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Classification Problems

labels take on values from a finite set 

features: height, weight, passing stat., 
scoring statistics, rebound stat. 

label: position “Shooting Guard”

https://de.wikipedia.org/wiki/Shooting_Guard


Finite Set of Label Values

label can take on 10 different values 



There is No (Obvious) Distance!

true label y = “Fish”

!𝑦 =“Dog”

!𝑦 =“Human”

classifier 1 : 

classifier 2 : 

which classifier is “closer” 
to true label ?



• label can take on only two different values

• for notational convenience we use values +1 and -1

• we could also use 0 and 1 as the two label values

• or we could use         and          as two label values

Binary Classification Problems 



A Binary Classification Problem

Insurance Claim ????
Name: 
Date: 
Case: 

Insurance Claim ????
Name: 
Date: 
Case: 

most likely not fraudulent

maybe fraudulent



Classifiers

• data point with features x and label y

•we want to learn a classifier map h(x)

• h(x) reads in features x and outputs a prediction for label

• choose or learn classifier which best matches true labels 



Classifiers and Classification

• allow classifier map h(x) to be real-valued 

• obtain classification by thresholding 

!𝑦 = $ 1 𝑖𝑓 ℎ 𝑥 > 0
−1 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

• absolute value |h(x)| is confidence/trust in classification



h(x)<=0

Decision Regions
• consider data point with two features 𝒙 = (𝑥!, 𝑥")

• classifier divides feature space into two components

h(x) >0

h(x) >0



Logistic Regression

• data points with numeric features 

• binary label

• linear predictor map

• predictor defined by weights

x =
�
x1, . . . , xn

�T 2 Rn

<latexit sha1_base64="22O9jSXwKq1qaBF2pvTXV5GvxDY="></latexit>

y 2 {�1, 1}

<latexit sha1_base64="wBJNgxB1N/yFCWE3epq2/JuJX3Q=">AAAB+HicbVBNS8NAEJ34WetHox69LBbBg5ZECvZY9OKxgv2AJpTNdtMu3WzC7kaIob/EiwdFvPpTvPlv3LY5aOuDgcd7M8zMCxLOlHacb2ttfWNza7u0U97d2z+o2IdHHRWnktA2iXksewFWlDNB25ppTnuJpDgKOO0Gk9uZ332kUrFYPOgsoX6ER4KFjGBtpIFdyZDHBPLyS/fCRd50YFedmjMHWiVuQapQoDWwv7xhTNKICk04VqrvOon2cyw1I5xOy16qaILJBI9o31CBI6r8fH74FJ0ZZYjCWJoSGs3V3xM5jpTKosB0RliP1bI3E//z+qkOG37ORJJqKshiUZhypGM0SwENmaRE88wQTCQztyIyxhITbbIqmxDc5ZdXSeeq5tZrjft6tXlTxFGCEziFc3DhGppwBy1oA4EUnuEV3qwn68V6tz4WrWtWMXMMf2B9/gCWSZHD</latexit>

h(x)=wTx=
nX

i=1

wixi

<latexit sha1_base64="MG84T9slvNOgidWgEZmusT7HhGI="></latexit>

w=
�
w1, . . . , wn

�T

<latexit sha1_base64="SmeRS1IRCl41jlU3+6XHQ+xapa4=">AAACGXicbVBLSwMxGMzWV62vVY9eUotQoZRdKdSLUPTisUJf0K0lm2bb0Gx2SbKWsuzf8OJf8eJBEY968t+YbXvQ1oHAZOb7SGbckFGpLOvbyKytb2xuZbdzO7t7+wfm4VFLBpHApIkDFoiOiyRhlJOmooqRTigI8l1G2u74JvXbD0RIGvCGmoak56Mhpx7FSGmpb1qOj9TI9eJJ4uSvnLzj0mFx0o/tpOSwQaBkSV94ksrn93EjgX2zYJWtGeAqsRekABao981PZxDgyCdcYYak7NpWqHoxEopiRpKcE0kSIjxGQ9LVlCOfyF48S5bAM60MoBcIfbiCM/X3Rox8Kae+qyfTHHLZS8X/vG6kvMteTHkYKcLx/CEvYlAFMK0JDqggWLGpJggLqv8K8QgJhJUuM6dLsJcjr5LWRdmulKt3lULtelFHFpyAU1AENqiCGrgFddAEGDyCZ/AK3own48V4Nz7moxljsXMM/sD4+gEKDqBV</latexit>



Logistic Regression – The Classifier

• linear predictor h(x) can be any real number

•what if h(x)= 0.333 ? what if h(x)=-100.44 ? 

