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Abstract

Explainable Interactive Machine Learning (XIL)
aims at moving the focus of XAl from post-hoc
explainability to human-in-the-loop machine learn-
ing. The idea is that the machine interacts with
the user providing explanations for its predictions
and receiving feedback on them, so as to guide the
model toward generating increasingly better expla-
nations and as a consequence better and more reli-
able predictions. XIL can substantially contribute
to achieve a truly human-centric Al, paving the
way to cognition-aware personal assistants, hybrid
human-machine classifiers, interactive and coun-
terfactual decision making and cooperative Al in
general. The research on XIL at the University
of Trento is driven by the Structured Machine
Learning group (sml.disi.unitn.it) and the Know-
Dive group (knowdive.disi.unitn.it) in collabora-
tion with the Mobile and Social Computing Lab
at Fondazione Bruno Kessler, and it is funded by
the European Projects “TAILOR: Foundations of
Trustworthy Al Integrating Reasoning, Learning
and Optimization” and “WeNet - Internet of Us”.

Most research on explainable Al focuses on extracting ex-
planations from black-box models, where the aim is to en-
rich the output of a machine learning system with informa-
tion that can help explaining the reasons behind a given pre-
diction. Typical examples include saliency maps [Adebayo
et al., 2018] for object detection or local interpretable surro-
gate models [Ribeiro et al., 2016]. While such explanations
can help in building trust in model predictions and occasion-
ally identify biases that the model could have learned [La-
puschkin er al., 2019], they cannot prevent the model from
learning these biases.

Explainable Interactive Machine Learning (XIL) [Teso
e Kersting, 2019; Schramowski er al., 2020] has recently
emerged as a paradigm aimed at filling this gap. The idea
is to cast model training as an interactive process, in which
the model periodically queries a domain expert providing
explanation-enriched predictions and receives a feedback that
is useful to correct wrong explanations in addition to wrong
predictions. Consider the (in)famous example of the husky
classified as a wolf because of the snow in the background.

The CAIPI XIL framework [Teso e Kersting, 2019] manages
to prevent this type of bias at training time, by identifying
the snow as a wrong explanation for predicting wolves, and
augmenting the training set with examples of wolves with the
snow background replaced by random noise.

We are actively working on extending the XIL framework
and adapting it to a number of relevant scenarios.

1 Explainable Interactive Skeptical Learning

Al-empowered personal assistants are a formidable tool that
can boost our productivity, reduce our stress and improve our
well-being. In order to achieve these goals, however, they
need to be able to understand the specificity of each indi-
vidual and adapt to the changing conditions that character-
ize our lives. A certain amount of human feedback is in-
evitable to learn accurate personalized models. While human
supervision is inherently noisy, and machine learning tech-
niques are robust to moderate amounts of noise, feedback
on human behaviour is substantially more noisy and unreli-
able [Sorokin e Berger, 1939; Tourangeau et al., 2000], and
can seriously affect the quality of predictive models learned
from it. We recently developed a framework named skepti-
cal learning [Zeni et al., 2019; Bontempelli et al., 20201, that
aims at interactively cleaning human feeback in sequential
learning settings. The idea is that when the machine learning
algorithm becomes confident enough in its own predictions,
it starts challenging user feedback that conflicts with its own
beliefs, potentially discovering labeling errors and inaccura-
cies. Explainability comes into play when the machine can
motivate its suspicion with explanations supporting its own
prediction. We have shown [Teso et al., 2021] how influ-
ence functions can be used to identify counter-examples that
conflict with the feeback received, highlighting potential in-
consistencies that, if corrected, contribute to improving the
quality of the data and of the learned model.

The plan is to generalize this approach to structured learn-
ing and interaction, in which the machine learning system
progressively acquires structured knowledge in addition to
low-level perception abilities, and interacts with the user in
a structured way so as to refine the acquired knowledge and
possibly adapt it to changing conditions.


sml.disi.unitn.it
knowdive.disi.unitn.it

2 XIL for Interpretable Neural Networks

One of the approaches that is gaining popularity as an alter-
native to post-hoc explanation of black-box models is the di-
rect learning of interpretable neural networks [Alvarez-Melis
e Jaakkola, 2018; Chen et al., 2019; Koh et al., 2020]. Pro-
toPNets [Chen et al., 2019] are a successful example of this
paradigm. They learn to identify prototypical parts of train-
ing images (e.g. a beak, a wing) and classify an image in
terms of a linear combination of (part-)prototype similarities.
A caveat of this solution is that if confounders are present
in the training set, they can be easily learned as prototypes.
This is a common situation in the medical domain, where this
behaviour has been repeatedly observed for different types
of neural architectures [Barnett et al., 2021; DeGrave et al.,
2021]. We developed a general framework [Bontempelli et
al., 2021] for interactive debugging of interpretable neural
networks that accommodates the most common architectures
and identifies several directions for research. Our preliminary
results indicate that interactive feedback on part-prototypes,
coupled with constraint-enforcement strategies, can indeed
prevent ProtoPNet from learning and using confounders.

