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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 present the research activities of WP2, which focuses on the development
of cognition-aware explanations and machine learning architectures to support synergistic
human-machine learning (HML). Specifically, WP2 addresses five key research directions: (1)
developing explanations that enhance human situational awareness; (2) advancing neuro-
symbolic models that enable transparent and revisable reasoning; (3) designing interactive
learning strategies that incorporate human feedback; (4) developing learning-to-defer algo-
rithms that dynamically manage decision-making responsibilities between humans and AI;
and (5) ensuring fairness through bias detection, fairness verification, and adaptive learning
techniques. Building on the theoretical insights of WP1 and the explanatory frameworks
introduced in D2.1, we highlight the progress made in developing initial machine learning
methods for synergistic HML. This deliverable provides an overview of the key methodological
contributions from T2.2 to T2.5 and shows how the work of WP2 aligns with the guiding
principles of interactivity, contextuality, and rationalization. The deliverable synthesizes results
from neuro-symbolic reasoning, (explanation-based) interactive learning, and fairness-aware
modeling, contributing to the overall goal of supporting explainable, adaptive, and trustworthy
human-AI collaboration in the TANGO project.
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1 Introduction

The TANGO perspective is specifically conceived to target AI-based human empowerment. A
key strategic objective (SO2.1) of TANGO is thus to develop paradigms and algorithms for
synergistic human-machine learning leveraging the theoretical framework of mutual under-
standing supported and enabled by the use of cognitive-aware explanations. Work package 2
(WP2) supports this objective by researching and developing cognition-aware explanations
and machine learning architectures that enhance mutual understanding in human-AI teams.
It builds on theoretical insights from WP1 and specifically addresses the project’s strategic
objective SO2.1.

This strategic objective is structured around five key research directions within WP2 which,
in turn, are instantiated into five tasks: (1) developing cognition-aware explanations that
improve human situational awareness, ensuring that AI-generated insights align with human
expectations; (2) designing neuro-symbolic models that learn from human corrections, incor-
porate prior knowledge, and balance reliability, inspectability, and revisability; (3) advancing
synergistic interactive ML algorithms that evolve with human decisions and enhance prediction
robustness through explanations and corrective interventions; (4) designing learning-to-defer
algorithms that allow AI systems to effectively complement human decision-making, inte-
grating insights from hybrid decision-making paradigms and Large Language Models LLMs;
and (5) ensuring fairness in AI models by developing conceptual frameworks, methodologies,
and formal verification techniques to assess fairness in interactive learning and learning-to-
complement settings. These tasks all contribute toward measurable objective R3, namely the
availability of a set of algorithms for synergistic human-machine learning.

To tackle these research directions WP2 builds on the theoretical foundations established in
WP1, which in D1.1 identified three key principles essential for integrating interaction and
explanations into AI systems to ensure trustworthiness:

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 the same way as humans are,
without the need to open the black box.

These properties serve as important guiding principles for WP2.

The previous deliverable, D2.1, further integrated the Situation Awareness model [Endsley,
1995] into decision-making frameworks, aligning it with explanation processes that embody the
outlined desiderata. This approach aims to enhance human understanding and awareness,
ensuring that AI-generated explanations contribute meaningfully to situational comprehension
and informed decision-making. A key contribution of D2.1 was a categorization of machine
explanations into actionable classes that support such synergistic human-machine learning.

Hereby, D2.1 outlined three primary categories of explanations: feature-driven explanations,
which leverage input-output relationships to highlight influential factors in model predictions;
concept-based explanations, which organize knowledge into interpretable symbolic structures
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that align with human reasoning processes; and natural language explanations, which gener-
ate textual justifications tailored to different levels of user expertise. These explanation types
were discussed in the context of the three core desiderata identified in WP1. Moreover, by
introducing cognition-aware explanation methodologies within TANGO and thereby tying the
findings of WP1 to actionable machine learning architectures, deliverable D2.1 had tackled
the first aspect of SO2.1.

The goal of this current deliverable D2.2 is to specifically highlight the progress that has been
made in terms of developing initial machine learning methods for synergistic HML and, in this
way, tackling additional aspects of SO2.1. It relates both to the properties disseminated from
WP1, as well as the mapping provided in deliverable D2.1. This deliverable thus discusses in
detail key technical contributions from tasks of WP2 that leverage said explanation types to
implement different forms of human-machine synergy.

Work in the context of task T2.2 advances neuro-symbolic models that provide transparent,
revisable reasoning through structured representations, facilitating human interpretability
and control. T2.3 focuses on interactive learning strategies, integrating concept-based
representations and memory mechanisms to ensure that AI systems evolve through human
guidance and feedback. T2.4 introduces learning-to-defer and learning-to-reject methods,
equipping AI with the ability to recognize uncertainty and selectively defer decisions to human
experts when necessary. Lastly, T2.5 develops fairness-aware machine learning techniques,
incorporating bias detection, formal fairness verification, and adaptive learning mechanisms
to promote equitable and trustworthy AI decision-making. Collectively, these contributions
reinforce WP1’s principles of interactivity, contextuality, and rationalization, ensuring that AI
systems in TANGO operate as explainable, adaptive, and human-aligned collaborators.

The deliverable is structured along the tasks of WP2 of the original proposal (i.e., tasks T2.2 -
T2.5, whereby task T2.1 was already covered within deliverable D2.1). Per task, we hereby
highlight the methodological details of selected publications and briefly summarize further
publications at the end of each task section. We conclude this deliverable with a final summary
on the current progress of WP2 in the context of initial versions of methods for synergistic
human-machine learning.

2 Neuro-Symbolic Models for Understandability and Reliability
(T2.2)

In this section, we provide technical details on two specific highlights related to understandable
and reliable neuro-symbolic (NeSy) models for hybrid decision systems. We distinguish two
main project branches: (1) understandability and generalizability, and (2) reliability specifically
in the context of shortcut learning. We conclude this section with a short summary of other
important project publications in the context of Task T2.2, as well as the relations to previous
project results.

2.1 NeSy Methods for Understandability and Generalizability

Learning abstract concepts from images in an unsupervised manner is particularly challenging
in high-stakes decision-making scenarios, where AI models must integrate visual perception
with generalizable relational reasoning while ensuring interpretability and trustworthiness.
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Figure 1: The Pix2Code architecture. Object representations are extracted from
positive and negative examples and converted into a classification task. Programs to
solve them are searched with a probabilistic model over a library of primitives that is

learned and enhanced during training.

While humans naturally recognize and apply abstract visual concepts in diverse contexts,
machine learning models often struggle with the complexity and variability of visual scenes
[Kim et al., 2018, Stabinger et al., 2021] or the combinatorial nature of concept formation
[Vedantam et al., 2021]. Moreover, such models largely rely on opaque implicit representations,
making it difficult to understand their learned knowledge. This lack of interpretability is a
significant barrier to adoption in hybrid decision support systems (HDSS), where transparency
and alignment between human and AI reasoning are critical.

To address these challenges, we introduce Pix2Code in Wüst et al. [2024a], a framework that
uses program synthesis to learn and represent visual concepts in an explicit, interpretable,
and generalizable way. Not only do programs allow extrapolation to novel, unseen inputs,
e.g., regardless of the number of objects, but their compositional nature is particularly useful
for learning to reuse existing knowledge in new ways [Ellis et al., 2021, Stengel-Eskin et al.,
2024, Balog et al., 2017]. In addition, even the longest programs are readable by human
users [Cambronero et al., 2023], providing an inherent form of interpretability. Finally, program
synthesis approaches offer easy human revision [Trivedi et al., 2021], such as rewriting or
updating the internal program representations. Thus, by embedding explainable, program-
matic representations in hybrid decision workflows, Pix2Code contributes to TANGO’s vision
of cognitive AI that adapts to user needs and facilitates bidirectional, explanation-augmented
human-AI interaction. We provide details below.

