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Recap

* Last time we talked about supervised learning with the example of
linear regression.

* Models have parameters, ¢, that we want to choose for a best
possible mapping between input and output training data

* Aloss function or cost function, L|d], returns a single number that
describes a mismatch between f[x;, d]and the ground truth
outputs, y;j.



Plan for Today

* Maximum likelihood approach

* Deriving common loss functions
* Real-valued univariate regression
* Binary classification
* Multiclass classification
* Multiple outputs (if extra time)

 Connections to cross entropy (if extra time)



How do we choose a loss function?
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Univariate and Multivariate Regression
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Binary Classification
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Multiclass Classification
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So far, we thought about
fitting a model to the
data...




Plan for Today

e Use cases for loss functions

* Deriving common loss functions
* Real-valued univariate regression
* Binary classification
* Multiclass classification
* Multiple outputs (if extra time)

 Connections to cross entropy (if extra time)



Competing Takes on Loss Functions

1. How bad are my model estimates on average”?
* Model predicts a specific value.
* Loss function compares that value to the ground truth.

2. How likely did my model think the actual result was?

* Model predicts a probability distribution.
* Loss function checks likelihood of ground truth from that distribution.
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Suppose we fit a probability
model to this data, and outputs
conditional probability
distribution

Pr(y|x = 2.8)

Isn’t this a better fit for the
reality?
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Probability Approach Suggests
Maximum Likelihood Estimation

* In statistics, maximum likelihood estimation (MLE) is a method of
estimating the parameters of an assumed probability distribution,
given some observed data.

* This is achieved by maximizing a likelihood function so that, under the
assumed statistical model, the observed data is most probable.
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How do we do this?

* Model predicts a conditional probability distribution:

Pr(y|x)

over outputs y given inputs x.

* Define and minimize a loss function that makes the outputs have
high probability.
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How can a model predict a probability
distribution? =» Parametric Models

1. Picka known distribution (e.g., normal distribution) to model outputy
with parameters 6.

e.g., the normal distribution 6 = {1, 0%} why? b rquse Morny /mast
T error s butions
leo e VPpoxiwertely rormmel .

Pr(y)

; a\o mokhemot, cally CoOrvauvent

y
2. Use model to predict parameters 6 of probability distribution.
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Maximize the joint, conditional probability

* We know we picked a good model and the right
parameters when the joint conditional probability is high
for the observed (e.g. training) data.

Pr(yl) Y2, '"»yll X1, X2, ""xl)
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Two simplifying assumptions

Identically distributed (the form of
the probably distribution is the
same for each input/output pair)
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Maximum likelihood criterion

lasts lidle
- ]
Pick mode ( . d
purametess P @ = argmax H Pr(y;|x;) 6;are the parameters of the
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% ke, hood
When we consider this probability as a function of the
parameters ¢, we callit a likelihood.
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Practical Problem: | i e ssall £ £loatiag peint

L W
b = argmax | [[ Priviltixa)| 0 F
=1 ¢ >

pro baby (iies, 50 1 EDJJ-":l

* The terms in this product might all be small, 0 < Pr(:) <1

* The product might get so small that we can’t easily representitin
fixed precision arithmetic
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The log function is monotonic oy (TT (?LD
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Maximum of the logarithm of a function is in the same place as maximum of
function
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Maximum log likelihood
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Minimizing negative log likelihood

* By convention, we minimize things (i.e., a loss)

qAb = argmax
@

= argmin
¢

= argmin
@

i log {PT(Yﬂf[Xu ¢])]_

L 1=1

1=1

[W]}

_ i log [P’F(ng f1x;, Cb])} |
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Inference ;
?raau:-‘f' l

N0 e uvs M ean
* But now we predict a probability distribution )
We need an actual prediction (point estimate) <
* We need an actual prediction (point estimate
P (P ) mormal ol isdr; burtion

* Find the peak of the probability distribution (i.e., mean for normal)

Pr(y)

y = i = argmax[Pr(y| f[x, ¢])]]
y ;
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Recipe for loss functions ... o ot pnts,

1. Choose a suitable probability distribution Pr(y|@) that is defined over the domain
of the predictions y and has distribution parameters@ aw-l-'[;wf' £ meocle [

2. Set the machine learning model f|x, ¢| to predict one or more of these parameters
so 0 = f[x, ¢| and Pr(y|@) = Pr(y|flx, ¢]).

