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Schedule for Today

• Review some of concepts.

• Deep Learning teaser.

• Work a visual example on confusion matrixes 
and visualizing model error.

• Open Professor hours for last few minutes/leave 
early.
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Principles
• Lots of the things that you’re working on might not be something you 

do in your job (I don’t remember the last time I trained a KNN 
classifier for research) BUT

• The principles of things you learn in this class will be super 
important. (Model evaluation and validation)

• Later topics (Neural networks, backpropagation, gradient descent, 
clustering) are all things I use in my life.

• The specific models you will work with might not exist yet!

• Focus on understanding principles.
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Model Selection
• How do we know what model to choose?

• One issue is that we only know about 3 types of models. Next week we’re 
doing regression, then trees, then SVMs, then Neural Networks.

• It’s hard to fully get into model selection if we only know about 3 models.

• Imagine trying to do construction with a hammer, a screwdriver, and a pair 
of pliers. (No wrench or saw or power tools)

• Or draw with only 3 crayons!

• Unsatisfying answer – ‘You’ll understand it better later’
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Metrics
• We’ve looked at a lot of metrics. 
• Pretty much all of the metrics you need to know can be derived from the 

confusion matrix.
• Accuracy, Precision, Recall, F1, (Micro and Macro F1), F-Beta, ROC 

curves, and Precision-Recall curves.
• All of these are just fancy ways of counting up confusion matrix stuff.
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Models
• I want you to have a model-agnostic understanding of Machine 

Learning. 
• A model is a mathematical function for describing the relationship 

between inputs and outputs and making predictions. 

• If you can learn (approximate) the function between inputs and 
outputs, that can be useful in real life.

• We learn this function by tweaking parameters inside the model

• How do we know which direction to tweak the parameters? We try to 
minimize our error.



Fake Model Example
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How Does a Model Learn?
• A model (usually) has trainable parameters. 
• When training a model, we want to train the parameters using data.
• We do this by minimizing the error or loss. 
• Imagine training a basketball-shooting cannon. You have 2 

parameters:
• Angle (x)
• Angle (y)
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How Does a Model Learn?
• You start with the cannon pointing in some direction.
• How do you know where the cannon will shoot?
• You have to try shooting the cannon. 
• You miss. Now what?
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How Does a Model Learn?
• You can see how far off you are. 
• This is the error (related to loss)
• Then, you make a decision to try and minimize that error. 
• In our case, we change our parameters (the x and y angles of the 

cannon) to try and make a better shot.
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How Does a Model Learn?
• We repeat the process:

• Shoot the cannon
• Measure how far we missed by (error/loss)
• Tweak the angle of the cannon (parameters) 

until we’re making all of our shots

We can think of each time we shoot, measure, tweak as a training example.
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How Does a Model Learn?
• But we don’t want to have to tweak the parameters by ourselves.
• Instead, we create some sort of system that tries to minimize error 

by itself by tweaking its own parameters.
• That’s the machine in machine learning.
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How Does a Model Learn?
• So instead, we make a little mechanical brain for our cannon. (This is 

an abstraction). After each shot, we tell it its error, and allow it to 
tweak its own parameters.

• That’s the basic idea of training a machine learning model.



Parameters vs Hyperparameters
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Parameters vs Hyperparameters

Feature Parameters (Weights) Hyperparameters (Settings)

Who decides? The Algorithm (The Machine). The Engineer (You).

When? During Training (Learning). Before Training starts.

Analogy The internal gears of the engine. The knobs on the dashboard.

Examples w (Weights), Probabilities.
k (Neighbors), Learning Rate, 
Smoothing Count.
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This Example Again
• Parameters: the X and Y angles of the cannon  (chosen by the little 

mechanical brain)
• Hyperparameter: number of degrees to change at a time



Error/Loss
 vs

 Accuracy/Precision/Recall/F1
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Error/Loss vs Accuracy/Precision/Recall/F1
• We measure the performance of our model multiple times.