2.1.1 Methodology

Pix2Code (c.f. an overview in Fig. 1) extends program synthesis to visual relational reasoning
by integrating neural object extraction with symbolic program synthesis. This allows the
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system to learn structured visual concepts. It consists of three main stages: object extraction,
symbolic program synthesis, and interpretability-driven revision.

In the first stage, a pre-trained neural network processes input images to extract symbolic
object representations, identifying key attributes for each object, such as shape, color, and
position. These extracted representations are converted into a structured format suitable for
further processing.

The second stage involves synthesizing programs based on this structured input, where a
domain-specific language (DSL) is used to construct relational visual concepts as composi-
tional programs. Given the symbolic object representations, the program synthesis component
searches for programs that best separate positive and negative image examples of a concept.
This is achieved by an enumerative search guided by a probabilistic model that prioritizes likely
program structures and uses a probabilistic wake-sleep learning framework to continuously
refine its program library.

During this process, a learned library of program primitives is continuously updated, allowing
Pix2Code to evolve its representations dynamically. The program library captures increasingly
complex visual concepts over time, enabling better generalization to new tasks. The DSL
includes basic primitives such as logical operators (e.g., and, or, not), relational predicates
(eq?, gt?), and higher-order functions (forall, exists, map, fold). These primitives allow
Pix2Code to compose expressive and interpretable rules that define abstract visual concepts,
such as “all objects are spheres” or “there exists at least one red triangle.”

The third stage, interpretability-driven revision, allows users to inspect and refine learned
concepts. Because concepts are represented as explicit programs, they can be revised by
modifying program primitives, introducing new domain-specific rules, or removing spurious
correlations. This process allows for human-in-the-loop adjustments to ensure that the learned
concepts are consistent with the intended visual reasoning tasks. In contrast to end-to-end
neural approaches, which often produce opaque representations, by leveraging this hybrid
neuro-symbolic approach, Pix2Code provides a transparent and adaptive framework for unsu-
pervised visual concept learning while ensuring that learned concepts remain interpretable,
generalizable, and revisable.

Beyond its core methodology, Pix2Code supports compositional learning, meaning that once
a concept is learned, it can be reused to generate new concepts without retraining the entire
system. This modularity significantly increases the framework’s ability to generalize to unseen
data configurations, such as different task domains and changed entity settings. In addition,
the use of program synthesis ensures scalability, as complex visual concepts can be efficiently
represented and manipulated through hierarchical program structures.

Unlike traditional deep learning models, which often rely on extensive labeled data, Pix2Code
can learn these structured representations with minimal supervision by leveraging weakly
labeled data. Thus, instead of requiring explicit annotations for each relational concept, the
framework derives its programmatic representations from loosely specified concept examples,
using positive and negative image sets as indirect supervision. This weak supervision allows
Pix2Code to discover and refine abstract visual concepts without exhaustive manual labeling,
making it particularly suitable for real-world applications where labeled data is scarce or
expensive to obtain.
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Table 5: Pix2Code’s concepts are transparent programs and can be translated to
natural language by LLMs. CURI concepts (left), Pix2Code’s program representations

(middle) and (right) natural language translations (via gpt-4-turbo).

2.1.2 Results

To evaluate the effectiveness of Pix2Code, we apply it to two benchmark datasets: Kandinsky
Patterns [Müller and Holzinger, 2021] and CURI [Vedantam et al., 2021]. These datasets
challenge the model to recognize and reason about structured relational concepts in both 2D
and 3D visual settings.

Our evaluation focused on several key performance aspects: overall concept discovery, com-
positional generalization, scalability, and interpretability. Pix2Code consistently outperformed
the baseline neural models on all of these measures. It demonstrated a superior ability to
discriminate between positive and negative concept examples and achieved high accuracy
in recognizing compositional structures in images. Importantly, compared to purely neural
models that struggled with unseen concept configurations, Pix2Code effectively generalized
to novel relational structures and varying numbers of objects.

A critical aspect of Pix2Code’s effectiveness is its transparency and verifiability. Unlike
black-box deep learning models that produce opaque feature representations, Pix2Code
generates human-readable programs that explicitly define the recognized visual concepts
(c.f. Tab. 5). This interpretability allows users to inspect and refine the synthesized programs
if necessary. We conducted additional experiments to explore the revisability of learned
concepts. By modifying Pix2Code’s program library, users were able to correct shortcut
learning behavior, ensuring that the model learned the intended visual relationships rather
than spurious correlations in the training data.

Another key strength of Pix2Code is its scalability and modularity. Once a relational concept
is learned, it can be reused to construct more complex representations without the need for
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complete retraining. This aspect significantly improves efficiency and allows the system to
dynamically expand its knowledge base. Our results show that Pix2Code maintains high
performance even as the complexity of visual scenes increases, supporting its potential as a
robust approach to unsupervised visual concept learning.

In summary, our results suggest that Pix2Code offers a promising direction for interpretable
and robust visual concept learning. By using program synthesis, it combines the strengths of
neural and symbolic reasoning, allowing for improved generalization, human interpretability,
and revisability. This approach has significant potential for future applications in AI systems
that require transparent, adaptive, and scalable visual reasoning capabilities.

2.2 Addressing Reasoning Shortcuts for Reliable Neuro-Symbolic AI

The raison d’être of NeSy predictors is to encourage [Xu et al., 2018] or guarantee [Manhaeve
et al., 2018, Giunchiglia and Lukasiewicz, 2020, Ahmed et al., 2022, Hoernle et al., 2022]
that their predictions are consistent with the prior knowledge provided upfront, which encodes
essential structural or safety constraints, thus providing improved reliability over neural
baselines [Di Liello et al., 2020, Hoernle et al., 2022, Giunchiglia and Lukasiewicz, 2020].
NeSy architectures typically consist of two stages: a first stage performs perception, i.e., it
converts the input (e.g., image) into a set of high-level concepts; the second stage applies
logical reasoning to the extracted concepts to infer a prediction. It is at this stage that prior
knowledge is taken into account.

However, it has recently been shown that NeSy architectures can achieve high prediction
accuracy by learning concepts with unintended semantics [Marconato et al., 2024b, Li et al.,
2023], with serious consequences for trustworthiness. Consider Fig. 2: here, a NeSy model
is applied to the BDD-OIA [Xu et al., 2020, Sawada and Nakamura, 2022] autonomous driving
task. The model must predict safe actions based on the content of a dashcam image, under
the constraint that the vehicle must stop whenever it detects a pedestrian or a red light. The
model can achieve perfect accuracy and satisfy the constraint by mistaking pedestrians for
red lights, precisely because both entail the correct (stop) action [Marconato et al., 2024b].

These so-called reasoning shortcuts (RSs) occur because prior knowledge and data may be
insufficient to determine the intended semantics of all concepts, and – as our example shows –
cannot be avoided by maximizing prediction accuracy alone. They compromise in-distribution
[Wang et al., 2023] and out-of-distribution generalization [Marconato et al., 2024b, Li et al.,
2023], continual learning [Marconato et al., 2023a], reliability of neuro-symbolic verification
tools [Xie et al., 2022], and concept-based interpretability [Koh et al., 2020, Marconato et al.,
2023b] and debugging [Teso et al., 2023]. Importantly, unsupervised strategies for mitigating
RSs either offer no guarantees or work under restrictive assumptions, while supervised ones
rely on expensive annotations (e.g., concept supervision) [Marconato et al., 2024b]. Worse
still, state-of-the-art NeSy architectures predict concepts affected by RSs with high confidence,
making it impossible to distinguish between reliable and unreliable concept predictions.

