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Abstract

Explainable artificial intelligence (XAI) is the subfield of artificial intelligence
(AI) concerned with making the predictions of machine learning (ML) meth-
ods understandable to humans. XAI can be framed as function approxima-
tion: a learned hypothesis is explained by a simpler function that a human
can comprehend, either locally around a data point (local interpretable model-
agnostic explanations (LIME), counterfactuals) or via additive feature contri-
butions (SHapley Additive exPlanations (SHAP)). Such post hoc explanations
treat the learned hypothesis as fixed; alternatively, explainable empirical risk
minimization (EERM) builds explainability into training. If the hypothesis
space is sufficiently simple, a learned hypothesis is its own explanation (see
interpretable machine learning (interpretable ML)).

Definition

Explainable artificial intelligence (XAI) is the subfield of artificial intelligence
(AI) concerned with making the predictions of machine learning (ML) methods
understandable to humans. Each prediction is complemented by an explanation
of how it has been obtained. If the ML method uses a sufficiently simple hy-
pothesis space, the learned hypothesis may be inherently interpretable and no
separate explanation is needed (Rudin, 2019). The term XAI was popularized
by a program of the US Defense Advanced Research Projects Agency (Gun-
ning and Aha, 2019); in the context of ML, the synonymous term explainable
machine learning (explainable ML) is also used. The underlying property is
explainability, which the international terminology standard for AI defines for
artificial intelligence systems (AI systems) in general (International Organiza-
tion for Standardization and International Electrotechnical Commission, 2022,
Sect. 3.5.7).

XAI can be framed as function approximation. A trained hypothesis ĥ : X →
Y, e.g., delivered by an opaque deep net, is typically a highly non-linear func-
tion on a potentially high-dimensional feature space X . Explaining ĥ amounts
to describing its behavior locally, around a given data point, in a form that a
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human can comprehend (see Fig. 1). One form of explanation is a simple lo-

cal approximation of ĥ, such as the linear function fitted by local interpretable
model-agnostic explanations (LIME), which makes the contribution of each fea-
ture to the prediction explicit (Ribeiro et al., 2016). SHapley Additive exPla-
nations (SHAP) decomposes the prediction into additive feature contributions
based on Shapley values (Lundberg and Lee, 2017; Molnar, 2025). Another

form of explanation is a counterfactual: instead of approximating ĥ, it points
out changes of the features that change the value of ĥ, i.e., the prediction. A
counterfactual identifies the smallest such change, measured by a chosen metric
such as the Euclidean norm (Wachter et al., 2018). Concept activation vec-
tors (CAVs) probe internal representations of a trained hypothesis with linear
classifiers to test sensitivity to human-defined concepts (Kim et al., 2018).
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Figure 1: XAI as function approximation. The trained hypothesis ĥ (solid
curve) maps features to predictions. At a given data point x (filled dot), LIME
(dashed) constructs a local linear approximation. A counterfactual identifies
the closest point x′ (open circle), with respect to a chosen metric, at which the
prediction crosses a decision threshold

In a loan-approval setting, for example, LIME can indicate which applicant
features (income, credit history) contributed most to a rejection, while a coun-
terfactual can state the smallest change in those features that would lead to
approval.

These are post hoc methods: they treat the learned hypothesis as fixed
and construct the explanation afterwards, from a simpler hypothesis out of a
user-parseable hypothesis space (see Fig. 2).
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Figure 2: XAI by post hoc approximation. The learned hypothesis ĥ delivers
the prediction ĥ(x) for a data point with feature vector x. An explanation is
constructed from a simple hypothesis g, e.g., a linear map, that approximates
ĥ near x (cf. LIME)

Explanations are useful only if they match the background of the user: ex-
plainability is measured relative to a specific user (Colin et al., 2022; Jung and
Nardelli, 2020). Explanations can be local, concerning a single prediction, or
global, characterizing the learned hypothesis as a whole (Molnar, 2025). Instead
of constructing explanations post hoc, explainable empirical risk minimization
(EERM) builds the requirement of explainability into training itself, via a reg-
ularization term that favors hypotheses which are intrinsically explainable for a
specific user (Zhang et al., 2024).

A goal of XAI is to quantify the influence of features on the prediction of a
learned hypothesis, whether the feature is an input attribute of a data point or,
in the sense of mechanistic interpretability, a concept encoded internally, e.g.,
by the activations of an artificial neural network (ANN).
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