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Abstract

The scikit-multilearn is a Python library for performing multi-label classification. It is com-
patible with the scikit-learn and scipy ecosystems and uses sparse matrices for all internal
operations; provides native Python implementations of popular multi-label classification
methods alongside a novel framework for label space partitioning and division and includes
modern algorithm adaptation methods, network-based label space division approaches,
which extracts label dependency information and multi-label embedding classifiers. The li-
brary provides Python wrapped access to the extensive multi-label method stack from Java
libraries and makes it possible to extend deep learning single-label methods for multi-label
tasks. The library allows multi-label stratification and data set management. The imple-
mentation is more efficient in problem transformation than other established libraries, has
good test coverage and follows PEPS. Source code and documentation can be downloaded
from http://scikit.ml and also via pip. The project is BSD-licensed.

Keywords: Python, multi-label classification, label-space clustering, multi-label embed-
ding, multi-label stratification

1. Introduction

The Python language with its machine learning library stack has grown to become one of
the leading technologies of building models for the industry and developing new methods
for the researchers. While the Python community boasts with the excellent culture of
development, well-defined API traditions and well-performing implementations of methods
from most machine learning areas it did not have a high-quality solution for multi-label
classification.

In this paper we introduce scikit-multilearn, a well-tested, multi-platform, Python 3
compatible, BSD-licensed library with bleeding edge approaches for multi-label problems,
which is actively developed and has a growing user base. We also show that it is faster than
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its competition in other languages. It is also entirely compatible with the scientific/machine
learning ecosystem of well-known Python libraries which allows it to fill the niche of the
missing multi-label classification solution, while also benefits from complementary solutions
present in the scikit-learn community, while providing it with efficient implementations of
missing classification methods, data stratification, dataset access and manipulation.

We start with a summary of what multi-label classification is in Section 2. Followed
by Section 3 where we present related work and a description of the machine learning
ecosystem that scikit-multilearn fits in. In Section 4 we describe what scikit-multilearn
brings to the community. We evaluate how scikit-multilearn performs in comparison to
libraries implemented in other languages in Section 5 and present conclusions and future
ideas in Section 6.

2. Multi-label classification

Multi-label classification deals with the problem of assigning a subset of available labels
to a given observation. Such problems appear in multiple domains - article and website
classification, multimedia annotation, music categorization, the discovery of genomics func-
tionalities and are performed either by transforming a problem into a single/multi-class
classification problem or by adapting a single/multi-class method to take multi-label infor-
mation into account. An excellent introduction to the field has been provided by Tsoumakas
et al. (2009).

Madjarov et al. (2012) divide approaches multi-label classification into three groups:
method adaptation, problem transformation and ensembles thereof. The first idea is to
adapt single-label methods to multi-label classification by modifying label assigning frag-
ments in a single-label method. An example of this is introducing a multi-label version of
a decision function in Decision Trees (ex. Kocev et al., 2013).

Problem transformation concentrates on converting the multi-label problem to one or
more single-label problems. The most prominent examples include classifying each label
separately such as Binary Relevance or Classifier Chains (Read et al., 2009) and treat-
ing each label combination as a separate class in one multi-class problem as in the Label
Powerset case.

Both of these approaches suffer not only from standard problems of machine learning
such as over- and under-fitting but also from the issue of label imbalance (Sun et al.,
2009) or numerical anomalies related to label ordering when Bayesian approaches are used
for taking correlations into account. Ensemble methods aim to correct this by learning
multiple classifiers trained on label subspaces (ex. RAKEL by Tsoumakas et al., 2011a),
observation subsets with pruning and replacement, or analyzing various label orderings in
chains (ex. Probabilistic Classifier Chains by Dembczynski et al., 2010).

Multi-label embedding techniques emerged as a response the need to cope with a large
label space; these include label space dimensionality reduction techniques that turned Most
multi-label embedding methods turn multi-label classification into multivariate regression
problem followed by a rule-based or classifier-based correction step. Embedding methods
also vary by the principle of how the embedding is performed, these include: Principle Label
Space Transformation (Tai and Lin, 2012) based on Principal Component Analysis; Con-
ditional Principal Label Space Transformation (Chen and Lin, 2012) with Canonical Com-
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ponent Analysis; Feature-aware Implicit Label Space Encoding (Lin et al., 2014) based on
matrix decompositions; SLEEC (Bhatia et al., 2015) which uses k-means clustering and per
cluster embedding; CLEMS (Huang and Lin, 2017) which performs Multi-Dimensional Scal-
ing (see Kruskal, 1964) with extra multi-label quality measure optimization; and LNEMLC
(Szymanski et al., 2018) which embeds label networks using network embeddings such as
LINE or node2vec. Most of these use linear, ridge or random forest regressors to predict
embeddings for unseen samples and a variant of kNN to classify them with labels. CLEMS
and LNEMLC are among the best performing multi-label embeddings at this time.

Multi-label advances in recent years also include developments in a sub-area called ex-
treme multi-label where new methods emerged such as deep-learning based domain-specific
approaches for: image classification frameworks (Zhao et al., 2015; Wang et al., 2016; Wei
et al., 2016) or text (Liu et al., 2017; Yen et al., 2017). The field also includes tree-based
(Prabhu and Varma, 2014) or embedding-based (Bhatia et al., 2015) approaches. While
extreme multi-label is an interesting task it differs strongly from classical multi-label clas-
sification in performance expectations, benchmark datasets and quality measures and falls
beyond the main focus of scikit-multilearn but its methods can be used to classify these
scale of problems.

3. Related work

As with every applied science, research requires environments for performing experiments.
The most prominent multi-label classification stack to date (regarding method count and
popularity) is implemented in Java: MULAN (Tsoumakas et al., 2011b) and MEKA (Read
et al., 2016). Both depend heavily on the famous WEKA library (Hall et al., 2009) which
implements a plethora of classification and regression methods for single-label classification.
MULAN and MEKA are large multi-purpose libraries which support not only multi-label
classification tasks but also regression and multi-instance/multi-output tasks.

