CSE 190 — Lecture 1.5

Data Mining and Predictive Analytics

Supervised learning — Regression




What is supervised learning?

Supervised learning is the
process of trying to infer from
labeled data the underlying
function that produced the labels
assoclated with the data



What is supervised learning?

Given labeled training data of the form
{(dataq,labely), ..., (data,,label,)}

Infer the function

f(data) s labels



Example

Suppose we want to build a movie
recommender

e.qg. WhICh of these films will I rate hlghest?

EAEY LDN AL,

UNRATED




Example

Q: What are the labels?

A: ratings that others have given to
each movie, and that I have given to
other movies
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Example

Movie features: genre, actors, rating, length, etc.

Product Details

Genres
Director
Starring

Supporting actors

Studio

MPAA rating
Captions and subtitles
Rental rights
Purchase rights

Format

Q: What is the data?

A: features about the movie and the
users who evaluated it

Science Fiction, Action, Horror
David Twohy
Vin Diesel, Radha Mitchell

Cole Hauser, Keith David, Lewis Fitz-Gerald, Claudia Black, Rhiana Gr
Angela Moore, Peter Chiang, Ken Twohy

NBC Universal

R (Restricted)

English Details ~

24 hour viewing period. Details ~

Stream instantly and downlead to 2 lecations Details ~

Amazon Instant Video (streaming online video and digital download)

User features:
age, gender,
a.philips  |Ocation, etc.

Reviewer ranking: #17,230,554

90% helpful

votes received on reviews
(151 of 167)

ABOUT ME
Enjoy the reviews. ..

ACTIVITIES
Reviews (16)
Public Wish List (2)
Listmania Lists (2)
Tagged Items (1)



Movie recommendation:

f(data) s labels

. ? .
f(user features, movie features) — star rating



Design a system based on prior
knowledge, e.g.

def prediction (user, movie) :
1f (user[lage’] <= 14):
1f (movie[ ‘mpaa rating’]) == “G"):
return 5.0
else:

return 1.0
else 1if (user[‘age’] <= 18):
1f (moviel[ ‘mpaa rating’]) == “PG"):
return 5.0

Is this supervised learning?



Solution 2

|dentify words that | frequently mention in my social media
posts, and recommend movies whose plot synopses use

similar types of language
Social media posts

. LY Julian McAuley
Plot synopSIS \n | December21,2014 at3:52pm- M w
Sigh... I just had my muscles described as "not convincing” in the
departmental newsletter. Time to go crawl into a hole and die | suppose.

Is this supervised Iearnmg? bes

TCH BLARK

i i e T e ) o G S S e e e

in the shadows wamng to attack in the dark, and the planet is rapidly plunging into the utter

Computer Science and Er

RU it CSE Celebrates 2014 with Party, Festive Skits by Staft,
Students and Faculty | Computer Science...

The 2014 end-of-year department potluck holiday party (righty and CSE Holiday Skits
took place Friday, December 12, and the mood was predictably festive. After the...

“ " n n T E n CSEUCSD.EDU

Like - Comment - Share
7 Michael Nguyen Taylor, Melanie Carmody, Javen Qinfeng Shi and 2 others like this.

Katie Louise Down After you've eaten some more chicken breast
December 21, 2014 at6:08pm - Unlike - o 1

Melanie Carmody Oh nol what happened to the burrito diet?
December 22, 2014 at 12:08am - Like

argmax similarity(synopsis, post) =

December 22, 2014 at 10:42am - Like -2 1

Write a comment



ldentify which attributes (e.q. actors,
genres) are associated with positive
ratings. Recommend movies that
exhibit those attributes.

Is this supervised learning?



Solution 1

(design a system based on prior
knowledge)

Disadvantages:
« Depends on possibly false assumptions

about how users relate to items
e Cannot adapt to new data/information

Advantages:
* Requires no data!



