EEAFHTENSEY IRERESTIBIR6 (5345 ) - Finale

BRI TENE T Matrix Factorization, 1BITEEEAEFRFHIGIF , /MEMatrix
Factorization HSL2—MEENAFRHE | XK TBEEMRE, RISKEAILEHZ
FTFRPRLUER, RE , B(VERSCDIEERTRIEN. A TIRFKNTERIVEE
FIERENBINMERBENEGE | 9= : Feature Exploitation
Techniques , Error Optimization TechniquesF[Overfitting Elimination Techniques,

Feature Exploitation Techniques

BIERRRERNBIE— MHEHRR T AR Zkernel, KernelZBIGHHIER
BFITERTRXENTRE ZA— |, &6 T1HERER., M 8dakemneld :
Polynormial Kernel, Gaussian Kernel, Stump Kernel%, 584 , B TeTLLUEARRH
kernelst8/i0 ( transform union ) 8¢&1E3E ( transform combination ) , BEIARER
kernelsfUESHA | LHRBIENNSEZY. BEE—IRIIE | EpkIkernel , WITHE
Mercer Condition, AEHJkernela] LB ECABRIkerneli&EY |, Ebu0 : SVM. SVRF[
probabilistic SVMZ , iIAEiF—LARKNEFHAIIEEY : kernel ridge regression, kernel
logistic regression, {ERIXYkerneliRBR A LIS EMEREYT REIAESMAREY |, kernel
ML —FMF R , NMeetB IR FRE SRR IHRE, IER—T B
PCA. k-MeansZE,ZEE 2 THFIEE , FTLAE &R ABHER A kernel iR AN,



Exploiting Numerous Features via Kernel

numerous features within some ®:
embedded in kernel Ky with inner product operation

Polynomial Kernel ' Gaussian Kernel Stump Kernel

‘scaled’ polynomial infinite-dimensional decision-stumps as

transforms transforms transforms

Sum of Kernels Product of Kernels " Mercer Kernels

transform union transform combination | transform implicitly
kernel ridge kernel logistic

regression regression

SVM SVR probabilistic SVM

possibly Kernel PCA, Kernel k-Means, ... J

Kernel @A 1R FRHELRIE—MI5E | BRFI B ERRNE /M a A2
Aggregation, F1ZBIMMBRIFTERIhypothesisERRILABRE — MR , ARHB
XA EMG. FAIINBERIDEIEER ( hypothesis ) BFF : Decision Stump,
Decision Treef[lGaussian RBFZ:, WISREABHNgEEFAY , FirlLi#E Tblending , {5l
ZMUniform, Non-UniformFConditionalZ& 5z #{Taggregation, WNERFIBHIgERA
89 , STLAEAGIENBagging. AdaBoostfIDecision TreefU/5 &R ZIERL, Rt
Ai , X8 probabilistic SVMIRE!L, {BE—RIVZE | MEEFEIPRESIRIERERIRY |,
HAERIT—WIssEIEENY , MiZRiSRE.



Exploiting Predictive Features via Aggregation

predictive features within some ®:
o(X) = gi(X) I

Decision Stump Decision Tree (Gaussian) RBF

simplest perceptron; | branching (divide) + | prototype (center) +
simplest DecTree leaves (conquer) influence

Uniform Non-Uniform Conditional

Bagging; AdaBoost; Decision Tree;
Random Forest GradientBoost Nearest Neighbor

probabilistic SVM

possibly Infinite Ensemble Learning,
Decision Tree SVM, ... J

BRIEEZSN , FADEN BT FIBREEIAZ | $HERIRYSHIE ( Hidden Features ) , —
figi@idunsupervised learningfV737% , MFRIREUERREUHSHEIFIE | (FRNESR

1E. HBHMNAYEEVEIEE - Neural Network, RBF Network., Matrix FactorizationZf, X4b
FEEMERAAJunsupervised learning/5iA8FE : AdaBoost, k-Means#[JAutoencoder,
PCAZ:,



Exploiting Hidden Features via Extraction
hidden features within some ®:

as hidden variables to be ‘jointly’ optimized with usual weights

—possibly with the help of unsupervised learning
Neural Network: RBF Network Matrix Factorization

Deep Learning
neuron weights RBF centers user/movie factors

AdaBoost; Autoencoder;

GradientBoost PCA

g: parameters cluster centers ‘basis’ directions

possibly GradientBoosted Neurons,
NNet on Factorized Features, ... I

55, AE—MIEEE BRI ZREEESE | AEEEEREUERFIT (1%
% ) EREEREURE. BRINBINEEE4E1EELEIE | Decision Stump, Random
Forest Tree Branching. Autoencoder. PCAFMatrix Factorization&, XL&MSEE
ER A ERF R R SCR RN B EFBIR K.

