
Announcements

● Submit your NSF access account information via canvas

● If you checked one out on Tuesday 09/07:

○ Return the kit by Tuesday, 09/15

○ Please bring the kits to class or email me to make 

alternate arrangements

● Lab 2 will be assigned on Tuesday
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L6: Applied

Machine Learning

18-848 RadarML

Tianshu Huang
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● Everything you need to know about ML

● How to develop and evaluate ML models & methodology

● ML details are left as an exercise for other CMU faculty

In these two lectures:



Crash Course: Applied Machine Learning

● Introduction to Machine Learning

○ Empirical Risk Minimization

○ Deep Learning & Transformers

● Training & Evaluation

○ The ML Life Cycle

○ Variance of Evaluation

● Learning at Scale

○ Foundation Models

○ Scaling Laws
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Crash Course: Applied Machine Learning

● Introduction to Machine Learning

○ Empirical Risk Minimization + probability theory review

○ Deep Learning & Transformers

● Training & Evaluation

○ The ML Life Cycle

○ Variance of Evaluation

● Learning at Scale

○ Foundation Models

○ Scaling Laws
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Review: What is a distribution?

1. All possible outcomes of a random variable, and the probabilities 

associated with them

2. PDF (Probability Density Function) for continuous RVs or a PFM 

(Probability Mass Function) for discrete RVs

3. A push -forward measure of the probability measure onto the measure 

space induced by a random variable
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Review: What are some distributions?
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Review: Data comes from distributions

a distribution

random process

observed data



Review: IID (Independent and Identically Distributed)

What does it mean for data to be:

● Not independent?

● Not identically distributed?
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“empirical distribution”
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Review: Datasets are themselves distributions
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a dataset

sampling

a sample

= a distribution

=
a random
process

= observed data



1. Computed using an “ empirical ” distribution, i.e., dataset
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Empirical



Empirical Risk

1. The risk: a measure of how different a hypothesis is from the true 

outcome (a.k.a., a loss function), when

2. Computed using an “ empirical ” distribution, i.e., dataset
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Empirical Risk Minimization
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1. Find the hypothesis (e.g., model weights) which best minimizes

2. The risk: a measure of how different a hypothesis is from the true 

outcome (a.k.a., a loss function), when

3. Computed using an “ empirical ” distribution, i.e., dataset



Empirical Risk Minimization

All Machine Learning is Empirical 

Risk Minimization
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What can we “hill climb”?

Empirical

Risk

Minimization

(Hypothesis)
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Crash Course: Applied Machine Learning

● Introduction to Machine Learning

○ Empirical Risk Minimization

○ Deep Learning & Transformers

● Training & Evaluation

○ The ML Life Cycle

○ Variance of Evaluation

● Learning at Scale

○ Foundation Models

○ Scaling Laws
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A History of Deep Learning
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1957 Perceptrons

1998 LeNet

2012 AlexNet

2014 VGG

2015 ResNet

2017 Transformers



Early Perceptrons
(1957)
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LeNet (1998)
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AlexNet (2012)
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VGG (2014)
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ResNet (2015)
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Transformers (2017 – )
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Transformers: Cross vs Self Attention
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Transformers: Feedforward vs Autoregressive



Transformers: Encoder vs Decoder
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Transformers: Encoder vs Decoder



Transformers: Encoder vs Decoder
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1. Does the transformer operate primarily in the input or output space?

○ Input only ⇒ Encoder

○ Output only ⇒ Decoder

○ The input and the output space are the same ⇒ continue to (2)

2. Is the transformer autoregressive?

○ Yes ⇒ Decoder

○ No ⇒ continue to (3)

3. Does the transformer use cross -attention?

○ Yes ⇒ Decoder

○ No ⇒ Probably a Encoder (but no guarantees)



Transformers: Context
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A more complicated transformer
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Crash Course: Applied Machine Learning

● Introduction to Machine Learning

○ Empirical Risk Minimization

○ Deep Learning & Transformers

● The ML Life Cycle

○ Training & Evaluation

○ Variance of Evaluation

● Learning at Scale

○ Foundation Models

○ Scaling Laws
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The Machine Learning Life Cycle

32

collect data

develop method

train & scaleevaluate

deploy



Model Training
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a dataset

model
loss

(empirical risk)

optimization
(minimization)



Train/Test

Why do we need a test set?
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Train/Test

What properties should a test set have?
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Train/Test

36



Benchmaxxing : cheating without cheating

37

distribution of all tasks

…

sample

training data

benchmark suite

sample

benchmark suite

sample

benchmarks



extra “training” data

Benchmaxxing : cheating without cheating
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distribution of all tasks

…

sample

training data

benchmark suite

sample

benchmark suite

sample
similar procedure



Train/Val/Test

Why do we need a val set?
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Early Stopping
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Train/Val/Test

What properties should a validation set have?
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When can we validate on the test set?
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Crash Course: Applied Machine Learning

● Introduction to Machine Learning

○ Empirical Risk Minimization

○ Deep Learning & Transformers

● Training & Evaluation

○ The ML Life Cycle

○ Variance of Evaluation

● Learning at Scale

○ Foundation Models

○ Scaling Laws
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Review: Variance



Review: Standard Error (SE)
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Key Takeaways

● Data means distributions

● Transformers are all you need
○ There are different types; pay attention to encoder vs 

decoder, autoregressive vs feedforward

● You should probably have a val & test set
○ More data ⇒ higher # of test samples, but smaller %



Next Class
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● Applied ML Continued

○ Variance of Evaluation

○ Method Comparisons

○ Scaling & Scaling Laws

● Lab 2 Overview
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