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Supervised learning

• Examples
• Terminology
• Notation

• Model
• Loss function
• Training
• Testing

• 1D Linear regression example
• Model
• Loss function 
• Training 
• Testing
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Supervised learning
• Define a mapping from input to output
• Learn this mapping from paired input/output data examples
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What is a supervised learning model?

• An equation relating input (age) to output (height)
• Search through family of possible equations to find one that fits training data well
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What is a supervised learning model?

• Deep neural networks are just a very flexible family of equations
• Fitting deep neural networks = “Deep Learning”
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Prediction Types

• Regression
• Prediction a continuous valued output

• Classification
• Assigning input to one of a finite number of classes or categories
• Two classes are a special case

Can be univariate (one output) or multivariate ( more than one output)
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• Univariate regression problem (one output, real value)
• Fully connected network

Regression
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• Multivariate regression problem (>1 output, real value)
• Graph neural network

Graph regression
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• Binary classification problem (two discrete classes)
• Transformer network

Text classification
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• Multiclass classification problem (discrete classes, >2 possible values)
• Recurrent neural network (RNN)

Music genre classification
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• Multiclass classification problem (discrete classes, >2 possible classes)
• Convolutional network

Image classification
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• Multivariate binary classification problem (many outputs, two discrete classes)
• Convolutional encoder-decoder network

Image segmentation
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• Multivariate regression problem (many outputs, continuous)
• Convolutional encoder-decoder network

Depth estimation
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• Multivariate regression problem (many outputs, continuous)
• Convolutional encoder-decoder network

Pose estimation
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Translation
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• Encoder-Decoder Transformer Networks



Image captioning
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• E.g. CNN-RNN, LSTM, Transformers



Image generation from text
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Supervised Learning Classification and Regression 
Applications
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• Univariate regression problem (one output, real value)

Regression
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What are the model properties?

• Sentiment Analysis q Univariate output
q Multivariate output

q Classification
q Regression

q Binary Class
q Multi-Class



What kind of model should we use?

• Image classification q Univariate output
q Multivariate output

q Classification
q Regression

q Binary Class
q Multi-Class



What kind of model should we use?

• Image Semantic Segmentation q Univariate output
q Multivariate output

q Classification
q Regression

q Binary Class
q Multi-Class



What kind of model should we use?

• Monocular Depth Estimation q Univariate output
q Multivariate output

q Classification
q Regression

q Binary Class
q Multi-Class



What kind of model should we use?

• Next word prediction in a 
transformer language model

q Univariate output
q Multivariate output

q Classification
q Regression

q Binary Class
q Multi-Class



Supervised learning

• Examples
• Terminology
• Notation

• Model
• Loss function
• Training
• Testing

• 1D Linear regression example
• Model
• Loss function 
• Training 
• Testing
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Supervised learning terminology

• Supervised learning model = mapping from one or more inputs to 
one or more outputs
• Model is a family of equations à “inductive bias”k 
• Computing the outputs from the inputs à inference
• Model also includes parameters
• Parameters affect outcome of equation
• Training a model = finding parameters that predict outputs “well” 

from inputs for training and evaluation datasets of  input/output 
pairs
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Supervised learning

• Examples
• Terminology
• Notation

• Model
• Loss function
• Training
• Testing

• 1D Linear regression example
• Model
• Loss function 
• Training 
• Testing
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Notation:

• Input:

• Output:

• Model:

<latexit sha1_base64="Orsd8Uetr8OD0z/KWA5V57CS7gM=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsxIUZdFNy4r2Ae2Q8mkmTY0kwxJRhiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybkniDnTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkoQttEcql6AdaUM0HbhhlOe7GiOAo47QbT29zvPlGlmRQPJo2pH+GxYCEj2FjpcRBhMwnCLJ0NqzW37s6BVolXkBoUaA2rX4ORJElEhSEca9333Nj4GVaGEU5nlUGiaYzJFI9p31KBI6r9bJ54hs6sMkKhVPYJg+bq740MR1qnUWAn84R62cvF/7x+YsJrP2MiTgwVZPFRmHBkJMrPRyOmKDE8tQQTxWxWRCZYYWJsSRVbgrd88irpXNS9y3rjvlFr3hR1lOEETuEcPLiCJtxBC9pAQMAzvMKbo50X5935WIyWnGLnGP7A+fwBAbuRJg==</latexit>y