Python’s scientific ecosystem’s philosophy (Oliphant, 2007) is a different one, instead
of having few large multi-purpose libraries, it provides a foundation of libraries that de-
liver most important approaches and a network of smaller and more specialized libraries
that interact thanks to a well-defined API, coding and documentation standards set out for
common machine learning tasks such as prediction or data transformation. With numpy
(Oliphant, 2006), scipy (Jones et al., 2001) as numerical operation and data structure foun-
dations. The machine-learning foundation provided by scikit-learn (Pedregosa et al., 2011)
follows a different approach than WEKA as it does not aim at being a large mono-library
where all functionality is gathered. Instead, it concentrates on implementing most cited
well-established methods alongside a stable API design.

The rudimentary multi-label methods provided by scikit-learn do not support sparse rep-
resentations of label matrices apart from the multi output classifier: algorithm adaptation
approaches such as k nearest neighbors, CART trees and random forests and perceptrons;
problem transformation methods Binary Relevance, Classifier Chains and one-vs-rest or
one-vs-all usage of multi-class classifiers such as Support Vector Machines (Hearst et al.,
1998). However all of these are the most rudimentary variants of listed methods and have
been superseded by more modern approaches. The kNN approach from scikit-learn has
been improved by ML-kNN (Zhang and Zhou, 2007), deep learning is used much more
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often than perceptrons, and new tree-based classifiers like fastXML (Prabhu and Varma,
2014) outperform traditional random forests of multi-label trees. One-vs-all/rest multi-class
classifiers can now be replaced with inherently multi-label variants of the methods, ex. SVM
classification scheme has been enhanced by multi-label SVM approaches such as MLTSVM
(Chen et al., 2016). Binary Relevance provides worse performance than data-driven label
space division (Szymanski et al., 2016) or stacking (Montanes et al., 2014). Classifier chains
have been extended in multiple ways to overcome artifacts related to sample distribution
changes between label orderings either by learning shorter chains via data-driven label space
divisions or chain sampling methods (PCC by Dembczynski et al., 2010), (MCC by Read
et al., 2013). However scikit-learn’s classifiers are extremely useful when used as a base for
more comprehensive methods in scikit-mutlilearn such as label space partitioning ensembles
or multi-label embedding.

The scikit-learn project also forms a hub of a large network of complementary libraries
for more specific tasks, new techniques or emergent sub-fields. Such libraries include among
many others scikit-multiflow and imbalanced-learn.

The scikit-multiflow library (Montiel et al., 2018) concerns multi-label streams, which
differs from the traditional multi-label setting where a method is trained once to predict data
- in multi-label streams the methods are retrained or adopted as new samples arrive. Even
though scikit-multiflow provides reimplementations selected methods of scikit-learn, the
authors note that scikit-learn’s implementations should be applied while using the library.
Authors claim that the provided implementations are less optimal (kNN) or masks over
the original scikit-learn code for internal purposes. more Modern version of classifier chains
(PCC, MCC) and stream classifiers are the core contribution of the library. They are
optimized towards partial updating as new evidence arrives. The library is well unit-tested
and should be used for multi-label stream tasks which scikit-multilearn does not handle out
of the box. However, scikit-multilearn provides more vibrant and various offering of state
of the art methods optimized for the classic multi-label problem formulation.

The imbalanced-learn library (Lemaitre et al., 2017) is dedicated to overcoming class
imbalance problems in single-label tasks by a variety of under/over-sampling strategies. As
many problem transformation approaches transform the problem to a multi-class problem
imbalanced-learn can be used to improve learning capabilities of scikit-multilearn classifiers
by fitting them to resampled data.

Domain and sub-field related deep neural networks with multi-label classification sup-
port are also available such as magpie!, CNN-RNN for images or a variety of different
models for biological data? for text classification.

Multi-label classification problems can also be addressed in general purse deep learning
libraries such as Tensorflow (Abadi et al., 2015) or Keras (Chollet et al., 2015). However,
deep neural networks often do not demonstrate an appropriate level of robustness and
require significant differences in architecture to accommodate a concrete problem. This
introduces an additional level of complication while applying deep learning to multi-label
problems. While these libraries are instrumental in their areas, scikit-multilearn is dedicated
to providing domain-independent solutions as efficient per domain specialization is rarely
possible in one unified code base. However, scikit-multilearn does provide support for using

1. https://github.com/inspirehep/magpie
2. https://qdata.github.io/deep4biomed-web/
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Table 1: Comparison of multi-label classification libraries and their features. Letter P de-
notes partial functionality: scikit-learn can generate multi-label datasets, but does
not offer methods to lead them and manipulate them; sparse support is imple-
mented only for Binary Relevance (MultiOutputClassifier). MLC toolbox offers
some of its classifiers Windows-only. Output format from scikit-multilearn’s clas-
sifiers is compatible with scikit-learn’s quality measures.
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Keras-compatible models for multi-label classification independent of the backend used by
Keras (i.e. Tensorflow, CNTK) or PyTorch (via the skorch? library).

The scikit-multilearn project fits in the Python community similarly as to how MEKA
or MULAN fit to the Java machine learning projects network, however, it is focused on
multi-label classification problems to provide state of the art approaches and efficient im-
plementation of more advanced methods.

Recently multi-label classification libraries were made available in R (R Core Team,
2013) and Matlab/Octave (Eaton et al., 2017): utiml (Rivolli and de Carvalho, 2018) R
library built on top of the dataset management library mldr (Charte and Charte, 2015) and
offers a larger variety of available methods than other R libraries and a more welcoming
API; MLC Toolbox (Kimura et al., 2017) provides multi-label methods for Matlab/Octave
communities.

Table 1 provides a general point of view on the functionality offered by multi-label
classification methods in Java, Python, R and Matlab/Octave.

4. The scikit-multilearn library

The proposed library follows the idea of building a multi-label classification library on top
of an existing classification solution. In the case of Python, the obvious choice for a base
library is the scipy stack with scikit-learn. The concept of scikit-learn compatible projects
(scikits in short, not to mistake with the old scipy notion of scikits), has been present for
several years in many formats, most prominently exemplified in scikit-contrib. We follow
the ideas of these communities, the scikit-learn API principles and licensing.

