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Executive Summary

One of the strategic objectives of the TANGO project is to develop paradigms and algo-
rithms for synergistic human-machine learning leveraging the theoretical framework of mutual
understanding supported and enabled by the use of cognitive-aware explanations. In this
deliverable, we define and discuss how different types of explanation processes can be
integrated into interactive machine learning strategies to enable synergistic human-machine
collaboration. To this end, we leverage the high-level desiderata of explanation processes, de-
fined by WP1 in Deliverable D1.1, which suggests interactive explanations able to explain and
justify the model decisions, without the need to open the black box and exploiting continuous
interaction with human stakeholders. In particular, we propose to complete and implement
this perspective through the Situation Awareness model for decision making integrated with
interactive explanations. As a consequence, this document presents different types of ex-
planation processes and how they correlate with the desiderata of D1.1 and the Situation
Awareness model, and which kind of interaction strategies they enable. Finally, we discuss
some ethical and legal issues that can rise from the introduction of explanations and from the
interactive processes.
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1 Introduction

The fields of eXplainable Artificial Intelligence (XAI) and Interactive Machine Learning (IML)
have traditionally been explored separately. On one hand, XAI aims at making Artificial
Intelligence (AI) and Machine Learning (ML) systems more understandable, by equipping
them with algorithms to explain their own decisions [Bodria et al., 2023]. Such explanations are
fundamental for enabling humans to inspect the system’s knowledge and reasoning patterns.
However in traditional ML/AI systems humans participate only as passive observers and
have no control over the system or its behavior. On the other hand, IML focuses primarily on
communication between machines and humans, and it is specifically concerned with eliciting
and incorporating human feedback into the training process via intelligent user interfaces
[Michael et al., 2020]. Unfortunately, despite covering a broad range of techniques for in-the-
loop interaction between humans and machines, most research in IML does not explicitly
consider explanations of ML models. Recently, few works focused on the integration of XAI
within the IML loop. The core idea behind the need of interacting through explanations is that
it represents a human-centric solution to the problem of acquiring an aware human feedback,
and therefore leads to higher-quality AI and ML systems, in a manner that is effective and
transparent for both users and machines[Teso et al., 2023]. By observing the machine’s
explanations, users have the opportunity to build a better understanding of the machine’s
overall logic, which not only has the potential to facilitate trust calibration [Amershi et al.,
2014], but it also supports and amplifies our natural capacity of providing appropriate feedback
[Kulesza et al., 2010]. Machine explanations are also key for identifying imperfections and
incorrect reasoning of ML models enabling potential correction from human experts. At the
same time, human interventions, after a reasonable understanding, are a very rich source
of supervision for models and are also very natural for us to provide. In fact, explanations
tap directly into our innate learning and teaching abilities [Aodha et al., 2018] and are often
spontaneously provided by human annotators when given the chance [Stumpf et al., 2007].

Integrating explanations into interactive machine learning strategies helps make the human-
machine collaboration more reliable, trustful and based on awareness of the situation where
both humans and machines are operating. This integration (of explanations with interactions)
is a fundamental building block of “synergy" between humans and AI systems. In fact, the
role of explanations in this interaction is dual:

• Human-to-System Understanding: Users interact with explanations to build their under-
standing of the system’s reasoning, decisions, and underlying models.

• System-to-Human Understanding: Through users’ interaction patterns with explanations,
the system gains valuable insights into users’ comprehension levels, mental models,
and decision-making processes.

This bidirectional understanding through explanation interaction aligns with the epistemic
interaction paradigm Dix et al. [2024], which suggests that subtle modifications to interaction
patterns can substantially increase the information available for system adaptation. In the
context of XAI and IML integration, this means designing explanation interfaces not just to
convey information, but also to gather rich feedback about users’ understanding and reasoning
processes through their interaction patterns.

However, as highlighted in Deliverable D1.1, explanation processes must meet some important
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desiderata that are fundamental for making explanations effective, suitable for humans,
adequate to contexts where they are operating and able to construct common ground for
enabling the shared understanding of the main factors useful for making aware decisions. We
can outline such desiderata as follows:

D1 – interactivity: AI systems should be able to verbally, visually or diagrammatically
coherently explain, justify and defend their predictions or suggestions.

D2 – contextuality: Explainability requires local, context-specific responses built on mutual
understanding between an AI system and the questioner.

D3 – rationalization: AI systems should be explainable in the same way as humans are,
without the need for opening the black box.

In order to design and implement synergistic interactive machine learning models, we propose
the use of the Situation Awareness model [Endsley, 1995] for decision making integrated with
explanation processes which incorporate the above desiderata and enable the support of
humans’ understanding and awareness.

In this deliverable, we first describe the Situation Awareness model and discuss how different
explanations can support this model (Section 2). Moreover, we also present and discuss the
integration of explanations in different interactive learning protocols to enable a synergistic
collaboration (Section 3). Finally, we discuss some ethical and legal implications of such
synergistic learning strategies (Section 4).

2 Situation Awareness for Mutual Understanding

The implementation of explanation processes which satisfy the desiderata D1–interactivity,
D2–contextuality and D3–rationalization is fundamental for establishing trust and common
understanding between humans and AI-based decision systems, during both the model
learning and decision making phases. In TANGO, we propose to use the situation awareness
(SA) model, elaborated by Endsley in [Endsley, 1995], enriched with explanation processes
(satisfying the above requirements) to support humans’ understanding and awareness and
to foster more effective interaction with AI-based decision-making systems. Our proposal
enables the implementation of both synergistic machine learning and interactive decision
making. Clearly, the main difference in the two contexts is the objective of the collaboration.
In the first case, human-AI collaboration aims at improving the decision model resulting from
the learning process; while in the second case, human-AI collaboration aims at improving the
decision making process. In the synergistic machine learning, the understanding enforced by
SA enriched with explanations empowers humans to effectively guide with awareness the
model in learning how to decide at inference phase. In the interactive decision making, this
understanding supports humans to make better and more aware decisions.

2.1 Situation Awareness

Situation awareness (SA) is a model supporting mutual understanding and user-centered
design in decision making processes [Endsley, 1995]. The SA definition stems from naturalistic
decision-making (NDM) [Lipshitz et al., 2001, Klein, 2008], a descriptive framework on how
people decide in real-world situations. It has become an important component in command
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and/or control decision support systems, where a designated commander has to make
decisions and act to accomplish specific goals. Indeed, in these cases, a clear understanding
of the current situation, along with an accurate projection of future states, is essential for
effective decision-making. According to [Endsley, 1995], SA refers to “the perception of the
elements in the environment within a volume of time and space, the comprehension of their
meaning and the projection of their status in the near future”, and focuses on the modeling of
a user’s environment to enhance their awareness of the current situation. More specifically,
Endsley provides a three-level definition of SA where each level corresponds to a phase of
the decision-making process:

• Level 1 – Perception: The perception of key information relevant to the decision
maker’s needs, which can include information gathered directly via a person’s senses,
or through electronic sensors, reports, communications with others, or other means.
Thus, it includes information gathered from natural, engineered, and human sources.