3. To train the model, find the network parameters q;b that minimize the negative
log-likelihood loss function over the training dataset pairs {x;,y;}:

I
¢ = arginin |L|o]] = arg;nin [— Z log [Pr(yi\f[xi, gb])]} : (57) f
u i=1 J - Mogr kel heoel

4. To perform inference for a new test example x, return either the full distribu-
tion Pr(yl|flx, ¢|) or the maximum of this distribution.
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Plan for Today

* Use cases for loss functions
* Maximum likelihood approach
* Deriving common loss functions

* Binary classification
* Multiclass classification
* Multiple outputs (if extra time)

 Connections to cross entropy (if extra time)
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Example 1: univariate regression

Real world input

6000 square feet,
4 bedrooms,
previously sold for

$235K in 2005,
1 parking spot.

Model
Input

6000 |

—> | 235 —»

2005

Model

Model
output

Supervised learning
model

—> [340—>

Real world output

Predicted price
is $340k

25



Example 1: univariate regression

1. Choose a suitable probability distribution Pr(y|@) that is defined over the domain
of the predictions y and has distribution parameters 6.

* Predict scalar outputy € R 15
e Sensible probability |
distribution: 104
—2 Normal distribution ;‘% |
1 (y — p)?
P — _ 0.5+
T(y‘ff’ 7) = o [ 20
T t
Mear  eriance e R )

UWSwal -qulq Lor 0.0%
S :5—%;&.&214. PDE ot normal OLrB'i'ﬁ\m-huh

N O
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Example 1: univariate regression

2. Set the machine learning model f]x, ¢] to predict one or more of these parameters

so 0 = f[x, ¢| and Pr(y|0) = Pr(y|flx, ¢]).

1 (y — 1)7
Pr(ylu, o) = exp {
202 202 In this case,
/ just the mean
1 (y — flx, 9])°
Pr(ylf ) = ’
(ol 8).0%) = - exp |-

Just learn the mean, u, and assume th varia{lce Is fixed,.
-
Simpled Mec\ e\ =y MW 27



Example 1: univariate regression

3. To train the model, find the network parameters ¢ that minimize the negative
log-likelihood loss function over the training dataset pairs {x;,y;}:

MU&C'&I’#&.M/Q
d & . P 5]
Ll = =3 los [Prlul alo] < T ns
SN (i~ i, )] ]2 POV
- 1 - = & ond;Hionci)
; Og {V oma? { 207 H %paﬁb;uy

28



29



Qa,
1 (yz-—f[xz-,cb])?m
exp | —
Z 2%02] , [ 202
] L(l ~S

; ;[:Zi,qs])?m

logla - b] = log|a| + log|b)



qAﬁ = argmin

= argmin

= argmin
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¢ = argmin
&

= argmin
&

= argmin
&

Just a constant
offset

10

..
10,

" 10
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&5 = argmin
&

= argmin
&

= argmin
&

= argmin
&
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¢ = argmin
&

= argmin
(o))

= argmin
&

= argmin
&

Justdividingbya _

positive constant

I..
0,
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b = |V 2mo2

— argmin - 2 e Vo) o[ [ W”]

b = sxgmin |~ log [ exp[_(yz“f[xi’q”)zm

= argmin | — Z log

b 1 vV 2mo2 a,Sﬁurr*l;QJ nomai |7 |
& (1% )’ digtributed probubilieg
. — x-’ . -
= argmin —Z— Yi 20; } ‘F;xe.c[ UOr iyhce O &
¢ | =1
- g c..//
— argénin Z(yz — f[xi: ¢])2:| : « Least squares!
1=1 (-
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Least squares Negative log likelihood

a) >y — flas, @) = 0.19 c) =210 [Priyilflz:, ¢],0%] = —6.57

Pr(y;|f[1.19, ¢], 02)

Pr(y;|1{0.46, ¢], )

0.0 T T T T T T T T T 0.0 T T T T T T T T T
0.0 1.0 2.0 0.0 r}\ 1.0 2.0
Input, x ( Input,
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Least squares Maximum likelihood

b) S (yi — fls, ¢])? = 10.22 d) — >, log [Pr(y;lflz:, ¢],0%] = 497.37

O NS
N
N

00 10 20 00 10 2.0
Input, x Input,
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Example 1: univariate regression

tion Pr(y|f[x, ¢]) or the maximum of this distribution.

