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Abstract—This paper is devoted to enchasing existing multi-view semi-supervised ensemble learning
algorithms by introducing a cross-view consensus. A detailed overview of three state-of-the-art methods
is given, with relevant steps of the training highlighted. A problem statement is formed to introduce both
semi-supervised framework and consider the semi-supervised learning in the context of optimization
problem. A novel multi-view semi-supervised ensemble learning algorithm called multi-view semi-
supervised cross consensus (MSSXC) is introduced. The algorithm is tested against 5 synthetic datasets
designed for semi-supervised learning challenges. The results indicate improvement in the average
accuracy of up to 10% in comparison to existing methods, especially in low-volume, high density

scenarios.

Index Terms—Machine learning; semi-supervised learning; label propagation; multi-view training;

ensemble.
I. INTRODUCTION

With the development of modern technologies
and computing capabilities, machine learning
methods are becoming more and more powerful and
effective. One of the important directions in this
field is the methods of training using multi-view
learning, which is aimed at improving the accuracy
of models by combining information from different
models or data representations.

The multi-view boosting method is one of the
promising approaches in this field. It is based on the
combination of ideas of boosting and multi-view
learning, resulting in more accurate and reliable
models due to the use of different types of data.
Boosting is known to be a powerful ensemble
learning technique that combines weak classifiers to
create a single strong classifier. The application of
this technique in the context of multi-view learning
allows to significantly increase the effectiveness of
models due to the use of additional information from
various sources.

In this paper, the main concepts and approaches
of multi-view boosting are considered, existing
methods and architectures analyzed, and an
improvement to the approaches proposed.

The purpose of this work is to research and
analyze the effectiveness of multi-view boosting in
comparison with traditional approaches, as well as to
determine the conditions under which this method
gives the best results. The implementation of

experiments and the analysis of the obtained results
will highlights the advantages and limitations of
multi-view boosting in various classification tasks.

This paper structured in the following way: in the
literature review section we provide an overview of
existing techniques of semi-supervised learning and
provide an overview of the existing methods and
brief descriptions of the algorithms used. In the
problem statement section we provide a formal
statement of the problem and outline the setting of
semi-supervised learning that is considered in this
work. In the method section a detailed description of
proposed method is given. In the result sections
details of the experiment setup and hyper parameters
is outlined. In the discussion section, the
interpretation of results is given and some nuances
of the approach and experiment are highlighted.
Lastly, in the conclusion section we highlight the
pros and cons of the proposed approach and propose
the direction of future research.

The results of this work are useful for researchers
and practitioners in the field of machine learning,
engaged in the development and implementation of
new methods and algorithms for processing large
volumes of data using multi-view approaches.

II. LITERATURE REVIEW

Semi-supervised learning combines a limited
amount of labeled data with a large amount of
unlabeled data to achieve better accuracy when
compared to supervised learning [1]. Most common
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approaches to semi-supervised learning include self-
learning [2], co-training [3], graph methods [4], and
boosting-based methods [5].

Boosting is a general ensemble technique for
improving the performance of classification
algorithms by combining several weak classifiers to
create a single strong one. In particular, algorithms
based on boosting, such as Multi-SemiAdaBoost
(MSAB) [6], Multi-View Semi-Supervised Boosting
(MSSBoost) [7], and Multi-View Semi-Supervised
Self-Adaptive  Algorithm (MS3A) [8] have
demonstrated high performance in multi-class
classification tasks, including sentiment analysis in
texts.

In article [8], a hybrid semi-supervised boosting
algorithm for text sentiment analysis is introduced.
This approach involves using a classifier predictions
together with similarity information to assign labels
to unlabeled examples. The proposed model
demonstrates that effective use of unlabeled data can
significantly improve classification performance.

One of the key advantages of multi-view
boosting is the ability to combine information from
different sources (views) to build a more accurate
model [9]. This allows the use of different types of
data, which can contain additional information that
is not taken into account when using only one type
of data. However, finding appropriate similarity
functions and computing optimal parameters can be
complex tasks that require significant computational
resources and experimental validation.

Research shows that wusing semi-supervised
boosting algorithms such as MS3A-Ensemble can
significantly improve classification performance. For
example, in sentiment analysis of tweets, where
different similarity functions and hybrid models were
used, high accuracy and stability of results were
achieved even with a limited amount of labeled data.

In this section we will provide a brief overview
of the methods outlined above as they are the basis
for the improvements proposed in this work.
Specifically, we review MSAB and MS3A-
Ensemble as the state-of-the art algorithm.