• Level 2 – Comprehension: The comprehension or understanding of the significance of
that information with regard to the decision makers’ goals. SA involves knowing more
than just data; it also includes being able to put together disparate pieces of data to
inform relevant decisions, and interpreting what that data means.

• Level 3 – Projection: Projection of the current situation to inform likely or possible
future situations. By constantly projecting ahead, decision-makers can act proactively
instead of just reactively.

In alignment with the previous literature, SA can support the transparency of a system [Chen
et al., 2018] while maintaining the user in control in a complex and dynamic environment.
To better support transparency and human trust, Lee and See [2004] propose to present
information to humans related to purpose, process, and performance (3Ps) of automation. The
purpose represents the degree to which the automation is used according to the designer’s
intent. The purpose information describes why automation was developed. The process
is defined as the degree to which a system appropriately solves a specified task, and the
process information describes how the automation operates. The performance is defined
as a measure of reliability of the system, or how the system has been efficient in the past,
showing a history of previous interactions.

On these bases, Chen et al. [2018], propose a SA framework supporting efficient interaction
through the communication of specific information in each of the above phases of the SA
(perception, comprehension, and projection). This information process has the goal of
facilitating the shared understanding required to perform effective human–agent teamwork.
In the context of human-agent collaboration, the transparency of artificial agents plays a
pivotal role in fostering three critical aspects of interaction: the mutual predictability of team
members, the development of shared understanding, and the capacity to redirect and adapt
to one another. A similar approach has been applied by Sanneman and Shah [2022] but with
a focus on how explainability can be integrated with SA.

2.2 Explanation processes for supporting Situation Awareness in TANGO

Sanneman and Shah [2022] proposed SAFE-AI, a framework intended to provide a struc-
tured human-centered approach for defining requirements for explanation systems, providing
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guidance for the development of explanation techniques and the definition of their informa-
tional requirements. In this deliverable, taking into consideration the interactive nature of
TANGO decision-making systems, we describe how explainability processes in such setting,
implementing the above desiderata D1 – interactivity, D2 – contextuality and D3 – rational-
ization, can effectively support SA upgrading human-AI interactions to “synergistic” human-AI
interactions. Before describing the integration explanations in different types of interactive
processes for machine learning, we discuss the requirements of each of the three SA levels
for defining an appropriate human-AI collaboration.

In the first level, Perception of contextual elements, the human operator must not be over-
whelmed by excessive information. It is crucial in this phase to establish shared goals between
humans and AI to support their alignment and so, a first form of mutual understanding. To
achieve this goal, the main questions to be answered are: What’s the AI trying to achieve in
the current situation? Are humans’ goals and AI aligned in a specific context? To support
SA effectively in this phase, humans need information that is useful for evaluating a first form
of alignment with the AI systems. They need to understand the context and elements that
characterize the situation where the AI suggestion/decision is acting. Hence, the explanation
process should provide information about the input and output of the AI system, potentially
with its level of uncertainty, for highlighting critical information for the context in which the
decision occurs. The presented information should have the objective of enabling humans to
recognize already known elements. If we consider the 3Ps information process, presented
by Lee and See [2004], this means that humans have to be informed about the purpose
(task addressed by the AI), a simple form, and or an intuition about the process for making
the decision (input, output of the models and importance of some factors/features) and the
performance (confidence and or uncertainty of the AI model). The presented information
should support the humans’ judgment of the current situation. Given the requirement to limit
the human workload and that the role of the explanation is to enable and potentially confirm
the humans’ perception and their judgment, in this phase simple and single-step explanation
is sufficient. Consequently, score-based explanations can be presented to humans e.g.,
feature importance explanations and saliency map-based explanations for images and text
[Bodria et al., 2023].

In the second level, where the Comprehension of the situation is necessary, a shared
reasoning between humans and AI systems is essential for an effective collaboration. In other
words, humans should understand the AI’s rationale behind the suggestion and update their
mental models with the knowledge provided by the AI to improve their understanding of the
situation. The question to be answered to support this phase is: Why does the AI system
suggest that advice? In this phase, we consider that an important element of the explanation
process is its interactivity, since it should help in constructing a shared common ground to
enhance the mutual understanding in such a way that humans improve their ability to make
informed decisions in a more appropriate way. We highlight that in case of an interactive
process for machine learning the human awareness in "making a decision" has the impact
of improving the learning process because the human operator could exploit the acquired
knowledge for deciding whether updating accordingly the machine leaning model. In case the
explanation is used for justifying a model decision at inference phase (explainable interactive
decision making) the human awareness will impact directly the final decision making process.
Referring again to the 3Ps information process supporting the comprehension phase means
providing humans with information about the process, i.e., how the AI system reaches the
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specific decision/suggestion. Since the goal is to construct a common knowledge and the
explanation process should also be able to adapt to human needs, preferences, and skills, a
more complex explanation process is necessary in this phase. In particular, this is necessary
for an interactive explanation process that provides explanations by a progressive disclo-
sure approach, which step-by-step provides explanations for incrementing progressively the
human comprehension [Springer and Whittaker, 2020]. The need for deeper comprehension
can be derived from different factors: humans are not aligned with the AI suggestion/decision
or do not completely trust the AI suggestion. In these cases, explanations provided during
the interactive process can also be more elaborate than a simple feature importance. For
example, explanation processes exploiting logic-based explanations (factual and counter-
factual rules), example-based explanations (examples, counter-examples), concept-based
explanations, or context-based explanations might be more appropriate to trigger a deliberate
reasoning. However, considering the desiderata D1-D3 highlighted above, for facilitating
mutual understanding the process should prioritize local explanations based on surrogate
models facilitating the rationalization and contextuality (Section 3.1), concept-based expla-
nations providing explanations expressed with more high-level details enabling contextuality
(Section 3.2) and textual-based explanations for enhancing expressiveness and comprehen-
sibility of explanations and for facilitating a conversational approach and so, interactivity
(Section 3.3).

