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Non-linear classifiers

Many of the classifiers we use are inherently linear, but not all
data are linearly separable 4

¥ of

SO we can augment our
linear classifiers!

Cover’s theorem paraphrased:

all data are linearly separable into two classes if you lift them to
a sufficiently high dimension.
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Platt's method
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Uncertainties

A mapping from p(C') to uncertainty
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Decision theory Expected loss

Cost functions

Desired behaviour ' !
@ost s N
Negative e
p(Cl)%O
4
L(a) =Y L(a,C;)p(C;) p(Ch)
1=1
Positive

p(Cl) — 1




Decision theory Expected loss

Cost functions

Desired behaviour ' !
@ost s N
Negative e
p(Cl)%O
4
L(a) =) L(a,Ci)p(C;) p(Ch)
1=1
Positive G TP TN
@ = Tf0 o
F 1 3




Decision theory Expected loss

Cost functions

Desired behaviour ' !
@ost s N
. Tlholao
Negative el 1l
p(Cl) — (0
3 C|
L(a) = Z L(a, C;)p(C;)
1=1
Positive o RN
@] T Eo
i




Overview of decision making process



Overview of decision making process

Scene




Overview of decision making process

Scene Image




Overview of decision making process

Scene Image | Feature

- 0.30
0.42
ki e (50




Overview of decision making process

Scene Image Feature Classifier

e — — —

Toen T "
0.42
o= || g

p(cake) = 0.8



Overview of decision making process

Scene | Image  Feature Classifier | Costs

L — ——

[ 0.30 |
0.42
29 =l

Cost || P| N




Overview of decision making process

Scene

Image Feature Classifier

B —

Toen T "
0.42
Xk = |—0.29

Costs

Co

= 5| 2

Action








































ply ‘ m, Xy )

Q
A

%

%
*




|5




Py ‘ m, Xy )

Q
A

%

%
*










Introspection

An Introspective classifier is one which gives you

a realistic estimate of uncertainty
assoclated with a classification output
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Normalised Entropy
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Classification Of An Unseen Object Class

German Traffic Signs Recognition Benchmark (GTSRB) data set

2|



Classification Of An Unseen Object Class

train Q against

| — —

| , Test on

German Traffic Signs Recognition Benchmark (GTSRB) data set

2|



Classification Of An Unseen Object Class

train Q against

, Test on

W B
o o
—
O
—_— 1\J
an o
o o

N

(@)
-
o

—
o
)]
(62
o

Linear SVM

LogitBoost

OO

—_
OO

0.5

OO

Non-linear SVM

0.5 1

German Traffic Signs Recognition Benchmark (GTSRB) data set
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Test Class Classifier Normalised Entropy
u+x std. err. o+ std. err.
IVM 0.776 + 0.081 | 0.145 + 0.030
Non-linear GPC 0.751 £ 0.087 | 0.152 + 0.029
Linear GPC 0.776 = 0.108 | 0.150 = 0.041
Non-linear SVM | 0476 + 0.101 | 0.089 + 0.056
Linear SVM 0.664 + 0.122 | 0.250 + 0.041
LogitBoost 0.019 + 0.025 | 0.041 + 0.073
IVM 0.794 + 0.117 | 0.106 = 0.026
Non-linear GPC 0.779 = 0.124 | 0.107 = 0.024
Linear GPC 0.777 + 0.202 | 0.124 + 0.058
Non-linear SVM | 0.537 + 0.126 | 0.028 = 0.036
Linear SVM 0.494 + 0.239 | 0.222 + 0.049
LogitBoost 0.016 + 0.022 | 0.031 + 0.059
IVM 0.539 + 0.140 | 0.173 + 0.023
Non-linear GPC 0.546 + 0.144 | 0.168 + 0.023
Linear GPC 0.569 = 0.166 | 0.177 + 0.026
Non-linear SVM | 0.407 £ 0.077 | 0.076 £+ 0.053
Linear SVM 0.315 £ 0.195 | 0.197 £+ 0.058
LogitBoost 0.008 £ 0.004 | 0.012 + 0.026
IVM 0.579 £ 0.133 | 0.137 + 0.020
Non-linear GPC 0.577 = 0.130 | 0.136 = 0.019
Linear GPC 0.585 + 0.188 | 0.151 = 0.029
Non-linear SVM | 0.488 + 0.111 | 0.039 + 0.034
Linear SVM 0.177 = 0.127 | 0.155 = 0.056
LogitBoost 0.014 + 0.019 | 0.030 + 0.056
IVM 0.931 + 0.025 | 0.080 + 0.026
Non-linear GPC 0.934 + 0.021 | 0.079 = 0.023
Linear GPC 0.925 +£ 0.031 | 0.085 + 0.027
Non-linear SVM | 0.641 + 0.168 | 0.100 + 0.047
Linear SVM 0.705 £ 0.142 | 0.212 + 0.049
LogitBoost 0.059 + 0.103 | 0.077 = 0.127
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Number of errors contained

How confident are the errors!?

Window half-length
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VWhat about the precision and recall!

TLR Daimler Pedestrian KITTI

Classifier Precision | Recall Fq Precision | Recall Fq Precision | Recall Fq

IVM 0.995 0.619 | 0.763 0.956 0.680 | 0.795 0.950 0.399 | 0.562
Non-linear GPC 0.977 0.632 | 0.767 0.959 0.674 | 0.792 0.933 0.419 | 0.578
Linear GPC 0.969 0.625 | 0.760 0.958 0.680 | 0.795 0.903 0.392 | 0.547
Non-linear SVM 0.976 0.806 | 0.883 0.931 0.768 | 0.842 0.880 0.528 | 0.660
Linear SVM 0.928 0.738 | 0.822 0.887 0.738 | 0.806 0.902 0.425 | 0.578
LogitBoost 0.972 0.587 | 0.732 0.965 0.446 | 0.610 0.871 0.317 | 0.465

Fig. 5: Performance the detection tasks across data sets for the classifiers.
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Cumulative decisions across uncertainty
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Overfitting
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Overfitting

Cross-validation

Regularisation

Pruning

sayesian priors

-nsemble methods
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Features
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Parametric vs non-parametric classifiers

Contusing words to describe two types of classification
frameworks

Parametric
 Choose a model for the data
* [hat model changes depending on parameters used

e That model is used in lieu of the data

Non-parametric
* |etthe data do the talking
 Can have parameters, but typically they are less crucial
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