• When the model learns, it tries to minimize the difference between 
its predictions and actual values (the error). It minimizes the error by 
tweaking its own parameters. This is learning.  

• Error and Loss describe the difference between the model’s 
predictions and the targets while the model is training. The model 
cares about error/loss.

• The Confusion Matrix metrics we’ve talked so much about help us 
understand how well our model might do in the real world. The ML 
Engineer cares about these metrics.



Training, Validation, Testing
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Training, Validation, Testing
• We train a model on data. How can we be sure it will generalize to new data?

• Overfitting (do we remember this?)

• We use an unseen (by the model) Test Set.

• We should ALWAYS use some sort of test set to ensure our model can 
generalize.

• But how can we make decisions about what hyperparameters to use? How can 
we decide which model would be best?

• To do that, we use a validation set.

• The validation set can be static, or not (cross-validation), depending on the 
context.
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Questions?
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Pretraining and Fine Tuning
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Deep Learning Basics
• For now, you are going to trust me 

that an artificial neural net has 
trainable parameters (weights) 
inside of it.

• You are also going to trust me that 
the neural net is doing something 
fancy (gradient descent via 
backpropagation) to minimize its 
error/loss. 

• Deep learning is much more 
computationally intense than the 
other methods we will discuss in 
this class.
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Pre-Training and Fine-Tuning
• Imagine if you had two people who had never played soccer before. 

They’ve never heard of soccer.

• Your goal is to teach one of them soccer.

• One is a baby and one is an athletic woman in her ‘20s.

• Who is going to have an easier time learning to play soccer?

• Obviously the woman. She can already run and kick and has 
coordination. 

• The baby would need to learn all of those skills.
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Pre-Training and Fine-Tuning
• Training an artificial neural network is a lot more work 

(computationally) than doing something like logistic regression or 
KNN.

• When we initialize a neural network, all of the parameters start out 
randomly initialized. 

• The model has to learn the weights by minimizing error over a bunch 
of training examples.

• That’s a lot of work!
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Pre-Training and Fine-Tuning
• What if we could do a lot of the work up front one time?

• Pre-training a model involves training the model on generic data so it 
is capable, before fine-tuning for a specific task.
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Pre-Training and Fine-Tuning Example
• Example: Middle English and 

Modern English are pretty 
different.

• (word order in line 70, vocab 
line 75)

• I wanted to make a translator 
to turn Modern English into 
Middle English.

• How could I do that?
• There’s not enough training 

data!
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Pre-Training and Fine-Tuning
• We start with BART, a language model from Meta was trained to 

learn English from 160 GB of text including:
• BooksCorpus: A large dataset of unpublished books.
• English Wikipedia: The full English Wikipedia (excluding talk pages).
• News Data: CC-NEWS, which is a collection of news articles.
• Web Text: OpenWebText.
• Stories: A dataset of stories 

• The pre-training took 16 NVIDIA V100 GPUs (back in 2019 that was a 
lot).

• This would have cost them thousands of dollars and taken several 
days of continuous training.

• Then they made it available to the public for free!
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Pre-Training and Fine-Tuning
• I gathered about 60,000 paired 

sentences (Modern and Middle 
English), taken from Chaucer's 
complete works, the Wycliffe 
Bible, and Sir Gwain and the 
Green Knight.

• Then, I fine-tuned the model on 
the paired sentences (one gpu, 
a few hours)
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Pre-Training and Fine-Tuning



Break Time
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Visualizing a Confusion Matrix
With Image Classification
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Magic: the Gathering
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Magic: the Gathering
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Train Time!

36CS 270 - Intro to Machine Learning



White
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Blue
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Black
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Red
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Green
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Test Time!
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Test #1 
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Test #2 
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Test #3 
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Start with a Pretrained Model
• Resnet-18 (special type of neural 

network specifically for image 
classification)

• Pre-trained on ImageNet-1k 
(Over 1 million examples from 
1,000 classes
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Create a Dataset
• Scryfall API

• Get 500 random cards in each 
color

• 80-20 train/test split (we should 
get about 100 cards from each 
color in the test set). 
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Look at the Dataset
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Train the Model
• We train the model on the train 

set.

