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> Motivation

C.H. Lampert,et al.

[1] “Learning to detect unseen object classes by
between-class attribute transfer” ,CVPR2009.

[2] "Attribute-based classification for zero-shot visual
object categorization” , PAMI2014.
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- Twice QR factorizations

 Tackling SSS problem
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> Experiments

Dataset (TPAMI2014)

® AWA, 85 attributes,50 different kinds of animals. We choose ‘cq’ ,
decaf’ , ‘'vggl9’ feature representations.

® aPascal, 20 classes with 64 attributes.

Number of Dimension 2688 4096 4096 9751
initial training 30 10 Sampl
ple number of
classes each training class il 70 70 80
Number of Sample number of
zero-shot 10 5 each zero-shot class 30 40 40 70
classes as test
Number of Sample number of
incremental 10 5 each initial training 20 50 50 60

classes class
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® Insertion of novel classes

Accuracy(%)

N
(=]

[
(¥, ]

(Y
(=)

(0}

o

mmA_IAP
-0-T_IAP

2

4 6 8 10
Sequence number of novel classes

==A NLDA/QRE==A IDR/QR mmmA ITAP/QR
-0-T _NLDA/QR -%-T IDR/QR =a-T IIAP/QR

10

o
=

0.01

0.001

Training Time(s)

The bar : recognition rate

The line : training time

IAP: retraining of PAMI2014
NLDA/QR: retraining of PR2010
IDR/QR: incremental learning of
TKDE2005

IIAP/QR: ours



> Experiments

® Insertion of novel classes

decaf
20 10 30 100
_—~ r_—
Q T &% 0 3
15 1 N =
< £ <2 E
Y = & 1 B
® 10 0.1 80 ) 15 en
= A= = 01 B
3 E g% =
5 001 °
< S < 001 g
= =
0 0.001 0 0.001
0 2 4 6 8 10 0 2 4 6 8 10
Sequence number of novel classes Sequence number of novel classes
mmA_IAP mmA NLDA/QRE—TA IDR/QR mmmA _ITAP/QR EmA_JAP EmA NLDA/QRCTTA _IDR/QR mmmA TTAP/QR

-O-T_IAP =0=T _NLDA/QR -X-T_IDR/QR =&=T_IIAP/QR =O-T_IAP =0=T_NLDA/QR -¥X-T_IDR/QR =&=T IIAP/QR



> Experiments

® Insertion of novel classes

vgel9 aPascal
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Accuracy: raise 8%-25% or comparable
Batch time: improve 2-3 orders of magnitude(centroid matrix)

Incremental phase time: faster 4-5 times than IDR/QR
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® Insertion of new samples to existing classes
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® Insertion of new samples to existing classes
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> Conclusion

® Solve small-sample-size and unequal-sample-size problems

® Comparable recognition accuracy

® Online learning with quick updating
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