A second key issue for understanding and addressing RSs is that appropriate datasets –
i.e., NeSy tasks known to lead to RSs – are scarce and scattered throughout the literature,
hindering research on this challenging problem. Current benchmark suites for learning and
reasoning neglect RSs altogether [Vermeulen et al., 2023] and lack OOD data suitable for
investigating their impact, while others are limited to larger models [Yu et al., 2023, Yue et al.,
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Figure 2: Illustration of bears on an autonomous driving task. A Neuro-Symbolic
(NeSy) model processes a traffic scene by extracting concepts via a neural network
(NN) and reasoning over them using symbolic knowledge K. While state-of-the-art

NeSy models suffer from reasoning shortcuts (e.g., associating pedestrians and red
lights with stopping), bears mitigates this issue by introducing uncertainty calibration,

reducing overconfidence and improving interpretability.

2023, Hendrycks et al., 2021]. At the same time, available datasets annotated with concept
supervision (e.g. CUB200 [Wah et al., 2011]), which is essential for assessing concept quality,
do not require logical reasoning or prior knowledge.

2.2.1 Methodology

We tackle the first issue – overconfidence about poor concepts – as follows. Instead of trying
to avoid RSs altogether, we suggest that NeSy predictors should be aware of their reasoning
shortcuts, i.e., they should assign lower confidence to concepts affected by RSs, thus allowing
users to identify and avoid low-quality predictions while maintaining high accuracy. We say
that a NeSy predictor is reasoning shortcut-aware if it satisfies the following desiderata:

I. Calibration: For all concepts not affected by RSs, the system should achieve high
accuracy and be highly confident. Vice versa, for all concepts that are affected by RSs,
the model should have low confidence.

II. Performance: The NeSy predictor should achieve high label accuracy even if RSs are
present.

III. Cost effectiveness: The system should not rely on expensive mitigation strategies.

Calibration (I) captures the essence of our proposal: a model that knows which of the learned
concepts are affected by RSs can prevent its users from blindly trusting and reusing them.
Of course, this should not come at the expense of prediction accuracy (II) or expensive
concept-level annotations (III), so as not to hinder applicability.

Unfortunately, as we show empirically in [Marconato et al., 2024a], state-of-the-art NeSy
architectures are not RS-aware. We address this problem by introducing bears (BE Aware of
Reasoning Shortcuts), a simple but effective method for making NeSy predictors RS-aware –
in the sense that they satisfy I-III – which does not rely on costly dense monitoring. bears
replaces the concept extraction module with a diversified ensemble specifically trained to
promote concepts whose uncertainty is proportional to how strongly they are affected by RSs.
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Table 6: bears dramatically improves RS-awareness in the real-world.
Results on BDD-OIA with DeepProbLog show substantial expected calibration error ECE
improvements both jointly (mECEC) and for different classes of concepts (F = forward,

S= stop, R= turn right, L= turn left).

mECEC ECEC(F, S) ECEC(R) ECEC(L)

DPL 0.84 ± 0.01 0.75 ± 0.17 0.79 ± 0.05 0.59 ± 0.32

+ MCDrop 0.83 ± 0.01 0.72 ± 0.19 0.76 ± 0.08 0.55 ± 0.33

+ Laplace 0.85 ± 0.01 0.84 ± 0.10 0.87 ± 0.04 0.67 ± 0.19

+ ProbCBM 0.68 ± 0.01 0.26 ± 0.01 0.26 ± 0.02 0.11 ± 0.02

+ DeepEns 0.79 ± 0.01 0.62 ± 0.03 0.71 ± 0.10 0.37 ± 0.12

+ bears 0.58 ± 0.01 0.14 ± 0.01 0.10 ± 0.01 0.02 ± 0.01

The intuition behind bears is illustrated in Fig. 2 (right): in bears, perception is performed by
an ensemble of neural concept extractors that are specifically trained so that each extractor
captures a different RS. The overall effect is this: i) For concepts that are not affected by
RSs (like green lights in the example), all extractors will agree on their semantics and the
ensemble will assign them high confidence; ii) For concepts that are affected by RSs, the
extractors will disagree on their semantics, resulting in low confidence concept predictions.
This strategy has solid theoretical support [Marconato et al., 2024a].

Note that bears is model-agnostic, in the sense that it can be applied to many state-of-the-art
NeSy architectures, including DeepProbLog [Manhaeve et al., 2018], logic tensor networks
[Badreddine et al., 2022], semantic-probabilistic layers [Ahmed et al., 2022], and in general to
all NeSy models that follow the aforementioned two-stage setup.

2.2.2 Results

Our experiments show that bears successfully improves the RS-awareness of three state-of-
the-art NeSy architectures on four NeSy datasets, including a high-stakes autonomous driving
task, and enables us to design a simple but effective active learning strategy for acquiring
concept annotations for mitigation purposes. Table 6 shows that in BDD-OIA, the expected
calibration error (ECE) and the calibration error for the actions forward, stop, move right,
and move left are much lower compared to the various competitors. Thus, by improving
RS-awareness, bears helps users of NeSy predictors to identify low-quality concepts and
models, increasing the overall trustworthiness of this class of architectures. Moreover, it
enables the model itself to request human anntoators to supply targeted supervision for those
low-quality concepts that – thanks to bears – they are not confident in anymore.

Regarding the dataset issue, we have further proposed rsbench, an integrated benchmark
suite that provides all the ingredients needed to systematically evaluate the impact of RS
and the effectiveness of mitigation strategies. It includes a curated collection of learning and
reasoning tasks that have been shown to be affected by RS. In addition, rsbench includes
entirely new and already established tasks of different flavors – arithmetic, logical, and high-
stakes – along with associated data sets and data generators for evaluating OOD scenarios.
It also includes Python implementations of quality metrics useful for assessing the impact of
RSs on NeSy models and, more generally, the reliability of concepts learned (explicitly or
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implicitly) by other concept-based architectures and end-to-end neural networks. Finally, a
novel algorithm, countrss, that uses automated reasoning techniques [Biere et al., 2009] to
verify a priori whether a task is affected by RSs and to count them.

rsbench consists of three arithmetic datasets based on MNIST [LeCun, 1998] digits: two where
the default logic is sum, and one where customization is possible. There are also three logic
datasets: one based on MNIST, one based on Kandinsky patterns [Müller and Holzinger,
2021], and one based on CLEVR [Johnson et al., 2017] where the logic is fully customizable.
Finally, two high stakes records are included: BDD-OIA [Xu et al., 2020], the autonomous
driving dataset, and SDD-OIA, a synthetic version of BDD-OIA where the rules are traffic laws.
In addition, we proposed metrics to evaluate the impact of reasoning shortcuts (RSs), such
as accuracy and F1 score of concepts, as well as collapse, which measures the tendency
of the model to use fewer concepts than available. Finally, we developed a software called
countrss that, given the learning specifications (knowledge, data, and concept monitoring),
returns the number of reasoning shortcuts the problem allows.

2.3 Further Work

To improve the inspectability and revisability of unsupervised visual concept learning, particu-
larly for single-object concepts, we additionally introduce the Neural Concept Binder (NCB)
framework [Stammer et al., 2024]. NCB enables the derivation of both discrete and contin-
uous concept representations, allowing the identification of object properties such as color
and shape without explicit human supervision. It integrates recent advances in object-factor
disentanglement [Singh et al., 2023], hierarchical clustering [Campello et al., 2013], and
retrieval-based inference to extract structured object-centric concept representations. Unlike
standard concept learning models, which struggle to balance expressiveness and interperabil-
ity, NCB achieves this by combining a soft-binding mechanism for continuous representations
with a retrieval-based hard-binding mechanism that leads to discrete counterparts of the
continuous encodings. NCB’s generalization robustness and ability to refine concepts post
hoc were demonstrated using the CLEVR Sudoku benchmark, a newly introduced dataset that
combines visual perception with complex symbolic reasoning tasks. The results highlight the
potential of NCB to bridge the gap between neural and symbolic computation, and to provide
an approach to learning basic concepts in an unsupervised manner that is interpretable and
adaptive.