•we use sign of h(x) to classify: 

•we use magnitude |h(x)| as reliability (confidence) measure

ŷ =

(
1 if h(x) � 0

�1 if h(x < 0

<latexit sha1_base64="UADdr+ofZ4ILitcOqmQaSy/aI48="></latexit>



Logistic Regression – The Classifier

0
h(x) = wTx

<latexit sha1_base64="ffgew/wUB6dxITh2h5v6DJxF73Q=">AAACEXicbVDLSsNAFJ3UV62vqEs3g0Wom5JIwW6EohuXFfqCNpbJdNIOnUzCzEQtIb/gxl9x40IRt+7c+TdO2ojaemDgzDn3cu89bsioVJb1aeSWlldW1/LrhY3Nre0dc3evJYNIYNLEAQtEx0WSMMpJU1HFSCcUBPkuI213fJH67RsiJA14Q01C4vhoyKlHMVJa6pulUannIzVyvfguOYZn8Pt3m1zHjeTH65tFq2xNAReJnZEiyFDvmx+9QYAjn3CFGZKya1uhcmIkFMWMJIVeJEmI8BgNSVdTjnwinXh6UQKPtDKAXiD04wpO1d8dMfKlnPiurkw3lPNeKv7ndSPlVZ2Y8jBShOPZIC9iUAUwjQcOqCBYsYkmCAuqd4V4hATCSodY0CHY8ycvktZJ2a6Uq1eVYu08iyMPDsAhKAEbnIIauAR10AQY3INH8AxejAfjyXg13malOSPr2Qd/YLx/ARrsnd8=</latexit>

ŷ = 1

<latexit sha1_base64="htMajQd2HNWGaagBy6lefKVIJpo=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEsBeh6MVjBfshbSib7bZdupuE3YkQQn+FFw+KePXnePPfuG1z0NYHA4/3ZpiZF8RSGHTdb6ewtr6xuVXcLu3s7u0flA+PWiZKNONNFslIdwJquBQhb6JAyTux5lQFkreDye3Mbz9xbUQUPmAac1/RUSiGglG00mNvTDFLp9dev1xxq+4cZJV4OalAjka//NUbRCxRPEQmqTFdz43Rz6hGwSSflnqJ4TFlEzriXUtDqrjxs/nBU3JmlQEZRtpWiGSu/p7IqDImVYHtVBTHZtmbif953QSHNT8TYZwgD9li0TCRBCMy+54MhOYMZWoJZVrYWwkbU00Z2oxKNgRv+eVV0rqoepfV2v1lpX6Tx1GEEziFc/DgCupwBw1oAgMFz/AKb452Xpx352PRWnDymWP4A+fzB6xJkFc=</latexit>

ŷ = �1

<latexit sha1_base64="eYiPCbIw5OIbr4LKB7EbuDg2pwY=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69BIvgxZJIwV6EohePFewHtqFstpt26WYTdidCCP0XXjwo4tV/481/47bNQVsfDDzem2Fmnh8LrtFxvq3C2vrG5lZxu7Szu7d/UD48ausoUZS1aCQi1fWJZoJL1kKOgnVjxUjoC9bxJ7czv/PElOaRfMA0Zl5IRpIHnBI00mN/TDBLp9cX7qBccarOHPYqcXNSgRzNQfmrP4xoEjKJVBCte64To5cRhZwKNi31E81iQidkxHqGShIy7WXzi6f2mVGGdhApUxLtufp7IiOh1mnom86Q4FgvezPxP6+XYFD3Mi7jBJmki0VBImyM7Nn79pArRlGkhhCquLnVpmOiCEUTUsmE4C6/vEral1W3Vq3f1yqNmzyOIpzAKZyDC1fQgDtoQgsoSHiGV3iztPVivVsfi9aClc8cwx9Ynz8Y9JCO</latexit>

high 
confidence in
y = 1

high 
confidence in
y = -1

low  
confidence



Probabilistic Machine Learning

• interpret label y as realization of random variable 

• fraction of data points with y=1 is probability Prob(y=1)

• probability Prob(y=1) depends on features x !

