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THE VERSION WITH “BIAS”



SOFT-MARGIN SVM

• WHAT IF WE NEED A

NON-LINEAR CLASSIFIER?



SVM WITH BASIS FUNCTIONS

• SOFT SVM IN OUR NOTATION
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• 𝜙(𝑥𝑖) (AND 𝒘) CAN BE HIGH-DIMENSIONAL

• HOW TO DEAL WITH THE PROHIBITIVE COMPUTATIONAL COST?



REPRESENTOR THEOREM
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• THEOREM: THERE ARE REAL-VALUES 𝑎1, … , 𝑎𝑚 SUCH THAT

𝑊∗ = σ𝑎𝑖𝜙 𝑥𝑖 .

• INSTEAD OF 𝑑2 PARAMS, CAN USE 𝑛 PARAMS.

• BETTER IF 𝑑2 ≫ 𝑛.



KERNELIZED SVM - PREDICTION
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• 𝑊∗ = σ𝑎𝑖𝜙 𝑥𝑖 .

• 𝐾 𝑥, 𝑧 = < 𝜙 𝑥 , 𝜙 𝑧 >

• 𝐾 𝑥 = (𝐾 𝑥, 𝑥1 , … , 𝐾 𝑥, 𝑥𝑛 ).

• PREDICTION FOR A NEW TEST POINT USING 𝑎 AND K:



KERNELIZED SVM (LEARNING)
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LINEAR MODELS FOR MULTICLASS CLASSIFICATION



ONE-VERSUS-ALL CLASSIFICATION

• TRAIN 𝑘 DIFFERENT BINARY CLASSIFIERS

• CLASSIFIER 𝑖 DISTINGUISHES SAMPLES FROM

CLASS 𝑖 VERSUS ALL OTHER CLASSES

• ℎ𝑖 𝑥 = SGN(< 𝑤𝑖 , 𝑥 >)

• NOW FOR A NEW TEST POINT 𝑥

• ℎ𝑜𝑛𝑒−𝑣𝑒𝑟𝑢𝑠−𝑎𝑙𝑙 𝑥 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑖(< 𝑤𝑖 , 𝑥 >)





ALL-PAIRS CLASSIFICATION

• FOR EACH DISTINCT 𝑖, 𝑗 ∈ {1,2, … , 𝑘}

• TRAIN A CLASSIFIER TO DISTINGUISH SAMPLES FROM CLASS 𝑖
AND SAMPLES FROM CLASS 𝑗

• ℎ𝑖,𝑗 𝑥 = SGN(< 𝑤𝑖,𝑗 , 𝑥 >)

• NOW FOR A NEW TEST POINT 𝑥

• DO A VOTING AMONG 𝑘(𝑘 − 1)/2 CLASSIFIERS



“GREEDY” VS “END-TO-END”



LINEAR MULTI-CLASS PREDICTOR?

• THE MULTI-VECTOR ENCODING

• 𝑦 ∈ {1,2, … , 𝑘}

• (𝑥, 𝑦) IS ENCODED AS Ψ 𝑥, 𝑦 = 0 … 0 𝑥 0 … 0 𝑇

• ℎ 𝑥 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑦 < 𝑤, Ψ 𝑥, 𝑦 >





END-TO-END VERSION OF ONE-VERSUS-ALL

• (MORE IN CHAPTER 17 OF UNDERSTANDING MACHINE LEARNING)



CONFUSION MATRIX

• MORE DETAILED INFORMATION ABOUT WHICH CLASSES

ARE BEING MISCLASSIFIED WITH WHICH

wikipedia



“RISK” MINIMIZATION



DIFFERENT TYPES OF ERROR

• FALSE POSITIVE (TYPE I ERROR)

• FALSE NEGATIVE (TYPE II ERROR)

• EXAMPLE: A CLASSIFICATION METHOD IS USED TO PREDICT 
WHETHER THERE IS A BRAIN TUMOR, BASED ON MRI DATA

• CASE 1: THE OUTCOME IS USED FOR DECIDING WHETHER TO DO 
A BRAIN SURGERY

• CASE 2: THE OUTCOME IS USED TO DECIDE WHETHER MORE 
TESTS (E.G., CT SCAN) IS REQUIRED

wikipedia



PRECISION VS RECALL

• ACCURACY =
𝑇𝑃+𝑇𝑁

 𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁

• PRECISION=
𝑇𝑃

𝑇𝑃+𝐹𝑃
, RECALL=

𝑇𝑃

𝑇𝑃+𝐹𝑁

• ACCURACY IS NOT ALWAYS THE BEST MEASURE

• BALANCED ERROR

•
𝛼.𝑇𝑃+(1−𝛼)𝑇𝑁

 𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁

• 𝑇𝑃 = 𝑇𝑟𝑢𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

• 𝑇𝑁 = 𝑇𝑟𝑢𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒

• 𝐹𝑃 = 𝐹𝑎𝑙𝑠𝑒 𝑃𝑜𝑠𝑖𝑡𝑖𝑣𝑒

• 𝐹𝑁 = 𝐹𝑎𝑙𝑠𝑒 𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒
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