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Abstract
Together with my group and in a joint effort with my international colleagues,
I am interested in theoretical, algorithmic, and experimental studies in machine
learning in order to solve the problem of knowledge extraction from complex
data to discover unknown unknowns. I am excited to help to answer a grand
question: How can we perform a new task by exploiting knowledge extracted
during problem solving of previous tasks. Contributions to this problem would have
major impact on Artificial Intelligence (AI) generally, and Machine Learning (ML)
specifically, as we could develop software which learns from previous experience
– similarly as we humans do. Ultimately, to reach a level of usable intelligence,
we need 1) to learn from prior data, 2) to extract knowledge, 3) to generalize i.e. guessing where probability mass/density concentrates, 4) to fight the curse of
dimensionality, and 5) to disentangle underlying explanatory factors of the data i.e. to make sense of the data in the context of an application domain. However, the
application of automatic machine learning (aML) algorithms in complex domains
(e.g. Health) seems elusive at present. A good example are Gaussian processes,
where aML (e.g. kernel machines) struggle on function extrapolation problems,
which are trivial for human learners. Consequently, interactive machine learning
(iML) with a human-in-the-loop, thereby making use of human cognitive abilities,
can be of particular interest to solve problems, where learning algorithms suffer
due to insufficient training samples, dealing with complex data and/or rare events
or computationally hard problems, e.g. subspace clustering, protein folding, or
k-anonymization. Here human experience and knowledge can help to reduce an
exponential search space through heuristic selection of samples. Therefore, what
would otherwise be an N P-hard problem reduces greatly in complexity through
the input and the assistance of a human agent involved in the learning phase.
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Introduction and Motivation

Machine learning (ML) as a field started seven decades ago with ideas on developing algorithms
that can automatically learn from data to gain knowledge from experience and to gradually improve
their learning behaviour. The field revolved at the intersection of cognitive science and computer
science [1], and progressed enormously in the last two decades with huge application challenges and
business potential. The best practice examples today are autonomous vehicles, recommender systems,
or natural language understanding [2], [3]. To see health informatics among the greatest challenges
is not surprising, because here we are confronted with uncertainty, with probabilistic, unknown,
incomplete, heterogenous, noisy, dirty, erroneous, inaccurate and missing data sets in arbitrarily high
dimensional spaces [4], [5]. ML is a very broad field and successful application of ML requires a
concerted cross-domain effort of experts from seven different areas including 1) data science, 2)
learning algorithms, 3) graph theory/network science, 4) computational topology, 5) entropy, 6) data

visualization and visual analytics, and 7) privacy, data protection, safety and security - following the
HCI-KDD approach in combining cognitive science with computational science - towards integrative
machine learning, i.e. bringing AI directly into the workflow of the end-users [6].
My contributions to the international research community are three-fold, i.e.:
1) Contributing to the international research community (example: https://goo.gl/gXnu04 on
the design, development and testing of novel methods, i.e. interactive machine learning (iML) with
the human-in-the-loop to help to solve problems in health informatics, fostering open source, open
data and open access.
2) Building and maintaining an international network of experts with complementary interests but sharing a common goal, and organizing workshops and a flagship conference: https://cd-make.net
3) Teaching and mentoring Machine Learning & Knowledge Extraction particularly with application in health informatics at various levels: https://youtu.be/lc2hvuh0FwQ and see teaching
statement: https://goo.gl/Abv0gc.
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Automatic Machine Learning versus interactive Machine Learning

Let us consider n data contained in a set D = x1:n = {x1 , x2 , ..., xn }, let be the likelihood p(D|θ)
and specify a prior p(θ), consequently we can compute the posterior:
p(θ|D) =

p(D|θ) ∗ p(θ)
p(D)