• logistic regression aims to predict (estimate) Prob(y=1)



Logistic Regression – Probabilistic Model
• interpret label y as realization of random variable 

• define confidence in y=1 via  ”log-odds”

• since we predict confidence using h(x), we obtain

• probability distribution parametrized by weights w of predictor! 

log
Prob{y = 1}�

1� Prob{y = 1}
�

| {z }
Prob{y=�1}

<latexit sha1_base64="P8eE3rFETKEyeWOt80xFAN012Ow="></latexit>

Prob{y = 1} =
1

1 + exp(�h(x))
=

1

1 + exp(�wTx)

<latexit sha1_base64="b9gYf7RdCdKr9syzU6TSiOyO8Jk="></latexit>



Logistic Regression – Towards a Loss Function
• consider m labeled data points

• labels are realizations of independent random variables

• probability of actually observing the labels

�
x(i), y(i)

�
, i=1, . . . ,m

<latexit sha1_base64="Z8sf90I/ZJ8fw60LccUnEZPgrcY="></latexit>

Prob
�
y(1), . . . , y(m)

 
=

mY

i=1

Prob{y(i)}

=
mY

i=1

1

1 + exp(�y(i)wTx(i))

<latexit sha1_base64="rfXjFii4PF7rMbn3IOGcF7z935U="></latexit>

Prob{y(i)=1}= 1

1+exp(�wTx(i))
, and Prob{y(i)=�1}= 1

1+exp(wTx(i))

<latexit sha1_base64="z1SkKDN2HtMY6yg/iLRv/oZfEEE="></latexit>



Logistic Regression – Maximum Likelihood

• learn weights by maximizing probability of data !

bw = argmaxw2Rn

mY

i=1

1

1 + exp(�y(i)wTx(i))

= argmaxw2Rn log
mY

i=1

1

1 + exp(�y(i)wTx(i))

= argminw2Rn � log
mY

i=1

1

1 + exp(�y(i)wTx(i))

= argminw2Rn

mX

i=1

log
�
1 + exp(�y(i)wTx(i))

�

<latexit sha1_base64="YrBLwMzYT8/6WI7NFHPEDV6l0Sk="></latexit>



Logistic Regression – Logistic Loss

max. probability of data = minimizing the average logistic loss 

log
�
1+exp

�
� ywTx

��

<latexit sha1_base64="CY5FSiToy3iQ/GsN46DtcA8VglE=">AAACKXicbVBNSwMxEM3Wr1q/Vj16SS1CRSy7UrDHohePFfoF3VqyabYNZrNLktWWZf+OF/+KFwVFvfpHzLZFtHUg4c2bN8zMc0NGpbKsDyOztLyyupZdz21sbm3vmLt7TRlEApMGDlgg2i6ShFFOGooqRtqhIMh3GWm5t5dpvXVHhKQBr6txSLo+GnDqUYyUpnpm1WHBwHHpoGg7+RMn75BROElPx9DxkRq6Xnyf3MT15CcdaagVx9O/ZxaskjUJuAjsGSiAWdR65ovTD3DkE64wQ1J2bCtU3RgJRTEjSc6JJAkRvkUD0tGQI5/Ibjy5NIFHmulDLxD6cQUn7O+OGPlSjn1XK9Nt5XwtJf+rdSLlVbox5WGkCMfTQV7EoApgahvsU0GwYmMNEBZU7wrxEAmElTY3p02w509eBM2zkl0uVa7LherFzI4sOACHoAhscA6q4ArUQANg8ACewCt4Mx6NZ+Pd+JxKM8asZx/8CePrGxu3pfg=</latexit>