Building on these initial findings, we plan to develop a gen-
eral strategy capable of interactively debugging interpretable
neural networks during training, and guiding them to learn
semantically meaningful concepts and combine them into re-
liable predictions while minimizing human effort.

3 Disentangling Interpretable Neural
Networks

Interpretable neural networks make use of specific regular-
ization and learning techniques that encourage the latent rep-
resentations or concepts learned by the model to be human-
interpretable. One of the main desiderata is that these repre-
sentations are disentangled, i.e., that the concepts themselves
are causally independent so as to properly capture causally
different elements of the input. The intuition is that dis-
entangled representations make it easier to associate under-
standable semantics to the machine’s predictions and expla-
nations [Locatello ef al., 2019]. Motivated by this observa-
tion, we have designed a novel architecture that integrates ap-
proaches to disentangled representation learning — which has
been explored in the context of causal representation learn-
ing [Scholkopf et al., 2021] — with interpretable neural net-
works. Preliminary results suggest that disentanglement has
the potential of helping the network to acquire more inter-
pretable representations, which is not always the case for ex-
isting architectures [Mahinpei er al., 2021], without compro-
mising predictive performance.

Future work involves assessing the degree to which tech-
niques for learning disentangled representations influence
quality of the explanations output by interpretable neural net-
works, and — vice versa — to evaluate to what extent XIL can
help with disentangling the learned representations.

4 Explainable Counterfactual Interventions

Being able to provide counterfactual interventions — se-
quences of actions we would have had to take for a de-
sirable outcome to happen — is essential to explain how to

change an unfavourable decision by a black-box machine
learning model (e.g., being denied a loan request). Existing
solutions have mainly focused on generating feasible inter-
ventions without providing explanations on their rationale.
Moreover, they need to solve a separate optimization prob-
lem for each user. We took a different perspective and cast
the problem as a program synthesis task. We leverage pro-
gram synthesis techniques, reinforcement learning coupled
with Monte Carlo Tree Search for efficient exploration [De
Toni er al., 2021], and rule learning to extract explanations
for each recommended action. This allows us to learn a pro-
gram that outputs a sequence of explainable counterfactual
actions given a user description and a causal graph, and can
be queries in real-time.

The next step consists in bringing the human in the loop,
so as to elicit causal relationships and action costs directly
from the user rather assuming to know them beforehand, thus
maximizing the chance of generating the most appropriate in-
tervention for a given user.

5 Challenges

Our research on XIL aims at providing useful theoretical
and practical tools for boosting human-machine collabora-
tion. On the long run, this research area has the potential
to substantially change the approach people have towards Al
systems, and technology in general. In order for this to hap-
pen, however, a number of challenges have to be addressed,
including:

¢ Countering user’s ignorance of the machine’s inter-
nals, for instance by leveraging machine guidance in the
form of global explanations [Popordanoska et al., 20201,
which will help annotators to understand what tasks the
machine performs better or worse at, and therefore to
select appropriate supervision or corrective feedback.

* Cognition-aware explainability to adapt communica-
tion strategies to the characteristics of human reasoning
and its biases and to adjust them based on the specificity
of the person being interacted with, from the machine
learning expert to the domain expert to the man of the
street.

* Joint human-machine learning, i.e., developing learn-
ing protocols in which both the human and the machine
increase their knowledge of the environment and their
mutual understanding, including their respective skills
and limitations, so as to boost the capabilities of the re-
sulting hybrid human-machine system.

 Lifelong interactive learning, in which the interaction
between the human and the machine spans over multiple
tasks, evolving conditions and long time horizons, with a
lifespan as a final goal. While this is clearly a highly am-
bitious goal, with substantial technological challenges to
be addressed and ethical implications to be investigated,
we believe time is ripe to start thinking of human-centric
Al systems with this goal in mind.
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