In [Wüst et al., 2024b], we have also investigated the ability of state-of-the-art vision-language
models (VLMs) to handle complex visual reasoning tasks with open and evolving vocabularies.
The primary goal is to assess how well modern VLMs, such as GPT-4o and LLaVA, can
recognize abstract patterns and infer underlying rules in Bongard problems (BPs) — a classic
benchmark designed to test human-like concept learning and reasoning. A key finding is
that VLMs have significant difficulty with visual abstraction and generalization, often failing
to recognize even simple concepts such as shape symmetry or directional patterns. Even
when a relevant concept is explicitly presented, their performance remains inconsistent,
suggesting a lack of robust symbolic reasoning. In addition, the study introduces a diagnostic
multiple-choice setting that allows for a structured comparison of the models’ ability to identify
valid rule pairs among predefined choices. These controlled evaluations show that the
overall success rates of current models remain remarkably low compared to human-level
performance. By evaluating VLMs in these settings, the study aims to uncover limitations of
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current large models and explore ways to integrate their perceptual and reasoning capabilities
into neuro-symbolic architectures.

At the same time, we have been working to make LLMs themselves more reliable. While these
models are a promising venue for natural language understanding and generation, they often
generate untrue information and contradict themselves in reasoning tasks. To address this
problem, we have developed a novel loss, rooted in probabilistic reasoning and knowledge
compilation, that dramatically improves the factuality and self-consistency of an LLM with
respect to arbitrary reasoning tasks [Calanzone et al., 2024]. A more advanced version of this
work has been accepted at ICLR’25 [Calanzone et al., 2025]. This new fine-tuning approach
teaches the LLM to respect logical constraints - encoded as propositional formulas - when
reasoning about facts, allowing it to remain consistent even when only a small set of facts is
available. By integrating these constraints directly into the training, the model learns to satisfy
rules such as implication or negation consistency without the need for external reasoning
tools at inference time. This results in logically consistent LLMs (LoCo-LLMs) that outperform
standard fine-tuning and solver-based approaches, especially in low-data regimes and for
unseen but semantically related facts. This is a step toward embedding reasoning directly into
the internal beliefs of LLMs, enabling more reliable, interpretable, and scalable reasoning.

We have also introduced Uncertainty Matters [Barrainkua et al., 2024], a framework for more
robust reliability assessment. It is a probabilistic approach designed to perform uncertainty-
aware, multi-objective algorithmic comparisons, including, for example, estimating uncertainty-
aware differences in performance and fairness guarantees between two algorithms. This
framework can be effectively applied to various algorithmic evaluation scenarios, such as hold-
out and K-fold cross-validation, explicitly modeling the correlation between folds to account
for dependencies introduced by overlapping training sets. Using a Bayesian approach,
Uncertainty Matters treats key performance and fairness metrics as random variables derived
from confusion matrices, allowing joint estimation of their posterior distributions. This results
in more stable, informative, and reliable comparisons, reduces the sensitivity of inferences to
arbitrary data splits, and provides a clearer understanding of both algorithmic performance
and fairness in contexts with limited data and multiple objectives.

Building on the foundations of causal modeling, we have extended this framework by introduc-
ing meta-causal types and models [Willig et al., 2024]. Causal modeling is closely related to
neuro-symbolic learning, as it enables the representation and discovery of symbolic structures
from data. The proposed extension allows the representation of more complex and dynamic
mechanisms in evolving systems, where causal relationships are not fixed but shift due to
external factors or agent interventions. A key advance in this work is the introduction of meta-
causal states, which categorize different causal graphs into equivalence classes based on
their qualitative behavior. These states capture transitions between causal structures, allowing
for a more principled analysis of how causal relationships emerge, change, or disappear due
to external interventions or internal system dynamics. In addition, the framework supports
the identification of root causes at the meta-level, which is particularly useful for analyzing
dynamic environments where agents actively shape causal dependencies. By incorporating
these insights, meta-causal reasoning goes beyond classical causal inference to provide a
new paradigm for algorithmic reasoning about complex, evolving causal structures.
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2.4 Summary

Task T2.2 advances understandable and reliable neuro-symbolic (NeSy) models for hybrid
decision-making, in line with the WP1 principles of interactivity, contextuality, and rationaliza-
tion. Methods such as Pix2Code enhance interactivity (D1) by using explicit program-based
representations that provide inherent justifications for model reasoning, while rule-based
rationalization ensures transparency and supports rationalization (D3). By incorporating
interpretability-driven revision, these models enable real-time human-in-the-loop interaction,
ensuring that AI reasoning remains inspectable and revisable. In addition, this method incorpo-
rates the actionable explanation framework from D2.1, using concept-based representations
and natural language justifications to enhance contextuality (D2). Hereby, symbolic program
synthesis ensures alignment with human reasoning, while natural language translation makes
NeSy output more interpretable and accessible.

Furthermore, in the context of WP1 principles, bears enhances interactivity (D1) by ensuring
that models provide calibrated concept-level explanations, allowing users to identify and dis-
trust uncertain predictions. It improves contextuality (D2) by dynamically adapting confidence
levels to task-specific reasoning challenges, ensuring that explanations remain sensitive to
local variations in the data. bears also improves rationalization (D3) by improving uncertainty
calibration. These contributions are consistent with the explanation framework of D2.1, in
particular by improving concept-based representations through a diversified ensemble of
neural concept extractors, which improves semantic consistency in AI reasoning.

3 Synergistic Interactive Machine Learning Strategies (T2.3)

In this section, we provide details on novel methods that enable synergistic learning strategies.
We focus on synergistic reinforcement learning based on concept bottleneck models and
conclude with short summaries of other relevant publications and their relation to previous
project results.

3.1 Interactive Learning Strategies with CBMs for Reinforcement Learning

Deep reinforcement learning (RL) agents face numerous challenges that hinder their ability to
learn optimal or generalizable policies. These include reward sparsity [Andrychowicz et al.,
2017], difficult credit assignment [Raposo et al., 2021], and goal misalignment [di Langosco
et al., 2022], where agents learn unintended shortcut strategies that do not generalize well
to new scenarios. One of the most critical obstacles is the black-box nature of deep neural
networks, which prevents domain experts from inspecting and revising learned policies.

Traditional explainable AI (XAI) methods often fail to faithfully represent an RL agent’s decision-
making process, making it difficult to diagnose and mitigate these issues. To address these
limitations, we introduce Successive Concept Bottleneck Agents (SCoBots) [Delfosse et al.,
2024]—a novel framework that enhances transparency and interpretability in RL by integrating
hierarchical concept bottleneck (CB) layers. Unlike existing CB models [Koh et al., 2020,
Stammer et al., 2021] that focus on individual object properties, SCoBots capture both object
attributes and relational concepts, allowing for a more structured and explainable RL decision
process.
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Figure 3: Top: Deep RL agents trained on Pong. When the enemy is hidden, the deep
RL agent fails to catch the ball. Bottom: Successive Concept Bottlenecks Agents

(SCoBots) allow for multi-level inspection and revision of reasoning preventing the
agents from focusing on potentially misleading concepts.

3.1.1 Methodology

SCoBots introduce a hierarchical approach to concept-based RL by structuring decision-
making through successive concept bottleneck layers. The framework consists of symbolic
object abstraction, relational concept extraction, and decision rule formulation, forming a
pipeline that enhances the interpretability of RL agents while maintaining strong performance.

The first stage, symbolic object abstraction, involves extracting structured representations
of objects from raw environmental states. These representations include essential object
properties such as position and color, ensuring that the agent’s reasoning is based on
meaningful and interpretable components rather than low-level visual input. This stage allows
RL models to transition from opaque neural representations to explicit symbolic encodings,
providing the basis for comprehensible subsequent reasoning steps.

