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Executive Summary

This deliverable presents the TANGO framework aiming at enhancing Interactive Decision-
Making processes by leveraging cognitive theory from WP1. At its core, the framework
integrates the Situation Aware model to strengthen human-AI collaboration, prioritizing ex-
plainability and fostering trust. By emphasizing mutual understanding at every interaction
stage, it aims to align human operators and AI systems effectively.

The research activities conducted in WP3 focus on designing and evaluating explanation
mechanisms, with an emphasis on both visual and text-based modalities. Visual explana-
tions utilize graph-based and image representations, offering users an intuitive channel to
comprehend AI decision-making processes. In contrast, text-based explanations harness
natural language processing to deliver detailed and human-like descriptions, ensuring acces-
sibility and clarity. Together, these approaches contribute to a more transparent and effective
integration of AI in decision-making workflows.
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1 Introduction

The decision making process is a complex cognitive task that involves multiple steps and
requires the integration of different sources of information.

Deliverable D2.1 defines a TANGO framework that integrates the cognitive aspects of Deliver-
able D1.1 with the Situation Awareness (SA) model, to foster trust and effective interaction
between humans and AI systems, particularly in decision-making contexts. This framework
leverages SA to implement explainable AI (XAI) processes, upgrading human-AI interactions
from simple cooperation to synergistic interactions based on mutual understanding. Central
to this approach is the role of explanations, which serve a dual purpose:

• Human-to-System Understanding: Explanations help users comprehend the AI’s
reasoning, decisions, and models, ensuring transparency;

• System-to-Human Understanding: AI systems adapt by analyzing users’ interaction
patterns with explanations, gaining insights into their comprehension and mental models.

This bidirectional interaction aligns with the epistemic interaction paradigm, emphasizing
explanation interfaces as tools for both conveying information and gathering feedback for
system adaptation.

As stated in D1.1, effective explanations must meet three key desiderata:

• 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.

SA, as defined by Endsley [Endsley, 1995], involves three levels: Perception, Comprehen-
sion, and Projection, which collectively enhance a decision-maker’s understanding of their
environment to make informed decisions.

• Perception (Level 1) focuses on recognizing relevant information, ensuring alignment
between human and AI goals, and presenting clear, contextualized data to avoid infor-
mation overload. Simple explanations, like feature importance or saliency maps, are
sufficient for this phase.

• Comprehension (Level 2) emphasizes understanding AI’s reasoning to build shared
mental models. This phase requires interactive and progressively detailed explanations
(e.g., logic-based, concept-based, or textual explanations) to adapt to human needs
and enhance mutual understanding.

• Projection (Level 3) involves counterfactual thinking to explore possible outcomes of
different decisions. AI systems support this phase by providing "what-if" explanations
that help users anticipate and evaluate future scenarios effectively.

The purpose of this deliverable is to show how the cognitive and SA models are integrated
within a decision-making context, focusing on the role of explanations in enhancing human-AI
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collaboration. We present a visual-based interface that support the explanation process
(Section 2) leveraging the projection of information in a visual environment. In Section 3, we
present a set of studies that focus on the explanation of image-based decisions. In Section 4,
we discuss the role of Large Language Models (LLMs) in the decision-making process.

For each of the presented methods we highlight how they contribute to the desiderata of D1 –
interactivity , D2 – contextuality , and D3 – rationalization . We provide a summary table of
the contributions in Table 5 with the reference to the speci�c set of desiderata.