We will start by introducing the MSAB
algorithm. The MSAB algorithm is designed for
semi-supervised multi-class  classification.  Its
architecture is based on traditional boosting
methods, but includes mechanisms for using
unlabeled data. MSAB algorithm consists of the
three steps:

1) Initialization. During this step all of the hyper
parameters for the baseline learner are defined and
each sample (both labeled and unlabeled) receives a

weight, initially set to the same constant greater
than 0.

2) Boosting Cycle. During this step, each weak
classifier is trained on the current weights of the
samples. During the training both labeled and
unlabeled data is used. After the raining is complete,
it’s error rate is tested on labeled samples. Based on
the error rate, the weights for labeled samples are
updated. The weights for correctly labeled samples
are decreased, while the weights for incorrect
samples are increased.

3) Results from each weak classifier are
combined based on the weights derived during the
second step. During the inference, the result from
ecach weak classifier weighted, and a consensus-
based decision is formed.

4) This algorithm is great, as it has few hyper
parameters and is easy to apply, however it’s
accuracy boost is weaker than multi-view methods.

5) As such, let’s take a look at a multi-view
boosting method — MS3A-Ensemble. This algorithm
uses information  from  different  views
(representations) of data to improve classification
accuracy. The algorithm has 3 primary steps:

6) Initialization. The weights of all training
examples (marked and unmarked) are initialized
with equal wvalues. The number of views
(representations) and the number of iterations of the
algorithm (T) is set.

7) Boosting Cycle. Firstly, a weak classifier is
trained for each view. At each iteration, a weak
classifier is trained for each view of data (V, V>, ...,
V). Weak classifiers are trained using both labeled
and unlabeled data. Errors of classifiers are
estimated separately for each view. Sample weights
are updated for each view independetly, taking into
account the errors of the corresponding classifiers.

8) View result combination. After completing the
training iterations, the results of all weak classifiers
for each view are combined based on the weights. A
visual representation of the training method is
presented in Fig. 1.
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Fig. 1. MS3A-ensemble method
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III. PROBLEM STATEMENT

In this paper the problem of semi-supervised
learning is considered in the generall setting: given /
labeled points L={(x;, 1), ... (x, y)} and u
unlabeled points U={x:1, ..., X;,}; with / being
much smaller than u (/<<u). Let n = [ + u be the
total number of data points. In this paper, the testing

will be performed with binary labels, or y € {0, 1} .

The goal of semi-supervised learner fssp is to
provide an improvement of the goal metric g over
the supervised learner fs. This can be considered an
optimization problem:

n}S?LXg(fSSL(x))_g(fs(x))- (1)

As such, the aim of this research is to propose a
learner fsso that outperforms supervised learning
methods fs, and provides an improvement over
existing methods.

It is important to properly select a goal metric g,
as suboptimal selection can lead to skewed results.
Selecting model-level metrics such, as loss, is
acceptable when comparing two models with the
same architecture, however it is not useful when a
different definition of loss or different models are
used. As such, the common choice of goal metric is
batch-level aggregated metrics like average
accuracy, recall, and precision. In the setting that is
explored in this paper, a two-class dataset is used,
with each class being equal. As such, average
accuracy is the best metric to optimize:

_ TP+TN
TP+TN-+FP+FN

@)

where TP are true positives; TN are true negatives;
FP are false positives; FN are false negatives.

IV. METHOD

In the methods outlined in the literature review
section, we have outlined two common methods —
MS3A and MSBA. One of the aspects that these
methods do not explore, however, is cross-view
consensus during the training.

In the inference stage, the results from each
window are aggregated to generate the final decision,
however in the training stage each view (partition) of
data is considered independently. Please note that
view and partition are considered interchangeable
terms in this paper. However, if we are able to
introduce the cross-view interaction in the training
process it will solve several problems, namely:

e view splitting can be done by using different
classifiers or slices of data, no explicit definition of
similarity function required;

e weak classifiers will be able to share domain
knowledge, reinforcing the learning, improving the
convergence and accuracy;

e we could leverage smoothness assumption
more during the training process and provide a more
rigid framework for the application of semi-
supervised methods;

e semi-supervised learning can hurt the accuracy
in comparison to supervised learning. This is
especially true for multi-view training as each view
can introduce bias.

As such, proposed method aims to address all of
the issues by applying smoothness-based consensus
over the partial results for each view, called
“MSSXC” (multi-view  semi-supervised —cross
consensus).

