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Abstract. Counterfactuals are becoming increasingly important for
explaining and evaluating machine learning approaches. In crucial and
challenging applications such as medical diagnosis support, credit scoring,
and technical control systems, evaluating counterfactuals is a promising
methodology to exploring the applicability and limits of AI systems. This
approach also empowers users with actionable advice on how to influence
automatic decisions. Thus, reliable and faithful generation as well as a
prudent interpretation of counterfactuals contribute to establishing more
reliable AI systems and improving their trustworthiness.

Determination and generation of counterfactual samples can be motivated
and processed taking two different perspectives: The cognitive perspec-
tive considers trustworthiness and reliance based on empirical evidence
in human reasoning or model explanations inspired by experiences in so-
cial sciences. The technical perspective is mainly triggered by issues like
plausibility and actionability of counterfactuals as well as by their efficient
computation and evaluation. Current developments in counterfactual re-
search provide substantial progress but are far away from to be sufficient
in the field.

In this introduction paper, we highlight some current aspects in this in-
terdisciplinary field of research inspired by cognitive models of inference
and reasoning as well as triggered by technical developments in the field
of machine learning and artificial intelligence.

1 Introduction

Counterfactuals constitute an important paradigm for human inference mecha-
nisms and learning intensively studied in cognitive and social sciences [42, 50, 47],
as well as in cognitive learning theory [21]. Simply speaking, counterfactuals
and counterfactual thinking provide thoughts about alternatives to past events,
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meaning thoughts of what might have been [25]. The traditional paradigm for
counterfactual reasoning in this literature is the interventional counterfactual,
where hypothetical interventions are imagined and simulated [54, 56, 66]. In
this sense, counterfactual reasoning makes an obligatory contribution also to
learning, by providing alternative scenarios from which to draw conclusions.

In machine learning, counterfactuals play a key role for model explanation in
the context of explainable and interpretable AI systems [18, 29, 48, 61, 51]. To
achieve this explanation behavior, counterfactual generation methods can benefit
from the social and cognitive sciences [15, 16, 45]. Further, counterfactuals can
be used to design causal machine learning approaches [29, 46], or to evaluate
causal inference schemes [11, 20].

Several strategies and methods are known to generate counterfactuals [4,
18, 52, 61]. However, we have to carefully distinguish between counterfactual
generation and adversarial attacks,as they are similar yet differ in important
aspects. Counterfactuals are used to explain a model, which will be discussed
in more detail later. Adversarial examples, on the other hand, try to fool the
model.[49, 24].

In this paper we briefly highlight current developments and challenges re-
garding generation or determination of counterfactuals and their use for model
explanations and derived inference schemes. We situate contributions to the
ESANN-special-session ’Reliable Counterfactuals for Machine Learning Models’
in this context.

The paper is organized as follows: After this initial chapter, we start with
a section introducing the basic concepts regarding counterfactual investigations,
generations and explanations taking the perspective of machine learning. There-
after, we point out several aspects of counterfactual generation and explanation
as well as evaluation followed by a perspective view for future research chal-
lenges and directions. Brief concluding remarks summarize future directions of
research and respective challenges.

2 Counterfactuals in Machine Learning – Basic Concepts

In machine learning, a counterfactual explanation describes how a data point
would need to change to receive a different classification. More formally, we
suppose a classifier model M : Rn ⊇ D ∋ x 7→ cM (x) ∈ C where cM (x) is a
class label predicted by the model M and contained in the class set C, and D
is the (usually unknown) data manifold. In case of training data, also the true
class label c (x) ∈ C is available. Further, a dissimilarity measure d is required to
compare data. Following the standard formulation for counterfactuals proposed
in [67], a counterfactual sample xcf ∈ Rn for given x is determined by