In the third level, the Projection of possible outcomes according to different actions, the
human operator should engage in counterfactual thinking to envision potential actions and
the following outcomes. AI can support counterfactual thinking by engaging in a negotiation
process based on different decisions, and the human operator can evaluate which alternative
is the best. The question that guides this phase is: what could happen if humans follow AI?
The understanding of how AI reached the proposed decision/suggestion is paramount for
humans to project and evaluate the potential outcomes and make more informed decisions
through a thoughtful weighting process of the suggestions, thus improving users’ situation
awareness. To support this phase, the explanation process should support user prediction of
AI behavior by enabling an understanding of what the system would do if its inputs changed
or if the model were to change in any way. In other words, explanations able to answer “what
if” questions about system behavior are adequate for this phase. Any kind of explanation
process based on counterfactuals could enable this type of support [Guidotti, 2024].

We highlight that in case an AI decision model is already trained and used for supporting a
user in making decisions, potentially for any new instance for which the user has to make a
prediction the system will present the explanation adequate to support the corresponding
SA phase. The availability of an explanation (more or less deep and exhaustive) for each
instance makes the user able to make more aware decisions. This type of processes will be
the focus of WP3 and Deliverable D3.1.
In the learning phase, we claim that (interactive) explanations cannot be presented for
each instance, involved in the learning process, because this could make the learning
process unfeasible. In particular, it could quickly exceed any available time and cognitive
load budgets. In this setting, interactive explanation processes, adopting the progressive
disclosure approach, should be enabled only for those instances for which the interactive
learning protocol identifies some critical factors, which require human interventions with their
expertise. In this situation humans need a deep comprehension of the different factors of the
situation for understanding whether updating either their mental model or the AI model. As a
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consequence, in synergistic machine learning an explanation process typically supports the
comprehension and projection phase of SA.

3 Explanations for Synergistic Machine Learning

In this section we discuss three main categories of explanation processes that can be used
for supporting the SA phases while implementing the desiderata D1-D3 identified in WP1. In
particular, we describe feature-driven explanations, concept-based explanations and natural
language explanations and their integration into an interactive machine learning protocol for
enabling a synergistic human-AI collaboration. Our discuss highlights how each category of
explanation presents characteristics that enable one or more desiderata.

3.1 Feature-driven explanations for enabling synergistic learning

Surrogate-based explainers. Some approaches for deriving explanations of black box
models apply a process called surrogacy. The core idea behind this technique is to obtain
a decision model capable to replicate the black-box model predictions as best as possible,
and at the same time, provide interpretability. Clearly, the challenge in this context is to derive
an interpretable model with similar accuracy (similar predictions) with respect to the complex
black-box model. Indeed, complex models such as a deep learning model are more suitable
to learn the complex nature of the decision domain in presence of complex data than simple
models. In general, the training of an interpretable surrogate model requires a model-agnostic
method, since it does not need any information about the inner workings of the black box
model, only access to data and the prediction function is enough. As a consequence the
choice of the black box model type and of the surrogate model type is decoupled. Explanations
derived by surrogate models meet the desiderata D3 – rationalization, i.e., this type of
explanations are making AI models explainable without opening the knowledge of the internal
working of the AI model but deriving the reasons of the decisions by observing only input
data and output. An important dimension which can be considered for distinguish different
explainers is their ability in providing local or global explanations. Thus, in the literature, some
surrogate-based explainers use global surrogate models while others exploit local ones.
Global surrogate models aim to explain all the predictions made by the black-box model.
Local surrogate models, on the other hand, aim to explain single instance predictions made
by the black-box model. We highlight that in general, explaining globally a complex decision
boundary with a simple model (e.g., a linear model or a rule-based model), which tends to
oversimplify a complex reality, might be very challenging and sometimes impossible. Local
surrogate models addressed the complexity of the decision boundary focusing their work
on a small portion of the complex decision boundary, i.e., reasoning locally and around the
instance to be explained. We highlight that the locality of an explanation is a property that
makes an explanation process compatible with the desiderata D2 – contextuality. In the
context of post-hoc explanations we can identify three types of explanations that can be
derived by using a surrogate model: rule-based explanations, example-based explanations
and score-based explanations. These types of explanations make an AI decision model
explainable by using the same set of features received in input by the decision model, so they
are also called feature-driven explanations.
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Rule-based explanations. A rule-based explanation is a predicate defining a region in the
feature space that is sufficient for classifying a given point. In other words, a rule is defined in
terms of the features of the Ai decision model that both cover the given point and is sufficient
for its classification. Rule-based explanations are perturbation resistant in the sense that
the explanation applies to a neighborhood about a given point. This type of explanation is
usually extracted from surrogate models, such as decision trees or rule-based classifiers, that
mimic the black-box model in the vicinity of the record being explained [Guidotti et al., 2024].
Such surrogate models often enable the extraction of either factual rules, which represent the
path satisfied by the analyzed record and describe the reasons of the model classification
and counterfactual rules, which outline paths that lead to the opposite prediction. This kind
of explanation can be employed as local or global rules, depending on the surrogate model
generated. In the context of local surrogate based models in the literature two explanations
approach exist LORE [Guidotti et al., 2024] and Anchor [Ribeiro et al., 2018], while for global
surrogate models TREPAN [Craven and Shavlik, 1995] is one of the most popular.

Example-based explanations. Example-based explanation methods select particular in-
stances (real or synthetic) of the dataset to explain the behavior of AI decision models or
to explain the underlying data distribution. Example-based explanations are mostly model-
agnostic, because they do not use the knowledge of the model internals for generating such
examples. We highlight that these methods do not create summaries of features (such
as score-based explanations and rule-based approaches) but present as explanations an
instance with the complete set of features. Example-based explanations only make sense
if we can represent an instance of the data in a humanly understandable way. In general,
example-based methods work well if the feature values of an instance carry more context,
meaning the data has a structure, like images or texts do, or in case of the tabular data
which do not have an high number of features or if we are able to find a way to summarize
an instance. Example-based explanations help humans construct mental models of the
machine learning model and the data the machine learning model has been trained on. It
especially helps to understand complex data distributions. Example-based explanations
help in simulating an approach typically humans adopt: reasoning by examples or analogies.
Suppose, a physician sees a patient with trouble in breathing and staying awake and a high
fever. The patient’s symptoms remind her of another patient she had some time ago with
similar symptoms. Thus, she can perform some tests to verify the presence of the same
disease. Implicitly, some machine learning approaches, such as Decision Trees and k-nearest
neighbors methods, apply an example-based reasoning. Some example-based explainers
provide examples that are similar to the instance to be explained receiving the same AI model
decision while others provide counterexamples (counterfactual explanations), i.e., instances
similar to the one to be explained but with a different AI model decision.
The objective of counterfactual explanations is to understand the difference between the
instance under analysis and those in the opposite class. There are some important consider-
ations on counterfactuals, such as feasibility of counterfactuals, e.g., the changes suggested
should be feasible and realistic; their diversity, e.g., in a set of counterfactuals there should be
different changes in the variables even with the same outcome class, e.g., a counterfactual
may require the changing of the “age” variable, another instead focuses on the changes
on the “income” attribute; similarity in terms of feature values with respect to the instance
but also should also change as few features as possible. Examples of methods returning
counterfactual explanations are DICE, CEM and LORE [Mothilal et al., 2020, Dhurandhar
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et al., 2018, Guidotti et al., 2024].
Other forms of example-based explanations are prototypes, i.e., a selection of representative
instances from the data, and criticisms, i.e., instances that are not well represented by those
prototypes Gurumoorthy et al. [2019], Kim et al. [2016].