Table 5: Summary of the contributions to the desiderata

Contribution D1 D2 D3

Visual Interactive Interface for Rule-based Ex-
planations (Section 2.1)

X X X

Time-sensitive Explanations for Images (Sec-
tion 3.1)

– X X

Interpretable and Ef�cient Counterfactual Ex-
planations with Generative AI (Section 3.2)

X X X

LLM Latent Representations as a Dynamic
Knowledge Graph (Section 4.1)

– X X

Can LLMs help Physicians in Decision Making?
(Section 4.2)

X X X

TANGO © 10 of 37
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2 Visual and Graphical Interfaces for Explanation Process

2.1 Visual Interactive Interface for Rule-based Explanations

2.1.1 Motivation

In a decision-making context mediated by an Explainable AI algorithm, the explanation layer
presents to the user additional information on the motivation behind the AI system's decision.
This additional information brings new knowledge that the user has to evaluate and integrate
into her mental process. This additional load, however, can overwhelm the user, especially if
the explanation is complex and dif�cult to understand. To address this issue, we propose a
visual interactive interface that supports the progressive disclosure of the explanation. The
progressive disclosure [Springer and Whittaker, 2020] is a design principle that consists of
presenting information in a series of steps, starting with the most relevant and important
information and gradually revealing more detailed information. This approach allows the user
to focus on the most important information �rst and then explore the more detailed information
as needed. Once the initial explanation is provided, the user maintains the control of which
part of the information to explore, keeping a mental representation of the case at hand, and
directing the interaction and cognitive load according to her needs.

The presentation of the information in a visual and graphical form, as opposed to a textual
form, can help the user in understanding the explanation more easily and quickly, through
the use of visual metaphors and interaction to make the process more human-centred and
enable a conversation between the user and the explanation algorithm [Miller, 2019].

An Explanation User interface (XUI) [Chromik and Butz, 2021] channels the output of an
explanation algorithm into a visual and interactive representation. The XUI is designed to
support the user in understanding the explanation, by providing a user-friendly interface
between the user and the explanation algorithm [Gunning and Aha, 2019].

The combination of visual and progressive exploration provides two main bene�ts: the user
can focus on the most relevant information �rst, and then explore the more detailed information
as needed, and even the less experienced user can understand the explanation and the
decision-making process of the AI system.

A visual interface enables interactivity in the AI-based decision making process and it is fully
in line with the desiderata D1 – interactivity ; the use of local explanations enriched with
visual analytics on data distribution makes this explanation process compliant also with the
desiderata of D2 – contextuality ; �nally, the use of explanations derived from a surrogate
model like LORE [Guidotti et al., 2019b] enables the principle of D3 – rationalization .

2.1.2 Methodology

CNR and UNIPI developed TRACE (a Tool for Rules And Counter-rules Explo-
ration) [Cappuccio et al., 2024] that leverages Visual Analytics techniques to provide
users with interactive explanations in the form of rules and counter-rules. The interface
features a comprehensive visual analysis dashboard designed to clarify and explain the
decision-making process of an AI model for a speci�c instance. TRACE creates a cohesive
narrative of the model logic by integrating multiple levels of information, from high-level
predictions to the granular importance of features. At the time of writing, TRACE supports the
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explanation of models trained on tabular data, but the extension to other data types is already
in progress.

TRACE merges into a uni�ed interface the contribution of multiple explorations:

• Model Prediction : The outcome of the predicting model is shown along with the model
con�dence level and the probability distribution of the possible classes, to put the
model's decision in context and let the user to judge the amount of trust to give to the
decision of the model [Hwang et al., 2022].

• Feature Importance : this is a largely used family of explanation algorithms, giving a
global view of the importance of the features in the model's decision.

• Data Distribution : the distribution of the features in the dataset is shown, along with
the instance's value for that feature. This allows the user to understand the context of
the instance in the dataset and to evaluate if there are any anomalies in the instance.

• Rule-based Explanation : rules in the form of logical predicates may be dif�cult for
the user to understand. TRACE provides a visual metaphor to represent the rules
contextually to the data distribution of the features.

• Counter-rules : the counter-rules provide projection of possible changes to the current
instance that would lead to a different prediction. TRACE provides a visual comparison
between the rules and the counter-rules, using a similar visual metaphor.

All the elements above brings into a single interface the explanation of the AI model's decision,
providing a comprehensive view of the decision-making process. The Figure 1 summarizes
the visual widgtes to provide an overview of the explanation.

