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Object Detection

§1. Background

Machine Learning
Disease Diagnosis
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§1. Background on classification

Other Nonlinear MethodsNonlinear Kernel-based 
ClassifiersLinear ClassifiersAspect

High potential if tuned 
well

High accuracy on complex 
patterns

Good on linearly separable 
dataPerformance

Varies (trees scale 
relatively well, deep nets 
need GPU)

Poor (quadratic or cubic 
in N)

Good but usually inverse 
to performanceScalability

High risk, especially with 
deep nets

Moderate to high (if not 
regularized)

Low (if regularized 
properly)Overfitting

Varies (trees are 
interpretable, nets are not)

Low (complex implicit 
decision surface)

High (easy to interpret 
weights)Explainability

Picture from https://towardsdatascience.com/the-kernel-trick-c98cdbcaeb3f
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Training time 
complexity

Method Principle

𝑂(𝑁𝑀ଶ + 𝑀ଷ)LDA
Variance 𝑂(𝑘𝑁s) with 

conditions
Fast LDA (SRDA)

𝑂(𝑁ଷ)SVM
Maximum-margin

𝑂(𝑘𝑁𝑀)
Fast SVM 

(LIBLINEAR)

𝑂(𝑁𝑀ଶ)
Logistic 

Regression 
maximal 

likelihood 

𝑂(𝑘𝑁𝑀)Perceptron
Minimum-

entropy
𝑂(𝑁𝑀)NMCPrototype

𝑁 – number of samples
𝑀 – number of features
𝑘 – number of iterations
𝑠 – average number of non-zero 
features in each sample

NMC: Nearest Mean Classifier
LDA: Linear Discriminant Analysis
SVM: Support Vector Machine

§1. Introduction of linear classifiers
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§2. Geometric Discriminant Analysis

Assumption: Centroids offer important information for 
discriminative power

GD: Geometric Discriminant
CDB0: initial Centroid Discriminant Basis
LD: Linear Discriminant
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General case 

𝜎𝑥𝑖𝑥𝑖

2 ≈ constant for all 𝑖 
𝜎𝑥𝑖𝑥𝑗

2 ≈ constant for all 𝑖 ≠ 𝑗 Special  

case 1 

LDA maximizes: 𝑆 =
𝜎ୠୣ୲୵ୣୣ୬

ଶ

𝜎୵୧୲୦୧୬
ଶ =

𝒘୘ 𝝁ଵ − 𝝁଴

ଶ

𝒘୘ 𝜮଴ + 𝜮ଵ 𝒘
 

§2. Geometric Discriminant Analysis
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§3 Centroid Discriminant Analysis

This region is difficult to classify correctly
and should be considered more.

#sampling=
min(iter+3, 10)

Or other black-
box function 
optimizers such as 
Fibonacci search
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The operating point is sought to maximize:

𝜶 ← 1; 1; … ; 1 ே×ଵ 𝑁⁄Initialize sample weights by :

𝑑௜ ← |𝑞௜ − 𝑜𝑜𝑝|    ∀𝑖 ∈ {1,2, … , 𝑁}

𝒅୰ ← |𝒅 − min 𝒅 − max (𝒅)|

𝜶 ← 𝜶 ⊙ 𝒅୰/ 𝜶 ⊙ 𝒅୰ ଶ

In each CDA rotation, find the 2nd line to 
create a 2D plane, by new sample weights:

𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒 𝑠𝑐𝑜𝑟𝑒 = 𝐹𝑠𝑐𝑜𝑟𝑒 ୮୭ୱ + 𝐹𝑠𝑐𝑜𝑟𝑒 ୬ୣ୥ + 𝐴𝐶𝑠𝑐𝑜𝑟𝑒 3⁄

Sample weights update

§3 Centroid Discriminant Analysis
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…

Class 1 Class 2

Class 1 Class 3

Class C-1 Class C

loss

score

𝑳𝒐𝒔𝒔 = 𝑪𝒐𝒅𝒊𝒏𝒈𝑴𝒂𝒕𝒓𝒊𝒙 ⋅ 𝒒

𝑦ො = argmin
௖

𝑳𝒐𝒔𝒔௖

𝑪𝒐𝒅𝒊𝒏𝒈𝑴𝒂𝒕𝒓𝒊𝒙 =

1 1 … 0
−1 0 … 0
0 −1 … 0
… … … 1
0 0 … −1

To predict a new sample

§3 Centroid Discriminant Analysis

Multiclass prediction via ECOC
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Classification 
task