The primary goal of scikit-multilearn is to provide an efficient Python implementation of
as many multi-label classification algorithms as possible both to the open source community
and commercial users of the Python data science stack. With such focus in mind, we
concentrate on delivering a library dedicated to provide domain-independent solutions for
solving multi-label classification problems, allowing other toolkits to excel in their areas
such as: scikit-multiflow when it comes to multi-label streams or imbalanced-learn when it
comes to handling imbalance multi-class data or many deep learning approaches described
in the previous section.

Extensions of scikit-learn. The scikit-multilearn library extends the multi-label classi-
fication offering of scikit-learn by:

e cxtending the family of classifiers available to the Python community with more ad-
vanced algorithm adaptation and problem transformation (label space division) ap-
proaches

e implementing multi-label embedding-based classification methods

e providing additional features too specific for scikit-learn such as the general framework
for classification based on label space division or the wrapper for MEKA,

e implementing non-classification tools for multi-label classification, including multi-
label dataset manipulation from ARFF, loading and saving sparse representations of

3. https://github.com/dnouri/skorch
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these datasets and the only Python implementations of multi-label data stratification
methods (see work by (Sechidis et al., 2011), (Szymanski and Kajdanowicz, 2017))

Advanced Multi-label Adapted Algorithms. Within scikit-multilearn we provide im-
plementations of recent multi-label algorithm adaptation methods, that do not meet the
selectiveness criteria of scikit-learn due to their novelty. These include:

e ML-ARAM: the hierarchical multi-label adaptive resonance associative map (Benites
and Sapozhnikova, 2015)

e BR-kNN and ML-kNN: Binary Relevance kNN (Spyromitros et al., 2008) and multi-
label kNN (Zhang and Zhou, 2007) - their scikit-multilearn implementations are built
on top of scikit-learn’s NearestNeighbors multiclass classifier,

e MLTSVM: the multi-label twin support vector machine (Chen et al., 2016) which does
not require a training quadratic number of SVM classifiers.

Problem Transformation with Label Space Division. One of the significant contri-
butions of the library is a framework for performing ensemble classification with different
label space division strategies. The library provides ways to divide the label space based
on:

e clustering of the label matrix representations, using any of the scikit-learn compat-
ible clusterers (i.e. classes that inherit scikit-learn’s ClusterMixin base class). The
clusterer is executed on a transposed label assignment matrix and detected clustering
is used as the label space division for the ensemble method. An example of this ap-
proach is the k-means clustering of labels which has been applied by many approaches
(Tsoumakas et al., 2008; Yu et al., 2017)).

e communities detected in a network which embeds information about relations be-
tween labels. In scikit-multilearn there is a general API for defining graph generators
based on the label matrix, such graphs can exploit relations based on co-occurrence,
correlation or any other pairwise measure defined over labels. The library supports
community detection methods based on three popular graph/network packages in
Python: (NetworkX, BSD by Hagberg et al., 2008)), (igraph, GPL by Csardi and
Nepusz, 2006), (graphtool, GPL by Peixoto, 2014). An example of this approach is
the label space division based on label co-occurrence graphs (Szymanski et al., 2016).

e random division, present in the random k-label sets (RAKEL) approaches
e predefined fixed division obtained from expert knowledge

In scikit-multilearn a partitioning and a voting majority ensemble approach are provided,
in both a sub-classifier is trained on every label subset from a label space partition. In the
partitioning variant, the predicted results are the union of results from each of the classifiers.
In the voting ensemble, the label is assigned if the majority of classifiers trained on a label
subspace which contain the label have assigned it to a given sample.
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Multi-Label Embeddings. Another significant contribution of the library is a frame-
work for multi-label classification using multi-label embeddings and scikit-multilearn is the
first Python library to provide a general multi-label embedding scheme with an embed-
ding regressor and embedding-based classifier. Currently two state of the art embedding
approaches are provided Cost-Sensitive Label Embedding with Multidimensional Scaling
(CLEMS)(Huang and Lin, 2017), Label Network Embeddings for Multi-Label Classifica-
tion (LNEMLC)(Szymanski et al., 2018) alongside a general embedder that can use any
scikit-learn manifold learning or dimension reduction to embed the output space.

Compatibility. The scikit-multilearn project aims to be compatible with the Python data
science stack. It follows the scikit-learn API and requirements specified in check_estimator
code. Multi-label classifiers in scikit-multilearn inherit scikit-learn’s BaseEstimator and
ClassifierMixin classes. They can be thus easily incorporated into scikit-learn pipelines
and cross-validations, evaluation measures, and feature space transformators. It is easy to
use scikit-learn’s extensive feature-space manipulation methods, single-label classifiers and
classification evaluation functions with scikit-multilearn.

BSD licensing. As innovations in machine learning happen in both academia and com-
panies, it is important to create a library that allows both communities to grow and profit
from common work. Thus, scikit-multilearn is released under the BSD license to permit the
for-profit ecosystem to use the library while opening the possibility of sharing development
and maintenance tasks. While most of scikit-multilearn’s functionality is available via BSD
licensed libraries, the package also allows using GPL-licensed libraries to be used for label
space division such as igraph or graphtool. Importing from skmultilearn.cluster.igraph
or skmultilearn.cluster.graphtool will require your code to submit to GPL licensing
requirements.

Access to the Java stack. The library provides scikit-compatible wrapper to reference
libraries such as MEKA, MULAN and WEKA through MEKA when a need arises to use
methods that have not yet been implemented in Python natively. Using these libraries
via scikit-multilearn wrapper does not induce a licensing (GPL-BSD) conflict. Support
for MULAN is limited to methods available via MEKA’s meka.classifiers.multilabel.
MULAN classifier?.

Using Deep Learning models. Scikit-multilearn provides a wrapper that allows using
any Keras (Chollet et al., 2015) compatible backend such as Tensorflow (Abadi et al., 2015)
CNTK (Seide and Agarwal, 2016) or PyTorch (Paszke et al., 2017), to provide a single-
class or multi-class model that can be used to solve multi-label problems through problem
transformation approaches.

Sparsity. Multi-label classification problems often do not provide cases for all possible
label combinations - in most benchmark sets there are less than 5% labels per row on
average. The output space is thus very sparse. As opposed to MULAN and MEKA, scikit-
multilearn operates on sparse matrices internally yielding a large memory boost as displayed
in Figure 1.