Next, relational concept extraction builds on this structured representation by inferring higher-
order relationships between objects. Using predefined relational functions, SCoBots extract
key interaction patterns such as distances, motion correlations, and object dependencies. In
contrast to standard bottleneck models that only consider individual object attributes, SCoBots
emphasize the importance of contextual relationships that are crucial for decision-making
in dynamic environments. These relational abstractions allow agents to capture structured
dependencies, resulting in more robust and generalizable policies.

Finally, the decision rule formulation phase uses these extracted concepts to determine
actions. Rather than relying on opaque deep networks, SCoBots employ decision trees to
represent learned policies, making the agent’s choices easily inspectable and modifiable.
Specifically, a decision tree is distilled from a trained neural action model such that the
decision tree action model accurately reflects its neural counterpart [Çağlar Aytekin, 2022].
Overall, this step ensures that the decision process remains interpretable at every stage. The
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Figure 4: SCoBots allow to follow their decision process, because of their object
centricity and interpretable concepts. The decision processes of SCoBots (extracted
from the decision tree action models) with the associated states from a guided SCoBot

on Skiing (left), and from normal SCoBots on Pong (middle) and Kangaroo (right).

ability to intervene at multiple levels of abstraction substantially enhances the adaptability of
RL models, allowing for targeted corrections without requiring full retraining.

A key feature of SCoBots is their interactive refinement capability. Experts can review learned
concepts, remove irrelevant or misleading features, and introduce domain knowledge through
structured constraints. This interaction allows SCoBots to address common RL-specific
problems such as shortcut learning and reward sparsity. By leveraging human-aligned
relational abstractions, SCoBots ensure that their learned behaviors remain transparent and
adaptive, mitigating the risks associated with opaque reinforcement learning approaches.

3.1.2 Results

To evaluate the effectiveness of SCoBots, we conducted experiments using Atari Learning
Environments (ALE) [Bellemare et al., 2015], a widely used benchmark for RL. Specifically,
we analyzed the ability of SCoBots to detect and mitigate policy misalignment in the classic
game Pong, where traditional deep RL agents often learn to track the opponent’s paddle
instead of the ball.

Our results demonstrate that SCoBots achieve competitive performance with deep RL agents
while greatly improving interpretability and revisability. Across multiple Atari games, including
Pong, Kangaroo, and Skiing, SCoBots exhibited human-aligned decision processes, allowing
domain experts to diagnose and correct potential failure modes.

In Pong, we discovered that deep RL agents often rely on the position of the opponent’s
paddle rather than the position of the ball, leading to shortcut learning behaviors that fail
when the opponent’s paddle is hidden. By examining relational concepts in SCoBots, we
identified and mitigated this problem by removing the influence of the enemy paddle from
the decision process. The revised agent successfully generalized to new variations of Pong
where traditional deep RL agents failed.

In Skiing, where agents typically receive only sparse rewards based on final performance,
we introduced an additional object-centric reward signal based on relational concepts (e.g.,
proximity to the next flag). This guided reward mechanism improved the credit assignment
process, leading to faster convergence and higher final scores.

In Kangaroo, deep RL agents often maximize reward by attacking enemies rather than
completing the intended goal of rescuing Joey. By modifying the relational concept represen-

TANGO © 20 of 37



D2.2 – Initial version of methods for HML GA no 101120763

tations, we aligned agent behavior with the true game objective, demonstrating the flexibility
of SCoBots in guiding RL policies toward human-intended goals.

Overall, our results highlight that SCoBots provide a transparent and structured approach to
reinforcement learning, allowing for both high-performance and expert-driven revisions. This
work paves the way for more trustworthy and adaptive RL systems also in hybrid decision
scenarios, i.e., in real-world applications that require alignment with human understanding
and intent.

3.2 Further Work

We have also explored novel approaches that focus on the bidirectional nature of explanations
between humans and AI systems. Through the development of theoretical frameworks and
experimental platforms, we have explored how explanations provided by humans can mean-
ingfully guide AI systems toward more human-centered decision-making. In Dix et al. [2025],
we have the conceptualization and initial development of mechanisms that enable AI systems
to incorporate human explanatory feedback, moving beyond traditional one-way explanations
from AI to humans and allowing for more flexibility than traditional explanation-based interac-
tion. The research explores different forms of human explanation - from structured feature
constraints to free-text rationales - and proposes architectural approaches for integrating them
into machine learning systems. This work provides important insights for developing more
effective human-AI collaborative systems, where human reasoning can actively shape both
the immediate responses and long-term learning of AI systems.

Moving to concept-based models, we have further developed new strategies for improving
AI models through human corrections, specifically interventional corrections, ensuring that
AI systems can effectively learn from such user feedback and adapt over time. Traditional
Concept Bottleneck Models (CBMs) allow human users to review and correct concept-level
decisions, but these interventions are typically applied once and discarded, limiting their
long-term impact. To address this, we have introduced Concept Bottleneck Memory Models
(CB2M) [Steinmann et al., 2024], a framework that enables AI systems to dynamically retain
and reuse human feedback, ensuring that similar errors are automatically corrected in future
decisions. A key technical advancement in CB2M is its dual memory mechanism, which
consists of (1) an error memory that tracks past errors and (2) an intervention memory that
stores and reuses human corrections. This allows hybrid AI-human systems to recognize
recurring decision patterns and proactively apply relevant corrections, minimizing redundant
human intervention. In addition, CB2M incorporates a similarity-based retrieval system using
nearest-neighbor search in latent space, enabling it to identify potential decision errors before
they occur and request human input only when necessary. Overall, this approach allows to
reduce the cognitive load on users while improving decision quality in high-stakes applications.

3.3 Summary

Task T2.3 develops synergistic interactive machine learning strategies that enhance human-AI
collaboration, consistent with the principles of WP1 and the explanatory framework of D2.1.
Successive concept bottleneck agents (SCoBots) enhance interactivity (D1) by structuring
reinforcement learning (RL) through hierarchical concept bottleneck layers, enabling trans-
parent, revisable decision-making. Unlike opaque RL models, SCoBots use symbolic object

TANGO © 21 of 37



D2.2 – Initial version of methods for HML GA no 101120763

representations and relational concepts, ensuring contextuality (D2) by grounding AI reason-
ing in task-specific dependencies. This directly supports the concept-based explanations of
D2.1, as SCoBots emphasize object-centric and relational reasoning over uninterpretable
latent-space features.

In addition, Concept Bottleneck Memory Models (CB2M) enhance rationalization (D3) by
introducing a dual memory mechanism that retains past mistakes and human corrections,
ensuring that AI systems adapt dynamically rather than discarding feedback. By integrating
nearest-neighbor retrieval, CB2M enables consistent, human-aligned learning, reinforcing
D2.1’s framework of concept-based, but, in principle, also natural language explanations.

4 Learning to Complement Humans (T2.4)

In this section, we present novel methods that enhance hybrid AI-human decision-making
by enabling AI systems to effectively complement human expertise. We focus on self-aware
learning approaches, particularly mechanisms for learning to reject and learning to defer,
which allow AI models to recognize uncertainty and abstain when necessary. The section
concludes with an overview of additional recent work and finishes with a summary of the
task’s methods in the context of TANGO’s previous findings.

4.1 Self-aware Learning

A key challenge in trustworthy AI-based decision-making is dealing with uncertainty, especially
in cases where the model is not sufficiently confident in its predictions. In such scenarios, AI
models can employ an abstention mechanism, commonly known as "Learning to Abstain"
(L2A). This allows the model to defer uncertain decisions to a human expert or a more
advanced system. However, existing L2A approaches often lack transparency in their rejection
policies, leading to reduced user trust and limited adoption.