<latexit sha1_base64="zbhhmP1jUTpEtCmKK8cQ80zGoB8=">AAACDHicbVDNSgMxGMzWv1r/qh69BIvgqexKUS9C0YvHCrYVdpeSTbNtaLJZkqx0WfYBvPgqXjwo4tUH8ObbmG0raOtAYJiZj3zfBDGjStv2l1VaWl5ZXSuvVzY2t7Z3qrt7HSUSiUkbCybkXYAUYTQibU01I3exJIgHjHSD0VXhd++JVFREtzqNic/RIKIhxUgbqVeteRzpYRBmaX7h8UCMMy8IYZi7P/o4903KrtsTwEXizEgNzNDqVT+9vsAJJ5HGDCnlOnas/QxJTTEjecVLFIkRHqEBcQ2NECfKzybH5PDIKH0YCmlepOFE/T2RIa5UygOTLFZU814h/ue5iQ7P/YxGcaJJhKcfhQmDWsCiGdinkmDNUkMQltTsCvEQSYS16a9iSnDmT14knZO6c1pv3DRqzctZHWVwAA7BMXDAGWiCa9ACbYDBA3gCL+DVerSerTfrfRotWbOZffAH1sc3+pKcOA==</latexit>

y = f[x]

<latexit sha1_base64="gMTgjs7J9T7tfl8I4J/4iGZ8J/U=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIqMuiG5cV7APbUjLpnTY0kxmSjFiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybnHjwXXxnW/ncLK6tr6RnGztLW9s7tX3j9o6ihRDBssEpFq+1Sj4BIbhhuB7VghDX2BLX98k/mtR1SaR/LeTGLshXQoecAZNVZ66IbUjPwgfZr2yxW36s5AlomXkwrkqPfLX91BxJIQpWGCat3x3Nj0UqoMZwKnpW6iMaZsTIfYsVTSEHUvnSWekhOrDEgQKfukITP190ZKQ60noW8ns4R60cvE/7xOYoKrXsplnBiUbP5RkAhiIpKdTwZcITNiYgllitushI2ooszYkkq2BG/x5GXSPKt6F9Xzu/NK7TqvowhHcAyn4MEl1OAW6tAABhKe4RXeHO28OO/Ox3y04OQ7h/AHzucPADaRJQ==</latexit>x Variables always Roman 
letters

Normal lower case = scalar
Bold  lower case = vector
Capital Bold = matrix

Functions always square 
brackets

Normal lower case =  returns 
scalar
Bold lower case = returns vector
Capital Bold = returns matrix

Also Appendix A of the book.
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Notation example:

• Input:

• Output:

• Model:

<latexit sha1_base64="wzhjxXVL59bjZ1ZjP8k5Zv3PPIc=">AAACKnicbVDLSgMxFM3Ud31VXboZLIKrMiNF3Qg+Ni4r2Ad0SknSO21okhmSjLQM8z1u/BU3XSjFrR9i+kC09ULg3HPO5eYeEnOmjeeNndzK6tr6xuZWfntnd2+/cHBY01GiKFRpxCPVIFgDZxKqhhkOjVgBFoRDnfTvJ3r9GZRmkXwywxhaAnclCxnFxlLtwm0gsOmRMB1k1wGBLpMpsYxigywQJBqkuAtZEMywYBymPcjOj61dKHolb1ruMvDnoIjmVWkXRkEnookAaSjHWjd9LzatFCvDKIcsHyQaYkz7dlPTQokF6FY6PTVzTy3TccNI2SeNO2V/T6RYaD0UxDonh+lFbUL+pzUTE161UibjxICks0Vhwl0TuZPc3A5TQA0fWoCpYvavLu1hhamx6eZtCP7iycugdl7yL0rlx3Lx5m4exyY6RifoDPnoEt2gB1RBVUTRC3pD7+jDeXVGztj5nFlzznzmCP0p5+sbbAGqWA==</latexit>

