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Abstract.

This work proposes three new query strategies for active learning. They
are built on modern developments in Extreme Learning Machine (ELM):
class-weighted ELM, prediction intervals with ELM, and mislabeled sam-
ples detection with ELM. Both ELM and active learning are important
methods of applied machine learning. Combined, they offer a fast and
precise tool for practical data acquisition in classification tasks where raw
data is cheap but labels are expensive to get. Some proposed methods
rival the state-of-the-art in performance and speed, based on testing with
three real world datasets.

1 Introduction

An Extreme Learning Machine [1] (ELM) is a fast [2] and flexible machine learn-
ing method with a non-iterative solution that provides good scalability as well
as theoretical performance guarantees [3]. Regularized versions of ELM avoid
over-fitting problems [4] and are widely used as tools to address practical chal-
lenges [5, 6].

The ELM ecosystem is highly focused on solving real-world problems, not
only on theoretical developments. Data acquisition is an integral part of the solu-
tion to such problems, in the form of getting additional data, labeling more sam-
ples, or revising previous labels. This is especially true for applied research [7],
where a machine learning expert shares his own work time between research,
implementation and data acquisition. Extreme Learning Machine save time on
parameter tuning in research as the method is mostly parameter-free, and save
efforts for code optimization as it is efficient to implement.

This work considers ELM in the last part of the whole problem solution –
data acquisition and labeling. Data related problems are covered by a broad
field of Active Learning1 [8]. Existing active learning literature with ELM ap-
pears only recently [9], and mostly considers simple methods like committee of

1http://active-learning.net
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models [10]. The goal of this paper is to compare the state-of-the-art pool-based
active learning methods [11] with various ELM-based sampling algorithms de-
rived from weighted ELM [12], mislabeled samples detection [13], and prediction
intervals for ELM [14].

2 Active Learning Query Strategies

Active learning is querying (expensive) labels for selected (cheap) unlabeled
samples from a large pool or stream of such, in a way that allows a classification
method to achieve the target accuracy with much less labeled training data. A
structured overview of active learning methods is available in a recent survey [8].

The reference query strategies include three state-of-the-art methods as Query-
ing Informative and Representative Examples (QUIRE) [15], SVM with Hint in-
formation (HintSVM) [16] and Active Learning By Learning (ALBL) [11]. Two
baseline reference methods are random sampling, and uncertainty sampling that
queries samples with least confident predicted labels from a committee of models.

3 Methodology

An Extreme Learning Machine has an easy and compact mathematical formu-
lation. The solution of ELM minimizing L2-norm of error is formulated as:

β = H†Y where H = f(XW ) (1)

HereX is an input data matrix including a dummy column of +1 for bias, W is a
random projection matrix, Y is a matrix of training outputs, (·)† denotes matrix
pseudo-inverse, and f(·) is a non-linear activation function applied element-wise.
Number of hidden neurons in ELM is given by the number of columns in W .

3.1 Committee of Class-Weighted ELMs

This query strategy (denoted as W-ELM ) uses uncertainty sampling framework,
querying label for the sample that has the highest entropy of outputs from a
committee of models. The committee is build from ELM models that are fast to
re-train as more data becomes available. Additionally, each ELM model utilizes
different class weights [12] that normally counter class imbalance in training
set. Here the weights allow for a more diverse set of predicted labels by a model
committee even with very little training data available. This increasing variation
in prediction entropy between unlabeled samples and helps to select the most
uncertain one.

3.2 Prediction Interval Size

This recent approach (denoted as ELM PI ) for estimating individual prediction
interval sizes for test data samples [14] is directly applicable to active learn-
ing. An algorithm may query samples with the largest prediction interval, that
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correspond to most uncertain data space areas. This is a pure ”exploration”
strategy [8], but a rather simple one, and it also benefits from a fast training
speed of ELM.

3.3 Mislabel Detection Score

An ELM-based algorithm (denoted as MD-ELM ) that can automatically detect
possible mislabeled samples in a dataset by randomly changing a few labels and
re-estimating error, increasing scores of samples such that changing their label
results in a lower error. ELM provides a precise non-linear classification error
estimator, as well as a fast way of computing Leave-One-Out error [13].

