
446 Section 05



Plans for today!

1. This
2. Reminders
3. Subgradients
4. Midterm review



Reminders

● HW2 due May 6, 11:59 PM
○ Are you keeping track of late days? Use them!

● Midterm on Friday May 1.
○ Details on website and Ed…link
○ Good luck!

https://courses.cs.washington.edu/courses/cse446/26sp/exams/


Question 1 and 2: K-fold CV + LASSO

Code on the website for questions 1 & 2 in the section 5 
handout

● Check it out to see how k-fold cross validation is done in 
numpy

● Also a manual implementation of LASSO!



Subgradients



Why subgradients?

You can have convex 
functions that are not 
differentiable 
everywhere

- GD still useful to 
find minima

- But we may need 
to find 
subgradients



Subgradients visualized

Subgradient 
step

Zoom in

Must always 
underestimate f



Subgradients 
visualized

Subgradient 
step

Must always 
underestimate f

Note:
- You can have many 

subgradients at a point x
- Subgradients can exist even 

at non-differentiable points x
Cool fact:

- If f is differentiable at x, then 
the gradient of f at x is also a 
subgradient of f at x



Question 3a



Question 3b



Midterm Review



Maximum Likelihood Estimation (MLE)



MLE - Practice 



MLE - Solution



MLE - Solution



MLE - Solution



Our first model!
- Utilized MLE to derive the SSE formula (we worked through this in lecture 3 and section 2):

- Solve for w to get the closed form solution:

Linear Regression (w/ Gaussian Noise)



Linear Regression (w/ Gaussian Noise) - Practice



Linear Regression (w/ Gaussian Noise) - Solution



Linear Regression w/ Basis Functions
- Linear models aren’t able to properly fit non-linear data
- We can transform our features to a higher dimensional space and fit a linear 

model on it → Still linear regression, but on quadratic features



Linear Regression w/ Basis Function - Practice



Linear Regression w/ Basis Function - Solution



Train/val/test, cross validation
A predictor generalizes if it performs well on unseen data (and not just training data)

- Training set → used to learn general patterns
- Validation set → which of the trained models is the best? 
- Test set → How good is this model really?

Data

Training TestValidation

- Cross validation



Train/val/test, cross validation - Practice



Train/val/test, cross validation - Practice



Train/val/test, cross validation - Practice



Train/val/test, cross validation - Solution



Bias variance trade-off

Generalization error
Theoretical optimal predictor

Noisy estimate given limited samples n 
and possibly wrong model class f



Bias variance trade-off
Bias: the difference between the true 
function and the average predictor

- High bias if the function class F 
can’t describe data well → 
____________

Variance = for a particular dataset D 
~ PXY, how diff is f from average f ? 

- High variance if the difference is 
varying wildly → 
_____________

underfitting

overfitting

High bias, 
low variance
[underfit]

Low bias, 
low variance
[good fit]

Low bias,  
high variance
[overfit]



Bias variance trade-off - Practice



Bias variance trade-off - Solution 



Bias variance trade-off - Practice



Bias variance trade-off - Solution



Bias variance trade-off - Practice



Bias variance trade-off - Solution



Regularization: Ridge vs LASSO

Ridge (L2 penalty):
- Ensures invertibility for the closed 

form solution (even when d >> n, 
as we saw last week)

- Drives certain feature coefficients 
to low but non-zero values

LASSO (L1 penalty):
- Drives certain feature coefficients 

to zero
- Can be effectively used for 

feature selection → helps with 
model interpretability

Why do we use regularization?
- To address overfitting → generally increases bias and reduces variance – larger 

lambda = higher bias and lower variance (we formally proved this in lecture 7)



Visualized: Ridge vs LASSO

No closed form solution (see lecture 8 for why)!



Regularization: Ridge vs LASSO - Practice



Regularization: Ridge vs LASSO - Solution



Regularization: Ridge vs LASSO - Practice



Regularization: Ridge vs LASSO - Solution



Regularization: Ridge vs LASSO - Practice



Regularization: Ridge vs LASSO - Solution



Convexity
Why is convexity important?

- Any local minimum is a global minimum → enables reliable optimization



Convexity - Practice



Convexity - Solution



Convexity - Practice



Convexity - Solution



Gradient Descent
- Iterative optimization method that can be used when we don’t have a closed form solution.
- Any local minima we find are guaranteed to be globally optimal iff function is convex.
- Worked through a theoretical analysis of GD in lecture 11



Gradient Descent - Practice



Gradient Descent - Solution



SGD and Minibatch SGD

n times faster per iteration



SGD and Minibatch SGD - Practice



SGD and Minibatch SGD - Solution



Prediction Pitfalls

1) Misinterpreting coefficients: bigger weights don't mean more important features. Zero 
weight doesn't mean no signal. Coefficients reflect correlation, not causation.

2) Distribution shift (OOD): test accuracy on held-out data is not a guarantee of real-world 
performance. New hospitals, geographies, time periods → the model breaks.

3) Biases in the data: reporting bias, proxy labels (utilization != risk), and historical human 
decisions baked into training data all corrupt models → even with good intentions (Boston 
potholes, Amazon hiring).

4) Removing features isn’t enough: models recover certain attributes via correlated proxies 
(e.g., zip code). Removing race/gender can sometimes hurt minority groups → thoughtful 
feature engineering is better. 



Prediction Pitfalls - Practice



Prediction Pitfalls - Solution



Prediction Pitfalls - Practice



Prediction Pitfalls - Solution



Additional Midterm Review!

Solutions

https://courses.cs.washington.edu/courses/cse446/25wi/exams/pastexams/midterms/24au-midterm.pdf
https://courses.cs.washington.edu/courses/cse446/25wi/exams/pastexams/midterms/24au-midterm-solutions.pdf


Questions/Chat Time!