The proposed method is based on applying the
smoothness assumption in the optimization problem
setting (1) to improve the target goal in comparison to
the baseline supervised classifier for each view. Then,
a proxy labeling approach is used to select high
confidence samples from best-performing classifiers..

The training process consists of three steps —
initialization, semi-supervised cross-view weak
classifier training, and aggregation weight derivation.

The initialization step is similar to MS3A
algorithm — we initialize k weak classifiers and set the
hyper parameters of our models. What is different,
however, is the choice of view generation methods.
Two strategies that can be used are k different
classifier types trained on the same data in the
democratic co-training scenario and splitting the
dataset either into slices with all of the attributes or
slices by attribute group. The choice of strategy
should be based on the dataset used to train the
learner.

After the view generation strategy is selected, the
boosting loop begins. The goal of MSSXC is to
provide sustainable learning performance that is
better or equal to the supervised learning. To achieve
this, before the first loop a fully supervised weak
learner fs is trained using all of the labeled data.
Additionally, each semi-supervised learner fssi 4 is
trained using the labeled data L;. This setup ensures
that all of the views are properly initialized and the
baseline for comparisons is set up.

Once the boosting preparation is complete, a
training cycle begins. The first step is learner
evaluation. To ensure that the training will not
degrade target metric, only weak learners that
outperform the baseline classifier are considered for
the label propagation step. More formally, an
evaluation derived from (1) is performed as:

Si:g(fSSL,)_g(fs)a (3)
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where ie[0,k] is a one of the training partitions
(views); g is the goal metric based on (1); fo 18

the learner for ith partition; f; is the baseline
supervised classifier.

After each weak semi-supervised learner is
evaluated and compared, learners that are weaker than
the baseline are removed from consideration (as their
knowledge capacity is below the supervised learner
and they are likely to degrade the result). This is done
by filtering out all fg, , for which s, is less than 0.

This concludes the learner evaluation sub step.

The next step is dominant learner label
propagation. The idea of this step is to use the
strongest weak learner to propagate it’s knowledge
to other views. This is achieved by first adding all of
the weak learners fy; to the priority queue Qj

based on their metric score s, If no learner is

stronger than the base learner f, then it is selected

as the dominant learner DI/. Otherwise, the learner
with the highest goal score s; is selected from the QO
and becomes a dominant learner DI. After the
dominant learner is chosen, it is used as a proxy-
label for each partition of the data. More formally,
this process is represented by formulae (4) and (5).

DIl = msax fssL,. > fSSL,. € Q/s )

L, = LU|(x,.DI(x,))|vx, €U, DI(x))

where L; are labeled samples for partition /; U; are
unlabeled samples for partition i; x; are unlabeled
samples from partition U;; DI(x;)conr is the confidence
of the dominant learner in the label for the input x;;
and & is the minimal confidence threshold for
labeling decision that is set up as a hyperparameter.
After all of the partitions’ labels are propagated, the
each weak learner fg; is retrained using the

L28 %)

con

updated dataset L, Evaluation step is performed
again and Qj, is repopulated with updated confidence
scores. It is worth noting that the dominant classifier
is evicted from Q) to prevent overfitting. The
training loop is repeated either 7' times, or until g
converges. L; is resetored to it’s original state after
each iteration to prevent a mistake by a weak
classifier from biasing the results of the training.
After the training is conducted, the final step is to
construct an ensemble from the weak learners. This
is achieved by applying the bagging technique. The
evaluation of each weak learner against the metric g
is performed, and voting coefficients are defined as:

YL () (©)
& (fSSL,. )

jek

where v, is the voting coefficient for the learner i

for class c; g. is the goal metric for class c.

Voting coefficient are saved together with model
weights and are utilized in the inference time. After
each weak learner creates a prediction vector for a
given input, it is multiplied by the associated voting
coefficient and summed together. This provides a
probability vector, akin to applying softmax:

y.= Zi‘ek Vie X -fSSL,.(‘ (x), (7)

where y! is the probability of class label belonging

to class ¢; x is the given input; v, is the voting

coefficient for the learner i for class ¢; fq is the

probability of x belonging to class ¢ given by the ith
weak learner.

The proposed method is flexible and has few
hyper parameters to tune, which makes it ideal for
low-dimensional and relatively simple datasets with
a limited label count available.

V. RESULTS

To test the effectiveness of the algorithm, an
experiment was conducted on five synthetic data sets
with different percentages of labeled and unlabeled
data.

