Noname manuscript No. (will be inserted by the editor)

A Brief Survey of Active Learning Techniques

Tim Menzies, West Virginia University Kelly D. Cecil, West Virginia University

the date of receipt and acceptance should be inserted later

1 Introduction

The objective of this literature is to review the topic of Active Learning. We wish to give special attention to techniques that enable minimizing the amount of time required for a user to probe sub-samples of the data to accurately classify code modules as being ”defective” or ”non-defective”. We focus our investigation on sampling techniques to minimize the number of queries required by the classifier and classification methods to maximize the accuracy of the classification.

Address(es) of author(s) should be given

2 ACTIVE LEARNING

2 Active Learning

2.1 What is Active Learning? [1]

There is a large amount of data available in unlimited formats such as documents, audio files, images, and videos. These pieces of data are all unlabeled and labeling all of these data points can be expensive. A labeling heuristic to assist in minimizing the cost of querying data points would be helpful when classifying data. We introduce active learning as a promising solution.

Active learning shares similarities with supervised and unsupervised learning. Active learning and supervised learning techniques both attempt to learn a accurate classifier to fit a data set. Querying points for labels in active learning and unsupervised techniques are expensive and should be minimized. The goal of an active learner should be to obtain an accurate classifier with a lower cost than a standard supervised learning algorithm by minimizing the number of queries on data points.

2.2 General Active Learning Heuristic [1]

The active learning heuristic suggested by Dasgupta is as follows:

– Input: A pool of unlabeled data points – Pick a few random points and get their label – Repeat

– Fit a classifier to points seen so far – Query points closest to boundary

**This pseudo-code algorithm should probably be a figure to help with a proper explanation of the method.**

2.3 Motivation for Active Learning [1]

Recent literature uses 2 ways to explain when active learning is helpful. Active learning provides means for an efficient search through the hypothesis space. Each label query may help to shrink the set of plausible classifiers, and active learning techniques can help to select the points that would help to shrink that set as quickly as possible. This goal of selecting minimal points motivates the investigation of effective sampling techniques to aid in the selection of data points.

Active learning also helps to exploit a cluster structure in data. A primitive method of constructing classifiers is to find clusters in the data, query random points within the cluster, and assign each clusters to its majority class. The classifier is constructed on the results of these clusters.

3 SAMPLING TECHNIQUES

3 Sampling Techniques

We now take a look at several available techniques to aid the selection of points to label.

3.1 The Problems of Random Sampling [2]

General active learning algorithms call for a random sampling of the data, but random sampling is not an optimal sampling policy for several reasons. Labeling data points is an expensive operation, so it is unwise to label areas where misclassification is not possible. Dasgupta and Hsu state that the number of queries required for a proper analysis when using random queries is O(^1_ξ ) where ξ is the desired error rate. [3] Cohn et al suggests that labeling data points will be most useful in the region of uncertainty, an area defined as the region in the sample space where misclassification is still possible based on information already gathered [2]. The cost of labeling in this region is more rewarding than labeling in an area where misclassification is unlikely occur. Our project can benefit from a sampling technique that finds a balance between exploration and exploitation of the dataset.

3.2 Exploration vs. Exploitation [4] [5]

An analysis of sampling algorithm will frequently begin to compare the exploration and exploitation of the algorithm. Tomanek et. al. describes active learning methods as being a highly exploitative strategy since active learning seeks to thoroughly explore the region of uncertainty defined by Cohn above. The trade off is that the method may not explore regions further away from the region of uncertainty. Wallace and Tomanek both express concerns that clusters may still exist in this unexplored region and refer to this phenomenon as the missed-cluster effect. Both authors assert the need for sampling techniques that properly balance exploration and exploitation of a data set.

**These two subsections should have a set of figures to aid the explanation of this topic. [5] provides a good visual description and may serve as good inspiration.