4. http://meka.sourceforge.net/api-1.9/meka/classifiers/multilabel/MULAN.html#
setMethod-java.lang.String-
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Using scikit-multilearn. The steps for using scikit-multilearn are very simple: loading
the data, selecting the method and performing classification. The library supports loading
matrices from all well-established formats thanks to scipy and operates on scipy/numpy
representations internally, converting to dense matrices or lists of lists only if required by a
scikit-base classifier, if one is employed in the problem transformation scenario.

Other output types and subproblems. Scikit-multilearn does not support multi-label
regression or multi-output prediction at the moment. Multi-label regression is considered
for future releases, while multi-output approaches will not be supported due to scikit-
multilearn’s concentration on efficient sparse matrix usage throughout the codebase. Ex-
treme Multi-label Classification is not the main focus of scikit-multilearn but both the label
network embedding methods and label space partitioning methods are capable of handling
extreme multi-label datasets. Keras-based deep learning models can also be deployed with
the label partitioning strategy to solve extreme multi-label problems.

Structure of scikit-multilearn. Scikit-multilearn provides three subpackages following
the established categorization of multi-label methods: method adaptation approach (in
skmultilearn.adapt), problem transformation approach (in skmultilearn.pt) and en-
sembles of the two (in skmultilearn.ensemble). The label space division methods and
label relationship graph builders are present in skmultilearn.cluster. To use multi-label-
adapted version of a single-label method one only needs to import it and instantiate an ob-
ject of the class. A problem transformation approach takes a scikit-learn compatible base
classifier and optional information whether the base classifier supports sparse input. Ensem-
ble methods require a classifier and relevant method’s parameters. The classifier is trained
using the fit method, which takes the training input and output matrices, and classification
is performed using the predict method on test observations - just as in scikit-learn. The
MEKA wrapper provides a scikit-learn compatible classifier class in skmultilearn.meka.
Dataset download, loading and manipulation tools are available in skmultilearn.dataset.
Multi-label data stratification methods and dataset fold division quality measures are avail-
able in skmultilearn.model _selection. Multi-label embedding approaches are located in
skmultilearn.embeddings.

4.1. Documentation and Availability

Scikit-multilearn is hosted on GitHub and managed via the fork and pull-request paradigm.
Both user and developer documentation is available at http://scikit.ml/. After 4 years
of development, in July 2018, the library has reached a stable 0.1.0 release. The newest
version - 0.2.0 - was released in December 2018. The code is released under BSD licence
using GitHub and releases are available via PyPI. Implementation follows PEPS8 and is
maintained with a high level of test coverage (82% for the 0.2.0 release). The develop-
ment undergoes continuous integration on Windows, Ubuntu Linux and Mac OS X, with
Python 2.7 and Python 3.3. At the moment of the 0.2.0 release scikit-multilearn has been
starred 242 times and forked 72 times. Development is managed on the GitHub repository
scikit-multilearn® and is accompanied with communication and discussion in the Slack

5. https://github.com/scikit-multilearn/scikit-multilearn
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channel®. All commits undergo continuous testing on Windows, Ubuntu and Mac OS X,
both under Python 2.7 and 3.3. The library also has its tag” on StackOverflow.

5. Benchmark

We found that scikit-multilearn is faster than its competition. We have tested MEKA,
MULAN and scikit-multilearn on 12 well-cited benchmark multi-label classification datasets
using two comparison scenarios: Binary Relevance and Label Powerset. The two selected
problem transformation approaches are widely used both in regular classification tasks and
as the base for more sophisticated methods. We did not test algorithm adaptation methods
as there are no algorithm adaptation methods present in all three libraries. We use these
methods to illustrate two aspects of the classification performance of the libraries: the cost
of using many classifiers with splitting operations performed on the label space matrix and
the cost of using a single classifier which requires to access all label combinations to perform
the transformation. To minimize the impact of base classifiers, we have decided to use a fast
Random Forest base classifier with 10 trees. As Octave does not provide Matlab’s random
forest implementation, we used the one provided by the shogun toolbox (Sonnenburg et al.,
2017). We have checked the classification quality and did not find significant differences
between Hamming Loss, Jaccard and Accuracy scores between the outputs. The benchmark
is performed with scikit-multilearn 0.1.0, MEKA 1.9.2, MULAN 1.5.0, scikit-learn 0.19.2,
Octave 4.2.2, shogun 6.1.3, MLC Toolbox for Matlab/Octave code from GitHub master
commit hash 798779, R 3.4.1, utiml 0.1.2. As utiml does not provide a Label Powerset
implementation, we do not evaluate it in this subexperiment.

Figure 1 presents the time and memory required to perform classification, including
loading the ARFF dataset (or Matlab export in case of the toolbox) and measuring errors,
i.e. a complete classification use case scenario. As different datasets require a different
amount of time and memory we decided to normalize the charts. The results on the chart
are normalized for each dataset separately. To normalize we calculated the median of every
library’s time or memory performance and selected the highest of the medians in the dataset
as the normalization point, i.e. 100% is the worst median performance. We present the best,
median, and worst performance of each library per dataset, normalized performance with
the worst median performance on that dataset. The closer the library is to point 0, the
better it performed, thus the smaller area inside the library curve, the better.

All the libraries were forced to use a single core using the taskset command to minimize
parallelization effects on the comparison. Time and memory results were obtained using the
time -v command and represent User time, and Maximum resident set size respectively.
All results taken into consideration reported that 100% of their CPU core had been assigned
to the process which performed the classification scenario.

We notice that in both classification schemes scikit-multilearn always uses less or, in
a few edge cases the same amount of, memory than MEKA or MULAN due to its sparse
matrix support. In most cases scikit-multilearn also operates faster than MEKA, MULAN.

