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UNIT IV  ENSEMBLE TECHNIQUES AND UNSUPERVISED LEARNING   

 

Combining multiple learners: Model combination schemes, Voting, Ensemble Learning - bagging, boosting, 

stacking, Unsupervised learning: K-means, Instance Based Learning: KNN, Gaussian mixture models and 

Expectation maximization 

 

1. Combining multiple learners 

• Though different learning algorithms  are generally successful, no one single algorithm is always the 

most accurate.  

• The models composed of multiple learners that complement each other so that by combining them, 

we attain higher accuracy. 

• Each learning algorithm dictates a certain model that comes with a set of assumptions. 

• By suitably combining multiple base learners then, accuracy can be improved. 

There are basically two questions here: 

1. How do we generate base-learners that complement each other? 

2. How do we combine the outputs of base-learners for maximum accuracy? 

 

1.1. Generating Diverse Learners 

• Different Algorithms 

• We can use different learning algorithms to train different base-learners. 

• For example, one base-learner may be parametric and another may be nonparametric. 

 

Different Hyperparameters 

• We can use the same learning algorithm but use it with different hyperparameters. 

• Examples are the number of hidden units in a multilayer perceptron, k in k-nearest neighbor, error 

threshold in decision trees, the kernel function in support vector machines, and so forth. 

 

Different Input Representations 

• Separate base-learners may be using different representations of the same input object or event, 

making it possible to integrate different types of sensors/measurements/modalities. 

• Sensor fusion where the data from different sensors are integrated to extract more information for a 

specific application. 

• To Combine more sources to find the right set of images; this is also sometimes called 

• multi-view learning multi-view learning. 

• Even if there is a single input representation, by choosing random subsets 

• from it, we can have classifiers using different input features; this is called the random subspace 

method.  

 

Different Training Sets 

• Another possibility is to train different base-learners by different subsets of the training set.  

• This can be done randomly by drawing random training sets from the given sample; this is called 

bagging.  

• Or, the learners can be trained serially.  Examples are boosting and cascading 

 

2. Model Combination Schemes 

 

• There are also different ways the multiple base-learners are combined to generate the final output: 

• Multiexpert combination methods have base-learners that work in parallel. These methods can in 

turn be divided into two: 
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• Global Approach : In the global approach, also called learner fusion, given an input, all base-learners 

generate an output and all these outputs are used. 

• Examples are voting and stacking. 

• Local Approach : In the local approach, or learner selection, for example, in mixture of experts, there 

is a gating model, which looks at the input and 

• chooses one (or very few) of the learners as responsible for generating the output. 

• Multistage combination methods use a serial approach where the next combination base-learner is 

trained with or tested on only the instances where the previous base-learners are not accurate 

enough. 

• Let us say that we have L base-learners.  

• We denote by dj(x) the prediction of base-learner Mj given the arbitrary dimensional input x.  

 

• In the case of multiple representations, each Mj uses a different input representation 

• xj .  

• The final prediction is calculated from the predictions of the base-learners: 

 
• where f (·) is the combining function with Φ denoting its parameters. 

• When there are K outputs, for each learner there are dji(x), i = 1, . . . , K, j = 1, . . . , L, and, combining 

them, we also generate K values, yi, i =1, . . . , K and then for example in classification, we choose the 

class with the maximum yi value: 
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3. Voting  

• The simplest way to combine multiple classifiers is by voting, which corresponds 

• to taking a linear combination of the learners.  

• This is also known as ensembles and linear opinion pools. 

• Linear Option Pools : In the simplest case, all learners are given equal weight and we have simple 

voting that corresponds to taking an average. 

 

 
Rules :  

• Median rule is more robust to outliers; minimum and maximum rules are pessimistic and optimistic, 

respectively. 

• With the product rule, each learner has veto power; regardless of the other ones, if one learner has 

an output of 0, the overall output goes to 0.  

• Note that after the combination rules, yi do not necessarily sum up to 1. 
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• In weighted sum, dji is the vote of learner j for class Ci and wj is the weight of its vote. Simple voting 

is a special case where all voters have equal weight, namely, wj = 1/L. 

• Plurality Voting: Plurality voting where the class having the maximum number of votes is the winner. 

• When there are two classes, this is majority voting where the winning class gets more than half of the 

votes. 

• Weighted Voting Scheme : If the voters can also supply the additional information of how much they 

vote for each class, then after normalization, these can be used as weights in a weighted voting 

scheme. 

• In the case of regression, simple or weighted averaging or median can be used to fuse the outputs of 

base-regressors. 

 

Bayesian combination model : 

• Voting schemes can be seen as approximations under a Bayesian framework with weights 

approximating prior model probabilities, and model decisions approximating model-conditional 

likelihoods. 