Modality/s
ource

BalancednessCMNDataset

digits

image

imbalanced1040070000MNIST

S
ta

n
d

a
rd

 im
a

g
e

s

digitsimbalanced102569298USPS

lettersbalanced26784145600EMNIST

objectsbalanced10307260000CIFAR10

house 
numbers

imbalanced10307299289SVHN

flowersimbalanced512003670flower

traffic signsimbalanced43120026635GTSRB

objectsbalanced10235213000STL10

fashion objectsbalanced1078470000FMNIST

BACE1 
enzyme

chemical 
formula

imbalanced21981513bace

C
h

e
m

ic
a

l f
o

rm
u

la

blood-brain 
barrier 

permeability
imbalanced24002050BBBP

clinical toxicityimbalanced23391484clintox

HIV drug 
activity

imbalanced257541127HIV

Classification 
task

Modality/s
ource

BalancednessCMNDataset

dermal 
diseases

dermatosc
ope

imbalanced7235210015dermamnist

M
e

d
ic

a
l i

m
a

g
e

s

pneumonia
chest X-

Ray
imbalanced27845856

pneumoniamnis
t

diabetic 
retinopathy

fundus 
camera

imbalanced523521600retinamnist

breast 
diseases

breast 
ultrasound

imbalanced2784780breastmnist

blood diseases
blood cell 

microscope
imbalanced8235217092bloodmnist

human 
organs

abdomin
al CT

imbalanced1178458830organamnist

imbalanced1178423583organcmnist

imbalanced1178425211organsmnist

imbalanced11219521472organmnist3d

nodule 
malignancychest CT

imbalanced2219521633nodulemnist3d

fracture typesimbalanced3219521370fracturemnist3d

adrenal gland 
mass

shape from 
abdominal 

CT
imbalanced2219521584adrenalmnist3d

aneurysm
shape from 
brain MRA

imbalanced2219521908vesselmnist3d

excitatory/inhibi
tory

electron 
microscope

imbalanced2219521759
synapsemnist

3d

§3 Centroid Discriminant Analysis

27 Datasets
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Time complexity and empirical speed on 27 datasets

§3 Centroid Discriminant Analysis
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Multiclass prediction performance AUROC on 27 real datasets

§3 Centroid Discriminant Analysis
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Training time

The weighted average CDA iterations 
(rotations) for each dataset is 29.33

• 29.33 projection 𝑿𝒘େୈ୆
୘ (𝑂(𝑁𝑀))

• ~300 OOP search (𝑂(𝑁log𝑁))

§3 Centroid Discriminant Analysis
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§4. Nonlinear kernel-based CDA

Picture from https://towardsdatascience.com/the-kernel-trick-c98cdbcaeb3f

𝒘େୈ୆ = 𝜶 ⊙ 𝒄 ⊙ 𝒚 ⋅ 𝑛 ୘𝑿 = 𝜷୘𝑿

𝒒 = 𝑿𝒘େୈ୆
୘ = 𝑿 𝜷୘𝑿

𝐓
= 𝑿𝑿𝐓𝜷

𝒒 = 𝑿𝒘େୈ୆
୘ = 𝑿 𝜷୘𝑿

𝐓
= 𝐾𝑒𝑟 𝑿, 𝑿 𝜷

𝒘େୈ୆: classification discriminant vector
𝜶: sample weights
𝒄: weight sum division for each class
𝑛: factor to normalize CDB as a unit vector
𝒚: labels of 1 or -1
𝜷: a short notation for 𝜶 ⊙ 𝒄 ⊙ 𝒚 ⋅ 𝑛
𝒒: data projection vector onto CDB

Mercer’s conditions for kernels:
• Kernel matrix 𝐾𝑒𝑟 ⋅,⋅  is 

positive semi-definite
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§4. Nonlinear kernel-based CDA - preliminary result     
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§4. CDA as a pretraining method for NN initialization

Idea: Put CDA binary model weights to the 
weights for each hidden layer unit, provided 
dimension alignment.