The �rst section of the image (1) is the model prediction interface. The section shows the
classi�cation results with the model con�dence level and the probability distribution of the
class with a stacked bar chart. This section is meant to give the user elements to put the
model's decision in context and judge whether they think it is correct and not over or under
trust the decision of the model [Hwang et al., 2022]. Section (2) allows the user to order the
visualisation features using different criteria, such as showing the features affected by rules
�rst or using alphabetical order. Section (3) allows the user to compare the rule generated
with different counter rules. Users can have a quick preview of the attribute affected by the
rules before browsing in detail. Section (4) visualizes only the features affected by the rules.
We currently implement that view as the default one to avoid cognitive overload. We also
implemented a palette section menu to change the colour from light mode to dark mode, as
well as in greyscale for accessibility. Section (6) shows the feature's name and the original
instance's value for that feature. Section(7) is the feature distribution column. It displays
the distribution of values for each feature in the dataset, along with rule and counter-rule
visualizations. Each row corresponds to a speci�c feature, aligning with the feature name
in the left column. For numerical values, kernel density distribution graphs are used, and
a vertical black line represents the value of the instance. For numerical values, stacked
horizontal bar charts show the distribution, and a darker grey highlights the instance's value.
The distributions refer to the training data. For features with a predicate in the rule and in
the counter rule, a yellow and red bar is used to highlight the category or the interval of the
predicate.Section(8) shows the feature's importance, using a color-coded system to indicate
the positive and the negative contribution. The absolute values of these weights determine
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Figure 1: An interactive visual interface for the exploration of rules- and
counter-rules-based explanation

the sorting order of the features in the entire interface. Eventually, Section(9) shows a rule
and a counter-rule's predicate in a textual form; the users can access this information by
clicking on the arrow on the left side of each feature. The arrow expands the feature row,
giving access to additional information that can help the user interpret the rule's predicate.
The main goal of this tool is to enable an interactive dialogue between domain-expert users
and the Explanation Algorithm. We are currently developing a heuristic study to improve the
usability of the system.
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3 Explanation Processes Involving Images

3.1 Time-sensitive Explanations for Images

3.1.1 Motivation

The necessity for explanations in ML applications is crucial and particularly challenging
in scenarios where time is critical. Applications such as autonomous vehicle navigation,
real-time medical diagnosis, and high-frequency trading demand accurate and immediate
explanations of model decisions. The ability to provide real-time explanations ensures that
autonomous systems are transparent and applicable when decisions need to be made
quickly and ef�ciently. This requirement adds a layer of complexity to the development of
explainable models, as they must be designed to operate under stringent time constraints
without compromising the quality of explanations.

The ef�ciency of explanation generation is a critical factor in interactive interfaces, where
the user expects immediate feedback. The time required to generate an explanation can
signi�cantly impact the user experience.

CNR and UNIPI address the challenge of explaining black box image classi�cations
in time-sensitive scenarios. Our work, leveraging an existing XAI method presented
in [Guidotti et al., 2019b], aims to introduce a post-hoc and model-agnostic algorithm for
generating timely explanations of image data classi�cation models. It provides explanations
derived by the use of a local surrogate model and returns exemplars and counterexemplars
images and a salience map. This type of explanation model implements the desiderata of D2
– contextuality and D3 – rationalization .

The proposed approach severely reduces the time needed to generate explanations by
computing a reference library of explanations of�ine. The reference library is then used to
provide real-time explanations for new instances. The time reduction makes this explanation
method easy to integrate in to a system like TRACE for obtaining an interactive and explainable
decision-making process.

3.1.2 Methodology

ABELE [Guidotti et al., 2019b] is an explanation algorithm that follows the same strategy of
LORE [Guidotti et al., 2019a]. Starting from an instance x, it generates a neighborhood of
synthetic variations of x and uses the black box to assign labels to this set. This annotated
version of the neighborhood is used as a training sample for a decision tree. The logical
predicates of the tree are used as source for factual and counterfactual rules. For the image
domain, this process projects each instance into a latent space by means of an Adversarial
Autoencoder (AAE) [Makhzani et al., 2015] that encodes an image x into a low-dimensional
point z. The AAE is also used to generate synthetic instances decoding one point z from
the latent space to a reconstructed image ~z. AAEs ensure synthetic instances retain the
original data distribution through a structured framework involving an encoder, decoder, and
discriminator. Fig. 2 illustrates the ABELE work�ow.