Score-based explanations. Score-based explanations provide a numerical relevance value
to each feature in the input record. In this setting we can have surrogate-based explainers,
such as LIME [Ribeiro et al., 2016], or gradient based methods, such as SHAP [Lundberg
and Lee, 2017] and DeepLIFT [Shrikumar et al., 2017]. These explanations are usually local,
but there are also examples of global models.

3.1.1 Can feature-driven explanation upgrade interaction protocols to enable
understanding?

Any of the above types of explanations can be integrated in an interactive machine learning
protocol for providing humans with knowledge useful for understanding and eventually defining
interventions for collaborating in the learning process.

In a standard active learning loop whenever the machine queries the label of an instance, it
also presents a prediction for that instance and potentially a local explanation for the prediction.
Explanations can be extracted using feature-driven methods. At this point, the annotator
supplies a label for the instance and, optionally, corrective feedback on the explanation. This
means that the human annotator can, for instance, indicate what input variables the machine
is wrongly relying on for making its prediction. Another possibility is to use counterfactual
explanations highlighting why for some classes the model cannot discriminate well, and for
each of them asks an annotator to provide feedback on what features enable them to distin-
guish between the two classes and then using the feedback for helping the decision model
accordingly. A particular setting in active learning is the interactive process of skeptical
learning designed for incremental interactive learning from potentially unreliable humans,
where in each iteration the machine receives a sample and updates the model accordingly.
For each sample the machine compares a quality score of the annotation with that of its
own prediction, and in case the prediction results more reliable than the annotation by some
factor, the machine asks the humans to double-check the labeling of sample. Feature-driven
explanation process could help in justifying i.e., to explaining to the human annotator why the
machine believes the outcome of the decision should be different. The understanding derived
from the explainable mechanism could lead the annotator to change her mind or to override
the machine’s suggestion and force it to accept her decision. In return, the human annotator
can signal to the machine that its explanation is correct or not by helping a better training of
machine learning model.
Explanations used for helping humans in understanding the cases of skepticality can be of
different types. Since the human annotator needs to reason on the skepticality of the machine
on a specific instance prediction/labeling, in this case local explanations are considered more
suitable than the global ones; this allows also to make the explainable interactive process com-
pliant with D2 – contextuality desiderata. Moreover, to implement the D3 – rationalization,
local surrogate explainers, enabling feature importance, example-based explanations (factual
and counterfactual) and rule-based explanations, should be preferred. However, following the
reasoning presented in Section 2.2, in case of skepticality humans clearly need to achieve a
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Figure 1: Explanations for learning to abstain.

deep understanding for identifying the correct decision (Comprehension phase of SA model)
and eventually to update the model, thus rule-based explanations and counterfactual explana-
tions can enable a more comprehensive awareness of the specific situation. Moreover, in this
phase humans, needing to acquire awareness, can interact with the system asking with a
progressive disclosure approach more and more sophisticated explanations for triggering a
deeper reasoning. For example, the human can start with a feature importance and combine
it with examples and counterfactuals. In TANGO project, feature-driven explanations have
been integrated in an interactive process for skeptical learning, called FRANK, which also
includes checks of fairness guarantees and consistency over the time during the incremental
learning [Mazzoni et al., 2024].

Feature-driven explanations can be also incorporated in "Learning to Abstain"(L2A), which
are designed for enhancing system reliability. These methods are based on the idea that
when the AI system has low confidence in its predictions or when errors could have significant
consequences, it may be more appropriate to abstain from making a prediction and instead
pass the input to a more advanced system or a human being. Several methods have
adopted this mechanism [Zerilli et al., 2022]. However, there has been limited focus on a
critical limitation of L2A: the lack of transparency in the rejection policy, i.e., in the reasons
why certain instances are rejected by the system, which can ultimately erode human trust
and satisfaction with the automated system. In this context, model-agnostic interpretable
abstention policies based on local counterfactual explanations, extracted by exploiting a local
surrogate model, might enable humans to understand the reasoning behind the abstentions of
the classifiers (Fig. 1). As above, locality of the explanation is fundamental because humans
need to understand the rejection reason for each specific instance and this enables also the
Desiderata D2 – contextuality. Moreover, the use of surrogate model can also enable to
fulfill the D3 – rationalization requirement.

3.2 Concept-based Explanations for Synergistic Machine Learning

Whereas the explanations discussed in Section 3.1 are defined in terms of individual attributes
or training examples, human communication most often relies on higher-level constructs, such
as words and symbols [Kambhampati et al., 2022, Rudin, 2019]. This simple observation
has lead to the development of concept-based explanations. While the notion of “concept” is
notoriously difficult to pin down, in Explainable AI concepts are (usually concrete) properties
useful for describing the decision-making process of a model at a higher – and more human-
friendly – level of detail. In an image classification task, for instance, concepts would describe
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what objects are visible in the image as well as their attributes. A conceptual description of an
image (a set of pixel values) would be that it pictures a “red ball” and a “fluffy dog”: here,
“red”, “fluffy”, “ball” and “dog” are concepts, captured by binary variables, that summarize
the contents of the image without referencing individual pixels. AIs able to express themselves
using concepts would enable simpler and richer communication with human decision makers
and stakeholders while avoiding possible ambiguities.