Punzi et al. [2024a] introduces Learning to Reject via Local Rule-based Explanations
(L2loRe), a novel method for improving the explainability of rejection policies in AI models.
L2loRe exploits the concept of counterfactual explanations, using the distance between data
points and their counterfactual counterparts to determine confidence levels. By incorporating
these distances into the rejection mechanism, the approach provides interpretable rejection
criteria and increases trust in AI decision-making.

4.1.1 Methodology

L2loRe operates within the Learning to Reject (L2R) framework, which consists of a predic-
tion model and a rejection policy. The overall structure of the method is illustrated in Fig. 5.
The predictive model, denoted f , maps input features to an outcome, while the rejection
policy, ρ, determines whether the model should make a prediction or defer the decision based
on a confidence score.

Confidence is quantified by measuring the proximity of a data instance to its counterfactuals.
The closer a data point is to its counterfactual, the lower its confidence score, indicating greater
uncertainty. To achieve this, L2loRe first generates counterfactuals for each instance using
rule-based explainability techniques, specifically Local Rule-based Explanations (LORE). The
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Figure 5: Overview of L2loRe. A black-box predictor f(X) generates predictions, and a
counterfactual-based rejection policy determines whether to accept or reject them. If
the instance is uncertain (ρ(x) = 1), the model abstains from making a decision and

provides an explanation for the rejection.

confidence function cf is then computed as the distance between an instance and its closest
counterfactual. If this confidence value falls below a rejection threshold τr, the instance is
rejected, where the rejection threshold is determined by constrained optimization to balance
classification accuracy with rejection quality. The rejection function is formally defined as
follows:

ρ(x; cf , τr) =
{

1, if cf (x) < τr (Reject)
0, otherwise (Accept)

Beyond classification and rejection, L2loRe provides human-readable justifications for both
predictions and abstentions. This is achieved by extracting decision rules from LORE-based
explanations, identifying influential features that contributed to the rejection decision, and pre-
senting clear textual explanations of why a prediction was made or an instance was deferred.
An additional technical contribution of L2loRe is its use of a gamma-distributed sampling
strategy to optimize the rejection threshold τr, which ensures that the rejection mechanism
adapts dynamically to varying levels of model uncertainty. In addition, L2loRe employs a
multi-metric evaluation framework that uses rejection-aware performance measures to
evaluate the trade-off between classification quality and abstention effectiveness.

L2loRe is a post-hoc, model-agnostic approach that can be applied to any pre-trained classifier,
making it adaptable to different classification models and tabular datasets. The rejection
threshold τr is chosen via a constrained optimization problem that maximizes classification
performance while ensuring that the rejection rate remains below an upper bound rmax

and that the proportion of false predictions does not exceed a defined threshold emax. The
method has been evaluated on binary classification (COMPAS, Adult, German Credit) and
multiclass classification (Wine, Abalone, Student) datasets, where it demonstrated improved
classification accuracy and rejection quality across different learning scenarios. This is
discussed in more detail in the next section.
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4.1.2 Results

Preliminary evaluation of L2loRe demonstrates its potential to improve model transparency,
reliability, and human-AI interaction. One of the key benefits observed is its ability to provide
interpretable rejection decisions, ensuring that when the model fails to make a prediction, the
reason for this decision is clearly articulated. By integrating counterfactual-based confidence
scoring, L2loRe enables users to understand model uncertainty in a structured and intuitive
way, thereby increasing trust and transparency in AI decision-making.

Beyond explainability, L2loRe also improves classification performance by selectively rejecting
uncertain instances, resulting in higher accuracy among accepted predictions. The model
successfully adapts its rejection policy to the specific dataset by learning a distribution-aware
abstention threshold, ensuring that rejection decisions remain contextually meaningful. These
capabilities align with the TANGO project’s goal of developing cognition-aware AI systems,
as L2loRe provides a structured approach to hybrid AI-human decision-making, allowing AI
models to defer uncertain cases to human experts when necessary. Future work will further
refine L2loRe by exploring alternative counterfactual generation methods and improving
distance metrics for confidence estimation, ensuring that its rejection mechanism remains
robust across diverse application domains.

4.2 Further Work

In addition to work on L2loRe, we have further reviewed existing paradigms for hybrid decision-
making. Punzi et al. [2024b] examines the current state of the art for machine learning-based
systems that integrate a human component, focusing on the learning aspects. It identifies
three distinct paradigms with increasing levels of human interaction: i) human oversight, ii)
learning to abstain, and iii) learning together. In human oversight - the paradigm adopted by
most Explainable AI - an AI-based system is supervised in its operations by a human. The
human uses explanations to inspect and understand the AI, and decides whether to accept or
modify its outcome. In abstention learning, the machine can refuse to process certain data,
such as those in which it is less confident or, more recently, those in which the estimated
human performance is higher than its own. In co-learning, humans interactively integrate their
knowledge into the AI, for example by sharing explanations of decision rules.

Additional work has been on evaluating the effectiveness of learning delay strategies. To
this end, in Palomba et al. [2025], we linked the potential outcomes framework for causal
inference to learning delay. This allows them to identify the causal impact of introducing a
deferral option on predictive accuracy, distinguishing between two scenarios. In the first, they
assume that the deferral policy has access to both human and ML decisions, in which case
the individual causal effects can be identified for deferred instances and aggregations of them.
In the second, it has access only to human decisions, and causal effects can be estimated
via regression discontinuity design.

Lastly, we have also explored the implementation of hybrid decision-making using large
language models (LLMs). These have the innate ability to take instructions and make
suggestions in textual form, making them a prime venue for synergistic machine learning.
WP2 has explored data-driven fine-tuning strategies to improve the quality of textual guidance
provided by LLMs in the context of medical decision-making, to optimize the quality of
downstream human decisions [Banerjee et al., 2025].
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4.3 Summary

Task T2.4 develops learning-to-defer and learning-to-reject strategies that enhance human-AI
collaboration by ensuring that AI models recognize when to act autonomously and when to
defer to human experts. The L2loRe framework supports interactivity (D1) by integrating
counterfactual-based explanations into deferral policies that provide explicit justifications for
abstention. In contrast to traditional confidence-based deferral, L2loRe enhances rationaliza-
tion (D3) by providing rule-based explanations that mirror human reasoning, consistent with
the feature-based explanations of D2.1.

Research in the context of T2.4 also enhances contextuality (D2) by adapting deferral strate-
gies to task-specific needs and user expertise levels. The surveyed paradigms — human
oversight, learning to abstain, and learning together — demonstrate different levels of human
involvement, supporting the actionable explanation framework of D2.1. In addition, causal
inference techniques improve AI’s ability to reason about when abstention is beneficial, while
LLMs generate natural language justifications that enhance human decision-making.

5 Learning Fair Models (T2.5)

In this section, we explore novel methods for fairness-aware machine learning to ensure that
AI systems operate equitably across diverse populations. A key focus is on mitigating bias
arising from incomplete demographic representation, where training data may systematically
exclude certain groups, leading to spurious correlations and unfair decisions. Finally, we
review other recent work and conclude with an analysis of how these contributions align with
TANGO’s broader goals of cognitively aware and fair AI-human collaboration.

5.1 Invisible Demographics

In Kehrenberg et al. [2024], we formalized the problem of systematic bias or dataset curation
resulting in one or more groups having zero labeled data – invisible demographics.

When trained on diverse labelled data, machine learning models have proven themselves to
be a powerful tool in all facets of society. However, due to budget limitations, deliberate or
non-deliberate censorship, and other problems during data collection, certain groups may be
under-represented in the labelled training set. Inspired by the idea of protected attributes from
algorithmic fairness, we consider generalised secondary “attributes” that subdivide the classes
into smaller partitions. We refer to the partitions defined by the combination of an attribute
and a class label, or leaf nodes in aforementioned hierarchy, as groups. To characterise
the problem, we introduce the concept of classes with incomplete attribute support. The
representational bias in the training set can give rise to spurious correlations between the
classes and the attributes which cause standard classification models to generalise poorly to
unseen groups.