x =


age

mileage

�

<latexit sha1_base64="CiWwSq4e5YCAetgoDDod1m+VwkA=">AAACFXicbVDLSsNAFJ3UV62vqEs3g0VwISWRom6EohuXFewDmlAmk9t26GQSZibSEvoTbvwVNy4UcSu482+cPhBtPXDhcM693HtPkHCmtON8Wbml5ZXVtfx6YWNza3vH3t2rqziVFGo05rFsBkQBZwJqmmkOzUQCiQIOjaB/PfYb9yAVi8WdHibgR6QrWIdRoo3Utk+G+BJ7AXSZyIKIaMkGIy8K4kGWSEZh5IEIf4y2XXRKzgR4kbgzUkQzVNv2pxfGNI1AaMqJUi3XSbSfEakZ5TAqeKmChNA+6ULLUEEiUH42+WqEj4wS4k4sTQmNJ+rviYxESg2jwHSa+3pq3huL/3mtVHcu/IyJJNUg6HRRJ+VYx3gcEQ6ZBKr50BBCJTO3YtojklBtgiyYENz5lxdJ/bTknpXKt+Vi5WoWRx4doEN0jFx0jiroBlVRDVH0gJ7QC3q1Hq1n6816n7bmrNnMPvoD6+Mbd6+gUQ==</latexit>

y =
⇥
price

⇤

Vector: 
Structured or 
tabular data

<latexit sha1_base64="driP7DC20JBlMn9lO/ABYb3rBkU=">AAACAXicbVDLSsNAFJ34rPUVdSO4GSyCq5JIUTdC0Y3LCvYBSSiT6aQdOpmEmYk0hLjxV9y4UMStf+HOv3HSZqGtBy4czrmXe+/xY0alsqxvY2l5ZXVtvbJR3dza3tk19/Y7MkoEJm0csUj0fCQJo5y0FVWM9GJBUOgz0vXHN4XffSBC0ojfqzQmXoiGnAYUI6WlvnmYwivohn40yYLccUOkRn6QTXKvb9asujUFXCR2SWqgRKtvfrmDCCch4QozJKVjW7HyMiQUxYzkVTeRJEZ4jIbE0ZSjkEgvm36QwxOtDGAQCV1cwan6eyJDoZRp6OvO4kQ57xXif56TqODSyyiPE0U4ni0KEgZVBIs44IAKghVLNUFYUH0rxCMkEFY6tKoOwZ5/eZF0zur2eb1x16g1r8s4KuAIHINTYIML0AS3oAXaAINH8AxewZvxZLwY78bHrHXJKGcOwB8Ynz+TPZcA</latexit>

y = f[x]

Scalar output

Scalar output 
function
(with vector input)
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Model

• Parameters:

• Model :
<latexit sha1_base64="YU2YQesIl0F2a2j+LG7JIv6p0XQ=">AAACHnicbVDLSsNAFJ34rPUVdelmsAgupCRSHxuh6MZlBfuAJJTJZNIOnWTCzERaQr7Ejb/ixoUigiv9GydtBW09MHA4517m3OMnjEplWV/GwuLS8spqaa28vrG5tW3u7LYkTwUmTcwZFx0fScJoTJqKKkY6iSAo8hlp+4Prwm/fEyEpj+/UKCFehHoxDSlGSktd89SNkOr7YTbK4SV0I58PM9cPYZg7P84wP3Z9zgI50i5zkz71umbFqlpjwHliT0kFTNHomh9uwHEakVhhhqR0bCtRXoaEopiRvOymkiQID1CPOJrGKCLSy8bn5fBQKwEMudAvVnCs/t7IUCSLcHqyiCxnvUL8z3NSFV54GY2TVJEYTz4KUwYVh0VXMKCCYMVGmiAsqM4KcR8JhJVutKxLsGdPnietk6p9Vq3d1ir1q2kdJbAPDsARsME5qIMb0ABNgMEDeAIv4NV4NJ6NN+N9MrpgTHf2wB8Yn9/DkqOI</latexit>

y = f[x,�]

<latexit sha1_base64="fW07nrotCrqiLM5lBOS/3ACQsXU=">AAAB+HicbVC7TsMwFL0pr1IeDTCyWFRITFWCEDBWsDAWiT6kJqocx2mtOk5kO0gl6pewMIAQK5/Cxt/gtBmg5UiWj865Vz4+QcqZ0o7zbVXW1jc2t6rbtZ3dvf26fXDYVUkmCe2QhCeyH2BFORO0o5nmtJ9KiuOA014wuS383iOViiXiQU9T6sd4JFjECNZGGtp1L0h4qKaxubx0zIZ2w2k6c6BV4pakASXaQ/vLCxOSxVRowrFSA9dJtZ9jqRnhdFbzMkVTTCZ4RAeGChxT5efz4DN0apQQRYk0R2g0V39v5DhWRTYzGWM9VsteIf7nDTIdXfs5E2mmqSCLh6KMI52gogUUMkmJ5lNDMJHMZEVkjCUm2nRVMyW4y19eJd3zpnvZvLi/aLRuyjqqcAwncAYuXEEL7qANHSCQwTO8wpv1ZL1Y79bHYrRilTtH8AfW5w88sZN6</latexit>

