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Administrivia

Week 5: Other ML models for classification
Week 6: Deep Learning

Homework 2 due yesterday
Up to Thurs 11:59PM with late days

HW3 Released today, due Tues 7/19 11:59PM
387 06085k oa B\WAWiIBalioW bréupiséof up to 2

for the programming part !
See Ed for information about group formation!

LR4 Due Fri 11:59PM




HW3
Walkthrough




Recap: Intro
to
Classification

Continuing from
LecS




Sentiment In our example, we want to classify a restaurant review as

Classifier positive or negative.

Sentence from e Classifier

review Model

Input: x Output: y
Predicted class




Converting
Textto
Numbers
(Vectorizing):

Bag of
Words

Idea: One feature per word!

MFfj RONSPBpi ganbd60j a6YUSj oNneoghse
as50000560] a89o35UUDONS D
h() h&
sushi | was | great | the | food | awesome | but | service | terrible
I S I R A B | l \ [

This has to be too simple, right?

Stay tuned (today and W)!d) for issues that arise and how to

address them J
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Attempt 3: Idea: Only predict the sign of the output!

Linear o )
Classifier 0 OAAT®QE 0 QA QLWL E(Q
(Another Linear Classifier Eoavver Excmple !
VleW) Input ax Sentence from review S core (x\ =l

¥ Compute Sw ¢ i6Q 9 -+

W o IfSmé (¢ 1™ & Threshold

W P
v Else:

w p




Decision
Boundary

Consider if only two words had non -zero coefficients

Word Coefficient

0

Weight

0.0

awesome 0

1.0

awful

Serwvice ausson
MUSIC awfu) '

(HptMd L Qi € PBIMOH O Q6 &

E—Swre 50 » J=+
P Hawesome



Classification
Error

Ratio of examples where there was a mistaken prediction

Ebj 00a6] BROA0] k& X

If the true label was positive (w  p), .
\s e o Ve
but we predicted negative (&0 p 2 Fase Nes

If the true label was negative ( w P)

) - .+’
but we predicted positive ( w P) 2 False Posit+ive

Classification Error P A
IT mista €S Z. :‘Li‘ls [ X

-
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Classification Accuracy = A
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For binary classification, there are only two types of mistakes
Confusion o phad p

Matrix w pho p

Generally we make a confusion matrix to understand mlstakes .

Cow\?\e\-c e senrence. ' m preb\c*\on NGCS A ..
Predicted Label

True Positive (TP)

True Label

True Negative (TN)

Cx
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Notation

Binary
Classification

0 0O 0 0
Measures 6 & 8 RO & 8
Error Rate True Positive Rate or
) ) Recall
— -’——'6
Accuracy Rate 0
0 0 Precision
0 0
False Positive rate (FPR) 5 6
0 F1-Score
0 01 QORYQHE &
False Negative Rate (FNR) ‘5T Qo QiYL O &
o)
6_

See more!


https://en.wikipedia.org/wiki/Confusion_matrix

Precision &
Recall

Two particularly important metrics in binary classification are:

Precision: Of the ones | predicted positive, how many of them
were actually positive?

How precise is my model in its predictions?
TP /(TP + FP)
VR
> Avna OU Prec)-’c-\'d Yo be posrive

Recall: Of all the things that are truly positive, how many of them
did | correctly predict as positive?

How good is your model at recalling the patterns in the
training data?

TP /(TP + FN)
A~
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Precision What fraction of the examples | predicted positive were correct?

Sentences predicted to be posﬂw& ool \aboels

w P L —

T° = | Easily best sushiin Seattle. v
FP | [emmre s miaok i Only 4 outof 6
TP [ e el 7 Sentences
FP 9| The service is somewha hectic. ? B F)rajlc:tecl to be
7 S| Teathmrmmeds [/ postiveare
TP _9| All the sushi was ddicious ‘/ a-\’tUdly pOStlve

B0 et = _

°© 0 o+ 2




Of t_h_e tr:ly positive examples, how many were predicted achwe) Vool
positive? Predicted postiveR=+1
[ Ezsily best sushiin Seattle. &l&Tp

The seaweed sdad was just OK,
vegetable sdad was just ordinay.

| like the interior decoration and the. C’-TP

blackboad menu on he wall.