4. To perform inference for a new test example x, return either the full distribu-

Full distribution:
Pr(ylfx, ¢], 0%) =

(y — flx, ¢])2]

exp |-

Pr(y)

Max probability:
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Estimating variance

* Perhaps surprisingly, the variance term disappeared:

. < 1 (v — flxi, 9])?
¢ = argmin -— ZZ:;log [\/72 exp _— 5,2 ”

¢

= argmin Z(yz — fx;, ¢]>2]

¢ |li=1
L Flced varance,

ot OLL5+ Sl FLs + rescules

-’-03 ?{I‘b‘t‘&.
Does not E,lf\&v&ﬁt. ortder orchoce,
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Estimating variance

* But we could learn it during training:

v . - 1 (yi — %, #])*
O, 6% = arf,lgm [ Z':leog [ G exp [— ”

* Do gradient descent on both model parameters, ¢, and the

variance, g*

o oL
9]0 do?
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Heteroscedastic regression

« We were assuming that the noise o2 is the same everywhere
(homoscedastic).

e But we could make the noise a function of the data x.

* Build a model with two outputs:
K= f1 :Xa ¢] ,
Squared to ensure it

2 i 2
o :M D is positive

A I 1 (y; — f1[x4, P])?
— argmin | — | o 7
® = argr { 2 log [ﬁm[xiw} 22, 6

41



Heteroscedastic regression

2.0

2.0

42



Example 1: Univariate Regression Takeaways

* Least squares loss is a good choice assuming conditional

distributions are normal distributions.
* The best prediction is the predicted mean.
* We can also estimate global or local variance.
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Plan for Today

e Use cases for loss functions
* Maximum likelihood approach

* Deriving common loss functions
* Real-valued univariate regression

* Multiclass classification
* Multiple outputs (if extra time)

 Connections to cross entropy (if extra time)
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Example 2: binary classification

Real world input

“The steak was terrible,
the salad was rotten, and
the soup tasted like socks”

> | 8634

Model
Input

[8672]
8194
9804

Model

8672

Model
output

Real world output

Supervised learning

model

both

’L198_ g

LJ

Maus

Negative

add kol
Hﬂmasff e n

£o,1\

« Goal: predict which of two classeg € {0,1} theinput x belongs to

45



Example 2: binary classification

1. Choose a suitable probability distribution Pr(y|@) that is defined over the domain
of the predictions y and has distribution parameters 6

* Domain: y € {0,1}
* Bernoulli distribution
* One parameter 1 € [0, 1]

L
Pebintion®’ B B
— Pr(y)) = {1 S
y f—
05 & ;Q_Qﬂ-ﬁ(\'m‘p\&

S S N A VR er( N = T e
WL by pne oy [ 4



Example 2: binary classification

2. Set the machine learning model f[x, ¢] to predict one or more of these parameters

so 8 = f]x, @] and Pr(y|@) = Pr(yl|flx, ¢]).

Problem: Pis Foo awgr;b[
* QOutput of most models can be anything ) .
* Parameter A € [0,_1& m“ﬂt E’."’@.z .::»-:::Z .
— want Lo 1]
. --\_\\‘—\_ e ——
Solution:
* Pass through function that maps "

“anything” to [0,1]
ov\so ?re'aerueorder. 7 %2
preserve Sense ot Nigh vs \ow.
50 MoNoYON . . 4



Example 2: binary classification

2. Set the machine learning model f|x, ¢| to predict one or more of these parameters

so 6 = f[x, ¢] and Pr(y|@) = Pr(y|flx, ¢]).

Problem:
* Qutput of neural network can be anything
 Parameter A €[0,1]

Solution:

* Passthrough logistic sigmoid function
that maps “anything to [0,1]:

1
1 4 exp|—2z]

l'-''''‘'‘-l--..________...---—-—_'i-ll"

sig|z] =

sig|z]

1+exp|—

z]

S0

0.0
-5

N O

48




Example 2: binary classification

2. Set the machine learning model f[x, ¢] to predict one or more of these parameters

so 8 = f]x, @] and Pr(y|@) = Pr(yl|flx, ¢]).

2 < evdous clever veisir

AT 55[—?{&,;!5]1

Pr(ylA) = (1 -2\

Pr(yx) = (1 —sig[f[x|a]])' ™ - sig[f[x]|¢]]”

49



Example 2: binary classification

a) 4.0 b) c) 10
T w
= ) > i
£ o.o: ) E{o.5:

sig [f[z, @] |

- Pr(z) ~
N
|
w S
S

40 b b-—"b e ——— 0.0 ] .........