We illustrate our problem setup in Fig. 6, using Coloured MNIST digits as examples; here, the
first level of the hierarchy captures digit class, the second level, colour. While the (unlabeled)
deployment set contains all digit-colour combinations (or groups), half of these combinations
are missing from the (labelled) training set. A classifier trained using only this labelled data
would wrongly learn to classify 2’s based on their being purple and 4’s, based on their being
green or red (instead of based on shape) and when deployed would perform no better than
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random due to the new groups being coloured contrary to their class (relative to the training
set).

Level 1

Group

Training

Purple Green

“4”

Red

(4, green) (4, red)

Purple Green

“2”

Red

(2, purple)

Level 2

Level 1

Level 2

Group

Deployment

Purple Green

“4”

Red

(?, ?)(?, ?) (?, ?)

Purple Green

“2”

Red

(?, ?)(?, ?) (?, ?)

Missing Missing Missing

Figure 6: Illustration of our general problem setup of invisible demographics using
neutral examples in terms of digits and colours.

5.1.1 Methodology

We cast the problem of learning an attribute-invariant representation as one of support-
matching between a dataset that is labelled but has incomplete support over groups, and
one, conversely, that has complete support over, but is unlabeled. The idea is to produce a
representation that is invariant to this difference in support, and thus invariant to the attribute.
However, it is easy to learn the wrong invariance if one is not careful. To measure the
discrepancy in support between the two distributions, we adopt an adversarial approach,
but one where the adversary is operating on small sets – which we call bags – instead of
individual samples. These bags need to be balanced with respect to attribute a and class
label y, i.e., (a, y), such that we can interpret them as approximating groups as opposed to
the joint probability distribution.

Specifically, our goal is to disentangle x into two subspaces: a subspace z, representing the
class, and a subspace ã, representing the attribute. For the problem to be well-posed, it is
essential that bags differ only in terms of which groups are present. We thus sample the bags
according to the following set of rules :

1. Bags of the deployment set are sampled so as to be approximately balanced with
respect to a and y (all combinations of a and y should appear in equal number).

2. For bags from the training set, all possible values of y should appear with equal
frequency. Without this constraint, there is the risk of y being encoded in ã.

3. Bags of the training set should furthermore exhibit equal representation of each attribute
within classes so long as rule 2 is not violated. For classes that do not have complete
A-support, the missing combinations of (a, y) need to be substituted with a sample from
the same class.

TANGO © 26 of 37



D2.2 – Initial version of methods for HML GA no 101120763

Figure 7: Visualisation of our support-matching pipeline. Bags are sampled from the
training and deployment sets using the hierarchical sampling procedure. The debiaser

is adversarially trained to produce representations from which the source dataset
cannot be reliably inferred by the discriminator.

To summarise, our method can be broken down into two steps: 1) sample perfect bags (bags
in which groups appear in equal proportions) from an unlabelled deployment set; and 2)
produce disentangled representations using the perfect bags via adversarial support-matching.
For the first step, the data points in the deployment set are labelled with cluster assignments
generated by clustering algorithm, so that we can form perfect bags by sampling all clusters at
equal rates. We note that we do not have to associate the clusters with specific a or y labels
as the labels are not directly used for supervision. Balancing bags based on clusters instead
of the true labels introduces an error, which we provide an error bound. For the second step,
the model is composed of three core modules: 1) two encoder functions, f (which we refer
to as the “debiaser”) and t, which share weights and map x to z and ã, respectively; 2) a
decoder function that learns to invert f and t; and 3) a discriminator function that predicts
which dataset a bag of samples was sampled from.

We present in Fig. 7 a high-level, visual overview of our support-matching pipeline capturing
both the hierarchical sampling and modelling aspects that characterise our proposed method.

5.1.2 Results

Within Kehrenberg et al. [2024], we provide theoretical results concerning the validity of our
support-matching objective. Hereby, we prove that the “debiaser” f satisfying the objective is
invariant to a, at least in those cases where the class does not have full a-support (which is
exactly the case with invisible demographics).

We also empirically validate our framework on a range of datasets: Coloured MNIST as a
synthetic image dataset (with both binary and multiclass variants), CelebA and NICO++ as
real-world image datasets (binary and multiclass, respectively), and ACS as a tabular dataset
showcasing generality. We empirically show that it is possible to maintain high performance
for samples with classes with incomplete support in a robust fashion.
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Figure 8: Example sample-wise attention maps for bags of CelebA (left) and Coloured
MNIST (right) images sampled from a balanced deployment set.

Fig. 8 shows attention maps for bags from the deployment set. The attention weight assigned
to each sample is proportional to the lightness of its frame, with black signifying a weight of 0,
white a weight of 1. The training set is biased according to the attribute bias setting where
for CelebA “smiling females” constitute the missing group and for Coloured MNIST purple
fours constitute the missing group. The attention weights are used during the discriminator’s
aggregation step to compute a weighted sum over the bag. Those samples belonging to the
missing group are assigned the highest weight as they signal from which dataset (training
vs. deployment) the bag containing them was drawn from. We observe that the model pays
special attention to those samples that are not included in the training set.

5.2 Further Work

In other work, we have continued to focus on advances in evaluation and monitoring. In an
effort to advance evaluation and monitoring in continuous learning, we developed ConCon, a
dataset designed to systematically analyze the impact of confounders in continuous learning
settings [Busch et al., 2024]. In such scenarios, models often develop a bias toward spurious
correlations, leading to unfair or unreliable decisions, especially as confounders change
over time. ConCon provides a controlled setting to study how confounders affect model
behavior, ensuring that continuous learning methods can be evaluated not only for catastrophic
forgetting, but also for their ability to disentangle true causal factors from spurious ones.
Empirical results show that even continuous learning methods that successfully prevent
forgetting struggle with confounding, highlighting the need for novel approaches that explicitly
address spurious correlations in dynamic learning environments.

In addition, we have developed an innovative framework for probabilistic formal verification of
machine learning models [Morettin et al., 2024]. This framework is very general because it
can assess whether models satisfy a variety of criteria, such as fairness constraints, with a
sufficiently high probability, given a distribution of input data. It supports hybrid domains of
discrete and continuous variables by using Weighted Model Integration (WMI), a sophisticated
method for probabilistic inference. It has been successfully demonstrated on a variety of
tasks, with one notable application being the monitoring of demographic parity, which requires
that a predictor provide members of a protected group (e.g., women) with an equal chance of
a favorable outcome (e.g., being selected for a job) compared to the broader population - a
key fairness constraint.

With Lenders et al. [2024], we have developed a system that mitigates some of the fairness
problems of existing abstention classifiers. Our solution is to train a rule-based system
to highlight and reject unfair decisions in conjunction with a confidence-based abstention
approach. This approach achieves the same accuracy as regular abstention classifiers, while
providing an interpretable method for exploring rejection instances by fair rules, and providing
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stakeholders with useful suggestions for possible corrective actions. Finally, with Ng et al.
[2024] we have developed an active learning framework for addressing bias in the dataset
curation process, first in a simplified setting where sensitive information is available in the
data and can be acquired from human annotators.

5.3 Summary

Task T2.5 develops fairness-aware machine learning methods that mitigate biases due to
incomplete demographic representation, ensuring transparent and equitable AI decision-
making. The Invisible Demographics framework addresses systematic underrepresentation
using adversarial support matching, enforcing contextuality (D2) by adapting fairness inter-
ventions to dataset-specific biases, and rationalization (D3) by ensuring that bias corrections
are interpretable.

In addition, formal fairness verification techniques enhance interactivity (D1) by providing
transparent fairness judgments rather than treating bias mitigation as an opaque process.
Fairness-aware abstinence classifiers and active learning for bias mitigation are consistent
with the actionable explanation framework of D2.1, producing explicit fairness justifications
that refine model behavior.

