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Pruning to Prevent Over
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POSt P ru n i n g Cost-Complexity Pruning

Ro(T) = R(T) + a|T|
Large tree with pure leaves

I Use cross validation to tune «

Yo \> |T| : number of leaf nodes
_______________________ oo/ m 8. R(T) : Total Misclassification error on training data
! N e, D( L .
! i | W Interpretation:
: oo o o First term: Encourages fewer mistakes
i : "B B B OB Second term: penalty for model complexity
! i >
: ii X Very Large a = simpler tree, high training error
i R z 3 4 Very Small « = complex tree, low training error
i
I
i

Pruning at node t; Pruning at node t,

v icrl=s rre s D
misclass error: 2/6

Fig Source: http://mlwiki.org/index.php/Cost-Complexity_Pruning



Ensemble Methods

Slides adapted from Prof. Piyush Rai



Some Simple Ensembles

= \/oting or Averaging of predictions of multiple models trained on the same data

SVM —— spam \

X DT —— Non-spam —— Spam

= “Stacking”: Use predictions of multiple already trained models as “features” to
train a new model and use the new model to make predictions on test data

Level 1 Models ,
These predictions can now
S VM s Spam be used as binary “features”

to train a level 2 model

A X DT _— Non-Spam —— Level 2 MOde|—> Span]

n B .g. DT)
In stacking, level 1 and level 2 / (e g
: KNN R Spam

models are trained
independently (first level 1 and
then level 2)




Mixture of Experts (MoE) based Ensemble

= We assume m “simple” models, usually of the same type, e.g., m linear SVMs or m
logistic regression models, or m deep neural nets (usually all with same

architecture)

Gating (also called “routing”) function
which outputs an m dimensional vector
Z = 24,23, ..., Zm] Which indicates us
how much importance should be given
to each expert for this input x

Ji X
Experts models and the l ¢ i l
gating/routing function
are learned jointly using Expert Expert Expert Gating
all the training data *v-
g DNN1 DNN, DNNm DNN
| | |
yl y2 ym
L 1 l |
‘{zl, Zyseees zm}

Y=z
i=1

= MoE is very popular in classical ML as well as “modern” deep learning




Bagging (Bootstrap Aggregation)

. Decision Tree, test accuracy=0.86 15 Bag of 50 decision trees, test accuracy=0.91
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A single decision tree Bagging with 50 decision trees

Bagging is a technique to reduce variance by averaging
using several decisions



Bagging (Bootstrap Aggregation)

sampling with
replacement from
original training data

Training data

Bootstrapping
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Sampling with replacement
will give about 63% unique
training examples (if both
datasets are of equal size)
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To predict the output for a
new test input, we apply all
these models and predict
using their average or
majority
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Parallel training for all the N models

Figure adapted from: https://www.blog.dailydoseofds.com/p/an-animated-guide-to-bagging-and




Random Forests

Limitations of Bagging:

Trees are correlated because
* Strong predictors chosen at top splits
* Alltrees look similar

Solution: Random Forest (Decorrelate trees)
At each split:

* Randomly select m features out of p

* Choose best splitamong those m

Typical:
m =./p (classification)

Rest same as bagging.



Thank You
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