As PCc,arrec{'b ) l
C,Pfc.arreca)

Example 2: binary classification ey
~ (Pfﬂnrrecﬂ')) =D
% pos —_— )

- ]
3. To train the model, find the network parameters ¢ that minimize the negative

log-likelihood loss function over the training dataset pairs {x;,y;}:

Mod@‘ +m1ﬂlf‘d z

F[O l) < F(O c“’l)d) = argmm [L[o]] = argmm [ ZL(:%[PT yi|f[x:, ])]} : (5.7)
[ ‘) - L 0. Qt'f =1

700 > %) /

)LV siglifx|gl]t @vther yior 17

oy (D > (20,95, T TWIX) = (1 = siglilx|@] S
%1 —> / 4 ( /P)’/\ - fly=4
=3 (1Y) tog 1 — siglffil ) — i log [sigltixi| ) = Z - log(flesre

1=1

Also called binary cross-entropy loss as it is result
from cross-entropy loss calculation — discussed 51
later.



Example 2: binary classification

4. To perform inference for a new test example x, return either the full distribu-
tion Pr(yl|f]x, ¢]) or the maximum of this distribution.

a) 4.0 b) c) 1.0
S ] , CNE
- i , i $ )
500 : 05 , \
. ' o
R
O I S S S — —_— 7
0.0 10 2.0 %0 10 2.0
Input, Input,

Choose y = 1 where A is greater than 0.5, otherwise 0
And we get a probability estimate! 52




Example 2: Binary Classification Takeaways

* Binary cross entropy loss as the loss function

* Threshold to get prediction
* We also get a probability or “confidence value”

53



Plan for Today

e Use cases for loss functions
* Maximum likelihood approach

* Deriving common loss functions
* Real-valued univariate regression
* Binary classification

* Multiple outputs (if extra time)
 Connections to cross entropy (if extra time)

54



Example 3: multiclass classification

Model
Input

Real world input

[124]
140
156

142
157

Model

128 >

Supervised learning
model

Model
output

0.89

Real world output

Bicycle

Goal: predict which of Kclasses y € {1, 2, ..., K} the input x belongs to.
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Example 3: multiclass classification

1. Choose a suitable probability distribution Pr(y|@) that is defined over the domain
of the predictions y and has distribution parameters 6.

« Domain: ¥ € {1,2,..., K} 05
 Categorical distribution
* K parameters A, € |0, 1]
2kt =1

Pr(z)

56




Example 3: multiclass classification

2. Set the machine learning model f|x, ¢| to predict one or more of these parameters

so 8 = f]x, @] and Pr(y|@) = Pr(yl|flx, ¢]).

Problem:

* Output of neural network can be anything
* Parameters 4;, €[0,1], sumto one

softmaxy|z] = expi)

K
Solution: Zk’:l eXP[Zk']

* Passthrough function that maps
“anything” to [0,1] and sums to one

Pr(y = k|x) = softmaxy|f[x, ¢|]

57



Example 3: multiclass classification

a) 5.0 b) 1.0
)
s =
~0.01 0.5
5 ’ -
— )
~
R,
-5.0 —_— —— .
0.0 1.0 2.0 %70 1.0 2.0
Input, x 7 Input, x

Pr(y = k|x) = softmaxy [f]x, ¢|]

58



Example 3: multiclass classification

3. To train the model, find the network parameters ¢ that minimize the negative
log-likelihood loss function over the training dataset pairs {x;,y;}:

|
® = argmin L[] = argmin [ > log | Pr(yilfix;, cmﬂ . (5.7)
=1
- softmaxy[z] = exXpl2i]
L{¢| = — Z log [SOftmaXyi f[xi, @] e 25/:1 exp|zy/]
1=1

= - Z fy, [xi, @] — log {Z exp [ fx [x;, ¢]]}
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Example 3: multiclass classification

4. To perform inference for a new test example x, return either the full distribu-
tion Pr(yl|flx, ¢|) or the maximum of this distribution.

~“00 10 0 0.0 10 ~ 20

Input, z softmax [f|z, ¢|] Input, z \ a

Choose the class with the largest probability

We also get probability or “confidence”




Plan for Today

e Use cases for loss functions
* Maximum likelihood approach

* Deriving common loss functions
* Real-valued univariate regression
* Binary classification

 Multiclass classification
(if extra time)

 Connections to cross entropy (if extra time)
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Multiple outputs

* Treat each output y,; as independent:

Pr(yl|flx;, ¢]) = HPT(yd\fd[Xiaqb])

where f;[X, ¢] is the d"* set of network outputs

* Negative log likelihood becomes sum of terms:

Lié Zlog[P’r(y|qu ] ZZlog[P'r Yid|fa[xi, ])}
-

1=1

dtoutput of the it" training example .