δcf (x,xcf)
!
= min

x̃∈D
(d (x, x̃)) subject to cM (x) ̸= cM (xcf) , (1)

constituting a constrained optimization problem. It should be emphasized that
the constraint is given by the comparison of the model predictions cM (x) and
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original instance x adversarial sample xae counterfactual sample xcf

objective c (x) ̸= cM (xae) cM (x) ̸= cM (xcf)

sample variation δae (x,xae) < ϵ δcf (x,xcf)
!
= min

goal fool the model explore/explain the
model limits

strategy

may use adversarial
dissimilarities δae diffi-
cult to distinguish by
human perception

should use dissimilari-
ties δcf being consistent
with the model

Table 1: Comparison adversarial sample versus counterfactual sample

cM (xcf) for the given sample x and its corresponding counterfactual xcf. If coun-
terfactuals should be used for model explanations like in explainable artificial
intelligence (XAI, [57]), the dissimilarity measure d has to be chosen consistently
to the model. For example, (deep) multilayer perceptrons implicitly make use
of the Euclidean distance due to the perceptron units, which are based on the
Euclidean inner product. Otherwise, kernel methods use kernel distances taking
into account the inner-product-property of kernels [59, 65]. Further, if a certain
class prediction c∗ (xcf) ̸= cM (x) is desired for the counterfactual determination,
this task is denoted as guided counterfactual generation (GCG). The GCG is of
particular interest, if multiple model explanations regarding different aspects are
demanded.

The counterfactual sample xcf has to be carefully distinguished from adver-
sarial examples xae, which are designed to fool the model in such a way that the
model class assignment cM (xae) differs from the true sample class c (x) with a
small deviation δae (x,xae) < ϵ for given threshold ϵ > 0 [24, 49]. In particular,
the adversarial deviation measure δae is usually selected in such a way that in this
adversarial aim small disturbances of the original x contained in the adversarial
xae are difficult to detect by human perception (see also Table 1). However, the
internal (perhaps implicit) model dissimilarity usually becomes large, leading to
model misclassification cM (xae) ̸= c (x) [26, 24, 49].

Paradigms and methods for counterfactual generation as well as respective
evaluation criteria are considered in the next section.

3 Reliable Counterfactuals

The generation of counterfactuals follows different perspectives and strategies
including efficient generalization approaches and evaluation properties. In par-
ticular, the following aspects can be identified to achieve reliable counterfactuals:

• Validity: the counterfactual xcf is taken as a perturbation of the original
sample x, i.e. xcf = x + ∆G (x) preferably realized by a mathematically
well-defined perturbation generator function G : x 7→ ∆G (x)
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• Proximity: keeps the counterfactual xcf close to the original sample x

• Sparsity: aims to minimize the complexity of the perturbation, e.g. min-
imization of ∥∆G (x)∥0

• Plausibility: requires the counterfactuals to be realistic, i.e. they should
belong to the (usually unknown) data manifold D

• Actionability/Feasibility: the perturbation ∆G (x) must also be truly
feasible

Beside these qualitative features, efficient determination of counterfactuals is an
important aspect, particularly if many different aspects have to be taken addi-
tionally into account regarding specifically given circumstances. Due to the given
optimization problem (1), the majority of counterfactual generating approaches
deal with efficient realizations of the optimization task [37]. For example, in case
of convex problem formulation of (1), the optimization procedure becomes fast
[4, 37] whereas zero-shot generation guided by Large Language Models (LLM)
are proposed in [13] the context of natural language processing. As pointed out in
[33], a geometric-analytical determination is possible for the special GCG using
vector quantization classifiers [14], if the dissimilarity measure d is induced by
an inner product, for example the squared Euclidean distance. Model agnostic
approaches are studied in [7, 43, 34].