The inverse probability allows us to learn from data, infer unknowns and to make predictions.
However, the performance of any ML algorithm is dependent on the choice of the data representations.
These features are key for learning and understanding, hence much effort in ML goes into the design
of preprocessing pipelines and in data transformations and data mappings that result in a respective
representation which supports effective machine learning. Current learning algorithms have still
an enormous weakness: they are unable to extract the discriminative knowledge from the data.
Consequently, it is of utmost importance for us, to expand the applicability of learning algorithms,
hence, to make them less dependent on feature engineering (a new kind of algorithm usability). A
truly intelligent algorithm must be able to understand the context. [7] argue that this can only be
achieved if the algorithms can learn to identify and disentangle the underlying exploratory factors
already existent among the low-level data.
The ultimate goal is to develop algorithms which can automatically learn from data, hence can
improve with experience over time without any human-in-the-loop. [8]. Such approaches work
well when having large amounts of data [9]. However, the application of such aML-approaches in
complex domains - such as health - seems elusive in the near future and a good example are Gaussian
processes, where aML approaches (e.g. standard kernel machines) struggle on function extrapolation
problems which are trivial for human learners. Consequently, iML-approaches, by integrating a
human-into-the-loop (e.g. a human kernel [10], or the involvement of a human directly into the
machine-learning algorithm [11], thereby making use of human cognitive abilities, is a promising
approach. iML-approaches can be of particular interest to solve problems, where we are lacking big
data sets, deal with complex data and/or rare events, where traditional learning algorithms suffer due
to insufficient training samples. Here the “doctor-in-the-loop” can help, where human expertise and
human experience can assist in solving problems which otherwise would remain NP-hard .
We focused in a recent work [12] on the Traveling Salesman Problem (TSP). This appears in a number
of practical problems in health informatics, e.g. the native folded three-dimensional conformation
of a protein is its lowest free energy state and both 2D and 3D folding processes as a free energy
minimization problem belong to a large set of computational problems, assumed to be very hard
(“conditionally intractable”) [13]. The TSP basically is about finding the shortest path through a set
of points, returning to the origin. As it is an intransigent mathematical problem, many heuristics have
been developed in the past to find approximate solutions [14].
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Future Challenges related to interactive Machine Learning

Multi-task learning (MTL) aims to improve the prediction performance by learning a problem
together with multiple, different but related other problems through shared parameters or a shared
2