Sentencesfrom
al reviews
for my restaurant

| The service is somewha hectic.

|
The sushiwas amezing, and L—.'TP

therice is just outstanding.

| All the sushi wasdelicious C’T P
Predicted negative R=-1

The seaweed sdlad was just OK,
vegetable sdad was just ordinay.

™ @) & €
Tr ue OS t | ve [ Theseniceis somewhat hertic. |
p

My wifetried ther ramen and

Smten C% : L= + 1 it waspretty forgetable.
yl | The service was pafect. &I e" F M

-
-

e . 0 0 Y )
I Qe — = -
0 6 o) . (A




Precision & There is a tradeoff between precision and recall!
Recall

An optimistic model will predict almost everything as positive

High recall, low precision

A pessimistic model will predict almost everything as negative @

High precision, low recall

Want tofind many postive

sentences, but minimizerisk of

incorrect predictiond ! (X ] ’

Findsfew postive Findsall postive sentences,
sentences, butindudesno butincdludesmany false
false postives postives




Multiclass
Confusion
Matrix

True Label

w of peop't I
were \"e“\\'kl e
Consider predicting (Healthy, Cold, Flu) e“a:ag& Yo "Eia
Ar P@_o(;\c w\Wo

e alhs
“é‘gg: cred \f\zcs\\'\a\' Predicted Label

Healthy

Healthy

S8
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0 Il h Suppose we trained a classifier and computed its confusion matrix
Po Everyw ere on the training dataset. Is there a class imbalance in the dataset
and if so, which class has the highest representation?

Think & Predicted Label

Pupper Doggo Woofer

1 min

True Label

pollev.com/cs416




Suppose we trained a classifier and computed its confusion matrix
0 Poll Everywhere on the training dataset. Is there a class imbalance in the dataset
and if so, which class has the highest representatlon’?
Think & Predicted Label ‘739’0 A°‘b3°

'L-‘% no Wbl

2 min Doggo Woofer

True Label

pollev.com/cs416




Logistic
Regression

19



Can we use
MSE for
classification
task?

w, X0 9 = s'\gvx(gwe( w, (B awesonme) =S (Haw Cu\ﬂ)

\n-,_(r)
#awf

One idea is to just model the processing of finding 0 based on

what we discussed in linear regression using MSE 5
, s Iz’\);: sign(Score(*}\
0 AOC;Ié—EI\J{oo w}
— N\~
Will this work? \osslervovr

Assume Q(w) ML Qi ésadXis its coefficient and U is fixed.

w, \arge
P loss / error

4+  Coax =g
Gra&i{}‘
P Des cdnr

» U

4 E #Hawesome g

h, (D



Quality
Metric for
Classification

Ub8§6+i MBNYaaBygeOoOYaBiYsaaoco8OYU
The outputs are discrete values with no ordered nature, so we

need a different way to frame how close a prediction is to a
certain correct category

The MSE loss function for classification task is not continuous,
fFO998U8200] ONs§B8YUBOYa2058FfNeayvYeos
algorithm like Gradient Descent to find an optimal set of

weights

Note: Convexity is an important concept in Machine Learning. By
minimizing error, we want to find where that global minimum is,
j 2f B0bj 0caBOf§j N6D2B8j 8OYa0ds58i 6y gecC

§800a6yUj] R§560p20aBIUYONSRBED2808URS



Probabilities

?(\l;+\ \)‘\
& y= )

P(y=-\1)
5 y < -\

P(y1x)=

P(\/=’l \Y\) PV‘O\:Qy\'\\")--I ey Yhe AFrue \obe\ 'S
()os‘awe 'Qc\r >

Assume that there is some randomness in the world, and instead
will try to model the probability of a positive/negative label.