ywTx

<latexit sha1_base64="jey7ssUK2h+f1ZG1EnxwFe0U/zc=">AAACA3icbVDLSsNAFL3xWesr6k43g0VwVRIp2GXRjcsKfUFby2Q6aYdOHsxM1BACbvwVNy4UcetPuPNvnLQRtPXAwJlz7uXee5yQM6ks68tYWl5ZXVsvbBQ3t7Z3ds29/ZYMIkFokwQ8EB0HS8qZT5uKKU47oaDYczhtO5PLzG/fUiFZ4DdUHNK+h0c+cxnBSksD8zBGPQ+rseMmd+lN0kh/fvfpwCxZZWsKtEjsnJQgR31gfvaGAYk86ivCsZRd2wpVP8FCMcJpWuxFkoaYTPCIdjX1sUdlP5nekKITrQyRGwj9fIWm6u+OBHtSxp6jK7MN5byXif953Ui51X7C/DBS1CezQW7EkQpQFggaMkGJ4rEmmAimd0VkjAUmSsdW1CHY8ycvktZZ2a6Uq9eVUu0ij6MAR3AMp2DDOdTgCurQBAIP8AQv8Go8Gs/Gm/E+K10y8p4D+APj4xsUVJh4</latexit>

correct classificationwrong classification

high confidencehigh confidence low confidence

ŷ=y

<latexit sha1_base64="+nPv+TivwUgrm6oF+6uX03fcq38=">AAAB9HicbVBNS8NAEN3Ur1q/qh69bC2Cp5JIwV6EohePFewHNKFstpt26WYTdyeFEPo7vHhQxKs/xpv/xm2bg7Y+GHi8N8PMPD8WXINtf1uFjc2t7Z3ibmlv/+DwqHx80tFRoihr00hEqucTzQSXrA0cBOvFipHQF6zrT+7mfnfKlOaRfIQ0Zl5IRpIHnBIwkueOCWTpzK3cuJV0UK7aNXsBvE6cnFRRjtag/OUOI5qETAIVROu+Y8fgZUQBp4LNSm6iWUzohIxY31BJQqa9bHH0DF8YZYiDSJmSgBfq74mMhFqnoW86QwJjverNxf+8fgJBw8u4jBNgki4XBYnAEOF5AnjIFaMgUkMIVdzciumYKELB5FQyITirL6+TzlXNqdcaD/Vq8zaPo4jO0Dm6RA66Rk10j1qojSh6Qs/oFb1ZU+vFerc+lq0FK585RX9gff4AOCWRwQ==</latexit>

ŷ 6=y

<latexit sha1_base64="msIvparrMKIi5YA4UNAJALYB4vI=">AAAB+XicbVBNS8NAEN34WetX1KOXrUXwVBIp2GPRi8cK9gOaUDbbSbt0s4m7m0II/SdePCji1X/izX/jts1BWx8MPN6bYWZekHCmtON8WxubW9s7u6W98v7B4dGxfXLaUXEqKbRpzGPZC4gCzgS0NdMceokEEgUcusHkbu53pyAVi8WjzhLwIzISLGSUaCMNbNsbE51nM6/iCXjyKtnArjo1ZwG8TtyCVFGB1sD+8oYxTSMQmnKiVN91Eu3nRGpGOczKXqogIXRCRtA3VJAIlJ8vLp/hS6MMcRhLU0Ljhfp7IieRUlkUmM6I6LFa9ebif14/1WHDz5lIUg2CLheFKcc6xvMY8JBJoJpnhhAqmbkV0zGRhGoTVtmE4K6+vE461zW3Xms81KvN2yKOEjpHF+gKuegGNdE9aqE2omiKntErerNy68V6tz6WrRtWMXOG/sD6/AFKP5Nz</latexit>



ID-Card of Logistic Regression

• features: real numbers

• labels: two different values (categories) 