Closely related to the proximity quality of counterfactuals is the challenge of
their (numerical) robustness and of the respective explanations [30, 31, 32, 40,
41], as well as its evaluation [6]. Yet, this problem often cannot be considered
without investigation of the underlying machine learning model [17]. In case
of neural networks, probabilistic guarantees and efficient computation strategies
can be realized [27, 4]. In [64] counterfactual probabilities are determined using
bivariate distributions and uplift modeling. More generally, robustness and di-
versity is addressed in [40, 41]. Another important aspect for this perspective is
that those approaches can benefit from data feature importance as provided by
Shapley-approaches [1, 55]

Plausible counterfactuals are mainly understood as those counterfactual can-
didates which should belong to the data manifold D and, hence, leads to im-
proved trustworthiness [18, 36, 44]. In other words: a counterfactual example
generated by the state-of-the-art systems is not necessarily representative of the
underlying data distribution D and may therefore prescribe unachievable goals
which has to be avoided for practical applications. Accordingly, approaches
for plausible counterfactuals determination usually are based on the estimation
of the empirical class-dependent data density required to cover counterfactual
candidate regions [3, 4].

Further, the perturbation ∆G (x) does not always realize a ”feasible path”
between the current state x and the generated counterfactual xcf, making ac-
tionable recourse infeasible. In [52] an algorithmically sound way of uncovering
these ”feasible paths” is proposed, which is based on the shortest path distances
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defined via density-weighted metrics. This approach is claimed to generate coun-
terfactuals being coherent with the underlying data manifold D and, therefore,
are achievable and can be tailored to the problem at hand. Additionally we
emphasize that the feasibility property has to be consistent with the deviation
measure δcf (x,xcf) = δcf (x,x+∆G (x)) from (1) for counterfactual generation.
To be more precisely, the corresponding dissimilarity measure d for the data
manifold D has chosen carefully to reflect the feasibility aspect.

Yet, plausibility can also be considered from a user-centric view [38]. Further,
taking a cognitive science perspective one can think how human subjects perceive
counterfactual explanation [15, 63].

Obviously, plausibility of counterfactuals also relates to validity and classi-
fication robustness of the model. In this context, reject options (or abstention)
and methods for classification models are of interest [23, 39, 53]. The rejection
policy is typically formalized as a function where if the distance to the nearest
counterfactual is below a threshold, the input is rejected [62]. For them, spe-
cial counterfactuals known as semi-factual explanations (’even if’ – statements,
[5, 8, 22]) are proposed. In contrast to usual counterfactuals suggesting actions
for change (’if only’ – statement), semi-factuals helping users to understand that
a certain result was ’bound to happen’ regardless of small input changes and,
hence, can be seen as explanations why a model refuses to make a decision
or declines a suggested prediction. Further, semi-factual methods can be cate-
gorized as counterfactual-guided (using the closest, opposite-class instance) or
counterfactual-free [9]. Current investigations deal with the question, whether
best semi-factual explanations can be found using counterfactuals as guides [10].

Sparsity oriented counterfactual generation keeping the diversity is studied
in [28] using gradient-based methods. This strategy usually takes a latent rep-
resentation space into account to generate multiple counterfactual explanations
that are sparse, realistic, and robust to input manipulations [58]. Otherwise,
sparseness for counterfactuals can be enforced by respective feature sparseness
of ∆G (x) using the game-theoretic feature attributions known as Shapley-values
[1, 2].

4 Concluding Remarks

Overall, the determination and evaluation of counterfactuals remains challenging
and depends from the application case and usually has to incorporate domain
knowledge [60]. Thus different areas require different strategies and methods for
efficient counterfactual generation, explanation and evaluation. For example,
in [12] graph diffusion counterfactual explanations are proposed, which may
offer new application areas of counterfactuals for relational or structured data
as known to be occurring in many research areas as molecular bioinformatic,
social-sciences and others.

Related to this application perspective, also the challenge of feasibility in
relation to the appropriate choice of the manifold dissimilarity becomes more
and more important to achieve trustworthiness for counterfactual explanations.
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Therefore, explicit domain knowledge integration might offer a possibility to deal
with this problem.

Further, contrastive approaches as used in algorithmic recourse and con-
sequential recommendations as well as other cognitive learning and reasoning
strategies could provide further inspiration for future research in the field of
counterfactuals and their explanation [19, 35, 55, 61].
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[66] J. von Kügelen, A. Mohamed, and S. Beckers. Backtracking counterfactuals. In Proceed-
ings of the 2nd Conference on Causal Learning and Reasoning, volume 213 of Proceedings
Machine learning Research (PMLR), pages 1–20, 2023.