When it comes to label space division approaches modeled in the experiment by Binary
Relevance, scikit-multilearn is the most efficient choice on every data set. With Label Pow-

6. https://scikit-ml.slack.com
7. https://stackoverflow.com/tags/scikit-multilearn/info
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Figure 1: User running time (s) and memory usage ranks of utiml, MLC Toolbox, scikit-
multilearn, MEKA and MULAN, with RandomForest, and two different multi-
label classifiers.

erset multi-class transformation it is in most cases more efficient than MEKA and MULAN
and outperforms the MLC Toolbox on datasets with larger numbers of label combinations
while on smaller data sets the MLC Toolbox tends to be more efficient.

We have also compared Binary Relevance from scikit-learn to Binary Relevance from
scikit-multilearn. The only difference between the two implementations is the fact that
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scikit-learn does not convert the output matrix to a Compressed Sparse Column matrix®
while scikit-multilearn does. The observed results were that scikit-learn’s implementation
was always slightly faster than scikit-multilearn’s, while it always used a slightly larger
amount of memory, both changes can be attributed to a difference between formats used
for the output space. We, therefore, do not report this comparison in extensive detail.

As there is no statistical procedure that allows performing a non-parametric repeated
measure tests on multiple measurements per test, we decided to compare the worst case
time/memory usage of scikit-multilearn against the best case MEKA/MULAN /utiml/MLC

8. https://docs.scipy.org/doc/scipy/reference/generated/scipy.sparse.csc_matrix.html
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Figure 2: User running time (s) and memory usage ranks of utiml, MLC Toolbox, scikit-
multilearn, MEKA and MULAN, with RandomForest, with RandomForest, and
different multi-label classifiers. There are mean ranks on diagonal.
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Toolbox performance. We used the Quade test with Bergmann-Hommel post hoc multiple
hypothesis testing scenario (as laid out by Garcia et al., 2010), the significances of rank
difference and mean ranks of each libraries performance are provided in Figure 2.

We see that even in this negative averaging scenario scikit-multilearn is statistically
significantly more efficient the other libraries when label space division approach (Binary
Relevance) is deployed.

When Label Powerset multi-class transformation is used both scikit-multilearn and MLC
Toolbox perform better than MULAN/MEKA with statistical significance. In terms of
speed scikit-multilearn ranks slightly higher than the MLC Toolbox but consumes a little
more memory. The differences between scikit-multilearn and the MLC Toolbox in this
approach are not statistically significant.

6. Conclusions

The presented library - scikit-multilearn - is the most extensive scikit-learn compatible
multi-label classification library. It provides implementations of both the most popular
algorithms and new families of methods such as network-based label space division ap-
proaches. It is fast thanks to performing transformations on sparse matrices internally and
using well-optimized methods from scikit-learn as base classifiers, and also integrates well
with the Python data science stack of scipy. It also provides wrappers to Keras models
which allows quick adaptation of deep learning approaches to multi-label classification via
problem-transformation approaches, and MEKA /WEKA with parts of MULAN - the stan-
dard Java classification stack - and allows easy use of those methods with the rest of the
Python stack.
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count mean std min 25% 50% 75% max

set  library
MEKA 10 329.35 6.93 311.28 328.73 330.65 331.59 336.41
gg MLC-Toolbox 10 540.39  64.40 469.11 489.02 524.54 584.42 652.68
% MULAN 10 323.59 5.40 316.28 321.09 322.94 326.08 332.94
O  scikit-multilearn 10 24.05 0.93 22.60 23.18 24.71 24.77 24.85
utiml.R 10 1928.82  54.03  1825.97  1906.33  1929.56  1961.09  1995.39
MEKA 10 317.91 7.41 307.67 311.13 319.67 325.21 326.59
% MLC-Toolbox 10 696.19  34.06 633.80 680.56 696.30 718.40 749.24
2 MULAN 10 288.15 6.33 284.30 284.87 285.51 286.77 303.88
= scikit-multilearn 10 41.05 1.74 37.19 41.17 41.81 42.00 42.38
utiml.R 10 1001.93  43.17 925.99  1005.15  1007.94  1010.66  1075.69
MEKA 10 3.63 0.16 3.38 3.56 3.60 3.68 3.90
w  MLC-Toolbox 10 1.05 0.03 1.02 1.02 1.04 1.08 1.10
é MULAN 10 4.30 0.10 4.09 4.27 4.34 4.38 4.40
scikit-multilearn 10 1.50 0.05 1.45 1.46 1.50 1.54 1.58
utiml.R 10 7.04 0.04 6.97 7.02 7.04 7.06 7.10
MEKA 10 5291.10 76.51 5193.85 5257.89  5288.31  5298.34  5483.73
% MLC-Toolbox 10 12294.52 519.71 11082.67 12141.24 12302.92 12510.35 13018.59
E MULAN 10 4902.66  37.00  4861.75  4879.77  4896.75  4901.54  4969.57
& scikit-multilearn 10 549.79  18.06 525.48 529.89 562.26 563.51 565.50
utiml.R 10 6680.74 539.44  5930.92 6453.18 6549.90 7168.62  7381.27
" MEKA 10 2.31 0.04 2.20 2.31 2.32 2.33 2.35
5  MLC-Toolbox 10 0.60 0.02 0.58 0.59 0.60 0.62 0.63
€ MULAN 10 2.32 0.06 2.25 2.28 2.31 2.34 2.43
% scikit-multilearn 10 0.75 0.06 0.67 0.72 0.72 0.74 0.86
utiml.R 10 3.89 0.03 3.84 3.89 3.89 3.91 3.93
MEKA 10 17.74 0.27 17.37 17.58 17.72 17.86 18.21
g MLC-Toolbox 10 28.62 0.27 28.31 28.45 28.53 28.76 29.19
g MULAN 10 15.53 0.20 15.32 15.35 15.48 15.69 15.84
¢ scikit-multilearn 10 6.40 0.23 5.82 6.44 6.48 6.52 6.57
utiml.R 10 93.75 0.55 92.72 93.34 93.99 94.13 94.27
MEKA 10 11.94 0.60 11.19 11.71 11.80 12.18 13.32
% MLC-Toolbox 10 2.95 0.07 2.86 2.92 2.95 3.00 3.09
<= MULAN 10 9.69 0.21 9.39 9.56 9.68 9.74 10.15
% scikit-multilearn 10 5.01 0.22 4.52 4.89 5.12 5.16 5.18
utiml.R 10 41.89 0.33 41.48 41.64 41.88 41.97 42.49
_. MEKA 10 607.94  79.02 448.97 624.48 638.55 655.44 662.81
E MLC-Toolbox 10 1446.38  73.95 1285.85  1419.56  1463.09  1504.47  1518.34
-,g MULAN 10 424.29  23.80 415.32 416.04 416.89 417.42 491.95
g scikit-multilearn 10 595.14  19.48 566.27 576.67 608.73 610.54 611.08
utiml.R 10 2701.30 102.56  2536.77  2606.49  2704.90  2800.31  2807.30
MEKA 10 6.66 0.15 6.43 6.54 6.65 6.78 6.87
Tg MLC-Toolbox 10 5.06 0.14 4.83 4.99 5.08 5.14 5.24
% MULAN 10 717 0.32 6.90 7.01 7.08 7.14 8.04
g2  scikit-multilearn 10 3.65 0.07 3.58 3.58 3.64 3.71 3.76
utiml.R 10 69.57 0.19 69.35 69.44 69.59 69.63 69.99
MEKA 10 4.86 0.16 4.72 4.73 4.83 4.89 5.23
g MLC-Toolbox 10 2.21 0.03 2.16 2.19 2.21 2.23 2.26
g MULAN 10 4.82 0.27 4.50 4.59 4.76 5.06 5.26
“ scikit-multilearn 10 3.68 0.09 3.56 3.60 3.70 3.76 3.78
utiml.R 10 12.47 0.10 12.27 12.43 12.48 12.55 12.59
MEKA 10 154.56 3.17 147.05 153.69 155.76 156.33 158.31
lé MLC-Toolbox 10 874.41  37.77 810.27 859.82 884.38 897.00 930.94
< MULAN 10 146.53 5.67 143.46 143.76 143.88 144.15 157.80
é scikit-multilearn 10 47.94 0.98 46.83 47.02 47.95 48.85 48.99
utiml.R 10 1039.77 2.68 1036.34 1038.47 1038.92  1041.36  1044.98
MEKA 10 6.73 0.50 6.21 6.47 6.64 6.85 8.00
+  MLC-Toolbox 10 5.29 0.05 5.20 5.26 5.30 5.33 5.35
§ MULAN 10 6.10 0.14 5.91 6.05 6.09 6.14 6.43
™ scikit-multilearn 10 4.35 0.11 4.23 4.25 4.34 4.45 4.48
utiml.R 10 13.24 0.06 13.15 13.19 13.24 13.28 13.33