�
Parameters always 
Greek letters
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Data Set and Loss function

• Training dataset of I pairs of input/output examples:
<latexit sha1_base64="aYKJls3gxo4H7A6/dQhUn1+H0GU=">AAACFHicbVDLSsNAFJ3UV62vqEs3g0UQlJJIUTdC0Y3uKtgHNDFMppN26OTBzEQsIR/hxl9x40IRty7c+TdO0gjaemCGc8+9l3vvcSNGhTSML600N7+wuFRerqysrq1v6JtbbRHGHJMWDlnIuy4ShNGAtCSVjHQjTpDvMtJxRxdZvnNHuKBhcCPHEbF9NAioRzGSSnL0AyuxfCSHrpfcp05C08OfcJyHVvafmeltcpU6etWoGTngLDELUgUFmo7+afVDHPskkJghIXqmEUk7QVxSzEhasWJBIoRHaEB6igbIJ8JO8qNSuKeUPvRCrl4gYa7+7kiQL8TYd1VltrGYzmXif7leLL1TO6FBFEsS4MkgL2ZQhjBzCPYpJ1iysSIIc6p2hXiIOMJS+VhRJpjTJ8+S9lHNPK7Vr+vVxnlhRxnsgF2wD0xwAhrgEjRBC2DwAJ7AC3jVHrVn7U17n5SWtKJnG/yB9vEN+gCgCA==</latexit>

{xi,yi}Ii=1
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Data Set and Loss function

• Training dataset of I pairs of input/output examples:

• Loss function or cost function measures how bad model is:

   
or for short:

<latexit sha1_base64="aYKJls3gxo4H7A6/dQhUn1+H0GU=">AAACFHicbVDLSsNAFJ3UV62vqEs3g0UQlJJIUTdC0Y3uKtgHNDFMppN26OTBzEQsIR/hxl9x40IRty7c+TdO0gjaemCGc8+9l3vvcSNGhTSML600N7+wuFRerqysrq1v6JtbbRHGHJMWDlnIuy4ShNGAtCSVjHQjTpDvMtJxRxdZvnNHuKBhcCPHEbF9NAioRzGSSnL0AyuxfCSHrpfcp05C08OfcJyHVvafmeltcpU6etWoGTngLDELUgUFmo7+afVDHPskkJghIXqmEUk7QVxSzEhasWJBIoRHaEB6igbIJ8JO8qNSuKeUPvRCrl4gYa7+7kiQL8TYd1VltrGYzmXif7leLL1TO6FBFEsS4MkgL2ZQhjBzCPYpJ1iysSIIc6p2hXiIOMJS+VhRJpjTJ8+S9lHNPK7Vr+vVxnlhRxnsgF2wD0xwAhrgEjRBC2DwAJ7AC3jVHrVn7U17n5SWtKJnG/yB9vEN+gCgCA==</latexit>

{xi,yi}Ii=1

<latexit sha1_base64="hEz86CO3UCw8TPROwDlyfIH4Vs8="></latexit>

L
h
�, f[x,�]

| {z }
model

, {xi,yi}Ii=1

| {z }
train data

i
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Data Set and Loss function

• Training dataset of I pairs of input/output examples:

• Loss function or cost function measures how bad model is:

   
or for short:

<latexit sha1_base64="aYKJls3gxo4H7A6/dQhUn1+H0GU=">AAACFHicbVDLSsNAFJ3UV62vqEs3g0UQlJJIUTdC0Y3uKtgHNDFMppN26OTBzEQsIR/hxl9x40IRty7c+TdO0gjaemCGc8+9l3vvcSNGhTSML600N7+wuFRerqysrq1v6JtbbRHGHJMWDlnIuy4ShNGAtCSVjHQjTpDvMtJxRxdZvnNHuKBhcCPHEbF9NAioRzGSSnL0AyuxfCSHrpfcp05C08OfcJyHVvafmeltcpU6etWoGTngLDELUgUFmo7+afVDHPskkJghIXqmEUk7QVxSzEhasWJBIoRHaEB6igbIJ8JO8qNSuKeUPvRCrl4gYa7+7kiQL8TYd1VltrGYzmXif7leLL1TO6FBFEsS4MkgL2ZQhjBzCPYpJ1iysSIIc6p2hXiIOMJS+VhRJpjTJ8+S9lHNPK7Vr+vVxnlhRxnsgF2wD0xwAhrgEjRBC2DwAJ7AC3jVHrVn7U17n5SWtKJnG/yB9vEN+gCgCA==</latexit>