 
• We only choose a subset for which we believe P(Mj ) is high, or we can have another Bayesian step 

and calculate P(Mj|X), the probability of a model given the sample, and sample high probable 

models from this density. 

 

 

• The independent two class classifiers with success probability higher than 1/2, namely, better than 

random guessing, by taking a majority vote, the accuracy increases as the number of voting 

classifiers increases. 

• Let us assume that dj are iid with expected value E[dj] and variance Var(dj ), then when we take a 

simple average with wj = 1/L, the expected value and variance of the output are 
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• We see that the expected value does not change, so the bias does not change.  

• But variance, and therefore mean square error, decreases as the number of independent voters, L, 

increases. 

 
• The  further decrease in variance is possible if the voters are not independent but negatively 

correlated. 

• The error then decreases if the accompanying increase in bias is not higher.  

• Voting has the effect of smoothing in the functional space and can be thought of as a regularizer with 

a smoothness assumption on the true function.  

• We vote over models with high variance and low bias so that after combination, the bias remains 

small and we reduce the variance by averaging. 

4. Ensemble Learning  

• Ensemble methods are techniques that aim at improving the accuracy of results in models by 

combining multiple models instead of using a single model.  

• The combined models increase the accuracy of the results significantly.  

• This has boosted the popularity of ensemble methods in machine learning. 

• Ensemble methods fall into two broad categories, i.e., sequential ensemble techniques and parallel 

ensemble techniques.  

• Sequential ensemble techniques generate base learners in a sequence, e.g., Adaptive Boosting 

(AdaBoost).  

• The sequential generation of base learners promotes the dependence between the base learners.  

• The performance of the model is then improved by assigning higher weights to previously 

misrepresented learners. 

• In parallel ensemble techniques, base learners are generated in a parallel format, e.g., random 

forest.  

• Parallel methods utilize the parallel generation of base learners to encourage independence 

between the base learners.  

• The independence of base learners significantly reduces the error due to the application of 

averages. 

 

 
 

 

 

 



lOMoAR cPSD|20220766 

 

 

 

 

 
 

 

5. Bagging:  

 

• Bagging is a voting method whereby base-learners are made different by training them over slightly 

different training sets. 

• Generating L slightly different samples from a given sample is done by bootstrap, where given a 

training set X of size N, we draw N instances randomly from X with replacement. 

• It is possible that some instances are drawn more than once and that certain instances 

• are not drawn at all. 

• The samples are similar because they are all drawn from the same original sample, but they are also 

slightly different due to chance. 

• The base-learners dj are trained with these L samples Xj . 

 

Unstable algorithm:  

• A learning algorithm is an unstable algorithm if small changes in the training set causes a large 

difference in the generated learner.  

• Bagging - bootstrap aggregating:   

o Uses bootstrap to generate L training sets, trains L base-learners using an unstable learning 

procedure,  

o During testing, takes an average.  

• Bagging can be used both for classification and regression. 

• Regression - Can take the median instead of the average when combining predictions. 

• An algorithm is stable if different runs of the same algorithm on resampled versions of the same 

dataset lead to learners with 

• high positive correlation.  

• Algorithms such as decision trees and multilayer perceptrons are unstable.  

• Nearest neighbor is stable, but condensed nearest neighbor is unstable.  

• If the original training set is large, then we may want to generate smaller sets of size N’  < N from 

them using bootstrap, since otherwise the bootstrap replicates Xj will be 

• too similar, and dj will be highly correlated. 
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6. Boosting:  

 

• In boosting, we  try to generate complementary base-learners by training the next learner 

• on the mistakes of the previous learners. 

• The original boosting algorithm combines three weak learners to generate a strong 

• learner.  

Weak learner: 

o A weak learner has error probability less than 1/2, which makes it better than random 

guessing on a two-class problem, and a strong learner has arbitrarily small error probability. 

• Given a large training set, we randomly divide it into three.  

• We use X1 and train d1. We then take X2 and feed it to d1. 

• We take all instances misclassified by d1 and also as many instances on which d1 is correct 

• from X2, and these together form the training set of d2.  

• We then take X3 and feed it to d1 and d2.  

• The instances on which d1 and d2 disagree form the training set of d3.  

• During testing, given an instance, we give it to d1 and d2; if they agree, that is the response, 

otherwise the response of d3 is taken as the output. 

• The overall system has reduced error rate.  

• The error rate can arbitrarily be reduced by using systems recursively, that is, a boosting system of 

three models used as dj in a higher system. 

 

Disadvantage :  

• It requires a very large training sample. 

 

• The sample should be divided into three and furthermore, the second and third classifiers 
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• are only trained on a subset on which the previous ones. 