Examples: P(\’;ﬁll)‘\«- P(\/—_,—\ \x\:ﬂ_
mMuUbs8B8AaganoeLllesdslUobOaYBsNaseoOsUs
Definite positive (+1)

~

o(o’) p » O°YRA I WD QI & QAVWD Qi @6)('91‘[&)0)

nUbéBégébDGC)i a6 J\IUOYDQI‘IBQD%G&@:DE‘)O
Not as sure

U(w p & OYRA i CHQ WA uusmm@a); ®

Use probability as the measurement of certainty
5 dmo



Probability
Classifier

|dea: Estimate probabilities 0(¢jc) and use those for prediction

Probability Classifier
Input ca Sentence from review
Estimate class probability 0 @  pv
F0(0  plo) T E—tnveshold
w P
Else:
w P

Notes:

Estimating the probability improves interpretability.
Unclear how much better a score of 5 is from a score of
3. Clear how much better a probability of 0.75 is than a
probability of 0.5



Connecting dea:§ 8§ 0 0ca6oUUBQYBE UBMNIBBO b p0 | NG§ 6
Score &
Probability

#awful R R .
What if "Yw €(w) '@ positive?

TE Scoveln) > Ol

Fhern we  woant
A
P(\I: *\ \A >0S

What if "Y® &(6)'® negative?
TE Seore (%) &0,
HAen we Loow

PGz vV IDLOS

- - >
3 4 E #awesome B
What if "Yw €(0) © 0?

e(y:-&-\ \N=0.T




YOE(RIQ 0 Tw)

Connecting « .
Score & I*b © P n © P b
- | |
Probability ! ! !
| | |
| | |
\ 4 4 \4
Very sure Not sure if Very sure
W P W peé iw P W p
\ | /
\ | /
\ | /
\ I /
\ I /
\ v 4

0@ px) m 0@ pw) ™ O(@ p) P




< (’°°1°'°3

LOgiStiC Want : a function that takes numbers arbitrarily large/small and
. Nce
Function maps them between 0 and 1. p ‘w:?",‘__’.\
[ "QQa (éY'@’Q [NY ) - 5‘3"“’\') (-y) =
p Q X
|- Sigmal %)
"Y€ Qi Q06 EYQE()Q
1.0
" O _os|
v
O
C Y 0.6}
0.1 <
204/
i
0.6 @0.2
" 1.0




P
p Q

Logistic
Regression

0(w plofy) i QQIEYQE(H)IP
Logistic Regression Classifier
MOdeI Input wx Sentence from review
Estimate class probability 0(®  plaid) | "QQa & (M)

fOo(w plad) T®:
w P

=
(=)

Else:
w p

o o
o co

1
14 e—W ' h(x)
o
N




Ply=+1\x,w) = Siameid (score ()

@ Poll Everywhere o |
What would the Logistic Regression model
_ predict for  [F(¢ |eh> 2
Think & A pil gaboe0j A6YUs] 6MB G
0bs§6asU0D00560] a80sU
1 min a)
b) i QQAE QAT ¢
c) T®
a) i QQAE)IQe Y
e p
food | awesome | but | service | terrible

1 1 1 1 1

C« O

O w

Word Weight
Osgélsgl‘v'r' B[O T? 6]
was T
great P

the T
food L1
awesome C

but T
service T
terrible p




P(\/:+\ \%,w\ = S:gw\m’é (scowe(ﬂ}

@ Poll Everywhere o |
What would the Logistic Regression model
2q predict for  |H(« |oh> ? Word
Group &7 A p1Gab060O| 46YV0S| QN6 QDS BIYTTS
ob36as0d00860] a6osUUIPDNS
2 min a) - Sceve = ' bc) was
b) i QQAEE QO TH ¢ = ‘\'\ Y2t great
- . (
c) Ti® = the
d) i QQaE)Qed Y food
e
) P awesome
but
service
food | awesome | but | service | terrible
texcible
1 1 1 1 1