Table 2: User time of library running Binary Relevance for each of the datasets.
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count mean std min 25% 50% 5% max

set library
MEKA 10 841.26 5.66 831.88 837.45 842.15 845.64 849.58
é MLC-Toolbox 10 20062.98 24.13  20032.54  20042.36  20058.43  20085.25  20100.32
95) MULAN 10 829.86 4.53 824.72 826.75 827.35 833.10 837.73
O  scikit-multilearn 10 168.79 0.05 168.72 168.75 168.78 168.80 168.88
utiml.R 10 506.28 1.88 502.55 505.85 506.18 507.63 508.95
MEKA 10 790.58 5.33 778.96 791.70 793.06 793.50 794.51
% MLC-Toolbox 10 30794.48 79.82  30670.80  30734.07  30794.87  30858.47  30920.78
é MULAN 10 787.87 3.13 785.26 786.10 786.86 788.13 795.67
- scikit-multilearn 10 445.47 0.07 445.40 445.42 445.44 445.53 445.59
utiml.R 10 992.02 3.12 983.88 992.73 992.82 992.86 994.79
MEKA 10 535.83 1.69 534.09 534.66 535.35 537.34 538.52
2 MLC-Toolbox 10 112.99 0.72 111.29 113.08 113.19 113.34 113.63
= MULAN 10 366.19 2.80 361.58 364.39 366.54 368.41 369.66
~  scikit-multilearn 10 57.03 0.01 57.01 57.02 57.03 57.04 57.05
utiml.R 10 108.24 0.00 108.24 108.24 108.24 108.24 108.25
" MEKA 10 2943.83 7.09 2934.48 2937.81 2943.49 2949.36 2954.81
£ MLC-Toolbox 10 140445.37 8393.01 119607.80 139070.95 144463.25 145189.90 145481.35
E MULAN 10 2902.95 4.46 2896.79 2899.11 2903.03 2906.44 2909.23
g scikit-multilearn 10 1301.89 1.44 1299.53 1301.04 1301.73 1302.37 1304.74
utiml.R 10 2401.63 12.06 2380.95 2394.94 2401.16 2408.31 2421.12
" MEKA 10 163.80 2.01 160.37 162.80 164.58 165.30 165.70
=  MLC-Toolbox 10 78.75 0.63 78.07 78.41 78.69 78.76 80.36
'*3 MULAN 10 183.30 1.63 180.41 183.02 183.24 184.68 185.20
§ scikit-multilearn 10 50.80 0.01 50.78 50.79 50.80 50.80 50.82
utiml.R, 10 100.75 0.88 100.30 100.30 100.30 100.30 102.32
MEKA 10 664.52 3.56 661.21 662.56 663.84 665.20 673.58
g MLC-Toolbox 10 1685.68 18.74 1657.18 1671.94 1687.40 1697.67 1716.76
= MULAN 10 665.95 3.25 662.15 663.86 664.72 667.29 673.14
¢ scikit-multilearn 10 102.01 0.01 102.00 102.00 102.01 102.02 102.02
utiml.R 10 219.62 4.54 216.90 216.98 217.09 220.97 229.98
MEKA 10 662.21 1.73 658.96 661.69 662.61 663.14 664.42
% MLC-Toolbox 10 438.85 6.97 430.62 433.28 436.34 443.71 450.86
*g MULAN 10 682.95 3.31 677.60 681.85 682.10 683.88 690.77
&  scikit-multilearn 10 125.75 0.02 125.73 125.74 125.75 125.76 125.79
utiml.R, 10 146.65 0.07 146.58 146.58 146.64 146.72 146.72
_ MEKA 10 1122.80 4.01 1119.86 1121.22 1121.39 1122.73 1133.81
:g MLC-Toolbox 10 14529.87 85.39 14416.90 14479.99 14506.57 14551.84 14717.54
;g MULAN 10 1057.10 29.06 974.44 1065.56 1065.99 1066.99 1067.45
& scikit-multilearn 10 572.13 0.31 571.48 572.05 572.11 572.34 572.60
- utiml.R 10 909.74 3.17 904.12 911.34 911.34 911.34 911.34
MEKA 10 645.37 1.23 642.86 645.07 645.28 646.36 646.94
T‘g MLC-Toolbox 10 593.72 4.43 588.30 590.20 593.54 596.65 602.43
@ MULAN 10 642.04 2.46 639.50 639.79 642.54 642.62 647.13
g scikit-multilearn 10 89.29 0.02 89.26 89.28 89.29 89.30 89.31
utiml.R, 10 158.05 2.52 156.46 156.46 156.51 158.93 162.40
MEKA 10 628.31 1.92 624.99 627.08 628.97 629.00 631.96
Y MLC-Toolbox 10 154.23 2.95 150.09 152.42 153.38 155.38 159.36
§ MULAN 10 637.62 1.87 635.83 636.15 636.59 639.01 640.55
* scikit-multilearn 10 105.90 0.04 105.88 105.88 105.89 105.90 106.02
utiml.R 10 149.66 0.67 149.44 149.44 149.44 149.44 151.46
MEKA 10 804.08 2.02 801.53 802.19 804.07 805.65 806.88
lé MLC-Toolbox 10 11013.90 142.29 10827.76 10946.62 10962.75 11055.96 11321.70
‘;; MULAN 10 823.86 1.89 821.51 822.77 823.19 824.86 827.12
= scikit-multilearn 10 536.68 1.53 534.21 535.62 537.36 537.78 538.13
utiml.R, 10 918.84 13.66 912.77 913.02 914.89 915.48 955.07
MEKA 10 627.35 3.28 623.79 626.16 626.79 626.86 636.20
+ MLC-Toolbox 10 319.40 1.94 316.86 318.17 319.49 320.00 323.11
s MULAN 10 631.91 2.94 627.02 630.77 632.25 633.77 635.93
~ scikit-multilearn 10 69.11 0.01 69.09 69.10 69.11 69.11 69.12
utiml.R 10 132.98 0.63 132.78 132.78 132.78 132.78 134.76