Example 4: multivariate regression

Real world input

Cl

Ir=

Ir=

Model
Input

17

Model

Model
output

Supervised learning
model

=

—12.9
56.4

P

Real world output

Freezing point
Is -12.9°C
Boiling point
Is 56.4°C

63



Example 4: multivariate regression

» Goal: to predict a multivariate targety € RP°
* Solution treat each dimension independently

D,
Pr(y|u,o?) = | [ Pr(yalpa,o®)

d=1
— ﬁ ! exp _— (ya = pa)°
TV 2m o2 I 202

* Make network with D, outputs to predict means
.l [_ (ya — falx ¢1>2]

202
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Example 4: multivariate regression

* What if the outputs vary in magnitude
* E.g., predict weight in kilos and height in meters
* One dimension has much bigger numbers than others

* Could learn a separate variance for each...

* ...orrescale before training, and then rescale output in opposite
way

65



Plan for Today

e Use cases for loss functions
* Maximum likelihood approach

* Deriving common loss functions
* Real-valued univariate regression
* Binary classification
* Multiclass classification
* Multiple outputs (if extra time)

(if extra time)

66



Cross-entropy loss

* So far we defined loss functions that minimize negative log-
likelihood.

* Cross-entropy loss is common in neural network training.

* We can show that it is equivalent to negative log-likelihood

One can approach problems from different mathematical

formulations.

67



Information Theory and Entropy

* Claude Shannon: the "father of information theory,"
was an American mathematician, electrical engineer,
and cryptographer

* Theory of Communication: In his landmark 1948
paper, "A Mathematical Theory of Communication,"
Shannon introduced a formal framework for the
transmission, processing, and storage of information.

* Information Theory: Quantified information, allowing
for the measurement of information content in
messages, which is crucial for data compression, error
detection and correction, and more.

* Concept of Information Entropy: introduced entropy
as a measure of the uncertainty or randomness in a set
of possible messages, providing a limit on the best

possible lossless com pressui of any communication.

T he Mathematical T/zm;y
Of Communication

100,

H(x) = — ) P(x)log,(P(x))

68
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Entropy Is a measure of surprise or uncertainty

Randomly pick a ball from the box

(0]
5 S X
o @@ o0
TEXXY 'YX XY
Low or High Low or High
Entropy? Entropy?

In class poll: https://piazza.com/class/m5v834h9pcatx/post/27

69


https://piazza.com/class/m5v834h9pcatx/post/27

Connection to Deep Learning

Cross-Entropy Loss

f a neural network predicts (0.25, 0.25, 0.25, 0.25) for four
nossible classes, high entropy > uncertain.

fit predicts (0.99, 0.01, 0, 0), low entropy > confident.

Regularization & Overfitting
* A high-entropy model makes diverse predictions > good for

exploration.

* A low-entropy model could be overconfident > might overfit.

“Raise the temperature in LLMs.”

70



Entropy for a Binary Event x € {0,1}

Information Entropy

H(x) = — Z P(x) log;(P(x)) = —plog,(p) — (1 — p) log,(1 — p)

71



Cross Entropy — Concept from Information Theory

Measures the difference between the empirical distribution, g(y), and
a model distribution, Pr(y|0) .

a) Empirical data distribution b) 0.2 Model distribution
C<]\
o S
- =0 )
o KON "
J 2\ ;
ay
|0 0 10 0'O-IO 0 H 10
Z Z

-- a measure between probability distributions
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Empirical Distribution — Collection of samples

Each sample represented by a shifted Dirac
delta function.

j6[x — Xoldx =

| 121 81 = w0 dx = fxo]

So, we say empirical distribution is

Empirical data distribution

900

| I
-10 0 10 Q(Y):725[Y_Yi]
i=1
which will be helpful formulation in a moment.