{xi,yi}Ii=1

<latexit sha1_base64="dfENBjZWeBDHyQgIldnakspAK9o=">AAACBnicbVDLSsNAFJ34rPUVdSlCsAiuSiJFXRbduHBRwT4gCWUymTRDJ5kwcyOU0pUbf8WNC0Xc+g3u/BsnbRbaemCYwzn3cu89QcaZAtv+NpaWV1bX1isb1c2t7Z1dc2+/o0QuCW0TwYXsBVhRzlLaBgac9jJJcRJw2g2G14XffaBSMZHewyijfoIHKYsYwaClvnl063EagesFgodqlOjPy2LmSTaIwe+bNbtuT2EtEqckNVSi1Te/vFCQPKEpEI6Vch07A3+MJTDC6aTq5YpmmAzxgLqapjihyh9Pz5hYJ1oJrUhI/VKwpurvjjFOVLGirkwwxGreK8T/PDeH6NIfszTLgaZkNijKuQXCKjKxQiYpAT7SBBPJ9K4WibHEBHRyVR2CM3/yIumc1Z3zeuOuUWtelXFU0CE6RqfIQReoiW5QC7URQY/oGb2iN+PJeDHejY9Z6ZJR9hygPzA+fwAZyJmL</latexit>

L [�]
Returns a scalar that is smaller 
when model maps inputs to 
outputs better

<latexit sha1_base64="hEz86CO3UCw8TPROwDlyfIH4Vs8="></latexit>

L
h
�, f[x,�]

| {z }
model

, {xi,yi}Ii=1

| {z }
train data

i
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Training

• Loss function:

• Find the parameters that minimize the loss:

<latexit sha1_base64="dfENBjZWeBDHyQgIldnakspAK9o=">AAACBnicbVDLSsNAFJ34rPUVdSlCsAiuSiJFXRbduHBRwT4gCWUymTRDJ5kwcyOU0pUbf8WNC0Xc+g3u/BsnbRbaemCYwzn3cu89QcaZAtv+NpaWV1bX1isb1c2t7Z1dc2+/o0QuCW0TwYXsBVhRzlLaBgac9jJJcRJw2g2G14XffaBSMZHewyijfoIHKYsYwaClvnl063EagesFgodqlOjPy2LmSTaIwe+bNbtuT2EtEqckNVSi1Te/vFCQPKEpEI6Vch07A3+MJTDC6aTq5YpmmAzxgLqapjihyh9Pz5hYJ1oJrUhI/VKwpurvjjFOVLGirkwwxGreK8T/PDeH6NIfszTLgaZkNijKuQXCKjKxQiYpAT7SBBPJ9K4WibHEBHRyVR2CM3/yIumc1Z3zeuOuUWtelXFU0CE6RqfIQReoiW5QC7URQY/oGb2iN+PJeDHejY9Z6ZJR9hygPzA+fwAZyJmL</latexit>

L [�] Returns a scalar that is smaller 
when model maps inputs to 
outputs better

<latexit sha1_base64="xKCkVHPMbZlPS6XRxAf2oJtIcZs="></latexit>

�̂ = argmin
�

h
L [�]

i
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Example: 1D Linear regression model

• Model:

• Parameters

<latexit sha1_base64="ktj2B8/mNFNy1ioPnb0sW2wRwtY="></latexit>

y = f[x,�]

= �0 + �1x

<latexit sha1_base64="LSKArFbMvTQ1nOgGI386n+z1J6w="></latexit>

� =


�0

�1

�
y-offset

slope
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Example: 1D Linear regression model

• Model:

• Parameters

<latexit sha1_base64="ktj2B8/mNFNy1ioPnb0sW2wRwtY="></latexit>

y = f[x,�]