Solution 2

(identify similarity between wall
posts and synopses)

Disadvantages:
« Depends on possibly false assumptions

about how users relate to items
 May not be adaptable to new settings

Advantages:
« Requires data, but does not require labeled

data



Solution 3

(identify attributes that are
assoclated with positive ratings)

Disadvantages:
«  Requires a (possibly large) dataset of movies

with labeled ratings

Advantages:

* Directly optimizes a measure we care about
(predicting ratings)

« Easy to adapt to new settings and data



Supervised versus unsupervised learning

Learning approaches attempt to
model data in order to solve a problem

Unsupervised learning approaches find
patterns/relationships/structure in data, but are not
optimized to solve a particular predictive task

Supervised learning aims to directly model the
relationship between input and output variables, so that the
output variables can be predicted accurately given the input



Regression

Regression is one of the simplest
supervised learning approaches to learn
relationships between input variables
(features) and output variables
(predictions)



Linear regression

Linear regression assumes a predictor
of the form

X0 =y

N

matrix of features vector of outputs

(data) unknowns (labels)
(which features are relevant)

(or Ax = b if you prefer)



Linear regression

Linear regression assumes a predictor
of the form

X0 =y

Q: Solve for theta
A: 0= (XTX)"t1XTy



Example 1

How do preferences toward certain
beers vary with age?



Example

Beeradvocate

BA SCORE THE BROS Ratings: 9,587
100 95 Reviews: 2,537
rAvg: 4.59
world-class world-class pDev: 9.59%
Wants: 2,109
9,587 Ratings (view ratings) Gots: 4,563 | FT: 472
Brewed by:

Goose Island Beer Co. [H
Tllinois, United States

Style | ABV
American Double / Imperial Stout | 13.80% ABV

Availability: Winter

Notes/Commercial Description:
60 IBU

(Beer added by: drewbage on 06-26-2003)

Displayed for educational use only;
do not reuse.

Ratings/reviews:

User profiles:

4.35/5 ev-5.2%
look: 4 | smell: 4.25 | taste: 4.5 | fecl: 4.25 | overall: 4.25

Serving: 355 mL bottle poured into 2 9 oz Libbey Embassy snifter ("bottled on: 08AUG14 1109").

Appearance: Desp, dark near-black brown. Hazy, light brown fringe of foam and limited lacing; no

head.
Smell: Roastad malt, vanilla, and some warming alcohal. [ Jul 12, 2014

175 Todayat 12:19 AM
Taste: Roasted malts, cocoa, bumnt caramel, molasses, vanillz and dark fruit. Bourbon barrel is hinted 108

at but never takes over.
Mouthfesl: Medium to full body and light carbonation with a very lush, silky smooth fesl.

Overzll: Mot as complex or intense as some newer barel-aged stouts, but so smoaoth and balancad
with all the elemeants tightly integratad.

HipCzech, Yesterday at 05:38 AM



Example 1

50,000 reviews are available on
http://jmcauley.ucsd.edu/cse190/data/beer/beer 50000.json
(see course webpage)

See also — non-alcoholic beers:
http://imcauley.ucsd.edu/csel90/data/beer/non-alcoholic-beer.json



http://jmcauley.ucsd.edu/cse190/data/beer/beer_50000.json
http://jmcauley.ucsd.edu/cse190/data/beer/beer_50000.json
http://jmcauley.ucsd.edu/cse190/data/beer/non-alcoholic-beer.json
http://jmcauley.ucsd.edu/cse190/data/beer/non-alcoholic-beer.json
http://jmcauley.ucsd.edu/cse190/data/beer/non-alcoholic-beer.json
http://jmcauley.ucsd.edu/cse190/data/beer/non-alcoholic-beer.json
http://jmcauley.ucsd.edu/cse190/data/beer/non-alcoholic-beer.json
http://jmcauley.ucsd.edu/cse190/data/beer/non-alcoholic-beer.json

Example 1

Real-valued features

How do preferences toward certain

beers vary with age?
How about ABV?