[67] S. Wachter, B. Mittelstadt, and C. Russell. Counterfactual explanations without open-
ing the black box: Automated decisions and the GDPR. Havard Journal of Law and
Technology, 31(2):841–887, 2018.

10

ESANN 2026 proceedings, European Symposium on Artificial Neural Networks, Computational  Intelligence and 
Machine Learning.  Bruges (Belgium) and online event, 22-24 April 2026, i6doc.com publ., ISBN 9782875870964. 
Available from http://www.i6doc.com/en/. 


	Wednesday
	ES2026-2-1
	ES2026-96-2
	ES2026-138-2
	ES2026-62-4
	ES2026-290-5
	ES2026-221-2
	ES2026-80-2
	ES2026-164-3
	Introduction
	Preliminaries
	Hybrid APGD
	Experimental Results
	Conclusion

	ES2026-294-2
	ES2026-32-3
	ES2026-165-2
	ES2026-1-1
	Introduction
	Complex Data and the Limits of Purely Neural Systems
	Symbolic Knowledge: What Is Being Integrated?
	A Taxonomy of Neuro-Symbolic Integration Patterns
	Representative Methods for Complex Data
	Key Application Areas
	Opportunities, Limitations, and Open Challenges
	Conclusion
	Blank Page

	ES2026-66-5
	Introduction
	Preliminaries
	Methodology
	Experimental Results
	Conclusions

	ES2026-129-7
	ES2026-372-3
	ES2026-119-3
	ES2026-3-1
	ES2026-261-5
	Introduction
	Related Work
	Methodology
	Conformal Prediction Framework
	Metrics
	Implementation details

	Results
	Conclusion

	ES2026-41-3
	ES2026-152-5
	Introduction
	Foundations
	Stream Learning
	Fairness

	Pitfalls of cumulative fairness scoring
	Drift-aware fairness evaluation
	Window-based approach
	Driftpoint-based approach
	Experiments

	Conclusion

	ES2026-200-4
	Introduction
	Creating Drift Benchmarks
	Isolating, Verifying, and Creating Drift
	Controlling Real vs. Virtual Drift

	Empirical Evaluation
	Conclusion

	ES2026-217-4
	ES2026-250-5
	ES2026-256-8
	ES2026-190-3
	ES2026-206-2
	ES2026-193-2
	Introduction
	Domain Generalization Problem
	Domain Generalization Methods
	Limitations of Prior HAR DG Studies

	Methodology
	Experimental Results
	Conclusion

	ES2026-198-6
	Introduction
	Related Work
	Concept Drift and Drift Localization
	Localization Methods and Their Shortcomings
	Conformal Prediction

	Conformal prediction for drift localization
	Experiments
	Conclusion and Future Work

	ES2026-150-3
	ES2026-236-2
	Introduction
	Methodology
	Architecture and input stimuli
	Synaptic Dynamics Models
	Tuning parameters of the MSSM for fast- and slow-decay synapses
	Metric of Gain-Control

	Results
	Discussion and Future Work

	ES2026-325-3
	ES2026-370-2
	Introduction
	Related Work
	Anomaly Transformer and Positional Encoding

	Main Contribution
	Overall Architecture
	Data Embedding
	Input Embedding module: Hybrid Encoder
	Positional Encoding module: Learnable Positional Encoding
	Coefficients for Module Adjustment

	Proposed PE Loss

	Experimental Result
	Benchmark Datasets
	Hyperparameters Setup
	Detailed Performance Compared to Baseline
	Comparison of performance with state-of-the-art methods

	Conclusion

	ES2026-91-2
	Introduction
	Literature review
	Retraining ONS using CCUSUM triggers
	Numerical experiments
	Conclusion