@ Poll Everywhere

Group 252

2 min

a) T
c) Ti®

e) p

P(y: -\ \)‘,UD

Ply=+11#,0) = sigmerd (scorel))

What would the Logistic Regression model

predict for  [-(¢_ |oho 2 Word Weight
A pi gabd60Oj aevyUs] oneobs 9FYro©j&61
0bsB8asUd00880] a60380UOPNSD n
Scove = S (%) | was T
\/’) [ QQaE QT ¢ i ‘\.\ "L grea p
- . l
r e, [3Y 14 r e, ) : L the .'-[
d) 1 QQaE)QeR Y food 18
awesome q
Ply=+l\xu) = sigmoid 1)
but T
= \- P(‘/: +1 \x'“h service T
:\'S§5moia (’LB :
terrible p
= Sloym i A (,‘ﬁ




ML Pipeline

- Historical Bias
- Representation Bias

- Measurement Bias Optimization
algorithm




Show logistic demo (see course website)
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ML Pipeline

- Historical Bias
- Representation Bias
- Measurement Bias

[Ce

Optimization
algorithm




Quality

Metric =
Maximum

Likelihood
Estimate

35



\ -w Wl

“ e
_ - —w'h(#) P( ;:'\ | V"’) = =
Quality Metric Want to compute the probability of seeing our dataset for every
o . . ) A o
— leellhOOd possible setting fo_;cli;ulimd 0 tlleainakes data most likely!
<s \abe |
AR
Data Point "Q « Q ¢ ) Choose U to maximize
o o c p p B(o olo
o 0 C p O ple Fo
® ho o o 0 ?)(oo plo o
o o T o p 3(o ple> o

205y = Ly Lo, Plyg 10,0 - Pl Vo) Rl

= _[-‘Y P(y-‘ \ % ,-...)3




\\'ke\\'\noo)\ of seeing Nor givewn the Prcéidow 1 hig\

W\ %el\meph of Seeing NeSen oiewn pve dicrovr is \ow
Now that we have our new model, we will talk about how to
choose0 0 YBO560DSBMOSaogByD20p 06

The choice of 0 affects how likely seeing our dataset is

— >0.5% .
#ai/fu‘l'_ e(y=\») 160) 5% g i
E sz,e'?O
- .~ P
(W w h
©  ploB) —
cd ./ Lo Q
R 0(® plo ) '
BAO i P Q
i P(.‘/‘— *\,*,w\)()s
Crooo
/ - >
o 1 2 4 E #awesome

w \‘g\;\‘,ac)\ 'S Swaco Y\

—————




Maximum
Likelihood
Estimate
(MLE)

\og(o}ﬂ =\og(x) > \“30’)

Find the 0 that maximizes the likelihood

0 AOCIMP AOCI AD O

Generally, we maximize the log -likelihood which looks like

0 AOCIKP AOCIA®M) AOCI AT IGb|wh

Also commonly written by separating out positive/negative terms

6 AOCI Ao i( = ) i(p X )
* \f/\/\/ ¢ \_Jp\/\/

ooy, @ (y .\:*\ \xwd) \ oo, ?L\/ ==\ \», )

Sor pos yerms for  weq Yerwg




Likelihood vs
Error/Loss

In understanding how to measure error for the classification
problem, we want to understand how close a prediction is to
the correct class, which means we want to assign a high
probability for a correct prediction, and low probability for an
incorrect prediction

Likelihood and error are the inverse of each other:

Maximizing likelihood = Minimizing Error



SVT.PPCD

@ Poll Everywhere
Which setting of < should we use?
Thlnk & #awful ﬂéu( )) p T
4 o) pm
1 min = o
- o) pm
-
-
(! >
#awesome

pollev.com/cs416




@ Poll Everywhere

Group 252

1.5 min

pollev.com/cs416

ST PPCD

Which setting of  should we use?