(code for all examples is on http://jmcauley.ucsd.edu/cse190/code/lecturel.py)



http://jmcauley.ucsd.edu/cse255/code/lecture1.py
http://jmcauley.ucsd.edu/cse255/code/lecture1.py

Example 1

Real-valued features

What is the interpretation of:
0 = (3.4,10e7)

(code for all examples is on http://jmcauley.ucsd.edu/cse190/code/lecturel.py)



http://jmcauley.ucsd.edu/cse255/code/lecture1.py
http://jmcauley.ucsd.edu/cse255/code/lecture1.py

Example 2

Categorical features

How do beer preferences vary as a
function of gender?

(code for all examples is on http://jmcauley.ucsd.edu/cse190/code/lecturel.py)



http://jmcauley.ucsd.edu/cse255/code/lecture1.py
http://jmcauley.ucsd.edu/cse255/code/lecture1.py

Example 3

Random features

What happens as we add more and
more random features?

(code for all examples is on http://jmcauley.ucsd.edu/cse190/code/lecturel.py)



http://jmcauley.ucsd.edu/cse255/code/lecture1.py
http://jmcauley.ucsd.edu/cse255/code/lecture1.py

Example 3

Random features

What happens as we add more and
more random features?

(code for all examples is on http://jmcauley.ucsd.edu/cse190/code/lecturel.py)



http://jmcauley.ucsd.edu/cse255/code/lecture1.py
http://jmcauley.ucsd.edu/cse255/code/lecture1.py

Exercise

How would you build a feature
to represent the month, and the
Impact it has on people’s rating

behavior?



CSE 190 — Lecture /

Data Mining and Predictive Analytics

Regression Diagnhostics




Exercise (from Tuesday)

How would you build a feature to
represent the month?

« {"Jan": 1, "Feb": 2, "Mar": 3, "Apr"”: 4, "“May": 5, “Jun”: 6,
...}Imon]?

 Jan =[1,0,0,0,0,0,0,0,0,0,0,0

Feb = [0,1,0,0,0,0,0,0,0,0,0,0]

Nov = [0,0,0,0,0,0,0,0,0,0,1,0] (etc.)

« Jan =1[0,0,0,0,0,0,0,0,0,0,0]

Feb =[0,0,0,0,0,0,0,0,0,0,1]

Mar = [0,0,0,0,0,0,0,0,0,1,0] (etc.)

Any benefit of one vs. another?



What does the data actually look like?

Season Vs.
rating (overall)

Average rating

3.835

3.830

3.825

W
oo co
= (\]
(@1 <

3.810 -

3.805

3.800

Seasonal trends

JFMAMJJASONDJ
Time of year



Regression — recap

Regression is one of the simplest
supervised learning approaches to learn
relationships between input variables
(features) and output variables
(predictions)



Linear regression — recap

Linear regression assumes a predictor
of the form

X0 =y

N

matrix of features vector of outputs

(data) unknowns (labels)
(which features are relevant)

(or Ax = b if you prefer)



Linear regression — recap

Linear regression assumes a predictor
of the form

X0 =y

Q: Solve for theta
A: 0= (XTX)"t1XTy



Today: Regression diagnostics

Mean-squared error (MSE)

~lly — X013

= L5V (i — X; - 0)?



Regression diagnostics

Q: Why MSE (and not mean-absolute-
error or something else)



Regression diagnostics

Quantile-Quantile (QQ)-plot

Probability Plot




Regression diagnostics

Coefficient of determination

Q: How low does the MSE have to be
before it's “low enough”?
A: It depends! The MSE is proportional
to the variance of the data



Regression diagnostics

Coefficient of determination
(RA 2 statistic)

_ N
Mean: 4= x> ;¥
Variance: Var(y) = % Zf;\;(@ — i)



Regression diagnostics

Coefficient of determination
(RA 2 statistic)

PV = S5

(FVU = fraction of variance unexplained)

FVU({f) =1 - Trivial predictor
FVU({) =0 —— Perfect predictor



Regression diagnostics

Coefficient of determination
(RA 2 statistic)

2 1 _ MSE(f)
RE=1—-FVU(f)=1 Var (o)

RA2 =0 - Trivial predictor
RA2 =1 —— Perfect predictor



Q: But can't we get an R"2 of 1
(MSE of 0) just by throwing In
enough random features?