6 Ethical Considerations

The development of human-machine learning systems within TANGO entails significant
ethical responsibilities, in particular to ensure that such systems operate fairly, respect
individual privacy, preserve human autonomy, and maintain high levels of transparency.
As TANGO progresses towards cognition-aware explanations and hybrid decision-making,
these ethical pillars guide the design and evaluation of neuro-symbolic models, interactive
learning strategies, and fairness-conscious techniques. In this section, we highlight key ethical
challenges related to fairness, privacy, persuasion, and transparency, and illustrate how they
apply to the AI models and methods developed in TANGO.

6.1 Fairness

Fairness is critical to ensuring that AI systems do not propagate or reinforce societal biases.
The Invisible Demographics work in TANGO directly addresses the risks of biased learning
caused by incomplete demographic representation in training data. The adversarial support-
matching techniques applied in this context aim to mitigate such biases by aligning attribute
distributions across training and deployment phases. This is particularly important for concept-
based models such as Pix2Code and SCoBots, whose representations and explanations
rely on the clarity and correctness of the underlying learned concepts. If biased data informs
these concepts, the resulting explanations could reinforce harmful stereotypes.

In addition, TANGO’s neuro-symbolic reasoning approaches (e.g., bears) aim to make models
aware of their own reasoning shortcuts, thereby revealing the conditions under which their
decisions might be influenced by biased or spurious correlations. This self-awareness does not
automatically guarantee fairness, but it does enable both the system and human supervisors
to detect and correct potential biases in real time. However, explanation fairness—ensuring
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that explanations do not disproportionately misrepresent or obscure reasoning paths for
certain groups—remains an open challenge that TANGO continues to address.

6.2 Privacy

Privacy risks exist throughout the AI lifecycle, from data collection to training, inference,
and explanation. TANGO’s privacy-aware approaches, particularly its exploration of privacy-
preserving learning strategies, seek to minimize these risks without compromising model
performance or explainability. This is particularly challenging for neuro-symbolic approaches
such as Pix2Code, which explicitly surface structured object attributes and relational con-
cepts. While these are beneficial for interpretability, they can also expose sensitive attribute
correlations if not handled carefully.

In addition, Learning to Reject via Local Rule-based Explanations (L2loRe) raises nuanced
privacy concerns when explanations of rejected instances reveal characteristics of the training
data. The balance between transparency (providing interpretable rejection rules) and privacy
(protecting sensitive data elements) becomes particularly delicate in these cases. Future
privacy work in TANGO will focus on developing differential privacy-inspired techniques for
both predictions and explanations, ensuring that transparency does not come at the expense
of individual privacy.

6.3 Persuasion

As TANGO systems increasingly engage in interactive explanations, the persuasive potential
of AI-generated justifications must be critically managed. Models such as SCoBots, which
allow users to inspect multi-level decision processes and intervene in learned policies, offer
significant transparency but also pose a risk: human users may overly trust these explanations,
especially if the explanations convey a false sense of certainty or objectivity.

This risk is compounded when explanations are generated in natural language by large
language models (LLMs), as TANGO also explores. Such explanations may appear convincing
simply because of their fluency and coherence, even if the underlying reasoning is flawed.
To mitigate this, TANGO emphasizes the importance of calibrated explanations - where the
system actively communicates its uncertainty - and dual accountability, where both human
and AI contributions to decision-making are explicitly documented.

6.4 Transparency

As highlighted in previous reports, transparency is fundamental to ethical AI, especially in
collaborative human-machine learning systems such as those envisioned in TANGO. The
approaches presented in this deliverable enhance transparency in multiple ways, ensuring
that AI models are not only interpretable but also allow for human oversight and intervention.

The Pix2Code framework improves transparency by synthesizing explicit programmatic rep-
resentations of visual concepts, allowing humans to inspect, understand, and even modify
these representations if necessary. Similarly, SCoBots structure decision-making through
interpretable concept bottlenecks, where each stage of processing remains accessible for in-
spection, questioning, and correction, supporting both explainability and collaborative learning.
The bears framework enhances transparency by explicitly identifying concepts vulnerable to
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reasoning shortcuts, associating confidence scores with concept reliability, and enabling users
to assess when and where to trust the model. Additionally, L2loRe embeds transparency into
rejection decisions by providing local, rule-based explanations for every abstained predic-
tion, ensuring that rejection policies remain understandable and context-specific, rather than
functioning as black-box decisions.

Transparency in TANGO is not just about revealing what the AI did—it extends to why it did
it, under what conditions it might fail, and how humans can intervene. This proactive and
collaborative form of transparency aligns with TANGO’s broader vision of cognition-aware and
human-centered AI. It is, however, important to note that transparency alone is insufficient
if the revealed information is not cognitively accessible to human users. Therefore, TANGO
prioritizes explanations that match the expertise and mental models of different users (e.g.,
translating complex programmatic explanations in Pix2Code to natural language statements),
ensuring that transparency benefits technical developers, domain experts, and lay users alike.

7 Conclusion

This deliverable D2.2 presents the initial version of methods for synergistic human-machine
learning (HML) developed within TANGO’s Work Package 2 (WP2). It builds on the theoretical
foundations established in WP1, incorporating its principles of interactivity, contextuality,
and rationalization into practical machine learning architectures. Additionally, it extends the
methodological groundwork laid out in D2.1, where different types of machine explanations
were mapped to actionable categories that facilitate human-AI collaboration. Throughout
this deliverable, we have detailed progress across T2.2–T2.5, covering advancements in
cognition-aware explanations, neuro-symbolic models, interactive learning strategies, hybrid
decision-making, and fairness-aware AI systems.

Each task contributes to TANGO’s strategic objective SO2.1, which aims to develop paradigms
and algorithms that ensure AI systems enhance, rather than replace, human expertise. Task
T2.2 focuses on understandable and reliable neuro-symbolic models, ensuring that AI systems
provide structured, inspectable, and revisable reasoning processes. Task T2.3 advances
synergistic interactive machine learning, enabling models to dynamically adapt based on hu-
man feedback and intervention. Task T2.4 introduces learning-to-reject and learning-to-defer
strategies, ensuring that AI can identify uncertainty, abstain when necessary, and comple-
ment human decision-making. Finally, Task T2.5 explores fairness-aware machine learning,
mitigating biases and ensuring AI models function equitably across diverse populations.

Beyond these technical contributions, this deliverable provides a cohesive and methodolog-
ically detailed perspective on WP2’s progress, complementing the M18 Technical Report,
which overviewed individual research contributions. Moving forward, WP2 will continue to
refine these approaches, emphasizing explainability, reliability, and fairness as central pillars
of trustworthy and effective AI-human collaboration.

Overall, the methodological advancements in WP2, as detailed in this deliverable, provide
a strong foundation for the hybrid decision-making frameworks developed in WP3. WP2’s
contributions to cognition-aware explanations, neuro-symbolic reasoning, and interactive
learning directly support WP3’s goal of enabling AI-assisted decision-making across various
domains, including individual, shared, team-based, and policy-making contexts. Specifically,
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WP2’s work on interpretable neuro-symbolic models (T2.2) ensures that AI decisions remain
transparent and revisable, a crucial requirement for trustworthy hybrid decision-making in WP3.
Additionally, WP2’s interactive learning strategies (T2.3) and learning-to-defer mechanisms
(T2.4) align with WP3’s objective of optimally distributing decision-making responsibilities
between humans and AI. WP2 also introduces fairness-aware AI methodologies (T2.5), which
contribute to WP3’s focus on ensuring ethical, unbiased, and accountable AI-driven decision
support. These synergies ensure that WP3 can build upon WP2’s advancements, integrating
explainability, adaptivity, and fairness into hybrid decision-making systems that effectively
complement human expertise.
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