
Midterm results: CSE 446

• Median: 20.0 / 27

• Standard deviation: 4.14
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Midterm results: CSE 546

• Median: 21.4 / 27

• Standard deviation: 4.64
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Midterm results

• Exam scores are imperfect metrics

• Midterm is 20% of course grade – you can still do well

• You can submit regrade requests  11/12 @ 11:59PM

• Clarifications? Come to OH or post on Ed
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Q7
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Q9
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Q11
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Q19

7



Modeling conditional probabilities
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ෝ𝑤MLE = argmax𝑤 ෍
𝑖=1

𝑛

log 𝑃𝑤(𝑦𝑖|𝑥𝑖)

• Logistic regression uses a model specialized for (binary) classification:

𝑃 𝑌 = 1 𝑋 = 𝑥 =
1

1 + 𝑒−𝑤⊤𝑥

 

𝑃 𝑌 = 0 𝑋 = 𝑥 =
𝑒−𝑤⊤𝑥

1 + 𝑒−𝑤⊤𝑥



Sigmoid for binary classification
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• What’s the shape of the decision rule 𝑃 𝑌 = 1 𝑋 ≥ 𝑃 𝑌 = 0 𝑋 ?



Logistic regression – a linear classifier
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Q19
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Q21
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Q21
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Non-parametric methods:
Nearest neighbors

CSE 446/546

Sewoong  Oh & Pang Wei Koh



Parametric vs non -parametric

• A model is parametric  if # parameters does not depend on # 
samples

• A model is non-parametric  if # parameters increases with # 
samples
• Does not mean absence of parameters!
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Why non -parametric models?
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This lecture: 𝑘 nearest neighbors

• Assume we have a classification task

• To classify a new point 𝑥:
• Find its 𝑘 nearest neighbors in the training data

• Set 𝑦 to be the majority vote of the labels of these nearest neighbors

• Design choices / hyperparameters:
• Number of nearest neighbors 𝑘

• Distance metric

• Aggregation method
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Example: Bayes classifier
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Optimal Bayes classifier:

Figures from Hastie et al.

Training data:

True label: +1

True label: -1

Predicted label: +1

Predicted label: -1



Linear decision boundary
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Learned linear decision boundary:

Figures from Hastie et al.

Training data:

True label: +1

True label: -1

Predicted label: +1

Predicted label: -1



𝑘 = 15 nearest neighbors  boundary
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15 nearest neighbors  decision 
boundary (majority vote)

Figures from Hastie et al.

Training data:

True label: +1

True label: -1

Predicted label: + 1

Predicted label: -1



𝑘 = 1 nearest neighbor boundary
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1 nearest neighbor decision 
boundary (majority vote)

Figures from Hastie et al.

Training data:

True label: +1

True label: -1

Predicted label: + 1

Predicted label: -1



𝑘 nearest neighbors  error

22Figures from Hastie et al.



𝑘 nearest neighbors  error

23Figures from Hastie et al.



Parametric vs non -parametric

• A model is parametric  if # parameters does not depend on # 
samples

• A model is non-parametric  if # parameters increases with # 
samples
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Notable distance metrics & level sets
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𝑥1

𝑥2

𝑥1

𝑥2

𝑥1

𝑥2

𝑥1

𝑥2

ℓ2 norm (Euclidean) ℓ1 norm (Manhattan, taxicab)

Mahalanobis  norm ℓ∞ norm (max)



Example: distance metrics with 𝑘 = 1 NN
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𝑥1 𝑥1

𝑥2 𝑥2

𝑑 𝑥, 𝑥′ = 𝑥1 − 𝑥1
′ 2 + 𝑥2 − 𝑥2

′ 2 𝑑 𝑥, 𝑥′ = 𝑥1 − 𝑥1
′ 2 + 9 𝑥2 − 𝑥2

′ 2



Learned distance metrics
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Training data Test data

Dog Cat



1-NN classification: Theoretical guarantees
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1-NN classification: Theoretical guarantees
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Curse of dimensionality, example 1
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side length r

Ed
ge

 le
n

gt
h

 r

How many samples do we need so that a nearest neighbor is within a cube of side length 𝑟?



