFace R100 1227 8038 9439 96.17 9735 8656 9442 9635 97.57 9826
| $n | Cos+UNPG R100 49.13  90.61 9499 9650 9736 8695 9448 9639 97.57  98.24
§n gp gn §p margin margin ArcFace R100 40.68 89.99 9489 9640 97.59 8657 93.93 9625 9743 9831
j\ ava : Arc+UNPG R100 4208 9176 95.16 9647 97.62 89.64 9473 9637 97.51  98.32
=t — < N | | * : MagFace R100 4371 89.03 9399 96.11 97.32 87.19 9330 9554  97.00  98.05
1 R : 1 : E : Mag+UNPG R100 4633 9093 9521 9650 97.63 90.01 9470 9638 97.51  98.32

cos 0 ax cosOL. more negative pair
ti e . o
- e  Verification accuracy of TAR@FAR on 1JB-B and 1JB-C. “*” indicates results from
I the original paper
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(a) Well-discriminative Feature Space (b) Softmax loss (¢) Margin loss (d) Ours

Analysis
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*  The UNPG can make up for “biases” in MLPG and “only matched with 99.5

weight vectors” in CLPG under the unified view.
* |t makes better chances for learning various negative pairs.
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# Overlapping Similarities
LFW Verification Accuracy
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# Epochs
Filtering negative pairs stabilizes
the learning process.
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* UNPG makes less overlap between
negative and positive similarity sets.
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inf§P K sup S inf§? > sup §™ infS? < sup$™ inf §P « sup $™ 95.2
Loss = 6.6287 Loss = 0.0037 Loss = 1.0635 Loss = 6.6023 | é 5 ‘
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* Analysis of scale factor  over ResNet34 and ResNet100