#awful o) pm
4 o) pm
(W =l
w w
o’
o >
#awesome



Revisiting
Gradient
Descent /
Ascent

43



ML Pipeline o) v ] o {cie) _ -

- Historical Bias
- Representation Bias
- Measurement Bias

Optimization
algorithm

~—4a




|s Gradient No!
Descent
Really Used
In Linear
Regression?

ltcanbeM8 Ogo 6 2aac0B62280GU] O 2080

Linear regression has a closed form solution. The best
weights are:

14 FANE A

0 O W W

GY§gBfYao0B8288f80YBkaYOBODSEBY YUR
Is that for Linear Regression a closed-form solution, or a

solution we can write out with simple mathematical

expressions, exists.

This is not the case with Logistic Regression.
We must use Gradient Ascent/Descent !




Flndlng MLE No closed-form solution, have to use an iterative method.

Since we are maximizing likelihood, we use gradient ascent.




Gradient f0]F08206] a082060aB80bs6Aaj R568j asVyU

QbSE6DHD 08
Ascent ° NN
start at some (random) point 0 when 0 Tt
whil e we havendt converged
0 N 0 - o)

%@“ARW\. oL kkekhood

oN o p

\ eav'v\\'n& raole

This is just describing going up the hill step by step.

— controls how big of steps we take, and picking it is crucial for
how well the model you learn does!




Learning
Curve

_26DDD T T T T

—28000+

—30000+

—32000+

—34000+

—36000 1

= step size=1.0e-05

Log likelihood over all data points

0 10 20 30 20 50

—38000 '

# of iterations ¢ aradient ascent




Choosing —

Log likelihood over all data points

Step-size too small

—26000

—28000

—30000

—32000

—34000

—36000

= step size=1.0e-06
= step size=1.0e-05

—38000
0

10

20 30

# of iterations

40

50



Choosi ng — What about a larger step -size?

_26DDD T T T T

—28000
—30000
—32000
—34000
—36000

Log likelihood over all data points

—38000 |
= step_size=1.0e-05
40000 == step size=1.5e-05
—42000 ' ' ' |
0 10 20 30 40 >0

# of iterations




Choosi ng — What about a larger step -size?

Can cause divergence!

g
=
9 —50000¢ 1
S
© —100000 1
=
© —150000 f
S
_g —200000 = step size=1.0e-06 ||
9 50000 = step size=1.0e-05
% - I = step size=1.5e-05 ||
% 300000/ = step size=2.5e-05 ||
=5 = step size=1.0e-04
= —350000 ' : ' '

0 10 20 30 40 50

# of iterations




Choosing —

Unfortunately, you have to do a lot of trial and error L

Try several values (generally exponentially spaced)

Find one that is too small and one that is too large to narrow
search range. Try values in between!

Advanced: Divergence with large step sizes tends to happen at
the end, close to the optimal point. You can use a decreasing step
size to avoid this

- GNnne e\t ~S



Grid Search

We have introduced yet another hyperparameter that you have to
choose, that will affect which predictor is ultimately learned.

If you want to tune multiple hyperparameters at once (e.g., both a

Ridge penalty and a learning rate), you will need to try all pairs of
settings!

For example, suppose you wanted to try using a validation set
to select the right settings out of:

_N [m8t prpipfp tp minz S

- v [r@e npst rpfphi-| - ¢
You will need to train 30 different models and evaluate each
one!