Samples with the highest mislabel score can be candidates to query. Each
single unlabeled sample is added to the training dataset, and gets a random
class label on every iteration of an algorithm. A high score associated with a
particular label means that adding that sample with this label to the dataset
will improve the global accuracy.

4 Experiments

Performance of the proposed methods is evaluated on three real-world binary
classification datasets from LibSVM repository2: Pima Indians Diabetes (768
samples with 8 features), Australian credit approval (690 samples with 14 fea-
tures) and Heart disease (270 samples with 13 features). All features are scaled
to be within [−1, 1] range.

4.1 Experimental Setup

The datasets are randomly split into 2/3 training and 1/3 test parts, then all the
methods are trained on the same training set and evaluated on the same test set;
this repeated 100 times and average results reported. Training set starts with
only 10 labeled samples, additional labels are provided to the queried samples
from the remaining unlabeled training pool. The accuracy of all query strategies
is evaluated by the same linear SVM model [17] for comparable results. Only
the order of adding labeled training samples differ between the methods.

All ELM models use 8 neurons as more will lead to extreme over-fitting with
the initial 10 labeled samples without aggressive L2-regularization. Activation
function is the hyperbolic tangent. Committee of class-weighted ELMs has 7
models with the following class weights: {5, 1}, {3, 1}, {2, 1}, {1, 1}, {1, 2},
{1, 3}, {1, 5}. MD-ELM evaluates every unlabeled training sample on 6 different
ELM models with 10 iterations each. This is the slowest method as it has to
get sufficient statistics for every unlabeled sample in the pool. All results are
presented on Figure 1.
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Fig. 1: Average accuracy over 100 runs for Pima Indians diabetes (top), Aus-
tralian credit approval (middle) and Heart disease (bottom) datasets using active
learning with different query strategies.
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4.2 Results

In the Pima Indians diabetes dataset (Figure 1, top) a near-optimal result is
achieved using only 150 out of 512 training samples. Uncertainty based sampling
methods perform the best, disregard the underlying model (W-ELM or linear
SVM). They are followed by the Prediction Interval-based querying with ELM,
which can be considered as another view of an uncertainty-based method. Other
methods except MD-ELM perform similar to random sampling.

In the Australian credit approval dataset (Figure 1, middle) uncertainty
based querying again shows good results, reaching a good accuracy with only
50 out of 460 training samples. Surprisingly, MD-ELM method reaches the best
accuracy at around 60%-70% of the training data, even surpassing the accuracy
with the whole dataset. This may be explained by some incorrectly labeled data,
that stays filtered out by MD-ELM.

The Heart disease dataset (Figure 1, bottom) has less data samples than the
other two, and the performance keeps increasing constantly as more labeled data
becomes available. Here W-ELM performs similarly to other methods like the
state-of-the-art QUIRE, and only MD-ELM under-performs at the whole data
range.

Considering runtime, W-ELM is the fastest method (excluding random sam-
pling that only generates a random number). Other fast methods are uncertainty-
based sampling, Hint SVM and prediction intervals ELM, which are 2-3 times
slower. QUIRE and ALBL are more than a hundred times slower than W-ELM,
and MD-ELM is the slowest at >300 times the runtime of W-ELM.

5 Conclusions

The paper proposes three novel query strategies for active learning based on
recent developments in Extreme Learning Machine, comparing them on three
real world datasets. The proposed committee of differently class-weighted ELM
performs at the state-of-the-art level in accuracy and in a fast runtime. The
second strategy of prediction interval-based sampling is slightly inferior. The
last method of mislabeled detection-based sampling may have a specific usage
of avoiding incorrectly labeled samples in the dataset, but it suffers from a slow
runtime and below-random performance with small amount of labeled data.

Further research will be focused on incremental active learning with ELM.
Recent advances include a fast batch inclusion and even removal of training
samples in the existing model. That will allow for an automatic data processing
and re-evaluation of samples mislabeled by the automatic process. Also speedup
considerations will be explored in a computationally heavy applications like an
image processing with the sliding window.

2https://www.csie.ntu.edu.tw/~cjlin/libsvmtools/datasets/binary.html
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