Concepts hold much promise for synergy. To see this, consider the prediction task
illustrated in Fig. 2 (taken from [Stammer et al., 2021]). Here, a predictor has to recognize
handwritten digits, with different digits colored using distinct colors. In practice, machine
learning predictors quickly learn to rely on color information to predict the digits. This is
an instance of spurious correlation [Geirhos et al., 2020, Lapuschkin et al., 2019] and it is
highly undesirable: affected models are unable to accurately predict digits that have been
recolored, desaturated, etc. Low-level explanations, such as saliency maps, capture what
pixels the model’s predictions depend on, but cannot disambiguate between positional and
color information. This makes it impossible for human observers to understand that the
machine relies on color for its predictions, completely hiding the issue. In stark contrast,
explanations that justify the model’s predictions in terms of high-level concepts including
“color” and “shape” avoid this ambiguity, as humans could readily and unambiguously verify
that the model is misusing color information.

Concepts in Explainable AI. Producing concept-based explanations like the above re-
quires understanding what concepts the model has learned and how they affect the model’s
predictions. There are two popular strategies for tackling these problems:

• Extracting concepts in a post-hoc fashion. In other words, given access to the latent
representations (aka embeddings) computed by a neural network, these techniques
attempt to figure out what concepts are encoded into the latent representation and how
these ultimately impact the model’s decisions [Kim et al., 2018, Schwalbe, 2022].

• Learning concepts in an ante-hoc fashion. This amounts to designing machine learning
models in which concepts are first-order citizens: the model first describes the input in
terms of high-level concepts, and then uses these to infer a prediction. In this sense,
the concepts are explicitly modelled in the predictor’s architecture; they act as a conduit

Figure 2: Visual Explanations for ColorMNIST: (Left) the general data distribution
between train and test split; (Right) a typical visual explanation of a CNN. Notice digit

pixels are considered as important for the wrong prediction.
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Figure 3: Schematic comparison between concept-based models, neuro-symbolic
models, and regular neural networks paired with a post-hoc concept-based explainer.

between the input and the output, and their value can be accessed directly, without
requiring any sort of post-processing.

One issue with post-hoc approaches is that they provide no guarantee that the concepts they
extract perfectly match those that are learned and used by the model itself. This faithfulness
gap can mislead users into thinking that the model relies on concepts that it is in fact not
using. While this issue can be viewed as a natural consequence of D3 – rationalization,
and as such it is not a show-stopper for synergy, it can also be side-stepped by working with
concept-based models instead. This is why in the following we chiefly focus on ante-hoc
approaches.

Two families of concept-based models. Ante-hoc concept-based models can be grouped
into two families: concept-based models “proper” (CBMs) and Neuro-Symbolic models (NeSy).
They follow the same architectural blueprint, as shown in Fig. 3. There, we compare a NeSy
model (left) to a CBM (middle) and a post-hoc concept extraction procedure (right). (The
lightning bolts indicate what variables receive supervision during training.)

CBMs consist of two computational blocks: a neural network (NN in the figure) extracts
concepts from the low-level input and an interpretable model (e.g., a sparse linear layer; “lin”
in the figure) infers a prediction from the concepts alone [Poeta et al., 2023]. Many CBM
architectures exist, including Self-explainable Neural Networks [Alvarez-Melis and Jaakkola,
2018], Part-Prototype Networks [Chen et al., 2019] Concept-Bottleneck Models [Koh et al.,
2020], Concept Embedding Models [Zarlenga et al., 2022], and GlanceNets [Marconato
et al., 2022]. They chiefly differ in how they implement the concepts and in what kind of
supervision they require. For instance, Part-Prototype Networks implement concepts as
prototypes in embedding space and are designed for unsupervised concept discovery, while
Concept-Bottleneck Models predict concepts via a feed-forward neural backbone trained
using concept-level supervision.

NeSy models share the same two-step architecture, but differ in how they infer predictions.
Specifically, these are computed by applying logical reasoning to the extracted concepts (K
in the figure). This is critical for enabling high-stakes applications in which predictions have
to comply with existing regulations, such as structural or safety constraints. For instance,
consider a model responsible for determining whether an autonomous vehicle should “stop”
or “go” based on what obstacles it sees on the road: the prior knowledge might state
that whenever it can see a “pedestrian” or a “red light”, the car should “stop”. While
regular neural networks can in principle learn such safety constraints from data, there are no
guarantees that they will do so nor that they will output predictions that comply with the learned
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rules, hindering trustworthiness. Instead, one can natively steer the predictions of NeSy
models by encoding any such rules into a logic format: the reasoning step will automatically
output predictions consistent with these constraints, either with guarantees or in expectation,
depending on the model. Well known NeSy architectures include DeepProbLog [Manhaeve
et al., 2018], Logic Tensor Networks [Badreddine et al., 2022], the Semantic Loss [Xu et al.,
2018], and Semantic Probabilistic Layers [Ahmed et al., 2022]. A key difference between
them is how they implement reasoning: in order to ensure learning is end-to-end differentiable,
they often “relax” the reasoning step, for instance by imbuing the prior knowledge with fuzzy
[Badreddine et al., 2022] or probabilistic [Xu et al., 2018, Ahmed et al., 2022] semantics.
Crucially, in NeSy the concepts are most often treated as latent variables, in that they receive
no concept-level supervision during training.

What is the role of concepts in synergistic machine learning? A first answer is that
concepts can help understand what the model is truly thinking. Indeed, in the Color MNIST
example above, concept-based explanations can inform users that the predictor is mistakenly
relying on “color” rather than “shape”, and therefore that it will likely misbehave in real world
applications [Stammer et al., 2021].

Another important remark is that concepts are a natural medium for implementing progressive
disclosure, in the sense that a single concept (say, “car”) can be often broken down into
constituents (for instance, “body”, “wheel”, “windshield”, etc.) or detailed further (“red car”,
“sporty car”), where all resulting elements can be viewed as concepts themselves. In
principle, this decomposition can be made interactable: after receiving a concept-based
explanation, stakeholders could ask the model to further break down the responsibility of a
concept into its constituents, thus supporting incremental, human-centered, and personalized
understanding of the model’s decision process.

A second answer is that concepts can be used to upgrade interaction protocols (as per
D1 – interactivity), facilitating reactivity and control. To gain an intuition about what benefits
concept-level explanations can bring, consider the following setup, adapted from [Bontempelli
et al., 2023]. Imagine having to debug a predictor trained to classify birds from images. This
task is naturally confounded. For instance, albatrosses are often found in sea regions, and
sparrows in forest regions. This can drive the model to use background information (sea
vs. forest) to discriminate between different species. In turn, this compromises prediction
performance whenever this spurious correlation breaks (e.g., for pictures of birds in zoos). A
popular solution is to use explanatory interactive learning [Schramowski et al., 2020]: in this
setting, an expert user looks at model’s saliency maps – which will show that the predictor
is wrongly focusing on the background – and provides corrective feedback. This process is
however expensive, as the user has to indicate all those pixels that the model should not
be looking at. Moreover, such corrections do not generalize across examples, as the pixels
that correspond to the background are likely to change across images. The situation is much
better for concept-based models: in this case, the user can simply instruct the model nor to
rely on concepts that are irrelevant for the label (in our example, “sea” and “forest”). This
corrective feedback can be obtained with a single mouse click and applies seamlessly to all
input images, irrespective of their specific layout [Stammer et al., 2021, Bontempelli et al.,
2023, Teso et al., 2023].