• hypothesis space: linear predictor maps 

• loss: logistic loss

• instance of a linear classifier



Linear Classifiers
• linear classifiers predict label y using  

• linear classifiers differ in how to learn weights w 

h(x)=wTx

<latexit sha1_base64="P5YTH1s2+oS4YI5M7yl5BWeS9EY=">AAACFHicbVDLSsNAFJ34rPUVdelmahEqQkmkYDdC0Y3LCn1BE8tkOmmHTh7MTNQS8hFu/BU3LhRx68Kdf+OkjaitBwbOnHMv997jhIwKaRif2sLi0vLKam4tv76xubWt7+y2RBBxTJo4YAHvOEgQRn3SlFQy0gk5QZ7DSNsZXaR++4ZwQQO/IcchsT008KlLMZJK6unHw5LlITl03PguObIKZ1bh+3+bXMeN5MeFPb1olI0J4DwxM1IEGeo9/cPqBzjyiC8xQ0J0TSOUdoy4pJiRJG9FgoQIj9CAdBX1kUeEHU+OSuChUvrQDbh6voQT9XdHjDwhxp6jKtMVxayXiv953Ui6VTumfhhJ4uPpIDdiUAYwTQj2KSdYsrEiCHOqdoV4iDjCUuWYVyGYsyfPk9ZJ2ayUq1eVYu08iyMH9sEBKAETnIIauAR10AQY3INH8AxetAftSXvV3qalC1rWswf+QHv/AgNIntc=</latexit>

x1

<latexit sha1_base64="kOQ1b/7U+T6MuWOJXRF0kCHvYd4=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkYI9FLx4rmLbQhrLZbtulm03YnYgl9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSKFQdf9dgobm1vbO8Xd0t7+weFR+fikZeJUM+6zWMa6E1LDpVDcR4GSdxLNaRRK3g4nt3O//ci1EbF6wGnCg4iOlBgKRtFK/lM/82b9csWtuguQdeLlpAI5mv3yV28QszTiCpmkxnQ9N8EgoxoFk3xW6qWGJ5RN6Ih3LVU04ibIFsfOyIVVBmQYa1sKyUL9PZHRyJhpFNrOiOLYrHpz8T+vm+KwHmRCJSlyxZaLhqkkGJP552QgNGcop5ZQpoW9lbAx1ZShzadkQ/BWX14nrauqV6vW72uVxk0eRxHO4BwuwYNraMAdNMEHBgKe4RXeHOW8OO/Ox7K14OQzp/AHzucP09SOtw==</latexit>

x2

<latexit sha1_base64="5w0KEkqx8dL04TH2huMAQzHxJpA=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKwR6LXjxWMK3QhrLZTtqlm03Y3Ygl9Dd48aCIV3+QN/+N24+Dtj4YeLw3w8y8MBVcG9f9dgobm1vbO8Xd0t7+weFR+fikrZNMMfRZIhL1EFKNgkv0DTcCH1KFNA4FdsLxzczvPKLSPJH3ZpJiENOh5BFn1FjJf+rntWm/XHGr7hxknXhLUoElWv3yV2+QsCxGaZigWnc9NzVBTpXhTOC01Ms0ppSN6RC7lkoaow7y+bFTcmGVAYkSZUsaMld/T+Q01noSh7YzpmakV72Z+J/XzUzUCHIu08ygZItFUSaIScjsczLgCpkRE0soU9zeStiIKsqMzadkQ/BWX14n7VrVq1cbd/VK83oZRxHO4BwuwYMraMIttMAHBhye4RXeHOm8OO/Ox6K14CxnTuEPnM8f1VmOuA==</latexit>

w

<latexit sha1_base64="v6Dden557b0wIChystrDnlKRs2M=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIYJdFNy4r2Ae2pWTSO21oJjMkGaUM/Qs3LhRx69+482/MtLPQ1gOBwzn3knOPHwuujet+O4W19Y3NreJ2aWd3b/+gfHjU0lGiGDZZJCLV8alGwSU2DTcCO7FCGvoC2/7kJvPbj6g0j+S9mcbYD+lI8oAzaqz00AupGftB+jQblCtu1Z2DrBIvJxXI0RiUv3rDiCUhSsME1brrubHpp1QZzgTOSr1EY0zZhI6wa6mkIep+Ok88I2dWGZIgUvZJQ+bq742UhlpPQ99OZgn1speJ/3ndxAS1fsplnBiUbPFRkAhiIpKdT4ZcITNiagllitushI2poszYkkq2BG/55FXSuqh6l9Xa3WWlfp3XUYQTOIVz8OAK6nALDWgCAwnP8ApvjnZenHfnYzFacPKdY/gD5/MH/0KRJg==</latexit>

