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[ Annotation ]

In this work we improve the speed of the nearest neighbor classifiers of a set of
points based on sequential analysis of high-dimensional feature vectors. Each input
object is associated with a sequence of principal component scores of aggregated

[ Experimental results ]

The performance of the k-NN classifier in face recognition, LFW datasef:
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Here the proposed approach is only 0.3-1% less accurate when compared to the
traditional k-NN for all features, fthough 2-10-times speed-up is obtained.
Conventional matching of only fixed number of principal components is 0.6-1.7% less
accurate than the proposed implementation of sequential analysis

[ Proposed approach ] \
ired to

The task of set-of-points classification is formulated as follows. It is requ

assign an input set of T feature vectors x(t) = [x1(}),...,.xD(t)] into one of C classes.
They are specified by a training set of R>C points xr= [xrl,..,xrD], reql,..., R}, which
class label c(r)eil,..,C} is known. We assume that dimensionality D is rather high,

e.g., When deep convolutional neural network (CNN) is used for feature extraction The dependencies of recognifion accuracy and running fime on various aggregation
techniques for LFW(train) - Y TF(test):
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gproposal is to consider L hierarchical levels of image representation so ’rhb

the |-th level of the hierarchy (Il = 1, 2, .., L) only d; principal components are
compared. The number of features (d;) at each hierarchical level is determined
according fo a fixed rate of explained variance g; of the learning set. Since g, <
0, <--<o0,=1,d; =D

Running time, ms
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The most effective results were demonstrated by PCA with variable number of
components in each level obtained by increasing explained variance for features
extracted by VGGFace2 CNN

The performance of the k-NN classifier in face recognition, IJB-C dataset:
The distance between feature level to speed-up the matching
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[Convolu’rlonal neural networks ] [ Datasets ariance
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Lightened CNN (Version C) - 256 elements YouTube Faces (Y TF):
FaceNet — 512 elements 1595 people

3425 videos
VggFace2 — 2048 elements 48-6070 frames

a Conclusion

VggFace — 4096 elements

In this work we proposed the modification of the k-NN classification method based
on sequential analysis of high-dimensional features. Experiments with face
recognition and contemporary deep features demonstrated that our approach is up

Labeled Faces in the Wild (LFW):
1680 people

IR0 (Ol e to 8-10-times faster when compared to the original k-NN method, while the

accuracy decreases only by 0.1-0.9\%. The main direction for further research is to
examine sophisticated classifiers in order to increase the recognition accuracy.
Moreover, it is important fo use more difficult dissimilarity measures, e.g., implement
W’rric learning to point-to-set and set-to-set distance learning

IAPRA Janus Benchmark (ITB-C):

31334 facial photos of 3531 people
117542 frames of 11779 videy
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