Rules are not directly usable for humans since they refer to latent dimensions that may not
directly represent semantic attributes (see Figure 3). Thus, to give the user intuition of the
rule's meaning, we generate synthetic images as prototypes of the logical rules. ABELE
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Figure 2: ABELE work�ow, starting from the mapping of the instance x to the
extraction of the transparent model: (a) instance x encoded within the latent space; (b)
neighborhood generation around x; (c) discriminator �ltering the neighborhood; (d)

decoder transforming the points into images (e) annotated by the black box; (f)
supervised data forming a local training set to (g) learn a decision tree.

selects points in the latent space that satisfy the factual rule (or counterfactual rule) and
pass the discriminator's �lter. These points are decoded back and used as exemplars or
counterexemplars for explanations.

Producing an explanation from a given instance requires several steps for generating the
neighborhood, decoding these points, classifying them, and learning the corresponding
decision tree. This process may imply a large amount of time (up to a few mintues, depending
on the speci�c domain and image size), which limits the actual use of the explanations,
particularly in applications where interactivity or time sensitivity is crucial.

We propose POEM, an explanation algorithm involving two steps called of�ine and online,
respectively.

In the of�ine step, POEM leverages ABELE to build an explanation base ~T, storing tuples
which associate each explained point t to the components crucial for its explanation e(t)
produced by ABELE. In the online step, given an instance x, POEM selects from the ex-
planation base ~T the closest point to the latent representation of x, and then it uses the
corresponding rules and counterfactual rules to generate exemplars and counterexemplars
for x (see Figure 4) If the explanation base does not contain any tuple corresponding to a
point suf�ciently close to the point to be explained, the explanation is computed using ABELE,
and the result is stored in the explanation base ~T.

3.1.3 Results

We conducted our experiments across three widely recognized datasets: MNIST is a dataset
of handwritten grayscale digits, FASHION dataset is a collection of Zalando grayscale products
(e.g. shirt, shoes, bag, etc.) and EMNIST dataset is a set of handwritten letters. MNIST and
FASHION have 10 labels while EMNIST has 26 labels. Details on the datasets are reported
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Figure 3: Extraction of rules and counter-rules from the surrogate model learned by
ABELE in the neighborhood H

Figure 4: Representation of the explanation base, where each point t 2 D t is linked to
the decision tree and the neighborhood computed during the of�ine step.

in Table 6.

The results revealed signi�cant enhancements when utilizing POEM compared to ABELE.
We observed reductions in execution time ranging from 83.00% to 96.50%, depending on the
dataset and black box. The execution time is very reduced when a point is already present in
the explanation base, as the explanation is directly retrieved from the base. The results are
summarized in Figure 5.

In Fig. 6, we show a selection of images from MNIST and FASHION and their corresponding
set of exemplars and counterexemplars. It is evident how the selection of the counterexemplars
produces synthetic images that are visually similar to the original instance but with a different
label. These counterexemplars push the black box to classify instances that are as close as
possible to the decision boundary. This is evident in the second example of MNIST, where
the counter exemplars are very similar to the original instance but with a different class label
(apparently wrong for the human eye). The �rst instance of FASHION shows how one counter
exemplar is labeled as a t-shirt, whereas at the human vision it resembles a pair of trousers.
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Size RMSE

Dataset Resolution Train Test Train Test

MNIST 28� 28 50k 10k 33:69 40:73

FASHION 28� 28 50k 10k 28:25 29:81

EMNIST 28� 28 131k 14k 35:41 41:12

Table 6: Datasets resolution, train and test dimensions, and AAEs reconstruction error
regarding RMSE.