3.3 Hierarchical Sampling [3]

Cohn et. al. present an active learning scheme, where they use inherent cluster structures in the data. Their method begins by applying hierarchical clustering on the data. The root of the forming tree is assumed to be the cluster containing all of the instances. Random instances in the tree are queries for their labels and, depending on these labels, statistics for each pruning of the tree to see whether a particular pruning is mixed with different labels or is relatively pure with one class. Querying can be stopped at any point and the clusters are assigned their labels depending on the majority vote. The algorithm halts when the pruning of the trees is statistically judged to be pure. Their method is statistically consistent and never worse than supervised techniques. When compared to the baseline active learning method of random sampling, it reduces the number of points queried to O(

√_1 ξ log^1_ξ ) The success method depends on how well the actual labels align with the cluster structure in the data.

3.4 Greedy Sampling [6] 3 SAMPLING TECHNIQUES

3.4 Greedy Sampling [6]

Dasgupta’s binary search of the space requires d log m labels. This is a substantially more appealing approach than querying all m labels or using random sampling on the space. The greedy choice made by his approach, to always ask for the label which most evenly divides the space, satisfies the greedy choice property. This does not necessarily minimize the number of queries that must be made but typically requires at most O(ln | H |, where H is the target hypothesis.

3.5 Agnostic Sampling [7]

This algorithm is the first to be proposed as an active learning algorithm that works in the presence of any form of (limited) noise. The assumption of the algorithm is that samples come drawn iid from a fixed distribution. A^2 (Agnostic Active) is proposed to be a robust version of the selective sampling proposed by Cohn et. al. The difference of A^2 to selective sampling is the agnostic approach taken by the algorithm that does not eliminate a hypothesis based on the result of a single label query. The authors show that A^2 achieves exponential speedups in several settings previously analyzed without a noise. A^2 performs particularly well for the simple case of learning threshold functions (this holds for arbitrary distributions as well, provided the noise rate is low). The expected number of queries required for the algorithm is O(^{η2 ln 1δ}_{ξ2} ) where ξ is the desired error rate, η is the noise rate, and ξ is a confidence parameter.

3.6 Query by Committee [8]

Samples several times from a classifier distribution that results from training data in order to create a committee of classifier variants. The committee is meant to approximate the entire classifier distribution. Query by Committee measures variance by examining disagreements between committee members. When members disagree strongly (are different enough), those members are selected for labeling requests.

3.7 Iterative Approach to Selective Sampling [9]

Warmuth applies an iterative approach to selectively sampling previously unlabeled data for finding molecules that will bind with a particular molecule. 5% batches of the data are first chosen at random until positive and negative batches are found. All further batches are chosen using several select strategies detailed below. Positive is the goal state for a batch since those compounds will bind. Labels were hidden from learn in order to simulate the experiment and performance is benchmarked by reporting false positives. The selection strategies were as follows:

– Nearest Neighbor: The data is normalized and batches are considered for being closest to the already labeled batches’ hyperplanes.

– Support Vector Machine (SVM): The batch is selected by choosing the maximum margin hyperplane produced by a support vector machine.

3 SAMPLING TECHNIQUES 3.8 Importance Weighted Sampling [10]

– VoPerc: The strategy computes the weight vector of each example and stores these vectors. The vectors recorded in each pass are recorded for each 100 random permutations of the labeled examples. Each weight vector is assigned a ± vote where the prediction on an example is positive if the resultant vote is greater than zero and negative otherwise. Unlabeled examples are chosen that are closest to zero.

Results show that all strategies perform better than corresponding strategies and that VoPerc performs slightly better, having less variance.

3.8 Importance Weighted Sampling [10]

Beygelzimer et al. proposed an agnostic routine based on importance weighting (loss functions) to correct sampling bias and control variance with the ultimate goal of reducing the amount of labels needed to build an accurate classifier. The algorithm works by iterating through the sample space and calling a loss function to serve as the metric for a rejected threshold. The loss function represents the loss (or cost) associated with an estimate being incorrect. The loss function considers the current instance x[t] and all previous instances and return the probability p[t] of requested y[t]. Thus, the algorithm shrinks the hypothesis class H[t] to the subset of H[t] whose empirical loss is close to the smallest empirical loss in H[t].