 

AdaBoost:  

 

• Adaptive boosting -  that uses the same training set over and over and thus need not be large, but 

the classifiers should be simple so that they do not overfit.  

• AdaBoost can also combine an arbitrary number of base learners, not three. 

 

It works in the following steps: 

 

• Initially, Adaboost selects a training subset randomly. 

• It iteratively trains the AdaBoost machine learning model by selecting the training set based on the 

accurate prediction of the last training. 

• It assigns the higher weight to wrong classified observations so that in the next iteration these 

observations will get the high probability for classification. 

• Also, It assigns the weight to the trained classifier in each iteration according to the accuracy of the 

classifier. The more accurate classifier will get high weight. 

• This process iterate until the complete training data fits without any error or until reached to the 

specified maximum number of estimators. 

• To classify, perform a "vote" across all of the learning algorithms we built. 
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• The success of AdaBoost is due to its property of increasing the margin.  

• If the margin increases, the training instances are better separated and an error is less likely. 

 

7. Stacking:  

• The steps of Stacking are as follows: 

• We use initial training data to train m-number of algorithms. 

• Using the output of each algorithm, we create a new training set. 

• Using the new training set, we create a meta-model algorithm. 

• Using the results of the meta-model, we make the final prediction. The results are combined using 

weighted averaging. 
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• Stacking mainly differ from bagging and boosting on two points. First stacking often considers 

heterogeneous weak learners whereas bagging and boosting consider mainly homogeneous weak 

learners.  

• Second, stacking learns to combine the base models using a meta-model whereas bagging and 

boosting combine weak learners following deterministic algorithms. 

How stacking works? 

• We split the training data into K-folds just like K-fold cross-validation. 

• A base model is fitted on the K-1 parts and predictions are made for Kth part. 

• We do for each part of the training data. 

• The base model is then fitted on the whole train data set to calculate its performance on the test set. 

• We repeat the last 3 steps for other base models. 

• Predictions from the train set are used as features for the second level model. 

• Second level model is used to make a prediction on the test set. 

• Data - The Dataset to be used is split into training and testing data into n folds. This is achieved by 

repeated n-fold cross-validation, a technique to guarantee the efficient performance of the model. 

• Fitting data to base model - Based on the above n-fold data, the first fold is assigned to the base 

model, and the output is generated. This is done for all n folds for all the base models. 

• Level 1 model - Now that we have the results for the base models, we train the level 1 model. 

• Final prediction - Predictions based on the level 1 model are used as the features for the model, and 

then they can be tested on the test data for the final results of the stack model 

8. Unsupervised Learning: 

• Unsupervised Learning Algorithms allow users to perform more complex processing tasks 

compared to supervised learning.  

• Although, unsupervised learning can be more unpredictable compared with other natural learning 

methods.  

• Unsupervised learning algorithms include clustering, anomaly detection, neural networks, etc. 

Supervised Learning Unsupervised Learning 

It uses known and labeled data as input It uses unlabeled data as input 
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It has a feedback mechanism  It has no feedback mechanism 

The most commonly used supervised 

learning algorithms are: 

• Decision tree 

• Logistic regression 

• Support vector machine 

The most commonly used unsupervised 

learning algorithms are:  

• K-means clustering 

• Hierarchical clustering 

• Apriori algorithm 

 

9. K-means Clustering:  

K-means is a data clustering approach for unsupervised machine learning that can separate unlabeled 

data into a predetermined number of disjoint groups of equal variance – clusters – based on their 

similarities. 

 
• Step 1: First, we need to provide the number of clusters, K, that need to be generated by this 

algorithm. 

• Step 2: Next, choose K data points at random and assign each to a cluster. Briefly, categorize the data 

based on the number of data points. 

• Step 3: The cluster centroids will now be computed. 

• Step 4: Iterate the steps below until we find the ideal centroid, which is the assigning of data points 

to clusters that do not vary. 

• 4.1 The sum of squared distances between data points and centroids would be calculated first. 

• 4.2 At this point, we need to allocate each data point to the cluster that is closest to the others 

(centroid). 

• 4.3 Finally, compute the centroids for the clusters by averaging all of the cluster’s data points. 
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• K-means implements the Expectation-Maximization strategy to solve the problem. 

 

• Let us say we have an image that is stored with 24 bits/pixel and can have up to 16 million colors.  

• Assume we have a color screen with 8 bits/pixel that can display only 256 colors.  

• We want to find the best 256 colors among all 16 million colors such that the image using only the 

256 colors color quantization in the palette looks as close as possible to the original image. This is 

color quantization where we map from high to lower resolution. 

• The aim is to map from a continuous space to a discrete space; this process is called vector 

quantization. 

• If we quantize uniformly, it wastes the colormap by assigning entries to colors not existing in the 

image.  