Figure 5: Time distributions for each dataset and black-box. For MNIST e FASHION, the
majority of the instances get a successful hit in the explanation base, and they retrieve
an explanation very ef�ciently. For EMNIST, the large number of class labels makes the

search for candidate explanations more complex.

Figure 6: Three examples of explanations for instances of the MNIST (left) and
FASHION (right) datasets. On the left, the image to be classi�ed, with the class

assigned by the black box on top. In the middle, a set of exemplars. On the right, two
counter exemplars for each instance.
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3.2 Interpretable and Ef�cient Counterfactual Explanations with Generative AI

3.2.1 Motivation

Counterfactual explanations consist of instances describing the necessary changes in input
features that alter the prediction to a prede�ned counterfactual output [ Molnar, 2022], and
are especially appealing for a human decision maker [Fernández-Loría et al., 2021]. Coun-
terfactual explanations align well with the interactive explainability approach advocated in
deliverable D1.1, as they offer insights into the conditions that lead to a decision change in
the model. This is particularly effective when counterfactuals are enriched with rationales for
the decision change, as implemented by the methodology introduced in this section.

Counterfactual explanations should carry the following properties: i) validity – the model
prediction on the counterfactual instance needs to follow a predetermined class; ii) sparsity
– the perturbation applied to the original instance should be sparse; iii) interpretability – the
explanatory instance should be accessible and comprehensible, iv) likeliness – the explanation
should be representative of the counterfactual class distribution.

Despite the appeal of counterfactual explanations, existing approaches have strug-
gled in satisfying the desired properties, especially likeliness [Poyiadzi et al., 2020,
Dhurandhar et al., 2018], actionability [Guidotti et al., 2019a, Dhurandhar et al., 2019] or
sparsity [Guidotti, 2022] of the counterfactual being generated.

Ef�ciency in generation is another major problem of existing solutions [ Farid et al., 2023,
Wachter et al., 2017, Kanamori et al., 2020]. Simultaneously, there has been a noticeable
growth in popularity of generative models in XAI, with the aim to increase the quality of gen-
erated explanations [Schneider, 2024]. Inspired by this, UNITN has developed a generative
framework for counterfactual explanations that satis�es the desired properties while being
computationally ef�cient, so as to allow real-time counterfactual generation. The proposed
methodology tackles the desiderata of D2 – contextuality and D3 – rationalization . More-
over, although the framework has so far been evaluated only in a single-shot interaction
process, it can be readily extended to support multi-round interactions. This would enable
the generation of counterfactuals for additional alternative options that the user might wish to
explore, thereby addressing. D1 – interactivity This aspect will be thoroughly evaluated in
follow-up studies.

3.2.2 Method overview

We begin by presenting an overview of the methodology we propose. Given an instance
and a user-speci�ed label that differs from the model's prediction, the goal is to generate
a counter-example that the model would classify under the user-speci�ed alternative label.
The novel technique we propose operates under the assumption of a latent space following
a mixture of Gaussian distributions as in [Wan et al., 2018], and exploits a label-relevant
label-irrelevant modelling of the latent dimensions �rst proposed by [ Zheng and Sun, 2019].
The procedure consists of a three step process:

i) identi�cation of a set of candidate counterfactuals according to the criteria of sparsity
and likeliness;

ii) extraction of the expected value of the set under the alternative class distribution as the
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Figure 7: Explanatory pipeline consisting of the encoding, counterfactual search and
decoding steps

generated counterfactual;

iii) computation of the top-k most impactful changes in the latent space, to be used as
interpretable concept changes explaining the counterfactual.

The full interactive explanatory pipeline is shown in Figure 7.