Table 3: Maximum memory usage (in kilobytes) of library running Binary Relevance for
each of the datasets.
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count mean std min 25% 50% 75% max

set library
+  MEKA 10 4793  1.06 46.67 47.08 47.60 48.82 49.81
%’ MLC-Toolbox 10 17.19  0.24 16.86 16.98 17.21 17.34 17.54
5) MULAN 10 54.92  1.88 51.15 54.24 55.19 56.07 57.34
scikit-multilearn 10 8.56 0.33 8.15 8.28 8.48 8.81 9.06
y MEKA 10 46.60  1.37 43.60 45.98 46.64 47.56 48.48
2 MLC-Toolbox 10 28.83  0.47 28.15 28.62 28.84 29.08 29.70
;’E MULAN 10 53.81 1.66 52.24 52.62 52.81 55.21 56.44
scikit-multilearn 10 26.36  0.14 26.23 26.25 26.32 26.40 26.66
MEKA 10 2.03 0.17 1.82 1.88 1.98 2.21 2.25
-i: MLC-Toolbox 10 0.40 0.01 0.38 0.40 0.40 0.40 0.41
2 MULAN 10 2.60 0.04 2.53 2.57 2.58 2.63 2.66
scikit-multilearn 10 0.85  0.05 0.77 0.84 0.85 0.86 0.97
2 MEKA 10 1406.20 86.09 1264.17 1357.53 1427.58 1480.17 1486.04
8 MLC-Toolbox 10 131.27 479 12327 128.79 130.55 135.06  137.92
= MULAN 10 1606.88 63.40 1478.83 1623.74 1632.84 1642.51 1651.81
©  scikit-multilearn 10 59.40 1.15 57.64 58.30 59.73 60.41 60.68
o MEKA 10 1.63 0.11 1.49 1.55 1.58 1.72 1.82
§ MLC-Toolbox 10 0.37 0.01 0.36 0.36 0.36 0.37 0.38
é’ MULAN 10 2.16 0.03 2.13 2.14 2.16 2.18 2.21
¢ scikit-multilearn 10 0.53  0.06 0.47 0.48 0.52 0.59 0.63
MEKA 10 7.54 043 7.07 7.21 7.46 7.69 8.39
§ MLC-Toolbox 10 1.91  0.03 1.87 1.89 1.90 1.91 1.98
g MULAN 10 8.39 0.26 7.94 8.22 8.36 8.64 8.71
scikit-multilearn 10 3.54  0.09 3.42 3.48 3.52 3.63 3.67
v MEKA 10 3.94 0.19 3.67 3.81 3.90 4.10 4.21
é MLC-Toolbox 10 0.38  0.02 0.36 0.36 0.38 0.39 0.42
a MULAN 10 4.32 0.19 3.81 4.32 4.36 4.42 4.47
scikit-multilearn 10 2.92 0.04 2.86 2.90 2.91 2.95 2.98
= MEKA 10  646.99 7.33 637.66 640.00 648.32 652.74  657.56
% MLC-Toolbox 10 210.37 4.56  205.49 207.03 207.94 214.65 218.22
@ MULAN 10 647.64 26.74 573.99 650.70 652.64 658.56  670.37
B scikit-multilearn 10 479.39 15.57  445.40 475.34  486.05  490.02  491.12
= MEKA 10 2.74 0.19 2.36 2.67 2.74 2.78 3.05
% MLC-Toolbox 10 0.55 0.02 0.54 0.54 0.55 0.56 0.59
QE) MULAN 10 3.68 0.18 3.21 3.70 3.72 3.76 3.84
scikit-multilearn 10 2.52  0.08 2.30 2.52 2.54 2.55 2.59
MEKA 10 3.36  0.14 3.11 3.31 3.37 3.44 3.58
% MLC-Toolbox 10 0.74  0.02 0.72 0.73 0.74 0.75 0.78
2 MULAN 10 3.81 0.18 3.48 3.80 3.88 3.92 3.96
scikit-multilearn 10 2.96 0.05 2.86 2.92 2.98 2.99 3.01
i MEKA 10 85.39 3.73 76.84 86.48 86.92 87.17 88.28
S MLC-Toolbox 10 13991 0.29 139.52 139.66 139.93  140.10  140.33
E MULAN 10 89.85  3.21 80.90 90.44 90.71 90.83 92.52
*  scikit-multilearn 10 32.36 1.50 29.61 31.72 33.18 33.32 33.68
MEKA 10 3.76 0.14 3.47 3.73 3.78 3.87 3.90
% MLC-Toolbox 10 1.18 0.02 1.14 1.17 1.18 1.19 1.21
£  MULAN 10 4.02  0.11 3.79 3.98 4.05 4.10 4.14
scikit-multilearn 10 2.11  0.10 1.93 2.06 2.08 2.16 2.27