Tren S:6=20 oS



SKI PLO

@ Poll Everywhere _ _
Match the below lines to the following labels:
nesd0UBmMOYDBES] UaDaVYBa] 08 p
Think & mnmOYbB§s] UsaDaYBAa] 08p
nf YYF6§8] UsaDaYBaj 0gs8p
ng§YOB88§8j UaDaYBA] 08 p

1 min

——

log likelihood

>

# iterations




ST PPCD

@ Poll Everywhere _ _
Match the below lines to the following labels:
Sg nééﬁoemo\?pégéjDaoa\?eajoép
Group &g anYb6§§erOeYBaioép
nf YYI 688 UasaDdeaVY6aj 08p
ng§YOB88§8j UaDaYBA] 08 p

2 min

——

log likelihood

>

# iterations




Likelihood vs. A
Loss

Very high learning rate

Low learning rate

Loss

High learning rate

= Good learning rate

Epoch #




Overfitting -
Classification

57



Lireav
More Features Like with,regression, we can learn more complicated models by
including more features or by including more complex features.

Instead of just using
Q@ MNOLQI ¢ aQ
Q@ ML Qo6 a

We could use
Q@ MNOLQi ¢ aQ
Q(w ML Qo &
Q@ ML QIG &
Q(w Mo "Qao
-




Decision
Boundary

Coefficient
Value
learned

0 "qwy

T8 0 PP C[a

ho(x) 1 0.23
hy(x) x[1] 1.12
h,(x) x[2] -1.07
4
3 o -
2' = = e L_}
— 1 = s o +
A TRyt
o= - + +
=352 3 21T 0 1 32 3

x[1]

x[2]

P8I X @

3504 =3 -2 -10 1 2 3

x[1]



Decision 0 T) PHY P® W@ T W@ T X[ TR P[G)

Boundary
e
Value
learned
ho(x) il 1.68
hy(x) x[1] 1.39
h,(x) x[2] -0.59
hs(x) (x[1])2 -0.17
hy(x) (x[2])? -0.96
4
3’ — =
2 - @ am -
~ 1= o +
X 0 s + + —+#
-1 - = +_+ +
- =+
-2 =
_3 _3

-5 -4 -3 -2 -1 0 1 2 3

-5 -4 -3 -2 -1 0 1 2 3
x[1] x[1]




Decision U Uy E
Boundary
earned
ho(x) 1 216
hy(x) x[1] 5.3
h(x) x[2] -42.7
hs(x) (x[1])? -15.9
h¥) (22 486 ] ]
holx)  (x[2]) -11.0 3 = - 3
heix)  ([2]) 67.0 2 g e 2
hix) () 15 3! i g g .
helx)  (x[2])* 48.0 o - TELo e a
hotx)  (x[1]) 4.4 -2 - + -
hyo(x) (x[21° -14.2 [ s B S 210 12
hyub)  (x[])° 0.8 A A
ha(x)  (x[2])° -8.6



Decision
Boundary

Coefficient
Value
learned

h(x)
hy(x)
h(x)

hy(x)
hi,(x)
his(x)
hya(x)

ha;(x)
hg(x)
hag(x)
hyol)

1
x[1]
x[2]

(x[1D)®
(x2])°
(x[1])’
(21’

(x[1])*
(x[2])*®
(x[1])%°
(2]

8.7
5.1
78.7
-7.5
3803

21.1
-2406

-2*10°¢

-0.15

-2*10®

0.03

x(2]

L dFo) E

4

3 - -

5 - TN -

1= L + -+

0 - + = il
=1 - == +_+ +
-3

-5 -4 -3 -2 -1 0 1 2

x[1]

3

x[2]

3—5 -4 -3 -2 -1 0 1 2 3

x[1]



@)V/<] rflttlng Just like with regression, we see a similar pattern with complexity

Classification

Error True
A Error
Train
Error
>
Low Complexity High Complexity

1.,\ +\is COSC, ComP\?\L}‘\'\' = ?o\\/nom'-a\
Ae%ree




Effects of
Overfitting

1+ @ w”h(x)

