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Recall Bias-Variance Tradeoff
• Choice of hypothesis class introduces learning bias

• More complex class → less bias, more variance
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Fighting the bias-variance tradeoff

• Simple (a.k.a. weak) learners
• e.g., logistic regression, naive Bayes, …

• Good: Low variance, do not usually overfit

• Bad: High bias, cannot solve hard learning problems

• Sophisticated learners
• Kernel SVMs, Deep Neural Nets, …

• Good: Low bias, have the potential to learn with Big Data

• Bad: High variance, difficult to generalize

• Can we combine these properties?
• In general, no

• But often, yes
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Ensembles are powerful

• For binary classification, if you have N weak classifiers, but each one is 
slightly better than random chance (gets right answer with p > 0.5), 
what happens if you take the majority vote?

• As N→ꝏ what is the probability that the majority vote gets the right 
answer?

• Marquis de Condorcet, "Essay on the Application of Analysis to the 
Probability of Majority Decisions" (1785). Known as the Condorcet Jury 
Theorem
• https://en.wikipedia.org/wiki/Condorcet's_jury_theorem 

• Schapire, "The Strength of Weak Learnability" (1990)
• https://link.springer.com/article/10.1007/BF00116037 
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Voting Classifiers

6[*B3-Geron] Aurelien Geron, Hands-On Machine Learning with Scikit-Learn, Keras, and TensorFlow, O'Reilly, 2022. 
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Scikit-Learn - VotingClassifier class
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Voting (Ensemble Methods)

• Instead of learning a single classifier, learn many classifiers

• Output class: (Weighted) vote of each classifier
• Classifiers that are most “sure” will vote with more conviction

• With sophisticated learners
• Uncorrelated errors → expected error goes down
• On average, do better than single classifier!
(1) Bagging = bootstrap averaging

• With weak learners 
• Each one good at different parts of the input space
• On average, do better than single classifier!
(2) Boosting

10

9

10



6

(1) Bagging and Pasting
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12[*B3-Raschka] Sebastian Raschka, Yuxi Liu, and Vahid Mirjalili, Learning with PyTorch and Scikit-Learn: Develop machine learning and deep learning models with Python, Packt Publishing, 2022.
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Bagging and Pasting

•Each individual predictor has a higher bias than if 
it were trained on the original training set, but, 
aggregation reduces both bias and variance. 

•Generally, the net result is that the ensemble has 
a similar bias but a lower variance than a single 
predictor trained on the original training set.
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Random Forests
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See Appendix A
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Feature Importance
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(2) Boosting - a brief history 

• 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

• https://en.wikipedia.org/wiki/Boosting_(machine_learning) 
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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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(A) AdaBoost
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Here, each predictor is a highly regularized SVM 
classifier with an RBF kernel
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AdaBoost Algorithm
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AdaBoost Pseudocode:
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1999

See Appendix B
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(B) Gradient Boosting
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In this depiction of Gradient Boosting, the 
first predictor (top left) is trained normally, 
then each consecutive predictor (middle left 
and lower left) is trained on the previous 
predictor’s residuals; the right column 
shows the resulting ensemble’s predictions
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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
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PART 2
Code Time!
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Code Time
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•See demonstration and discussion in class.

•See also links in the “Code Examples” for this 
lecture assignment.
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Conclusion
Takeaways
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• Ensemble methods combine different classification models to cancel 
out their individual weaknesses, which often results in stable and 
well-performing models that are very attractive for industrial 
applications as well as machine learning competitions.

• AdaBoost Summary:
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Appendix A: Decision Trees
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(1)Decision Trees: Core Idea

30

(2)Splitting Criterion
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(3)Recursive Partitioning
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(4)Decision Tree Illustration
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(4)Decision Tree Illustration
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(5)Limitations of a Single Tree

(6)Random Forests: Ensemble of Decision Trees

Training Procedure
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Prediction

Variance Reduction by Averaging
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Intuition Diagram
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Appendix B: Boosting as introduced by Robert 
Schapire (1989)

(1)Setup
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(2)Schapire’s 3-hypothesis construction (original idea)

37

38



20

39

(3)Generalized iterative boosting 

(AdaBoost view)

Later (Freund & Schapire, 1995), this idea 
was extended into the AdaBoost 
algorithm, which iteratively reweights 
data and combines weak hypotheses:
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(4)Objective interpretation

(5)Key intuition
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