representation. The underlying principle is bias learning based on probable approximately correct
learning (PAC learning) [15]. To find such a bias is still the hardest problem in any ML task and
essential for the initial choice of an appropriate hypothesis space, which must be large enough to
contain a solution, and small enough to ensure a good generalization from a small number of data
sets. Existing methods of bias generally require the input of a human-expert-in-the-loop in the form
of heuristics and domain knowledge to ensure the selection of an appropriate set of features, as such
features are key to learning and understanding. However, such methods are limited by the accuracy
and reliability of the expert’ s knowledge (robustness of the human) and also by the extent to which
that knowledge can be transferred to new tasks (see next subsection). Baxter (2000)[16] introduced
a model of bias learning which builds on the PAC learning model which concludes that learning
multiple related tasks reduces the sampling burden required for good generalization and bias that is
learnt on sufficiently many training tasks is likely to be good for learning novel tasks drawn from
the same environment (the problem of transfer learning to new environments is discussed in the next
subsection). A practical example is regularized MTL [17], which is based on the minimization of
regularization functionals similar to Support Vector Machines (SVMs), that have been successfully
used in the past for single–task learning. The regularized MTL approach allows to model the relation
between tasks in terms of a novel kernel function that uses a task–coupling parameter and largely
outperforms single–task learning using SVMs. However, multi-task SVMs are inherently restricted
by the fact that SVMs require each class to be addressed explicitly with its own weight vector. In
a multi-task setting this requires the different learning tasks to share the same set of classes. An
alternative formulation for MTL is an extension of the large margin nearest neighbor algorithm
(LMNN) [18]. Instead of relying on separating hyper-planes, its decision function is based on the
nearest neighbor rule which inherently extends to many classes and becomes a natural fit for MTL.
This approach outperforms state-of-the-art MTL classifiers, and here many research challenges
remain open which I want to attack [19].
Transfer learning is the ability to learn tasks permanently and this is crucial to the development
of any artificial intelligence. Humans can do that very good - even very little children. A good
counterexample are neural networks (deep learning) which in general are not capable of it and are
considerably hampered by catastrophic forgetting.
The synaptic consolidation in human brains enables continual learning by reducing the plasticity of
synapses that are vital to previously learned tasks. [20] implemented an algorithm that performs a
similar operation in artificial neural networks by constraining important parameters to stay close to
their old values. As known a deep neural network consists of multiple layers of linear projections
followed by element-wise non-linearities. Learning a task consists basically of adjusting the set of
weights and biases θ of the linear projections, consequently, many configurations of θ will result in
the same performance which is relevant for the so-called elastic weight consolidation (EWC): over∗
parametrization makes it likely that there is a solution for task B, θB
, that is close to the previously
∗
found solution for task A, θA . While learning task B, EWC therefore protects the performance in
task A by constraining the parameters to stay in a region of low error for task A centered around
∗
θA
. This constraint has been implemented as a quadratic penalty, and can therefore be imagined as a
mechanical spring anchoring the parameters to the previous solution, hence the name elastic.
In order to justify this choice of constraint and to define which weights are most important for a task,
it is useful to consider neural network training from a probabilistic perspective. From this point of
view, optimizing the parameters is tantamount to finding their most probable values given some data
D. Interestingly, this can be computed as conditional probability p(θ|D) from the prior probability of
the parameters p(θ) and the probability of the data p(D|θ) by:
log p(θ|D) = log p(D|θ) + log p(θ) − log p(D)
Here I want to contribute on avoiding the problem of catastrophic forgetting, which is a hot topic
with many open research avenues [21].
According to Pan & Yang (2010) [22] a major assumption in many ML algorithms is, that both the
training data and future (unknown) data must be in the same feature space and required to have the
same distribution. In many real-world applications, particularly in the health domain, this is not the
case: Sometimes we have a classification task in one domain of interest, but we only have sufficient
training data in another domain of interest, where the latter data may be in a completely different
feature space or follows a different data distribution. In such cases transfer learning would greatly
3

improve the performance of learning by avoiding much expensive data-labeling efforts, however,
many open questions remain for future research [23].
Multi-Agent-Systems (MAS) are collections of many agents interacting with each other. They can
either share a common goal (for example an ant colony, bird flock, or fish swarm etc.), or they can
pursue their own interests (for example as in an open-market economy). MAS can be traditionally
characterized by the facts that (a) each agent has incomplete information and/or capabilities for
solving a problem, (b) agents are autonomous, so there is no global system control; (c) data is
decentralized; and (d) computation is asynchronous [24]. For the health domain of particular interest
is the consensus problem, which formed the foundation for distributed computing [25]. The roots are
in the study of (human) experts in group consensus problems: Consider a group of humans who must
act together as a team and each individual has a subjective probability distribution for the unknown
value of some parameter; a model which describes how the group reaches agreement by pooling
their individual opinions was described by DeGroot (1974)[26] and was used decades later for the
aggregation of information with uncertainty obtained from multiple sensors [27] and medical experts
[28]. On this basis Olfati-Saber et al. (2007)[29] presented a theoretical framework for analysis of
consensus algorithms for networked multi-agent systems with fixed or dynamic topology and directed
information flow. In complex real-world problems, e.g., for the epidemiological and ecological
analysis of infectious diseases, standard models based on differential equations very rapidly become
unmanageable due to too many parameters, and here MAS can also be very helpful [30]. Moreover,
collaborative multi-agent reinforcement learning has a lot of research potential for machine learning
[31]. Here we did some preliminary work on collaborative interactive machine learning where I want
to contribute with future work.
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