A. Datasets

In this work, five datasets are used to evaluate the
performance of the algorithm — three variations of the
synthetic data set "Two Moons", the control data set
"Circles" and the data set "Banana".

"Two Moons" is a common dataset that is used
for evaluating the performance of semi-supervised
learning. The main challenge with this data set is
that naive label propagation algorithms will capture
part of the other crescent depending on the distance
between them. There are three data set options —
wide, normal and narrow. Each option posses a
certain challenge. Wide dataset is easy to label, so it
serves as a “control”, classic dataset have a minor
overlap without any high-density regions, and tight
variation introduces a high-density area, blurring the
decision boundary.

A visualization of three variants of the “Two
Moons” data set is shown in Fig. 2.

The “Banana” data set is more complex because
it consists of two variants, one of them can be
demarcated with a small distance between classes,
the second has several intersections.

One of the classes is located in the middle of the
other, but at the same time there is a small distance
between them and, with the exception of a few
anomalies, they do not intersect (Fig. 3a).
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The data set “Circles” acts as a control data set
for testing the correctness of the algorithm
implementation (Fig. 3b). Supervised and semi-
supervised learning should show high accuracy on
this dataset.

P L R R AT
!'.-.—.,..5-.-' Yooy A ey
2) b) c)
Fig. 2. “Two Moons” dataset — wide (a), classic (b),
tight (c)

m#

Our method is learner-agnostic (it can use any
learner type), as such we use support vector machine
(SVM) [10] ensemble with radial bias function
kernel for its simplicity.

In this setting a 5-view partitioning is used. We
use democratic co-training splitting function, however
as in this experiment only two classes are present, a
bias is introduced by mixing two classes in the
following proportions for each learner: 0—100, 20-80,
50-50, 80-20, 100-0. This ensures that each view
have different representation of the groundtruth data.

We select average accuracy as presented in (2) as
our goal metric for optimization g. We set T = 20
(training epochs), and classification confidence
threshold &€ = 0.95 for 10 and 50 percent labeled
data scenarios and € = 0.9 for 1 percent labeled
data. The experiment is repeated to achieve a 95%
confidence at 5% margin of error.

The results of the experiments are given in
Table I.

TABLE 1. ACCURACY OF CLASSIFIERS

gr Algorithm / Percentage of | o | ;000 | 590,

W labele.d data
Two Moons Wide MSAB 97.2% |97.4% |97.4%
Two Moons Wide MS3A 100% [100% |100%
hgaie, sl Two Moons Wide MSSXC  [100% [100% |100%
¥ o8 gty Two Moons Wide Supervised [89.4% [98.5% [100%
NPT S PO LI Two Moons Classic MSAB  [98.2% [98.9% |99.9%
_.-"-A 'L‘ oot Two Moons Classic MS3A 100% |100% |100%
Two Moons Classic MSSXC |100% [100% [100%
Two Moons Classic Supervised |97.2% [99.0% |100%
Fig. 3. Data sets “Banana” (a) and “Circles” (b) Two Moons Tight MSAB 79.6% [92.1% |95.3%
While selected datasets are relatively simple, they still Two Moons T¥ght MS3A 81.2% |93.4% [94.9%
poses a certain degree of challenge, especially “Banana” | LW0 Moons T¥ght MSSXC 87.2% |94.1% |95.8%
and “Two Moons” tight. Due to the small distance | LWO Moons Tight Supervised |79.5% |80.3% |92.1%
between classes (or even data overlap), it is almost |Banana MSAB 49.3% |50.8% |54.2%
impossible to get a perfect accuracy, especially on the |Banana MS3A 50.2% |55.9% |75.7%
lower percentages of labeled data. Banana MSSXC 53.4% 165.8% |79.7%
Synthetic datasets also ensure reproducibility of |Banana Supervised 50.1% |52.8% [60.1%
results, and their customization ability allows for a more |Circles MSAB 80.3% [100% |100%
flexible experiment setup. Circles MS3A 96.3% [100% |100%
B Methodology Circles MSSXC 97.0% |100% |100%
: Circles Supervised 80.1% |100% |100%

After the fully labeled dataset is generated, it is
prepared for a semi-supervised learning. First, we
train a baseline for the experiment, using 100% of
labeled data. This serves as a “sanity check” of sorts,
and enables the detection of issues early.

After the baseline classifier is trained, the data is
split into labeled and unlabeled sets. In this
experiment we test 1, 10 and 50 percent of labeled
data. To prevent data skew, especially on lower
labeled data count, we use stratified strategy to drop
labels from classes equally.