Exploiting Low-Dim. Features via Compression
low-dimensional features within some @: J

compressed from original features

Autoencoder;:PCA

Decision Stump; Random Forest info.-preserving
DecTree Branching ' Tree Branching compression

‘random’ low-dim.
projection

‘best’ naive projection
toR

Matrix Factorization

projection from
abstract to concrete

Feature Selection

‘most-helpful’ low-dimensional projection

possibly other “dimension reduction’ mndelsj




Error Optimization Techniques

= NRBAIBRE— T AR REPNBEIWEAUTIS. Bt E— 1M EEN
I5si28E R F% ( Gradient Descent ) , BIIEENEABERAG AT , FiEER
BLEE, HIANFERINBIIAISGD., Steepest Descentf[]Functional GDEREFRIFHTHE
TFERYHIG.

Numerical Optimization via Gradient Descent
when V E ‘approximately’ defined, use it for 1st order approximation:

new variables = old variables — nVE

SGD/Minibatch/GD 1 Steepest Descent ' Functional GD

(Kernel) LogReg; AdaBoost; AdaBoost;
Neural Network GradientBoost GradientBoost
[backprop];

Matrix Factorization;
Linear SVM (maybe)

possibly 2nd order techniques,
GD under constraints, . .. }

M F—LESNIRELIAR |, TTEERFBBE NREDERM , F RT3
= FRUHESREIIRME. RHEERFIF2EDual SVM , ifEiEKernel LogReg,
Kernel RidgeRegfIPCAEE, XWIEEIABE S TREZEF FAI—LANR |, Hlansk
HREES, RILZIM , FB—%boostingflkerneltZR , BANERETISHIEE , B
R EP= R URI S SRR IS,



Indirect Optimization via Equivalent Solution

when difficult to solve original problem,
seek for equivalent solution J

Kernel LogReg

Kernel RidgeReg

equivalence via equivalence via equivalence to
convex QP representer eigenproblem

some other boosting models and modern
solvers of kernel models rely on such a
technigue heavily

ANERFIREILLRE S |, KFLVRAERME | BT LSRG 2 AFHaRRLAE i
H. 2RSS N T EHI TR , BIMulti-Stage, ffl#lprobabilistic

SVM. linear blending, RBF NetworkZ, &RILAFEREAZ OERULYE% |, AP
Alternating Optim, ffllilk-Means. alternating LeastSqr&s, BRItz , iFATLASKEESD
a2 i7/5% . BIDivide & Conquer, f5lildecision tree,

Complicated Optimization via Multiple Steps

when difficult to solve original problem,
seek for ‘easier’ sub-problems J

Multi-Stage Alternating Optim. " Divide & Conquer
probabilistic SVM,; k-Means; decision tree;
linear blending; alternating LeastSqr;

stacking; (steepest descent)

RBF Network;

DeepNet pre-training |

useful for complicated models |

Overfitting Elimination Techniques

Feature Exploitation Techniques#[IError Optimization TechniquesEBE A T LIt EZ



R, WNEin. (BREqn KVEREIBERIERMISH Goverfiting, B , #2885
o, Overfitting Elimination/TAEE,

B5% , ALAMEARegularization KRS EMRAE. HNNBINGERE

large-margin, L2, voting/averagingZF&s,

Overfitting Elimination via Regularization
when model too ‘powerful’: J

add brakes somewhere

large-margin voting/averaging
SVM:; SVR; uniform blending;
AdaBoost (indirectly) | kernel models; Bagging;