A nice feature of concept-based explanations is that they are a drop-in replacement for

TANGO © 20 of 35



D2.1 – Cognition-aware explanations for HML GA no 101120763

saliency maps, meaning that interaction protocols that rely on the latter can be readily
augmented with the former. These include many of those used for establishing synergy within
TANGO, such as skeptical learning (Section 3.1.1) and learning to abstain (Section 3.1.1).
At the same time, concepts are no less contextual than attribute-level explanations (D2 –
contextuality).

Another interaction pattern that benefits from concept-level feedback are interventions. When-
ever a CBM or NeSy model mis-identifies the concepts present in the input, a sufficiently
expert user can edit the predicted concept values. The model will then automatically propagate
these changes to the final prediction [Koh et al., 2020].

Finally, thanks to their progressive disclosure properties, concepts can be employed to
implement argumentation, which is precisely the kind of justification mechanism vouched for
by D1 – interactivity. For instance, a user could ask for concept-based explanations to unveil
what concepts caused a model to output a bad prediction for the purpose of understanding and
potentially correcting them. Rather than stopping here, the process can continue: assuming
that some concepts have been predicted poorly, the human could ask the model to explain
those concepts in terms of more fine-grained concepts, and so forth. This would enable and
prompt humans to supply corrective feedback precisely for those finer-grained concepts that
are responsible for the model’s mistakes while allowing them to interact at a level of detail
they feel comfortable with.

Synergy and concept quality. In order for all the above to work, however, the machine’s
concepts have to be at least partially aligned with those of human stakeholders [Russell,
2019]. This is not a given. Recall that CBM and NeSy architectures learn concepts from
limited amounts of data, which is often noisy or low-quality, and in many cases without direct
supervision on the concepts themselves. This can introduce a gap, in the sense that humans
and the model might not attach the same meanings to the same concepts. Naturally, this can
thwart communication – with both ante-hoc and post-hoc approaches – in both directions.

Ensuring that machine concepts have human-interpretable semantics is not a trivial problem,
and in practice machine concepts can be unaligned. For instance, NeSy models can suffer
from reasoning shortcuts, whereby they learn to output predictions consistent with the prior
knowledge by learning concepts with unintended semantics. In the context of autonomous
driving, a NeSy model might be designed to predict “stop” whenever “pedestrians” or “red
lights” are visible on the road. It turns out that, since both concepts yield the same correct
outcome (that is, “stop”), NeSy models can achieve high performance on the training set by
confusing pedestrians with red lights [Marconato et al., 2023a, 2024b].

A first line of defense against these issues is to provide models with annotations for the
concepts themselves, to be used during training. This strategy is however expensive, as
most data in the wild does not come with concept annotations and these have to be acquired
separately. A possible solution is then to leverage Large Vision-Language Models (VLMs),
such as Llava [Liu et al., 2024], to automatically generate concept-level annotations, either
directly (by querying about concepts present in an input image) or indirectly (by extracting
concepts activations from their latent representations by comparing the latter to neural
encodings of textual descriptions of the concepts themselves). While in practice this strategy
can be very effective [Yang et al., 2023, Oikarinen et al., 2022], it is still unclear whether it
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is a perfect solution, in the sense that there is no guarantee that the annotations provided
by VLMs are always high quality or aligned with the stakeholders’ own concept vocabulary.
At the same time, even concepts learned by CBMs using complete and clean concept-level
supervision can still suffer from concept leakage, whereby some concepts may unintentionally
encode information about unrelated concepts [Margeloiu et al., 2021, Mahinpei et al., 2021,
Marconato et al., 2023b].

One further issue is that the human meaning is to some extent subjective: different stake-
holders have different backgrounds and expertise, hence they will possibly associate different
meanings to the same concept. Perhaps surprisingly, subjectivity is not a deal breaker, neither
from an algorithmic perspective nor from a theoretical one. In fact, It turns it can be formalized
mathematically using notions from causality [Pearl, 2009, Marconato et al., 2023b], and so
can concepts themselves. Roughly speaking, we can say that concept alignment holds if it
is the case that whenever provided with a certain input of interest (e.g., an image) a human
observer and a machine provide the same conceptual description thereof (modulo simple
transformations that do not impact interpretation). If this holds, then we know for a fact that the
machine and the human associate the same meaning to the same concepts. This perspective
also allows provides a recipe for handling concept leakage [Marconato et al., 2023b].

The question which needs to be addressed is how to ensure – algorithmically – that machine
concepts are not misaligned or, if this turns out to be too difficult a target, to at least encourage
machines to be uncertain about low-quality concepts, so as to lessen stakeholders’ trust
in them [Marconato et al., 2024a]. A clear issue with the above definition of alignment is
that it is “global”: the human and the machine have to agree about all possible inputs. This
condition is neither easily satisfied nor easily checked. One possible route forward is then
to instead ensure that alignment holds “locally”, that is, that the human and machine agree
at least on those concepts that are strictly necessary for communicating about the inputs
actually occurring in a specific learning or decision task. This could enormously reduce the
computational and labeling requirements for supporting concept-based communication - and
thus synergy. In turn, this suggests that alignment might be built incrementally via interaction:
as new inputs have to be processed, a system should ensure that the concepts necessary to
handle those inputs - and only those - are indeed aligned with the human’s. This setup would
be compatible with both D1 – interactivity and D2 – contextuality, and in turn gradually
converge toward mutual understanding, at least for what concerns the concepts in use.

TANGO is at the forefront of these efforts, and indeed has been investing in designing
challenging benchmarks for assessing the quality of learned concepts, also in changing
environments [Busch et al., 2024, Bortolotti et al., 2024].

Concepts and synergy. There are several important links between concept-based explana-
tions and desiderata D1–D3. A first important link is that to D3 – rationalization: establishing
synergy does not necessarily imply having to “open the black box”; rather, as with humans,
high-level justifications of machine behavior may be enough. Concepts do exactly this: they
reinterpret the machine’s inner logic at a higher level of detail. In practice, CBMs and NeSy
architectures make it straightforward to figure out what concepts lead to a certain prediction,
without disclosing how those concepts were extracted.