• As the model trains, it tweaks its 
own weights to learn to classify 
Magic card art based on color.

• Hey look! We’re using Cross 
Entropy Loss! We’ve heard of 
that.
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Test the Model
• We test the model on the test 

set.

• How well did we do?

• What is random chance?

• How balanced are our classes?

• How well did we do on each 
class?
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Test the Model – Confusion matrix
• Which color was our model best 

at?

• Worst?

• What kind of errors did the 
model make?
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Test the Model – Look at Good/Bad 
Classifications

• Models can do poorly for a couple of reasons:
• The model didn’t learn what it was supposed to.
• The task it was learning was messy. (Noice/Variance)

• If our model is failing, but we can be more confident that it is failing 
for the second reason, that’s good.

Let’s look at some examples of good and bad classifications by our 
model:
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Quick Reminder About Classification
• Classification models don’t just output a guess, they output a 

probability distribution across all classes.

• Example:
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Quick Reminder About Classification
• Models don’t just output a guess, they output a probability 

distribution across all classes.

• Example 2:
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Correct Classifications

• We can look at the 
images our model 
classified correctly with 
the highest confidence 
(assigned the most 
probability to the correct 
class)

• What does this tell us 
about our model?
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Correct Classifications
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Confusion Matrix Revisited
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Confusion Matrix Revisited
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Confusion Matrix Revisited
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Confusion Matrix Revisited
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Test the Model – Confusion matrix
• What does the confusion matrix 

tell us about how our model is 
doing?

• How did inspecting individual 
examples help us understand 
our confusion matrix/model?


	Slide 1
	Slide 2: Schedule for Today
	Slide 3: Principles
	Slide 4: Model Selection
	Slide 5: Metrics
	Slide 6: Models
	Slide 7
	Slide 8: How Does a Model Learn?
	Slide 9: How Does a Model Learn?
	Slide 10: How Does a Model Learn?
	Slide 11: How Does a Model Learn?
	Slide 12: How Does a Model Learn?
	Slide 13: How Does a Model Learn?
	Slide 14
	Slide 15: Parameters vs Hyperparameters
	Slide 16: This Example Again
	Slide 17
	Slide 18: Error/Loss vs Accuracy/Precision/Recall/F1
	Slide 19
	Slide 20: Training, Validation, Testing
	Slide 21
	Slide 22
	Slide 23
	Slide 24: Deep Learning Basics
	Slide 25: Pre-Training and Fine-Tuning
	Slide 26: Pre-Training and Fine-Tuning
	Slide 27: Pre-Training and Fine-Tuning
	Slide 28: Pre-Training and Fine-Tuning Example
	Slide 29: Pre-Training and Fine-Tuning
	Slide 30: Pre-Training and Fine-Tuning
	Slide 31: Pre-Training and Fine-Tuning
	Slide 32
	Slide 33
	Slide 34
	Slide 35
	Slide 36
	Slide 37
	Slide 38
	Slide 39
	Slide 40
	Slide 41
	Slide 42
	Slide 43
	Slide 44
	Slide 45
	Slide 46: Start with a Pretrained Model
	Slide 47: Create a Dataset
	Slide 48: Look at the Dataset
	Slide 49: Train the Model
	Slide 50: Test the Model
	Slide 51: Test the Model – Confusion matrix
	Slide 52: Test the Model – Look at Good/Bad Classifications
	Slide 53: Quick Reminder About Classification
	Slide 54: Quick Reminder About Classification
	Slide 55: Correct Classifications
	Slide 56: Correct Classifications
	Slide 57: Confusion Matrix Revisited
	Slide 58: Confusion Matrix Revisited
	Slide 59: Confusion Matrix Revisited
	Slide 60: Confusion Matrix Revisited
	Slide 61: Test the Model – Confusion matrix