Table 4: User time of library running Label Powerset for each of the datasets.
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PIOTR SZYMANSKI AND TOMASZ KAJDANOWICZ

count mean std min 25% 50% 75% max

set library
o MEKA 10 1666.84 1.71 1664.12 1665.87 1666.58 1668.02 1669.99
% MLC-Toolbox 10 1400.39  35.06 1336.14 1380.37 1396.89 1417.98 1462.22
S MULAN 10 1695.80 7.11 1687.45 1691.15 1694.73 1697.20 1712.86
scikit-multilearn 10 1534.89 3.24 1530.85 1532.10 1534.55 1536.74 1540.01
y MEKA 10 1426.38 2.94 1422.25 1425.46 1426.30 1427.00 1431.46
£ MLC-Toolbox 10 2852.94 165.46 2573.12 2791.99 2890.47  2929.04  3097.12
"_'35 MULAN 10 1432.34 2.81 1428.26 1430.74 1432.21 1433.66 1437.83
scikit-multilearn 10 1333.13 2.86 1328.46 1331.33 1332.35 1335.19 1338.06
MEKA 10 259.04 0.71 258.55 258.71 258.85 259.02 260.97
%: MLC-Toolbox 10 65.78 0.81 64.73 65.28 65.50 66.16 67.57
E MULAN 10 258.67 1.59 256.11 257.51 258.94 259.77 261.12
scikit-multilearn 10 58.05 0.05 57.97 58.02 58.04 58.07 58.12
g MEKA 10 14385.92 7.52 14378.90 14381.37 14383.44 14385.24 14399.84
.g MLC-Toolbox 10 5791.13 170.72 5492.74  5709.92 5826.34 5919.17  5987.11
= MULAN 10 14661.50 7.65 14645.94 14657.66 14661.54 14666.47 14673.41
© scikit-multilearn 10 14213.03 28.43 14172.85 14192.80 14211.53 14241.15 14246.31
2] MEKA 10 139.68 1.61 136.51 139.08 139.32 140.76 142.36
E MLC-Toolbox 10 63.48 0.72 62.96 63.22 63.22 63.42 65.48
g MULAN 10 162.92 1.69 159.86 162.52 163.02 163.83 165.68
e scikit-multilearn 10 51.07 0.05 50.99 51.05 51.08 51.10 51.17
MEKA 10 707.42 2.56 701.80 707.04 707.94 708.44 711.58
§ MLC-Toolbox 10 215.96 10.90 200.23 207.90 215.11 225.24 232.22
g MULAN 10 714.13 4.37 710.48 712.62 713.34 713.60 726.18
scikit-multilearn 10 156.54 0.61 155.61 156.04 156.45 157.09 157.38
© MEKA 10 649.53 0.66 648.36 649.28 649.60 649.76 650.84
F‘E MLC-Toolbox 10 114.91 4.80 109.46 111.19 114.27 117.05 125.15
§o MULAN 10 640.55 1.35 639.77 639.84 640.01 640.15 643.92
scikit-multilearn 10 125.80 0.02 125.78 125.79 125.80 125.81 125.84
% MEKA 10 13629.82 6.41 13624.72 13625.81 13628.58 13630.40 13646.53
= MLC-Toolbox 10 2938.81 12.77 2922.50 2927.15 2939.71 2949.28 2955.52
"QU: MULAN 10 13582.38 50.91 13547.02 13550.89 13553.20 13621.77 13674.80
g scikit-multilearn 10 12801.70 13.43 12773.04 12797.68 12802.40 12809.80 12821.79
= MEKA 10 490.32 4.03 487.45 487.55 489.15 489.94 498.78
% MLC-Toolbox 10 129.75 7.82 121.34 123.38 126.39 137.62 140.70
g MULAN 10 545.42 1.74 543.10 544.33 544.88 546.41 549.15
scikit-multilearn 10 89.29 0.02 89.26 89.28 89.28 89.30 89.31
MEKA 10 501.84 1.37 500.18 500.84 501.25 503.01 504.34
% MLC-Toolbox 10 100.44 1.48 98.37 99.48 100.06 101.22 103.34
% MULAN 10 619.23 13.63 592.73 621.83 624.34 625.81 630.77
scikit-multilearn 10 106.02 0.01 106.00 106.01 106.02 106.02 106.04
= MEKA 10 2873.22 1.60 2870.86 2871.82 2873.66 2874.12 2875.92
] MLC-Toolbox 10 1989.50 140.75 1767.65 1911.14 1975.03 2041.82 2284.26
E MULAN 10 2886.81 4.44 2882.71 2883.54 2885.84 2888.71 2897.22
* scikit-multilearn 10 2729.93 5.23 2719.09 2728.22 2731.22 2733.61 2735.87
MEKA 10 621.49 1.36 619.78 620.30 621.75 621.96 624.14
% MLC-Toolbox 10 130.58 1.29 129.18 129.71 130.50 130.96 133.66
£  MULAN 10 629.12 1.26 626.62 628.23 629.89 629.94 629.98

scikit-multilearn 10 84.67 0.16 84.45 84.54 84.67 84.79 84.89

Table 5: Maximum memory usage (in kilobytes) of library running Label Powerset for each
of the datasets.
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