ŷ=1

<latexit sha1_base64="/W2wirMlr+zyONEuGWc4TqXQEVk=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69bC2Cp5JIwV6EohePFewHNKFstpt26WYTdzeFEPo7vHhQxKs/xpv/xm2bg7Y+GHi8N8PMPD/mTGnb/rYKG5tb2zvF3dLe/sHhUfn4pKOiRBLaJhGPZM/HinImaFszzWkvlhSHPqddf3I397tTKhWLxKNOY+qFeCRYwAjWRvLcMdZZOnMrN27FGZSrds1eAK0TJydVyNEalL/cYUSSkApNOFaq79ix9jIsNSOczkpuomiMyQSPaN9QgUOqvGxx9AxdGGWIgkiaEhot1N8TGQ6VSkPfdIZYj9WqNxf/8/qJDhpexkScaCrIclGQcKQjNE8ADZmkRPPUEEwkM7ciMsYSE21yKpkQnNWX10nnqubUa42HerV5m8dRhDM4h0tw4BqacA8taAOBJ3iGV3izptaL9W59LFsLVj5zCn9gff4AyvaReQ==</latexit>

ŷ=�1

<latexit sha1_base64="EZsUp17pUxLaTy8Ss3UidO07hMY=">AAAB9XicbVBNS8NAEN34WetX1aOXrUXwYkmkYC9C0YvHCvYDmlg22027dLMJuxMlhP4PLx4U8ep/8ea/cdvmoK0PBh7vzTAzz48F12Db39bK6tr6xmZhq7i9s7u3Xzo4bOsoUZS1aCQi1fWJZoJL1gIOgnVjxUjoC9bxxzdTv/PIlOaRvIc0Zl5IhpIHnBIw0oM7IpClE7d85ZbPnX6pYlftGfAycXJSQTma/dKXO4hoEjIJVBCte44dg5cRBZwKNim6iWYxoWMyZD1DJQmZ9rLZ1RN8apQBDiJlSgKeqb8nMhJqnYa+6QwJjPSiNxX/83oJBHUv4zJOgEk6XxQkAkOEpxHgAVeMgkgNIVRxcyumI6IIBRNU0YTgLL68TNoXVadWrd/VKo3rPI4COkYn6Aw56BI10C1qohaiSKFn9IrerCfrxXq3PuatK1Y+c4T+wPr8ATijkbA=</latexit>



Loss Functions for Linear Classifiers
learn linear predictors using different loss functions

ywTx

<latexit sha1_base64="jey7ssUK2h+f1ZG1EnxwFe0U/zc=">AAACA3icbVDLSsNAFL3xWesr6k43g0VwVRIp2GXRjcsKfUFby2Q6aYdOHsxM1BACbvwVNy4UcetPuPNvnLQRtPXAwJlz7uXee5yQM6ks68tYWl5ZXVsvbBQ3t7Z3ds29/ZYMIkFokwQ8EB0HS8qZT5uKKU47oaDYczhtO5PLzG/fUiFZ4DdUHNK+h0c+cxnBSksD8zBGPQ+rseMmd+lN0kh/fvfpwCxZZWsKtEjsnJQgR31gfvaGAYk86ivCsZRd2wpVP8FCMcJpWuxFkoaYTPCIdjX1sUdlP5nekKITrQyRGwj9fIWm6u+OBHtSxp6jK7MN5byXif953Ui51X7C/DBS1CezQW7EkQpQFggaMkGJ4rEmmAimd0VkjAUmSsdW1CHY8ycvktZZ2a6Uq9eVUu0ij6MAR3AMp2DDOdTgCurQBAIP8AQv8Go8Gs/Gm/E+K10y8p4D+APj4xsUVJh4</latexit>