	ES2026-180-2
	ES2026-179-3
	ES2026-176-3
	ES2026-274-2
	ES2026-287-3
	ES2026-334-3
	ES2026-343-2
	ES2026-351-3
	1 Introduction
	2 A Categorisation of Difficulty Signals
	3 Testing the Quadrant Interactions
	4 Lessons for Curriculum Learning

	ES2026-366-6
	ES2026-94-4

	Thursday
	ES2026-6-5
	Introduction to industrial challenges
	Efficiency
	Resilience and robustness
	Special constraints in industrial applications
	Transparency and acceptance

	Current approaches in industrial applications
	Data-centric foundations for industrial machine learning
	From efficient training to reliable machine learning solutions
	Hardware-efficient deployment and robust operations
	A new paradigm: Foundation models

	Conclusion

	ES2026-280-3
	ES2026-77-8
	ES2026-375-2
	ES2026-124-4
	ES2026-310-2
	ES2026-5-3
	ES2026-108-2
	Introduction
	Related Work
	Method
	Experiments
	Experimental Setting
	Numerical Results

	Conclusion

	ES2026-143-3
	ES2026-170-5
	ES2026-29-8
	Introduction
	Related Work
	Extending Neural Activation Coverage for Uncertainty Estimation
	Background
	NAC for Regression

	Experiments
	Out-of-Distribution Detection
	Uncertainty Calibration

	Conclusion and Future Work

	ES2026-153-5
	ES2026-162-3
	Introduction
	Background and Related Works
	Model Selection Hijacking Attack
	Adversarial Sample Generation
	Hijack Metric

	Experimental Evaluation
	Conclusion

	ES2026-172-2
	ES2026-205-6
	ES2026-246-4
	ES2026-326-5
	ES2026-157-3
	Introduction and motivation
	Related work
	Multi-Matrix Extension of MGLVQ (M3GLVQ)
	Experiments and Results
	Data Description
	Two-Stage Parameter Optimization
	Evaluation and Statistical Comparison
	Visual Inspection

	Interpretation
	Discussion and future work

	ES2026-226-2
	Introduction
	RAM Discrimination Amplifier (RDA)
	Experimental Setup
	Results
	Conclusion

	ES2026-27-2
	ES2026-72-2
	ES2026-34-2
	ES2026-85-3
	ES2026-186-2
	ES2026-182-2
	Introduction
	AdaCap Training Scheme
	Experimental Results
	Predicting When AdaCap Helps
	Conclusion

	ES2026-56-2
	ES2026-68-4
	ES2026-4-2
	ES2026-283-6
	Introduction
	Background
	Embedding-based Reasoning over Knowledge Bases
	Visualizing Neural Network Classifier: Deepview

	Methodology
	Experiment Evaluation
	Discussion

	ES2026-316-3
	Introduction 
	Background and Related Work
	Methodology 
	Experiments and Evaluation

	Results and Analysis
	Conclusion 

	ES2026-42-4
	ES2026-111-2
	ES2026-184-4
	Introduction
	Compressed Video and Related Work
	Compressed Video Representation
	Related Work and Positioning

	See Without Decoding using BAFE
	Experiments and results
	Conclusion and Future Work

	ES2026-292-5
	Introduction
	Background
	Methodology
	Experimental Evaluation
	Conclusion

	ES2026-331-2
	ES2026-168-2
	ES2026-73-4
	Introduction
	Preliminaries
	Ensembling explanations
	Empirical Evidences
	Conclusions and Future Work

	ES2026-122-3
	ES2026-214-2
	Introduction
	Method
	Experiments and Discussion
	Conclusions

	ES2026-300-3
	Introduction
	Related Work
	Deep Learning Architectures in SLR
	Dataset Characteristics and Modalities

	Movement Representation as Images
	Training CNNs for Sign Recognition
	Quantitative Evaluation
	Qualitative Analysis

	Conclusion

	ES2026-305-3
	ES2026-333-2
	ES2026-312-2

	Friday
	ES2026-136-2
	ES2026-228-4
	ES2026-281-3
	ES2026-43-2
	ES2026-189-2
	ES2026-30-7
	ES2026-104-4
	ES2026-114-5
	Introduction
	Background
	The Hybrid-AIRL Framework
	Policy Objective
	Discriminator Objective
	Stochastic Regularization