= �0 + �1x

<latexit sha1_base64="LSKArFbMvTQ1nOgGI386n+z1J6w="></latexit>

� =


�0

�1

�
y-offset

slope
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Example: 1D Linear regression model

• Model:

• Parameters

<latexit sha1_base64="ktj2B8/mNFNy1ioPnb0sW2wRwtY="></latexit>

y = f[x,�]

= �0 + �1x

<latexit sha1_base64="LSKArFbMvTQ1nOgGI386n+z1J6w="></latexit>

� =


�0

�1

�
y-offset

slope
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Example: 1D Linear regression model

• Model:

• Parameters

<latexit sha1_base64="ktj2B8/mNFNy1ioPnb0sW2wRwtY="></latexit>

y = f[x,�]

= �0 + �1x

<latexit sha1_base64="LSKArFbMvTQ1nOgGI386n+z1J6w="></latexit>

� =


�0

�1

�
y-offset

slope

41
Interactive Figure 2.1 

https://udlbook.github.io/udlfigures/


Example: 1D Linear regression training data
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Example: 1D Linear regression training data

<latexit sha1_base64="/hMh896NPSehdG/Bg07J5FjBuSo="></latexit>

L[�] =
IX

i=1

(f[xi,�]� yi)
2

=
IX

i=1

(�0 + �1xi � yi)
2

Loss function:

“Least squares loss 
function” 43



Example:  1D Linear regression loss function

<latexit sha1_base64="/hMh896NPSehdG/Bg07J5FjBuSo="></latexit>

L[�] =
IX

i=1

(f[xi,�]� yi)
2

=
IX

i=1

(�0 + �1xi � yi)
2

Loss function:

“Least squares loss 
function” 44



Example: 1D Linear regression loss function

<latexit sha1_base64="/hMh896NPSehdG/Bg07J5FjBuSo="></latexit>

L[�] =
IX

i=1

(f[xi,�]� yi)
2

=
IX

i=1

(�0 + �1xi � yi)
2

Loss function:

“Least squares loss 
function” 45



Example: 1D Linear regression loss function

<latexit sha1_base64="/hMh896NPSehdG/Bg07J5FjBuSo="></latexit>

L[�] =
IX

i=1

(f[xi,�]� yi)
2

=
IX

i=1

(�0 + �1xi � yi)
2

Loss function:

“Least squares loss function”

46
Interactive Figure 2.2 

https://udlbook.github.io/udlfigures/


Example: 1D Linear regression loss function

<latexit sha1_base64="/hMh896NPSehdG/Bg07J5FjBuSo="></latexit>

L[�] =
IX

i=1

(f[xi,�]� yi)
2

=
IX

i=1

(�0 + �1xi � yi)
2

Loss function:

“Least squares loss 
function” 47



Example: 1D Linear regression loss function
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Example: 1D Linear regression loss function
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Example: 1D Linear regression loss function
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Example: 1D Linear regression loss function
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Example: 1D Linear regression training
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Example: 1D Linear regression training
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Example: 1D Linear regression training
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Example: 1D Linear regression training
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Example: 1D Linear regression training

This technique is known as gradient descent 56Interactive Figure 2.3 

https://udlbook.github.io/udlfigures/


Possible objections
• But you can fit the line model in closed form!

• Yes – but we won’t be able to do this for more complex models

• But we could exhaustively try every slope and intercept combo!
• Yes – but we won’t be able to do this when there are a million parameters

Here's a visualization of the loss surface for the 56-layer neural network VGG-56(from
Visualizing the Loss Landscape of Neural Networks -- https://losslandscape.com/explorer 57

http://arxiv.org/abs/1409.1556
http://arxiv.org/abs/1409.1556
http://arxiv.org/abs/1409.1556
https://www.cs.umd.edu/~tomg/projects/landscapes/
https://losslandscape.com/explorer


Example: 1D Linear regression testing

• Test with different set of paired input/output data (Test Set)
• Measure performance
• Degree to which Loss is same as training = generalization

• Might not generalize well because
• Model too simple: underfitting
• Model too complex 

• fits to statistical peculiarities of data
• this is known as overfitting
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Any Questions?



Next Lecture
• How do we choose a loss function in a principled way?

https://forms.gle/pXHM5nx1Ti9aFmpw6 

Lecture Feedback

https://forms.gle/pXHM5nx1Ti9aFmpw6