Next, by disambiguating the model’s reasoning to users – as illustrated by the Color MNIST
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example – concept-based explanations can help models make their justifications, which are
key for D1 – interactivity, less ambiguous. This also facilitates mutual understanding, which
lies at the heart of D2 – contextuality.

Naturally, the requirement that concepts are aligned across agents – that is, that the same
concept vocabulary is shared by all parties involved - supports D1 – interactivity when it
holds. At the same time, interaction itself is a natural approach for establishing this alignment,
in the sense that users and machine can interact – for instance, by exchanging concept-level
supervision [Stammer et al., 2021, Bontempelli et al., 2023] or weak supervision [Stammer
et al., 2022] – so as to progressively align the semantics of the concepts they use for
communication [Marconato et al., 2023b].

3.3 Natural language explanations for enabling synergistic learning

Another excellent medium for expressing explanations is natural language. Natural lan-
guage techniques, Large Language Models (LLMs) and Vision-Language Models (VLMs)
can enhance explanations by providing text-based descriptions of decisions and semantically
enriching the explanations. In case the goal is to explain in natural language NLP models, ex-
planations are often cast in the form of rationales [Camburu et al., 2018]: these are (minimal)
subsets of an input sentence that are sufficient for the model to output a certain prediction.
For instance, in sentiment classification, a movie review could be classified as “negative” due
to a particularly ironic sentence, which plays the role of rationale for the prediction.

Foundation models as an interface for synergy. However, LLMs and VLMs makes it
progressively easier to generate meaningful natural language descriptions, opening the door
to applications in explainable and interactive machine learning. As a matter of fact, LLMs and
VLMs can be used as an interface between humans and machine learning models, and they
can be integrated into an interactive dialogue system designed to explain ML models through
conversations [Slack et al., 2023, Alonso et al., 2020].
Natural language explanations can be generated using an explanation generator layer provid-
ing text-based explanations of the black-box models decisions. An approach is to transform
feature-driven explanations, presented in Section 3.1, into natural language explanations. For
example, rule-based explanations can be converted into text-based explanations by defining
templates that transform key meta-data from the rule premises into a textual format. The
completed template is then provided as a prompt to a LLM, which uses the instructions to
generate a natural language explanation of the decision rule. This approach can be also
used for explaining local tree-based surrogate models [Alonso and Bugarín, 2019]. However,
also score-based explanations can be explained in natural language providing additional
knowledge about the meaning of features [Burton et al., 2023].

It is easy to see that this medium can bring similar benefits as using concept-level explanations,
in that both families of explanations allow to unpack the model’s reasoning into high-level,
human-interpretable terms, with benefits for both understanding and, eventually, control.

Considering the different interactive protocols used for establishing synergy within TANGO,
such as skeptical learning, learning to abstain, and explanatory interactive learning, it is
worth to note that text-based explanation processes obtained by the use of LLMs can help in
improving both the interactive and explanation processes facilitating the implementation of
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Desiderata D1 – interactivity, in addition to D2 – contextuality and D3 – rationalization
already satisfied by the use of local and surrogate based explainers. A recent innovative
approach, called Retrieval-Augmented Generation (RAG), combines the generative capa-
bilities of LLMs with a retrieval system to ground responses in relevant external data, such
as proprietary or domain-specific information. It is based on the context injection, i.e., the
retrieved information is fed into the LLM as context, guiding it to generate more accurate,
informed and more relevant responses for the application domain. The use of RAG models for
enhancing expressiveness of the explanation can considerably improve the D2 – contextual-
ity desiderata. It can really help in supporting the SA phases (especially the Comprehension
phase) by enabling both interactivity but also responses, and thus explanations, which are
context-dependent and which can facilitate humans in understanding the situation and the
factors determining the model decision.
Moreover, in the context of synergistic decision making, one could conceive of ML models
supplying useful guidance to human decision makers [Banerjee et al., 2023, 2024]. This is
useful for upgrading learning to defer strategies to high-stakes applications. In short, learning
to defer builds on a separation of responsibilities setup, whereby individual predictions are
either taken by the machine in full autonomy or offloaded to a human expert. One issue with
this setup is that, on the one hand, the expert may end up over-relying on the machine’s
decisions due to anchoring bias, thus losing the human oversight that is increasingly being
required by regulatory agencies to ensure trustworthy AI. On the other hand, the expert is left
entirely unassisted on the (typically hardest) decisions on which the model abstained. One
option is then to build models capable of generating guidance capable of supporting human
decision making. In this setup, the human is always in the loop and always responsible for the
decisions they make. Natural language then is the ideal format for encoding guidance, for
instance in medical diagnosis tasks in which information comes from multiple heterogeneous
textual or tabular source (e.g., electronic health records).

How to deal with hallucinations? The downside of relying on foundation models is that
of potentially foregoing faithfulness – meaning that explanations might not fully reflect the
reasoning process of the model to be explained – for instance due to hallucinations. These can
be classified into two types: factuality and faithfulness hallucinations. Factuality hallucinations
occur when an LLM’s response contradicts real-world facts, while faithfulness hallucinations
arise when an LLM’s response does not align with user instructions or the given context [Huang
et al., 2023]. To mitigate factuality hallucinations, RAG [Lewis et al., 2020] can be employed,
enabling LLMs to access external tools (e.g., a web search engine or Python interpreter) or
resources (e.g., Wikipedia or Pubmed) to gather necessary information and ensure accurate
responses. However, LLMs may still rely on ingrained knowledge, occasionally ignoring
retrieved information [Xu et al., 2024a, Jin et al., 2024]. An alternative approach involves
using the self-correction capabilities of LLMs to post-process and refine answers, enhancing
their originality [Ji et al., 2023, Dhuliawala et al., 2024], or even integrating ideas from neuro-
symbolic AI to encourage LLMs to satisfy logical constraints and prior knowledge [Calanzone
et al., 2024]. Addressing faithfulness hallucinations requires improving the alignment of LLM
responses with user instructions and context [Tian et al., 2020, van der Poel et al., 2022,
Wan et al., 2023, Shi et al., 2024, Gema et al., 2024]. This might involve ensuring logical
coherence in multi-step reasoning tasks [Wang et al., 2023a], or creating a reward model that
adaptively promotes hallucination-free generations [Amini et al., 2024, Lu et al., 2023, 2022,
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Deng and Raffel, 2023]. Despite these advancements, completely eliminating hallucinations
remains a challenge [Xu et al., 2024b]. Consequently, it is essential to also enhance human
awareness of these limitations. Strategies could include enabling humans to manage LLM
outputs by accessing model logits to estimate uncertainty [Guo et al., 2017, Kuhn et al., 2023],
prompting LLMs to verbally express their level of uncertainty [Mielke et al., 2022, Lin et al.,
2022, Xiong et al., 2024, Kadavath et al., 2022], or by asking the same question multiple
times to select the most consistent response [Lin et al., 2023, Chen and Mueller, 2024, Wang
et al., 2023b, Zhao et al., 2023a].

