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Empirical Risk Minimization: Loss Functions
In learning algorithm the objective is to learn a function (hypothesis)
h : X → Y which outputs an object y ∈ Y , given x ∈ X

Performance is the closeness of hypothesis, h with target function, ĥ

For example

▶ Classification: loss(y ,h(x)) =
{

1 if h(x) ̸= y
0 otherwise

▶ Regression: loss(y ,h(x)) =
{

(h(x)− y)2 if h(x) ̸= y
0 otherwise

Issue is that, we can only do Empirical Risk Minimization.
Since only training data is available
Minimize risk on empirical data, in hope to reduce generalization
risk
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Matching Scores
Consider a system providing matching score between two images.

Pose, P→

←
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Input is two images (samples)

Matching are Genuine or Imposter

Output is a score. normalized in [0,1]

Scores could be similarity or dissimilarity

Image1 Image2
ID1 P1 ID2 P2 G/I Score

1 1 1 2 1 0.82
1 1 1 3 1 0.88
1 2 2 1 0 0.48
3 2 2 4 0 0.32
3 2 2 3 0 0.19
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1 2 1 1 1 0.78
4 2 5 3 0 0.26
3 2 5 3 0 0.19
5 2 5 1 1 0.78
3 5 1 3 0 0.19
5 5 5 1 1 0.88

Matching scores are NOT commutative in general. Compare features NOT data.
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Matching Scores and Performance

Matching score could either be similarity or dissimilarity.
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Two type of Errors
Type-I: False Acceptance Rate (FAR), chances of accepting an intruder
Type-II: False Rejection Rate (FRR), chances of rejecting a genuine

When FAR increases, FRR decreases and vice-versa.
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Receiver Operating Curve (ROC)

FAR→

FR
R
→

· · · matcher A
— matcher B

- - - matcher C

Threshold FAR FRR
0.00 1.00 0.00
0.25 0.75 0.05
0.40 0.60 0.10
0.50 0.45 0.25

...
...

...
0.60 0.15 0.60
0.75 0.05 0.75
1.00 0.00 1.00

Equal error rate (EER) is a point where FAR and FRR are equal

Area under ROC represents error.
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Error Happens
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FRR=∼25%, FAR=∼8.3%. What is EER?
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Minimize Misclassification
Goal is to minimize misclassification rate (risk)

p(mistake) = p(x ∈ R1,C2) + p(x ∈ R2,C1)

p(mistake) =
∫

R1

p(x ,C2) dx +

∫
R2

p(x ,C1) dx
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Failure should be a part of model

Problem: classifier for terrorists trying to board a flight

I can give you a 99.99% accurate model
Claim that it is so simple that you can compute it in your head

Fact: 800 million average passengers on US flights per year, 19
(confirmed) terrorists who boarded US flights from 2000–2017.

accuracy = 99.9999999%

You cannot neglect which side the error is
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Confusion Matrix

Consider 100 images in a box, with 30 containing lion. A robot intend
to separate all lion pics. He picked 60. But, lion was not in 40 selected.
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True Positives (TP): Correctly predicted positive instances.

True Negatives (TN):Correctly predicted negative instances.

False Positives (FP): Incorrectly predicted positive instances (Type I
error).

False Negatives (FN): Incorrectly predicted negative instances (Type II
error).
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Confusion Matrix Metrics
Accuracy
Measures the proportion of correctly classified instances. Use for balanced dataset.

Accuracy =
TP + TN

TP + TN + FP + FN

Precision (Positive Predictive Value)
Measures how many predicted positives are actually positive. Use if false positives are
costly (e.g., in spam detection).

Precision =
TP

TP + FP

Recall (Sensitivity or True Positive Rate)
Measures how many actual positives are correctly identified. Use if false negatives are
costly (e.g., in medical diagnosis).

Recall =
TP

TP + FN
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Confusion Matrix Metrics

Specificity (True Negative Rate): Measures how many actual negatives are correctly identified.

Specificity =
TN

TN + FP

F1 Score: The harmonic mean of precision and recall, balancing the two.

F1 =
2 × Precision × Recall

Precision + Recall

False Positive Rate (FPR): The proportion of actual negatives that are incorrectly classified as
positive.

FPR =
FP

FP + TN

False Negative Rate (FNR): The proportion of actual positives that are incorrectly classified as
negative.

FNR =
FN

TP + FN
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Polynomial Curve Fitting (Towards Overfitting)

Learning attempts to minimize error E(w) = 1
2
∑N

n=1(hw (xn)− yn)
2

with hw (x) = w0 + w1x + w2x2 + ...+ wMxM

For what value of M is the curve better?
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Regularization

Coefficient increases as the order of polynomial increases

E(w) =
1
2

N∑
n=1

(hw (xn)− yn)
2 +

λ

2
||w ||2

where ||w || = wT w = w2
0 + w2

1 + w2
2 + ...
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Having more data helps in regularization

For the same model complexity M, having more data-points N, the
curve is a better fit.

Having more training examples reduce the overfitting problem
We can train more complex models if we have more data
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Optimization: wi = wi − α ∂
∂wi

J(w)

wi →

J(
w
)
→

Optimal w∗

θ1

θ2

Slope tan θ1, representing ∂
∂wi

J(w) is −ve so the equation
wi = wi − α ∂

∂wi
J(w) moves wi towards w∗

tan θ2, being +ve the equation still pushes wi towards w∗
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Loss Landscape in Real

Loss Landscape is rude 1

1
Visualizing the Loss Landscape of Neural Nets, Hao Li, Zheng Xu, Gavin Taylor, Christoph Studer, Tom Goldstein, 2018
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Thank You!

Thank you very much for your attention!

Queries ?
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