4 CLUSTERING METHODS

4 Clustering Methods

4.1 Motivation

The previous section discussed various sampling methods for choosing the most useful queries in an active learning system and their strengths (situations in which they might excel) and weaknesses (queries required for a proper analysis.) We would clearly benefit from using clustering techniques to identify areas of interest and ensure that we further achieve the goal of balancing exploration and exploitation. Our ideal clustering algorithm would have low asymptotic complexity while providing a optimal grouping of similar data points.

4.2 k-means

K-means is a clustering algorithm that seeks to partition points into k clusters with the nearest mean point. The k-means algorithm has an asymptotic complexity of O(kN) where k is the number of clusters and N is the number of data points in the input set. K-means has an attractive complexity, but it is important to note that the algorithm may have to be executed multiple times to find the best value of k for the given data.

4.3 Compass

Compass is a clustering algorithm that works by finding the two points that are furthest away in the data set and build a tree structure by pulling data to each of the two extreme points. The Compass algorithm is very simple, and thus is very quick. The algorithm’s complexity is O(3N) per each layer of the tree where N is the number of input points. Further research is being conducted to investigate the inclusion of early stopping rules in the algorithm to reduce the number of layers of the tree.

4.4 Comparison of Clustering Techniques

A fast clustering algorithm has many advantages over a slower clustering algorithm such as Greedy Agglomerative Clustering (GAC). GAC requires O(n^2) operations to cluster a set of data. This quickly becomes infeasible for large data sets. k-Means can provide a more reasonable time investment, but the algorithm may have to be ran multiple times in order to find the best number of k clusters to fit the data set. Compass is a very promising but algorithm that can provide a low complexity.

We find in our studies that the Compass clustering algorithm performs significantly better in most cases than k-means and bisection methods. Tables 1 and 2 provide Win-Loss-Tie statistics from a comparison of Compass, k-means, and bisection methods using the COCOMO81 and Maxwell data sets available from the PROMISE data repository. Compass performs significantly better than other methods on both data sets.

A final motivation for a quick clustering technique can be found in a human expert’s inability to focus on a task indefinitely. Jakob Nielsen suggests that a second is the limit for the user’s flow of thought to continue uninterrupted and ten seconds is the

4 CLUSTERING METHODS 4.4 Comparison of Clustering Techniques

limit for keeping a user’s attention focused on dialogue. Nielsen’s also states that basic advice reguarding these response times have been the same for 30 years. [11]

Method Win Loss Tie COMPASS 180 0 0 BestK 100 46 34 K=16 157 20 3 K=8 142 25 13 K=4 115 40 25 K=2 71 70 39 K=1 62 82 36 BISECT4 1 76 103 BISECT6 30 44 106 BISECT8 36 39 105

Table 1 Win-Loss-Tie Results for the COCOMO81 Data Set

Method Win Loss Tie COMPASS 171 8 1 BestK 109 7 64 K=16 125 1 54 K=8 113 6 61 K=4 77 13 90 K=2 162 0 18 K=1 79 10 91 BISECT4 0 178 2 BISECT6 31 85 64 BISECT8 29 86 65

Table 2 Win-Loss-Tie Results for the Maxwell Data Set

5 DOMAIN EXPERTS [12] [13] [14]

5 Domain Experts [12] [13] [14]

We may choose to turn the labeling of chosen data points over to an expert to ensure the most accurate classification.

5.1 Motivation

Compton et al. defines an expert as people whose expertise is scarce and valuable.