A: Yes! This is why MSE and R”2
should always be evaluated on data
that wasn’t used to train the model

A good model is one that

generalizes to new data




When a model performs well on
training data but doesn't
generalize, we are said to be
overfitting

Q: What can be done to avoid
overfitting?



"Among competing hypotheses, the one with
the fewest assumptions should be selected”

OCCAM'S RAZOR

Your theory is too complex

(image from personalspirituality.net)



Occam’s razor

X0 =y

"hypothesis”

Q: What is a “complex” versus a
“simple” hypothesis?



Occam’s razor

X0 =y

"hypothesis”

Q: What is a “complex” versus a
“simple” hypothesis?



Occam’s razor

Al: A "simple” model Is one where

theta has few non-zero parameters
(only a few features are relevant)

A2: A "simple” model Is one where

theta is almost uniform
(few features are significantly more relevant than others)



Occam’s razor

Al: A “simple” model is one where

ﬁ :
theta has few non-zero parameters HHH 1 Is small

A2: A “simple” model is one

where theta is almost uniform HQ H 2 Is small

(“proof” on whiteboard)



Reqgularization

Regularization is the process of
penalizing model complexity during
training

arg ming = ||y — X0[13 + A[|6]]3

f \

MSE (I2) model complexity



Reqgularization

Regularization is the process of
penalizing model complexity during
training

arg ming =

ol

y — X603

AlI6][3

How much should we trade-off accuracy versus complexity?



Optimizing the (reqgularized) model

argming = 7 [ly — X013 + A[|]]3
| |

|

f(0)

* We no longer have a convenient
closed-form solution for theta

* Need to resort to some form of
approximation algorithm




Optimizing the (reqgularized) model

Gradient descent:

1. Initialize 0 at random

2. While (not converged) do
0:=0—af'(0)

All sorts of annoying issues:

* How to initialize theta?

« How to determine when the process has converged?
* How to set the step size alpha

These aren't really the point of this class though



Optimizing the (reqgularized) model

Gradient descent in
sCIpy

(code for all examples is on http://jmcauley.ucsd.edu/csel190/code/lecturel.py)



http://jmcauley.ucsd.edu/cse255/code/lecture1.py
http://jmcauley.ucsd.edu/cse255/code/lecture1.py

Model selection

arg ming = 5 [ly — X013 + A[|]]3

How much should we trade-off accuracy versus complexity?

Each value of lambda generates a

different model. Q: |

ow do we

select which one is the best?



Model selection

How to select which model is best?

Al: The one with the lowest training
error?
A2: The one with the lowest test
error?

We need a third sample of the data
that is not used for training or testing



Model selection

A validation set is constructed to
“tune” the model’s parameters

 Training set: used to optimize the model’s
parameters

 Test set: used to report how well we expect the
model to perform on unseen data

 Validation set: used to tune any model
parameters that are not directly optimized



Model selection

A few “theorems” about training,
validation, and test sets

« The training error increases as lambda increases

« The validation and test error are at least as large as
the training error (assuming infinitely large
random partitions)

* The validation/test error will usually have a “sweet
spot” between under- and over-fitting



Homework

Homework is available on the course
webpage

http://cseweb.ucsd.edu/~jmcauley/cse190/homeworkl.pdf

Please submit it at the beginning of the
week 3 lecture (Apr 14)


http://cseweb.ucsd.edu/~jmcauley/cse190/homework1.pdf

Questions?