4 Ethical Considerations

In this section, we discuss some potential ethical and legal risks that it is important to assess
and mitigate in TANGO explainable AI systems. Making AI-based decision systems explain-
able requires to take into account potential risks that can derive from both the interpretability
layer that we are adding to the system and the human interaction that can lead to human
interventions during the decision model learning. In particular, we will discuss potential risks
of: (i) unfairness, which could lead to the amplification of gender and social bias; (ii) privacy
violations, which could lead to jeopardize important human rights; and (iii) unacceptable
human persuasion, which could lead to undermine the active role of humans in the decision
making process.

Fairness The impressive capabilities of AI models (both predictive and generative) are
coupled with substantial concerns about their fairness [Mehrabi et al., 2022, Teo et al., 2023]
and sometimes these issues are also inherited by explanation models [Balagopalan et al.,
2022]. These issues mainly derive from the training of the model on vast amounts of data,
obtained from open sources on the web and often uncurated and incomplete, which may
include content misaligned with current societal values, including discriminatory language
based on gender, ethnicity, sexual orientation, age and others, often manifesting as stereo-
types or prejudices, and harmful or hateful content. Recent research has demonstrated that
generative language models and text-to-image generative architectures frequently produce
toxic and biased content, raising ethical issues for their application in real-world scenarios.
Considering the interaction learning strategies studied within TANGO which focus in the strong
involvement of humans in the learning phase it is of fundamental importance to (1) avoid
humans reinforcing potential biases; (2) exploit this interactivity during the learning phase
as a new driver for discovering potential bias and mitigating by a more tailored approach.
In TANGO we have already started to integrate fairness checks and mitigation of unfair
behaviors in FRANK [Mazzoni et al., 2024]. However, it has been observed that fair models
do not necessarily produce fair explanations [Yang and Howe, 2024]. Some work in this
latter direction compare explanation quality metrics (fidelity, stability, sparsity) across different
social groups [Balagopalan et al., 2022]. This suggests the need of learning strategies able to
simultaneously fulfill fairness of decisions, satisfying explanation fairness, and maintaining
the utility performance [Zhao et al., 2023b]. In particular, we highlight that it is necessary to
develop methods capable of returning explanations for decisions that provide insights that
do not disadvantage some social groups against others. This clearly requires to take into
consideration by-design that AI systems and their explanations are developed in societal
structures that are already unequal and are influenced by common patterns of inequality and
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power in agency. For example, women and marginalised genders, people from a low income
background and/or people of different ethnic backgrounds, such as migrants, are considered
as main categories of underrepresented groups. These categories are part of the six protected
grounds from discrimination. Thus, in the suggestions enabling actionable recourse (how
to change the model’s prediction), it should be guaranteed that explanations will require an
effort proportional to the capabilities and opportunities of the different individuals and groups
under analysis. Moreover, two important aspects which should not be underestimated are the
issues about intersectional fairness, i.e., forms of discrimination towards groups of people
with different, sensitive characteristics (e.g. gender, race, age, sexuality, religion, disability,
etc.), and fairness in changing environments where we can have a data or domain distribution
drift with respect to the training context [Barrainkua et al., 2023]. In addition, the use of LLMs
for generating natural language explanations in form of a dialogue could be also another
source of bias and unfairness. For example, the language used in the generated explanation
could be inappropriate and unfair with respect to some underrepresented groups.

Privacy Another important issue to be taken into consideration is privacy of individuals. The
risk of privacy exposure can depend on (1) data, which are not anonymized, (2) AI model,
which is not trained by a privacy-preserving learning strategy, (3) explainers and explanations,
which while adding a layer of transparency can reveal personal data of people whose data
have been used to train the model or end-user of the model. In TANGO we have developed
a framework which enables the assessment of privacy exposure of AI models explained
by global or local surrogate models [Naretto et al., 2024]. Detecting the empirical privacy
risk is fundamental because it enables to identify and apply mitigation strategy for example
based on well-known models such as differential private that was successful applied for some
specific feature based explanation methods [Patel et al., 2022]. Privacy-aware explanation
mechanisms for decision making processes can also be developed in a federated learning
setting where the absence of data sharing helps in maintaining under control the exposure of
personal and sensitive information [Haffar et al., 2024].

Persuasion Persuasion, i.e., the process of changing someone’s belief, position, or opinion
on a specific matter, is a widely studied topic in the social sciences [Keynes, 1932]. LLMs
can be considered as models trained to mimic human language and reasoning by ingesting
vast amounts of textual data. They have very good performance in generating coherent and
contextually relevant text with fluency and versatility. Some experts have widely expressed
concerns about the risk of LLMs being used to manipulate online conversations and pollute
the information ecosystem by spreading misinformation, exacerbating political polarization,
reinforcing echo chambers, and persuading individuals to adopt new beliefs [Salvi et al., 2024].
Moreover, the ability of personalization, obtained conditioning the models’ generations on
personal attributes and psychological profiles [Bommasani et al., 2021] makes the problem
more worrying. The persuasiveness of an LLM in the TANGO context can lead to a biased
collaboration where the AI system covers a more important role with respect to humans.
Indeed, although humans receive explanations with the goal of a mutual collaboration, the
persuasive power can cancel the role of humans as active collaborators that can influence
the model learning. Persuasion indeed can lead to a situation where the human opinion is not
taken into consideration.
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5 Conclusion

In this deliverable, we have defined and discussed how different types of explanation pro-
cesses should be integrated into interactive machine learning strategies for enabling syner-
gistic collaboration between humans and machine learning model. Deliverable D1.1 (WP1)
establishes high-level desiderata for enabling synergistic machine learning and decision mak-
ing, which involves explanations (that might not need to open the black box) and continuous
interaction with human stakeholders. In this deliverable, we suggest that this perspective can
be completed and implemented through the Situation Awareness model for decision making
integrated with explanations. We have discussed how low-level and high-level explanations
correlate with the desiderata of D1.1 and the Situation Awareness model, and what kind of
interaction protocols they enable, with different explanations having different pros and cons.
Finally, we have also discussed some important ethical and legal issues that can arise from
the introduction of explanations and from the interactive process.
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