W 0 W 0 W 0
W#awesome +1 W#awesome +2 W#awesome +6
Waawtul -1 Wiawtul -2 Wiawtul -6
1.0 l.lJ_ 1.0 "b
0.8 0.8 0.8 I
i m—m e e S = ‘
0.6 < 06 = 06
0.4 ’ (% 04 3 o4 .
@ 5 |
0.2 : + 0.2 + 0.2
) — ; — :
ﬂ'n—-& —4 =2 li] ) 2 4 (1] 0.0_6 -4 =2 1] \ 2 4 1] c'u—-& =4 =2 0 .| 2 4 -]
#awesome - #awful #awesome - #awful : #awesome - #awful

What does this mean for our predictions?

Because the 'Y ¢ & ‘@ getting larger in magnitude, the
probabilities are closer to 0 or 1!



Plotting
Probabilities

P(y=+1|x)

-
X
—
+

P(y=




SWT PPCD

What ideas do you have for preventing overfitting in Logistic
Regression?

Think & (Many possible answers)

@ Poll Everywhere

0.5 mins




@ Poll Everywhere _ _ |
What ideas do you have for preventing overfitting in Logistic

&8 Regression?
Group £ Q (Many possible answers)

1.5 mins

S o8  in Regress o TN




Reqularization




L2 Regularized Just like in regression, can change our quality metric during
LOgiStiC training to lower the likelihood of learning an overfit model

Regression 0 AC“DG\%O)/ _|101]

S wWhFra e  N\e Pen AL 7
o \ oot o6 =
c::ﬁ"l‘c‘:e‘:‘fts 3170 to 3803 8.04t012.14 0.70t0 1.25 0.13t0 0.57

Decision

H
H

Learned
probabilities

Ply=+1{x)

Py=+100)




Some Detalls

Why do we subtract the L2 Norm?
0 AO@Id) _|u]]

How does { impact the complexity of the model?

Some. S Qi‘c)oﬁ

How do we pick {7

Validarion C\/

/



Coefficient 0

Coefficient Path: 3 — ' — best — this
L2 Penalty 5| — disappointed — awesome review ||
— hate — )

0 100 200 300 400 500 600




Other
Regularization
Penalties?

Could you use the L1 penalty instead? Absolutely!

0 AOCIimP _|v]|

This is L1 regularized logistic regression

It has the same properties as the LASSO

Increasing _ decreases ||0 ||

The L1 penalty favors sparse solutions



@ Poll Everywhere

Think &

1 min

Max wants to find the best Logistic Regression model for
a sentiment analysis dataset by tuning the regularization
parameter _N 1ip Tt Ip U Iphp Ttand the learning rate
—N pThp . He does the following:
Runs cross-validation on _ to get the best value for
the regularization parameter.
For that value of _, run cross-validation on — to get
the best value for the learning rate.

After running this procedure, he is convinced he has the
best Logistic Regression model for his dataset, given the
hyper-parameter values he wanted to test.

What did Max do wrong?



@ Poll Everywhere

Max wants to find the best Logistic Regression model for
Q Q a sentiment analyvsis davltasetvby tuning the regularization
GI’OUp gg parameter _N tip 1 hp 1 hphp mtand the learning rate
—N pmipmhp mh m . He does the following:
Runs cross-validation on _ to get the best value for
the regularization parameter.
For that value of _, run cross-validation on — to get
the best value for the learning rate.

2 min

After running this procedure, he is convinced he has the
best Logistic Regression model for his dataset, given the
hyper-parameter values he wanted to test.

What did Max do wrong?




Theme: Detalls of logistic classification and how to train it
Ideas:

Predict with probabilities

Using the logistic function to turn Score to probability

Logistic Regression

Minimizing error vs maximizing likelihood

Gradient Ascent

Effects of learning rate

Overfitting with logistic regression
Over-confident (probabilities close to 0 or 1)
Regularization