• Eg: If the image is a seascape, we expect to see many shades of blue and maybe no red. 

• The colormap entries should reflect the original density. 

Reference Vectors:  

 
mj – values  

xt – pixels  

mi  - colour map  

 
Codebook vectors:  

• Instead of the original data value, we use the closest value we have in the alphabet of reference 

vectors. mi are also called codebook vectors or code words, because this is a process of 

encoding/decoding.  

 

• Going from xt to i is a process of encoding the data using the codebook of mi, i = 1, . . . , k and, on the 

receiving end, generating mi from i is decoding. Quantization also allows compression.  

• Eg: 24 bits to 8 bits  
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• We can calculate the principal component, divide its range into k equal intervals, partitioning the 

data into k groups, and then take the means of these groups as the initial centers. 

• There are also algorithms for adding new centers incrementally or deleting empty leader cluster 

ones.  

• In leader cluster algorithm, an instance that is far away algorithm from existing centers causes the 

creation of a new center at that point 

 
10. Instance Based Learning : KNN 

• Instance based learning is a supervised classification learning algorithm that performs operation  

after comparing the current instances with the previously trained instances, which have been  

stored in memory.  

• Its name is derived from the fact that it creates assumption from the training  data instances. 

• Components of Instance Based Learning Framework  

• The framework requires three components: Similarity function, Classification function, and  Concept 

Description Updater.  
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• Similarity Function: This computes similarity between a training instance the instances in the  CD at a 

certain point in time. Similarities are numeric-valued.  

• Classification Function: Given a new instance, it gives us the classification for that instance,  based on the 

values coming from the similarity function, instances in the CD and performance of  these instances in 

classification so far.  

• Concept Description Updater: Maintains record of classification performance and decides  which instances 

to include in the CD. 

Some of the instance-based learning algorithms are : 

• K Nearest Neighbor (KNN) 

• Self-Organizing Map (SOM) 

• Learning Vector Quantization (LVQ) 

• Locally Weighted Learning (LWL) 

• Case-Based Reasoning 

 

The Nearest Neighbor Classifier 

• The most commonly used instance-based classification method is the nearest neighbor method. 

• In this method, the nearest k instances to the test instance are determined. 

• Then, a simple model is constructed on this set of k nearest neighbors in order to determine the 

class label. 

o Binary class 

o Multi label class 
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The K-NN working can be explained on the basis of the below algorithm: 

 

Step-1: Select the number K of the neighbors 

Step-2: Calculate the Euclidean distance of K number of neighbors 

Step-3: Take the K nearest neighbors as per the calculated Euclidean distance. 
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Step-4: Among these k neighbors, count the number of the data points in each category. 

Step-5: Assign the new data points to that category for which the number of the neighbor is maximum. 

Step-6: The model is ready. 

 

• Firstly, we will choose the number of neighbors, so we will choose the k=5. 

• Next, we will calculate the Euclidean distance between the data points.  

• The Euclidean distance is the distance between two points, which we have already studied in 

geometry. It can be calculated as:  

 

 
• By calculating the Euclidean distance we got the nearest neighbors, as three nearest neighbors in 

category A and two nearest neighbors in category B.  

• Consider the below image: 

• As we can see the 3 nearest neighbors are from category A, hence this new data point must belong 

to category A. 

 

 
 

 

• Kvalue indicates the count of the nearest neighbors.  

• We have to compute distances between test points and trained labels points.  

• Updating distance metrics with every iteration is computationally expensive, and so KNN is a lazy 

learning algorithm. 

• If we proceed with K=3, then we predict that test input belongs to class B, and if we continue with 

K=7, then we predict that test input belongs to class A. 

 

Optimal K-Value:  

• There are no pre-defined statistical methods to find the most favorable value of K. 
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• Initialize a random K value and start computing. 

• Choosing a small value of K leads to unstable decision boundaries. 

• The substantial K value is better for classification as it leads to smoothening the decision 

boundaries. 

• Derive a plot between error rate and K denoting values in a defined range.  

• Then choose the K value as having a minimum error rate. 

 

• Calculating distance: The first step is to calculate the distance between the new point and each 

training point. There are various methods for calculating this distance, of which the most commonly 

known methods are — Euclidian, Manhattan (for continuous) and Hamming distance (for 

categorical). 

 

• Euclidean Distance: Euclidean distance is calculated as the square root of the sum of the squared 

differences between a new point (x) and an existing point (y). 

 

• Manhattan Distance: This is the distance between real vectors using the sum of their absolute 

difference. 

 

• Hamming Distance: It is used for categorical variables. If the value (x) and the value (y) are the 

same, the distance D will be equal to 0 . Otherwise D=1. 

 

 

 

 

 

 

11. Gaussian mixture models and Expectation maximization 
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