5.2 The Use of Simulated Experts in Evaluating Knowledge Acquisition

A machine learning algorithm may be used to stand in for a domain expert for cases when a human domain expert is unavailable. The machine learning algorithm is not an ideal substitute of a living, breathing expert, but the simulated expert could improve the knowledge acquisition process. It is important to note that the expert is only as good as the machine learning algorithm governing it’s ”opinion” of the data and using only a single expert may not allow the data to be fully explored. Compton [13] and Shaw [12] both suggest the use of multiple experts that can correspond on a problem and ”brain-storm” to fully explore their domain of expertise.

5.3 Comparing Conceptual Structures Between Experts [12]

Our experts must be able to communicate with each other if we wish that they correspond. We use a reperatory grid (referred to as an entity-attribute grid in Shaw’s literature) as a means of establishing and exploring multiple expert’s agreement on subjects. Figure 1 shows an example of a reperatory grid.

Fig. 1: An example of a reperatory grid

6 CONCLUSIONS

6 Conclusions

References List of Figures

References

1. S. Dasgupta and J. Langford, “Tutorial summary: Active learning,” in ICML, p. 178, 2009. 2. D. Cohn, L. Atlas, and R. Ladner, “Improving generalization with active learning,” Mach.

Learn., vol. 15, no. 2, pp. 201–221, 1994.

3. S. Dasgupta and D. Hsu, “Hierarchical sampling for active learning,” in ICML ’08: Proceedings of the 25th international conference on Machine learning, (New York, NY, USA), pp. 208–215, ACM, 2008.

4. K. Tomanek, F. Laws, U. Hahn, and H. Schütze, “On proper unit selection in active learning: co-selection effects for named entity recognition,” in HLT ’09: Proceedings of the NAACL HLT 2009 Workshop on Active Learning for Natural Language Processing, (Morristown, NJ, USA), pp. 9–17, Association for Computational Linguistics, 2009.

5. B. C. Wallace, K. Small, C. E. Brodley, and T. A. Trikalinos, “Active learning for biomedical citation screening,” in Knowledge Discovery and Data Mining (KDD), 2010.

6. S. Dasgupta, “Analysis of a greedy active learning strategy,” in In Advances in Neural Information Processing Systems, pp. 337–344, MIT Press, 2004.

7. M.-F. Balcan, A. Beygelzimer, and J. Langford, “Agnostic active learning,” in ICML ’06:

Proceedings of the 23rd international conference on Machine learning, (New York, NY, USA), pp. 65–72, ACM, 2006.

8. A. Mccallum and K. Nigam, “Employing em in pool-based active learning for text classification,” 1998.

9. M. K. Warmuth, G. Rätsch, M. Mathieson, J. Liao, and C. Lemmen, “Active learning in the drug discovery process,” 2002.

10. A. Beygelzimer, S. Dasgupta, and J. Langford, “Importance weighted active learning,” in ICML 09: Proceedings of the 26th Annual International Conference on Machine Learning, (New York, NY, USA), pp. 49–56, ACM, 2009.

11. J. Nielsen, Usability Engineering. San Francisco, CA, USA: Morgan Kaufmann Publishers Inc., 1993.

12. M. Shaw and B. R. Gaines, “Comparing conceptual structures: Consensus, conflict, correspondence and contrast,” Knowledge Acquisition, vol. 1, pp. 341–363, 1989.

13. P. Compton, P. Preston, and B. Kang, “The use of simulated experts in evaluating knowledge acquisition,” in University of Calgary, pp. 12–1, 1995.

14. X. Zhang, J. Cheng, C. Xu, H. Lu, and S. Ma, “Multi-view multi-label active learning for image classification,” in ICME’09: Proceedings of the 2009 IEEE international conference on Multimedia and Expo, (Piscataway, NJ, USA), pp. 258–261, IEEE Press, 2009.

List of Tables

1 Win-Loss-Tie Results for the COCOMO81 Data Set . . . . . . . . . . . 7 2 Win-Loss-Tie Results for the Maxwell Data Set . . . . . . . . . . . . . . 7

List of Figures

1 An example of a reperatory grid . . . . . . . . . . . . . . . . . . . . . . 8