3.2.3 Counterfactual generation

We start by de�ning the formal properties of candidate counterfactuals as follows:

De�nition (properties of counterfactual candidates). Let x be an instance with encoding z0

predicted as class y� with distribution centroid � y � . An instance zcf belongs to the set of
counterfactual candidates C for the label ycf with centroid � ycf , if @z 6= zcf 2 Rd that jointly
satis�es P1 ^ P 2, where:

P1 : argmin
y

kz � � yk2
2 = ycf

P2 : kz � z0k2
2 � k zcf � z0k2

2 ^ k z � � ycf k2
2 � k zcf � � ycf k2

2

It is straightforward to see that all the points that satisfy the �rst condition and lie on the
segment S1 from z0 to � ycf are counterfactual candidates. These should be complemented
with the points on the segment of the decision boundary DB between class y� and ycf that
goes from the intersection between DB and S1 (I cf ) to the orthogonal projection of z0 on
DB (PROJDB (z0)). A graphical representation of the set of counterfactual candidates for an
instance can be found in Figure 8(left).

We additionally de�ne a technique to compute the expected value of the counterfactual
candidates, which will be returned as a counterfactual explanation. We argue that such
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counterfactual intrinsically optimizes the trade-off between the likelihood of the explanation
and the distance from the instance to explain. Problematically, computing such expectation
has no closed form solution, and a large number of samples from a multivariate normal
distribution are necessary to estimate it. We thus enforce the speci�c condition under which
such estimate can be reduced to a fast and ef�cient sampling from a univariate distribution:
the segment taken in consideration is parallel to one of the axis. In our derivations we treat
expected value computations separately for SC

1 and S2, and return a density-based weighted
sum of the two as the �nal counterfactual:

zcf 1 = ESC
1
[z] ; zcf 2 = ES2 [z] ; zcf = w1zcf 1 + w2zcf 2

with w1 =
N (zcf 1 ; � ycf ; I )

N (zcf 1 ; � ycf ; I ) + N (zcf 2 ; � ycf ; I )
and w2 = 1 � w1

Figure 8: Visualisation of the set of candidates we take in consideration (left) and of
the latent space manipulations necessary to compute the expected counterfactual

(right).

Unfortunately, segments S1 and S2 are never simultaneously parallel to the last axis, except for
extremely rare cases. However, rotating an isotropic Gaussian preserves the point densities,
as distances are not affected by rotations. We can thus de�ne a rotation matrix R to map
a generic segment S into a segment which is parallel to the last axis. More precisely, our
procedure allows us to rotate the original label-relevant latent space, compute expectations
with sampling on the rotated space, and map the expected value back to the original space
without loss of information. This motivates embedding the latent space in a Gaussian-mixture,
as other distributions would not allow to compute expectations via fast one-dimensional
sampling. A graphical representation is depicted in Figure 8(right).

After training, we extract class relevant concepts by traversing the latent space. During
the counterfactual search step, we identify the top-k most relevant latent dimensions for
counterfactual generation and return the associated concepts. We quantify relevance score
of a latent dimension as a likelihood-based squared difference:

De�nition (relevance scores of latent dimensions). Let x be an instance with latent encoding
z0 predicted as class y� with distribution centroid � y � . Let zcf be counterfactual encoding
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for an alternative class ycf . Let py(z) = [N (z1; � y;1; 1); N (z2; � y;2; 1); : : : ; N (zd; � y;d; 1)] be
a vector of univariate densities for the single latent dimensions of z according to a label
y. Let �( y; z) = z � py(z) be the Hadamard product between latent dimensions and their
label-speci�c densities. The relevance scores of the latent dimensions for the counterfactual
explanation are computed as follows:

scf = (�( y� ; z0) � �( ycf ; zcf )) � (�( y� ; z0) � �( ycf ; zcf )) (1)

The relevance score is computed as the weighted squared differences between original
and counterfactual encodings along each dimension. More precisely, each latent of the
original encoding is weighted by its likelihood according to the predicted label distribution
and each latent of the counterfactual encoding is weighted by its likelihood according to the
counterfactual class distribution. We �nally return the top- k most relevant concept changes
associated to the top-k latent dimensions in terms of relevance scores.

3.2.4 Results

The counterfactual generation time with the methodology we propose is 1:214� 0:045seconds
and Gaussian classi�cation ensures 100% validity on generated explanations making our
technique suited for real-time interaction. We provide a quantitative and qualitative evaluation
of our proposed method through a user study.