73



sity

Kullback-Leibler (KL) divergence

B q(z)
Dula(@) Il p(2)] = f 0(2)log ) = dz

_ f 1(2) log[q(2)] — q()log[p(2)]dz

KL Integrand for Two Gaussian Distributions
— KL Integrand P(x) log(P{x)/Q(x))

Gaussian Distributions P(x) and Q(x)

T T T T
-=5.0 —-2.5 0.0 2.5

Interactive Colab Notebook

Probability Den

KL Divergence: 0.4431 -



https://colab.research.google.com/github/DL4DS/sp2025_homeworks/blob/main/lecture_collateral/kl_divergence.ipynb

a) Empirical data distribution

Derivation |

=

Training dataset as collection of
Dirac delta functions.

=
P
|
M~ |
—
<
|
s
r(z)

|

0 10
z

75



a) Empirical data distribution

Der|Vat|On () = lié[ ] Training dataset as collection of
N =7 — gy g Dirac delta functions.
Ly
6 = argmin [ f_ ooq(y) log[q(y)]dy — f_ ooq(y) log[PT(y!f’)]dy] Minimize KL divergence.
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a) Empirical data distribution

Der|Vat|On () = lié[ ] Training dataset as collection of
NY) =7 — y—¥il & Dirac delta functions.
Ly
6 = argmin | f_ ooq(y) log[q(y)]dy — f_ ooq(y) log[PT(y!f’)]dy] Minimize KL divergence.

= argmin —/ q(y) log[P’r(yO)]dy] : 1stterm not dependent on 6.
0 i —oo
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a) Empirical data distribution

Der|Vat|On () = lié[ gl T Training dataset as collection of
N =7 — y—uh g Dirac delta functions.
N1 .
o = argmin f_ ) log[q(y)]dy — f_ ) log[PT(y!‘?)]dy] Minimize KL divergence.
— argmin —/OO q(y) log[P’r(yO)]dy] , 1stterm not dependent on 6.
() | —00

) o 1 d
6 = argmin {— /_oo (7 > Sy - yi]) log [Pr(ylﬁ’)]dy] Substituting for q(y).

o i—1

78



a) Empirical data distribution

Der|Vat|On () = lid[ gl T Training dataset as collection of
N =7 — y—uh g Dirac delta functions.
N1 .
o = argmin f_ ) log[q(y)]dy — f_ ) log[PT(ylﬁ’)]dy] Minimize KL divergence.
— argmin —/OO q(y) log[P’r(yO)]dy] , 1stterm not dependent on 6.
() | —00

>
I

o i—1

i I
= argmin —% Zlog [PT(%W)]I
0 i i=1

e
argmin | — /_ _ (7 > Sy - yi]) log [P”f“(ylﬁ’)]dy] Substituting for g(y).

Property of the Dirac delta function.
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a) Empirical data distribution

Der|Vat|On () = lid[ gl T Training dataset as collection of
N =7 — y—uh g Dirac delta functions.
N1 .
o = argmin f_ ) log[q(y)]dy — f_ ) log[PT(ylﬁ’)]dy] Minimize KL divergence.
— argmin —/OO q(y) log[P’r(y|9)]dy] , 1stterm not dependent on 6.
() | —00

D>
I

0 i—1

i I
= argmin —% Zlog [PT(%'W)]]
0 i i=1

0

e
argmin | — /_ _ (7 > Sy - yi]) log [P’f“(ylﬁ’)]dy] Substituting for g(y).

Property of the Dirac delta function.

1
= argmin [~ » log [Pr(yilﬁ’)}] : 1/ is just a constant, so ignore.

1=1
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a) Empirical data distribution

Der|Vat|On () = lid[ gl T Training dataset as collection of
N =7 — y—uh g Dirac delta functions.
N1 .
o = argmin f_ ) log[q(y)]dy — f_ ) log[PT(yI‘?)]dy] Minimize KL divergence.
— argmin —/OO q(y) log[P’r(y|9)]dy] , 1stterm not dependent on 6.
() | —00

>
I

0 i—1

i I
= argmin —% Zlog [PT(%'W)]]
0 i i=1

0

e
argmin | — /_ _ (7 > Sy - yi]) log [P’f“(ylﬁ’)]dy] Substituting for g(y).

Property of the Dirac delta function.

1
= argmin [~ » log [Pr(yilﬁ’)}] : 1/ is just a constant, so ignore.

1=1

~

[ I
¢ = argql;nin — "log[Pr(y;|fix;, qb])]]
| =1

Modelis predicting 8 = Negative Log
Likelihood!!
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Minimizing Negative Log Likelihood
(or equivalently KL Divergence)

N

I
— . — 1 P i f i)
$ = argmin 2 oglPr(y;| flx;, ¢1)]

argmin[L [qb]]
¢
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