	Experimental Setup
	Benchmarks
	Evaluation

	Experimental Results
	Discussion

	ES2026-155-6
	ES2026-253-3
	Introduction & related work
	A unified perspective on Q-values
	Forcing Q-value target convergence
	 Suitable performance metrics for policy selection 
	Conclusion

	ES2026-58-9
	Introduction
	LMAP
	Landmark Sampling
	Local Tangent Modeling via PCA
	Global Alignment via MDS
	Out-of-Sample Projection

	Experimental Analysis
	Landmark Density and Neighborhood Size
	Quantitative Evaluation on High-Dimensional Data
	Comparison with Baseline Methods

	Conclusion

	ES2026-158-3
	ES2026-335-4
	ES2026-338-3
	ES2026-88-7
	ES2026-216-3
	ES2026-252-2
	ES2026-53-2
	Introduction
	Preliminaries
	Riemannian Geometry
	Neural Gas

	The Riemannian Neural Gas Algorithm 
	Formal Aspects
	Experiments
	Conclusion

	ES2026-263-2
	ES2026-36-4
	Introduction
	Similarity Functions Beyond Positive Semi-Definiteness
	Out-of-sample (OOS) extension
	Self-similarity estimation

	Clustering Methods on General Similarity Operators
	Experiments
	Conclusion

	ES2026-149-12
	Introduction
	Foundational principles and practical framework
	Graph-based building blocks
	Unified GNN-based task-to-tile mapping framework
	Model training
	Investigated models

	Experiments
	Results and discussion
	Conclusion and future work

	ES2026-340-10
	1 Introduction
	2 Related Work
	3 A Model Target Alignment Measure
	4 Sampling Algorithm
	5 Experiments
	6 Conclusion

	ES2026-174-3
	ES2026-210-6
	Introduction
	Background and Related Works
	Iterative Line Graph Neural Network
	Experimental Evaluation
	Conclusion

	ES2026-233-5
	Introduction
	Notation
	Rank Dynamics of the Renormalization Trick
	Rank Gain
	Rank Loss

	Extension to Normalized Dynamics
	A Note on Spectral Analysis

	Conclusions

	ES2026-348-3
	ES2026-222-2
	ES2026-75-2
	ES2026-71-3
	Introduction
	Methodology
	Background: The Linearized Laplace Approximation
	Surrogate Kernel Approximation
	Biasing the Learned Kernel
	Limitations

	Experimentation
	Conclusions

	ES2026-117-6
	Growing networks
	Growing layers
	Detecting under-expressive layers
	Experiments
	Results and analysis

	Conclusion

	ES2026-154-2
	Introduction
	Linearized Laplace Approximation
	Quadratic Laplace Approximation
	Experiments
	Conclusions

	ES2026-203-2
	ES2026-262-2
	ES2026-293-3
	Introduction
	Method
	Experiments
	Conclusion
	Acknowledgements

	ES2026-167-2
	Introduction
	Distilling mixture models
	Experimental results
	Conclusions

	ES2026-224-2
	ES2026-374-2
	Introduction
	Related Work
	Methodology
	Generation-based data augmentation
	Refactoring-based data augmentation

	Experimental Setup
	Evaluation
	Conclusion

	ES2026-237-3
	Introduction
	Related Work
	Methodology
	The Lottery Ticket Hypothesis
	Knowledge Distillation
	The Knowledge-Distilled Lottery Ticket Framework

	Experiments
	Results and Discussion
	Conclusion

	ES2026-110-3
	Introduction
	Methodology
	Hub identification and modelling
	New ant transition probabilities

	Experiments and Discussion
	Conclusions and future work

	ES2026-74-8
	Introduction
	Background
	Surrogate-Efficiency Expression
	Surrogate Mechanism with Imperfect Accuracy
	Experiments
	Conclusions