VI. DISCUSSION

As can be seen from the experiment results in
Table 1, the proposed algorithm has an advantage in
low-volume scenarios with a data overlap. In other
scenarios, it’s performance is comparable to MS3A,
and always either meets or exceeds it. It is also
worth noting that MSSXC never looses to the
supervised learner, as by design it never selects a
learner that would perform worse than a supervised
learner.
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Two datasets worthy of paying more detailed
attention two are two moons tight and banana. In
other scenarios, algorithms performed as expected
and did not face any challenges.

In two moons tight there are slight areas of
overlap, near the point where two crests connect to
each other, which introduces a high-density area. In
this scenario, on low data volume (1%), MSSXC
shows better (by 6%) classification accuracy.

Same observation can be found when analyzing
the results for banana dataset. MSSXC outperforms
MS3A in all scenarios, with 1% and 10% of data
being the most prominent. The biggest difference is
at 10% of labeled data.

The explanation for this phenomena can be two-
fold. Firstly, by design, the algorithm is better at
identifying a decision boundry in high-density
spaces as it uses the strongest learner and is also
capable of sharing the domain knowledge cross-
view by switching dominant learner on each
iteration. Secondly, the experiment setup is
favorable for this type of learning, as two dominant
learners come from two most saturated views (100—0
and 0-100 partitions respectively). Re-labeling of
unlabeled data on each iteration ensures that even if
a mistake was made previously, a dominant learner
has an opportunity to correct it, creating a balanced
environment which provides better decision
boundaries for each class.

VII. CONCLUSION

In this work, a novel algorithm for multi-view
semi-supervised cross consistency learning was
introduced. The algorithm expands on existing
multi-view semi-supervised methods by introducing
a consistency to classifiers by using highest
confidence learner in label propagation stage and
introducing a dominant learner rotation mechanism
that prevents (or at least minimizes the impact of)
over fitting. Additionally, the algorithm has
mechanisms that prevent it’s performance from
being worse than just a supervised classifier
ensemble.

Experimental results indicate that proposed
algorithm works well in high-density regions with
low label count, outperforming both supervised
classifiers and existing algorithms. This is achieved
by consistency mechanism providing better decision
boundary placement in high-density regions.

The primary limitation of this research is that it
was tested on fairly simplistic synthetic datasets.
While such datasets are great for testing, evaluation
and creating extreme scenarios, they might not
represent all aspects of real-world challenges.

Future work involves testing the dataset on more
real-world datasets and expanding learners to
support high-dimensional data. This can be achieved
by using more complex Ilearners (e.g. neural
networks), instead of support vector machines that
were used in this paper.
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TeNeKoMyHiKkalii, HarionanpHuit aBiamiinuid yHiBepcuter, KuiB, Ykpaina.

Ocgita: KuiBcbkuii momiTexHivynuii incturyt, Kuis, Ykpaina, (1973).

HampsiMm HaykoBOi JIisUTBHOCTI: aepoHaBiralfis, yHpaBJIiHHS MOBITPSHHM pPYXOM, ileHTH(]IKalis CKJIAJHUX CHCTEM,
BITPOEGHEPIreTHYHI YCTAHOBKH, IITYYHHH THTEIIEKT.

Kinbkicts myOmikariii: 6inbmie 700 HAayKOBUX POOIT.

E-mail: svm@nau.edu.ua

Jlecoropcebkmii Kupuio Cepriiiopuu. ORCID 0000-0003-2773-7398. AcmipaHT.

Kadenpa mryunoro inrenekry, dakynbreT iHGOPMATHKA Ta OOYMCIIIOBAIBHOI TeXHikM, HallloHaNbHHEH TeXHIYHUI
yHiBepcuteT YKpaini «KuiBcbkuit momitexHiunuid iHcTuTyT imMeHi Iropst Cikopcbkoroy, Kuis, Ykpaina.

Ocpita: HamioHanpHuii TexHiuHMH yHiBepcuteT Ykpaini «KwuiBchkuii IlomiTexHiuyHuit iHCTHTYT iMeHi Irops
Cikopcbkoroy, (2022).

HamnpsiMm HaykoBOi JisTTbHOCTI: IITY4YHI HEWPOHHI MEPEXKi, IITYYHUH 1HTEIEKT, PO3IOiICHHI O0YHCIICHHS.

Kinpkicts myoOmikarii: 8.

E-mail: lesogor.kirill@gmail.com