correct classificationwrong classification

high confidencehigh confidence low confidence

ŷ=y

<latexit sha1_base64="+nPv+TivwUgrm6oF+6uX03fcq38=">AAAB9HicbVBNS8NAEN3Ur1q/qh69bC2Cp5JIwV6EohePFewHNKFstpt26WYTdyeFEPo7vHhQxKs/xpv/xm2bg7Y+GHi8N8PMPD8WXINtf1uFjc2t7Z3ibmlv/+DwqHx80tFRoihr00hEqucTzQSXrA0cBOvFipHQF6zrT+7mfnfKlOaRfIQ0Zl5IRpIHnBIwkueOCWTpzK3cuJV0UK7aNXsBvE6cnFRRjtag/OUOI5qETAIVROu+Y8fgZUQBp4LNSm6iWUzohIxY31BJQqa9bHH0DF8YZYiDSJmSgBfq74mMhFqnoW86QwJjverNxf+8fgJBw8u4jBNgki4XBYnAEOF5AnjIFaMgUkMIVdzciumYKELB5FQyITirL6+TzlXNqdcaD/Vq8zaPo4jO0Dm6RA66Rk10j1qojSh6Qs/oFb1ZU+vFerc+lq0FK585RX9gff4AOCWRwQ==</latexit>

ŷ 6=y

<latexit sha1_base64="msIvparrMKIi5YA4UNAJALYB4vI=">AAAB+XicbVBNS8NAEN34WetX1KOXrUXwVBIp2GPRi8cK9gOaUDbbSbt0s4m7m0II/SdePCji1X/izX/jts1BWx8MPN6bYWZekHCmtON8WxubW9s7u6W98v7B4dGxfXLaUXEqKbRpzGPZC4gCzgS0NdMceokEEgUcusHkbu53pyAVi8WjzhLwIzISLGSUaCMNbNsbE51nM6/iCXjyKtnArjo1ZwG8TtyCVFGB1sD+8oYxTSMQmnKiVN91Eu3nRGpGOczKXqogIXRCRtA3VJAIlJ8vLp/hS6MMcRhLU0Ljhfp7IieRUlkUmM6I6LFa9ebif14/1WHDz5lIUg2CLheFKcc6xvMY8JBJoJpnhhAqmbkV0zGRhGoTVtmE4K6+vE461zW3Xms81KvN2yKOEjpHF+gKuegGNdE9aqE2omiKntErerNy68V6tz6WrRtWMXOG/sD6/AFKP5Nz</latexit>

“0/1” loss

“hinge” loss



ID-Card of Support Vector Classifier

• features: real numbers

• labels: two different values (categories) 

• hypothesis space: linear predictor maps 

• loss: hinge loss

• instance of a linear classifier



ID-Card of Naive Bayes Classifier

• features: real numbers

• labels: two different values (categories) 

• hypothesis space: linear predictor maps 

• loss: 0/1 loss

• instance of a linear classifier



You Can Do Anything with Linear Classifiers!
• data points with two numeric features 𝑧!and 𝑧"
• some (complicated) regions 𝒞# , j=1,…,n, of feature space 
• construct new features of data point by  

𝑥! = #1 𝑤ℎ𝑒𝑛 (𝑧", 𝑧#)𝜖𝒞!
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

𝒞4
𝒞5 𝒞6



So What?
• logistic regression uses linear predictors 

• predictors are interpreted as “log-odds”

• predictor weights parametrize the probability of y=1

• learning weights is a statistical inference problem 

• inference problem equivalent to minimizing logistic loss 



So What?
• logistic regression one instance of linear classifier

• other linear classifiers obtained from different loss 

• support vector classifier uses hinge loss

• Naïve Bayes classifier based on 0/1 loss

• loss functions differ in statistical and computational properties



Thank You ! 