NNet [weight-decay] | Random Forest

denoising weight-elimination ' constraining

autoencoder NNet autoenc. [weights];
. RBF [# centers];

pruning early stopping

decision tree NNet (any GD-like)

arguably most important techniques }

&7 RegularizationZ4h , iXaTLAfE Validation3&iE&Overfitting, FAIINEIZAY
Validation&#F : SV. OOBFInternal ValidationZs,

Overfitting Elimination via Validation
when model too ‘powerful’:

check performance carefully and honestly

Internal Validation
blending;

DecTree pruning

SVM/SVR Random Forest

simple but necessary |

Machine Learning in Action



RING R T T BEIMRER & KREAEL LEFEAIKDDCupERRE= 2= LRYZRIMANNE
FRNEFEEZE. BMSTRNERRIIREFINMBIRSTISRFE IR EEE,
XEAB—ER , FHENNERIEEHS  EEBCEEE.

NTU KDDCup 2010 World Champion Model

Feature engineering and classifier ensemble for KDD Cup 2010,
Yu et al., KDDCup 201DJ

linear blending of

% N— co—

Logistic Regression + Random Forest +
many rawly encoded features J human-designed features
yes, you've learned everything! :-) ]

NTU KDDCup 2011 Track 1 World Champion Model

A linear ensemble of individual and blended models for music rating
prediction, Chen et al., KDDCup 2011 J

NNet, DecTree-like, and then linear blending of

Matrix Factorization variants, including probabilistic PCA
Restricted Boltzmann Machines: an ‘extended’ autoencoder
k Nearest Neighbors

Probabilistic Latent Semantic Analysis:
an extraction model that has ‘soft clusters’ as hidden variables

linear regression, NNet, & GBDT

yes, you can ‘easily’
understand everything! :-) J




NTU KDDCup 2012 Track 2 World Champion Model

A two-stage ensemble of diverse models for advertisement ranking in
KDD Cup 2012, Wu et al., KDDCup 2012

NNet, GBDT-like, and then linear blending of

Linear Regression variants, including linear SVR
Logistic Regression variants
Matrix Factorization variants

‘key’ is to blend properly without overfitting |

NTU KDDCup 2013 Track 1 World Champion Model

Combination of feature engineering and ranking models for paper-
author identification in KDD Cup 2013, Li et al., KDDCup 2013

linear blending of

Random Forest with many many many trees
GBDT variants

with tons of efforts in designing features

‘another key' is to construct features with
domain knowledge J

ICDMTE2006 5FRIRHE A& 11 7 HER R+ RIEIRIZIESE | N TFERFR. EPAEHoH
BiEFNEARFINTRETEHEENA. BE5—1RF9=ENaive BayesHIERNFIEFIR
Bk , WHEMREESCR RN AR 2R, R REEFERNFEI—T.



ICDM 2006 Top 10 Data Mining Algorithms

© C4.5: another decision
tree

© k-Means
® SVM
(4

© EM: ‘alternating

(@ PageRank: for
link-analysis, similar to
matrix factorization

@ AdaBoost
© k Nearest Neighbor

© Naive Bayes: a simple
linear model with ‘weights’

decided by data statistics
@ C&RT

optimization’ algorithm for
some models

personal view of five missing ML competitors:
LinReg, LogReg,
Random Forest, GBDT, NNet

&E , FANSHEN BT F IFFFIRRS ST

Machine Learning Jungle

bagging decision tree  support vector machine neural network kernel
AdaBoost “00regation  sparsity “UIOSNCOCET functional gradient

dual uniform blending deep learning oarest neighbor  decision stump

protolype quadratic programming SVR

large-margin

kernel LogReqg

GBDT PCA random forest Mmalrix factorization Gaussian kernel

soft-margin k-means OO crror RBF network  probabilistic SVM

welcome to the jungle! |

st

[\ = |

ATREBN=ASERENBEZIFGERIEM NS © Feature Exploitation
Techniques , Error Optimization Techniques#[]Overfitting Elimination Techniques, fx
BNETWFRZITEMI S AR EMEEREKDDCupH KBRS SEFIT AR
BIRGCSR |, FHRIE T RIFAIRER.



e Feature Exploitation Techniques
kernel, aggregation, extraction, low-dimensional
e Error Optimization Technigues
gradient, equivalence, stages
e Overfitting Elimination Technigues
(lots of) regularization, validation
@ Machine Learning in Practice
welcome to the jungle
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