Figure 9: Examples of explanations generated with the proposed technique.

We consider a human-machine classi�cation task with real-time feedback from the machine
counterpart focusing on a very challenging multi-class image classi�cation task, namely
identifying the cell type of a blood cell image, using the BloodMNIST dataset introduced
by [Yang et al., 2023]. We designed three variants of the experimental study to test the
performance of a non-expert user in addressing the task with: no machine support (None), only
machine-predicted label (Label ), and machine-predicted label plus counterfactual explanation
(Label+Explanation ). All users were asked to predict the cell type of the 20 cell images of
the test set and received machine feedback only if their initial answer differed from machine
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prediction on the instance. Figure 9 shows some examples of counterfactual explanations
provided to users with our method.

We extract the following statistics: i) accuracy (ACC) before and after machine feedback,
ii) agreement rate (AGR) with the machine before and after feedback, iii) accuracy against
the machine (ACCAM), i.e., accuracy on instances where a user does not comply with
the machine, iiii) machine induced errors (MIE), namely errors made by users who initially
provided correct answers, with respect to how many times the machine feedback altered their
decisions.

Types of feedback ACCs (%) AGRs (%) ACCAM (%) MIE (%)

Before feedback After feedback Before feedback After feedback

None 26.73 � 8.46 - - - - -

Label 50.60 � 12.19 63.99 � 10.45 43.90 � 9.96 70.80 � 13.97 24.80 � 21.64 16.24 � 13.2

Label+Explanation 51.63 � 11.06 69.08 � 8.39 41.96 � 10.55 78.57 � 13.92 29.14 � 22.20 16.49 � 13.55

Table 7: Comparison of users' performance in different settings.

Results are shown in Table 7. The introduction of machine feedback led to substantial
improvements in overall accuracy. Nonetheless, accuracy after feedback was still substantially
increased. Users who had access to explanations achieved the highest performance and
agreement rates were also highest in this condition, suggesting that explanations enhanced
users' trust in the model and its calibration. Importantly, no evidence of over-reliance was
found.

Figure 10: Comparison of correlation plots between the two settings of our
experiment. Correlation signi�cantly decrease in presence of explanations and slopes

of regression lines become �atter.

We conclude investigating the relationship between a user �nal score ( ACCaf) with: i) their skill
level, intended as performance before machine feedback (ACCbf), ii) their initial agreement
(AGRbf), which measures how many explanations a user is exposed to. We then compare
these two quantities for the two study variants involving machine feedback. Results are shown
in Figure 10 in terms of correlation plots and Pearson's correlation coef�cients. Not surprisingly,
when users are not provided explanations, their accuracy before machine feedback is a
good indicator of their �nal score and so is agreement, given the good model performance.
Interestingly enough, this is less the case for users who were exposed to explanations.
Explanations seem to have the potential to �atten �nal scores, as the slope of regression line
suggests, therefore allowing users across all skill levels to perform well on the task.
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In conclusion, our �ndings indicate that explanations can enhance users performance in
task-solving, help users identify machine errors when explanations are provided, and do
not mislead or negatively impact users. Additionally, we can con�dently assert that the
explanations provided are bene�cial across all user skill levels, demonstrating their overall
utility.
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4 Explanation Processes Involving LLMs

4.1 LLM Latent Representations as a Dynamic Knowledge Graph

4.1.1 Motivation

While several studies have shown that LLMs hold a wide range of common-sense and factual
knowledge, understanding how they exploit this knowledge remains an ongoing research
challenge. UNITN and FBK explored techniques aimed at rationalizing the inference process
in LLMs by representing the evolution of their knowledge resolution mechanism as a dynamic
knowledge graph [Bronzini et al., 2024]. The study addressed three research questions: (i)
Which factual knowledge do LLMs use to assess input truthfulness? (ii) How does it evolve
during inference? (iii) Are there any distinctive patterns in its evolution?