Curse of dimensionality, example 2
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How many samples do we need so that a median Euclidean distance is within 𝑟?



Nearest neighbor regression
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𝑥

𝑦



Overfitting

33Figures from Ruoqing  Zhu, Stat 542



Bias vs variance

34Figures from Ruoqing  Zhu, Stat 542



Smoothed nearest neighbor regression
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𝑥

𝑦

መ𝑓 𝑥 =
σ𝑖=1

𝑛 𝐾 𝑥, 𝑥(𝑖) 𝑦(𝑖)

σ𝑖=1
𝑛 𝐾 𝑥, 𝑥(𝑖)

k-NN averaging



Smoothed nearest neighbor regression
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𝑥

𝑦
k-NN averaging

መ𝑓 𝑥 =
σ𝑖=1

𝑛 𝐾 𝑥, 𝑥(𝑖) 𝑦(𝑖)

σ𝑖=1
𝑛 𝐾 𝑥, 𝑥(𝑖)



Locally linear regression
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𝑥

𝑦
k-NN averaging መ𝑓 𝑥 =

σ𝑖=1
𝑛 𝐾 𝑥, 𝑥(𝑖) 𝑦(𝑖)

σ𝑖=1
𝑛 𝐾 𝑥, 𝑥(𝑖)



Have we seen non -parametric methods before?

• Kernel methods can be  non-parametric:

   # parameters goes up with # data

• Compare with (smoothed) nearest neighbors:
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𝑓 𝑥 = σ𝑖=1
𝑛 𝛼𝑖 𝐾 𝑥 𝑖 , 𝑥

መ𝑓 𝑥 =
σ𝑖=1

𝑛 𝐾 𝑥, 𝑥(𝑖) 𝑦(𝑖)

σ𝑖=1
𝑛 𝐾 𝑥, 𝑥(𝑖)



The Radial Basis Function (RBF) kernel  exp −
𝑥(𝑖)−𝑥

2

2

2𝜎2
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𝑓 𝑥 = σ𝑖=1
𝑛 𝛼𝑖 𝐾 𝑥 𝑖 , 𝑥



The Radial Basis Function (RBF) kernel  exp −
𝑥(𝑖)−𝑥

2

2

2𝜎2
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Kernel methods

• Learning with RBF kernels c an be seen as a soft, learned version 
of “nearest” neighbors

• 𝐾 𝑥 𝑖 , 𝑥 = 𝜙 𝑥 𝑖 ⊤
𝜙 𝑥  defines “similarity” between 𝑥 𝑖  and 𝑥

• How many parameters?
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𝑓 𝑥 = σ𝑖=1
𝑛 𝛼𝑖 𝐾 𝑥 𝑖 , 𝑥



Takeaways

• k-NN is very simple to explain and implement

• No training! But inference can still be computationally demanding.

• You can use other forms of distance (not just Euclidean)

• Smoothing and local linear regression can improve performance (at the cost 
of higher variance)

• With a lot of data, “local methods” have strong, simple theoretical guarantees

• Without a lot of data, neighborhoods aren’t “local” and methods suffer (curse 
of dimensionality)
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Non-parametric methods:
Trees

CSE 446/546

Sewoong  Oh & Pang Wei Koh



44Holt et al., 2021



Decision / Regression trees
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Generic algorithm for building trees

1. Start from empty decision tree

2. Recursively, for each node:
• Iterate through all features and compute how good it’d be to split on 

each feature
• Split on the “best” feature

3. Prune

Design choices:
• Termination condition
• Tree complexity
• Splitting criterion
• Pruning
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Splitting regression trees
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Splitting decision trees
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Interpreting trees
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Trees are “easy” to interpret:

• You can explain how the classifier 
came to the conclusion it did  



Interpreting trees
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Trees are “easy” to interpret:

• You can explain how the classifier 
came to the conclusion it did  

Trees are hard to interpret:

• Tough to explain why the classifier 
came to the conclusion it did  

• Small changes in data can result 
in large difference in trees 



Summary so far

• Trees have         bias,        variance

• Deal with categorial variables well

• Intuitive, “interpretable”

• Good software exists

• Some theoretical guarantees 
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Random forests

• Forest = many trees

• Tree methods have low bias but 
high variance

• We can reduce variance by 
constructing many “lightly 
correlated” trees and averaging 
them

• Bagging: B ootstrap agg regating
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Random forests
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Random forests: Decision boundary example
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Random forests
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The power of weakly correlated predictors

56

Bagging : Averaged trees on 
bootstrapped datasets using all 𝑑 
features

Random forest : Averaged trees on 
bootstrapped datasets using 𝑚 randomly 
selected features

Takeaway: reducing correlation improves 
performance!



Summary so far

• Random forests have         bias,        variance

• Deal with categorial variables well

• Not that intuitive nor “interpretable”

• Gives some notion of confidence estimates

• Good software exists

• Some theoretical guarantees 
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Boosting and additive models

Instead of ensembling  bootstrapped models, can we:

• Keep the idea of ensembling  / combining simpler models, but 

• Not necessarily have the models be identically distributed?

Key idea: Given a current collection of models, add a new model 
that focuses on what the previous models got wrong
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Additive models
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Forward stagewise additive models
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Forward stagewise additive models
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Gradient boosting
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A brief history of boosting

• 1988 Kearns and Valiant: “Can weak learners be combined to 
create a strong learner?” 

• 1990 Schapire : “Yup, in theory”

• 1995 Schapire  and Freund: “Practical for 0/1 loss” -> AdaBoost

• 2001 Friedman: “Practical for arbitrary losses”

• 2014 Tianqi Chen: “Scale it up!” -> XGBoost

63



64



65

Bagging : Averaged trees on 
bootstrapped datasets using all 𝑑 
features

Random forest : Averaged trees on 
bootstrapped datasets using 𝑚 randomly 
selected features

Boosting : Learned combinations of trees 



Takeaways

• Single trees: low bias, high variance

• Ensembles: low bias, (relatively) low variance

• Bagging averages  many lightly dependent models to reduce 
variance
• Random forests: same but with random subset of features

• Boosting learns  a linear combination of high bias, highly 
dependent classifiers to reduce error

• Gradient boosted trees are commonly used for categorical data
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Bonus: Non -parametric methods today

• Are neural networks non -parametric ?
• Technically no,  but…
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Retrieval-augmented generation and search agents

68

What’s the state -of-the-art in immunotherapy for cervical cancer?

… Pembrolizumab can extend progression -free and overall survival 
in patients with persistent, recurrent, or metastatic PD -L1 -positive 
cervical cancer [1] and locally advanced cervical cancer [2]…

[1] Colombo et al., KEYNOTE -826, 2021
[2] Lorusso et al., KEYNOTE -A18, 2024

Attribution

Up-to-date

Credible sources



Next token prediction

69https://huggingface.co/blog/alonsosilva/nexttokenprediction



Next token prediction

70https://huggingface.co/blog/alonsosilva/nexttokenprediction



Next token prediction

71https://huggingface.co/blog/alonsosilva/nexttokenprediction



Next token prediction

72https://huggingface.co/blog/alonsosilva/nexttokenprediction



Conditioning on retrieved context
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Retrieving the right documents
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Takeaways

• Retrieval-augmented language models are nonparametric models

• Compare and contrast with k -NN

• Many design choices
• How to find documents?

• How to incorporate retrieved documents into generation?

• Multimodal retrieval?

• Highly active research area
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