This work addresses the D2 – contextuality and D3 – rationalization desiderata by providing
a structured representation of the factual knowledge embedded in LLMs.

4.1.2 Methodology

This work investigates the factual knowledge embedded in an LLM when evaluating the
truthfulness of short claims, such as “Charlemagne was crowned emperor on Christmas
Day”. A framework is introduced to extract factual information from the LLM's vector space
and visualize its evolution across hidden layers using a graph representation, as shown in
Figure 11.

The claim veri�cation task prompts a language model (LLaMA2 [ Touvron et al., 2023])
to assess input claims while capturing token representations during inference. A
separate model inference then decodes these representations using activation patch-
ing [Zhang and Nanda, 2024] as a probing technique. Since activation patching operates
at the token level, a matrix-to-vector mapping function is proposed to condense token
representations via a weighted sum, aggregating their semantics additively. This method
extends single-token patching [Ghandeharioun et al., 2024] and offers an alternative to
multi-token patching, where tokens are processed independently.

The condensed representation is injected (via activation patching) into the probing inference,
interpreting its embedded semantics as ground predicates, e.g., IsDate(Christmas Day,
December 25). This format offers two key bene�ts: (i) consistent formatting of factual
knowledge for knowledge graph generation, and (ii) logical integration of information using
symbols like ^ and : .

Finally, the extracted factual information is presented as a dynamic knowledge graph. This
graph combines multi-relational entities and relations [Wang et al., 2017] with a dynamic struc-
ture, where nodes (entities) and edges (relations) evolve over time [Harary and Gupta, 1997].
The temporal dimension represents the process of factual knowledge resolution across the
model's hidden layers.

4.1.3 Results

After gathering factual and common-sense claims from two claim veri�cation datasets,
FEVER [Thorne et al., 2018] and CLIMATE-FEVER [Diggelmann et al., 2020], the framework
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Figure 11: Illustrative insights from unveiling the process of factual knowledge
resolution within an LLM using the proposed framework.

was used for local and global interpretability analyses on the factual knowledge decoded from
latent representations. Local interpretability highlights information centrality in LLM reasoning:
from the subject's factual information and multi-hop reasoning to representation errors. Such
insights can enhance the explainability of LLM's outputs by unveiling internal dichotomies
or latent errors causing erroneous evaluation. For instance, Figure 11 presents an example
where an error in internal representation led the model to evaluate the input claim incorrectly.
Layer 9 correctly encodes factual knowledge concerning the subject entity (Charlemagne).
Layer 14 then confuses and swaps it with Charles V (another former Holy Roman emperor),
yet succeeds in multi-hop reasoning by connecting Christmas Day, its actual date, and the
emperor's coronation. This eventually caused the model not to identify Charlemagne as
the emperor and wrongly classi�ed the claim as false (Figure 11). Conversely, probing the
factual knowledge held internally by the LLM when assessing the claim "Renewable energy
investment kills jobs" reveals an internal dichotomy in the LLM's reasoning: it associates fossil
fuels, nuclear energy, and coal with job losses, whereas it views energy ef�ciency upgrades
as drivers of job creation. On the other hand, the global analysis uncovers patterns in LLMs'
process of factual knowledge resolution, integrating well-known LLM mechanisms, such as
early layers focusing on syntax and middle-layer importance, with new �ndings: word-based
knowledge evolving into claim-speci�c facts.

By uncovering the factual knowledge LLMs exploit in generating their outputs, the proposed
explainability framework can potentially expose incorrect information or inherent biases
affecting the output quality, thus strenghtening the LLM-supported decision-making process.

4.2 Can LLMs help Physicians in Decision Making?

4.2.1 Motivation

Recent advancements highlight the effectiveness of LLMs in medical AI applications,
particularly in areas such as diagnosis and clinical support systems [Sutton et al., 2020].
Nevertheless, signi�cant challenges persist in deploying LLMs within the clinical domain
[Alkaissi and McFarlane, 2023, Azam�rei et al., 2023 , Ji et al., 2023, Salvagno et al., 2023],
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