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Abstract— The increasing complexity of machine learning
models highlights the need for interpretability, especially in
critical domains requiring trust and transparency. Local In-
terpretable Model-agnostic Explanations (LIME) is a popular
eXplainable AI (XAI) method that provides localized, instance-
specific explanations using an interpretable surrogate model.
However, its effectiveness is limited by the lack of systematic
guidelines for tuning its hyperparameters. This paper addresses
this limitation by proposing Automatic LIME (AutoLIME),
a bi-level optimization framework to tune LIME’s kernel
width. Additionally, we introduce PieceWise Affine LIME (PWA-
LIME), a clustering-based extension of LIME for multi-instance
explanations, particularly useful for interpreting black-box
models of dynamical systems. Preliminary numerical results
validate the potential of these methods in explaining opaque
dynamical models.

Index Terms— XAI, LIME, PWA systems

I. INTRODUCTION

Machine learning has advanced significantly in the past
decade, with complex models like deep neural networks
achieving state-of-the-art performance across various do-
mains. However, their complexity raises concerns about in-
terpretability and trust. To address these issues, eXplainable
AI (XAI) methods have gained prominence in machine
learning for explaining specific predictions [1], and they
have started to catch the eye of the control community [2].
Nevertheless, these tools are not yet widely used when the
interest shifts from describing static phenomena to dynamic
systems, with only a few examples where tools from XAI
are borrowed to enhance the explainability of networks of
dynamical systems [3] and data-driven controllers [4].

Among available XAI approaches, Local Interpretable
Model-agnostic Explanations (LIME) [5] generates synthetic
data around an input instance, weights them using a prox-
imity measure, and fits an interpretable surrogate model to
approximate the black-box model’s local behavior. Despite
its utility, LIME faces limitations, particularly in selecting the
neighborhood for explanations. Indeed, broad neighborhoods
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result in unspecific explanations, while narrow ones lead to
instability due to insufficient data points, as discussed in [6].
Balancing locality and stability requires careful tuning of
LIME’s hyperparameters. Efforts to enhance LIME’s stability
and neighborhood selection include hierarchical clustering
and k-nearest neighbors [7], as well as autoencoder-based
sampling [8]. However, these methods still rely on approach-
specific hyperparameters, whose selection remains manual
and critical to achieving meaningful explanations. Another
limitation of LIME is its focus on single-instance explana-
tions. Extending LIME to provide multi-instance explana-
tions would enhance the understanding of how models ap-
proximate complex relationships, particularly when looking
at models of dynamical systems, where each instance can
represent an operating condition of the actual system.

In this paper, we address these challenges by proposing:

1) Automatic LIME (AutoLIME), a bi-level optimization
framework for systematically tuning LIME’s kernel
width, leveraging ideas from information theory and
kernel-weighted regression to balance between expla-
nation fidelity and robustness;

2) PieceWise Affine LIME (PWA-LIME), an extension of
LIME to multi-instance explanations via a clustering-
based approach.

The paper is organized as follows. Section II provides
an overview of LIME and its limitations, with an emphasis
on challenges related to neighborhood selection. Section III
introduces the AutoLIME bi-level framework for tuning
the kernel width. In Section IV, we present PWA-LIME,
our multi-instance extension to LIME. Section V validates
the proposed methods on a numerical case study on the
dynamical system considered in [9]. The paper is ended by
some concluding remarks.

Notation: N0, R, Rn and Rn×m denote the set of natu-
ral numbers (including zero), real numbers, real (column)
vectors with n columns and real matrices of dimensions
n × m, respectively. For a given positive definite matrix
A ∈ Rn×n, A− 1

2 denotes the inverse of its unique positive
definite square root. We denote with diag(a1, a2, . . . , an)
an n × n diagonal matrix with entries a1, . . . , an. For any
positive semidefinite matrix Q ∈ Rn×n, ∥v∥Q =

√
v⊤Qv

denotes the weighted norm of v by Q. Given a set A ⊆ Rn,
Ac indicates its complement and IA denotes the indicator
function associated with A. Given v ∈ Rn, we denote its
j-th component as [v]j , with j = 1, . . . , n and, with a slight
abuse of notation, we denote with Hδ(v) the sum of Huber
losses [10] of each component of v, i.e.,
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Hδ(v) =

n∑
j=1

Hδ([v]j),

Hδ([v]j) =

{
1
2 [v]

2
j , |[v]j | ≤ δ,

δ
(
|[v]j | − 1

2δ
)
, |[v]j | > δ,

(1)

where δ > 0 is a design parameter.

II. AN OVERVIEW OF LIME AND ITS LIMITATIONS

Let z ∈ Rn be a feature in input to a nonlinear, unknown
and yet accessible function fo : Rn → Rm, where accessi-
bility entails that we can observe the output y = fo(z).

Consider the general supervised learning problem of ap-
proximating such an unknown function with a finite set of
feature-output measurements {zdi , ydi }N

d

i=1. The solution to
this problem consists of selecting a (suitable) model class
F = {f : Rn → Rm} and learning a specific instance
ŷ = f(z) of it from the available data such that

ŷi = f(zdi ) ≈ ydi , ∀i = 1, . . . , Nd, (2)

i.e., the output ydi is accurately predicted for all samples.
Complex models, such as neural networks, are knowingly
capable of achieving high accuracy in approximating a wide
range of functions. However, attaining accuracy often entails
increasing the complexity of the model class. In turn, this
makes it harder to explain the model’s behavior, with the role
of each parameter becoming almost impossible to discern.

To allow for the interpretability of complex functions,
LIME [5] generates a post-hoc explanation of a single
instance of the feature z fed to the model f(·). Hence,
LIME focuses on providing local interpretability rather than
describing the global behavior through the following steps.

1) An N -long synthetic dataset DN centered around z
is generated, which contains both perturbed features
zi, i = 1, . . . , N , and the corresponding black-box
predictions ŷi = f(zi), namely DN = {zi, ŷi}Ni=1.

2) To enforce locality around the specific instance z, each
pair (zi, ŷi) ∈ DN is weighted based on its relevance in
describing the instance z. This relevance is quantified
by a proximity measure πz : Rn → R, which is
typically implemented as a kernel function.

3) By using these artificial data, the function f(·) is
explained locally by constructing a simple surrogate
model g : Rn → Rm, drawn from an inherently
interpretable model class G. This surrogate is learned
seeking for the “best” fit of the synthetic dataset
according to a loss L : Rm × Rm × R → R that
measures the accuracy of g(·) in explaining f(·) in
the neighborhood defined by πz(·). This ultimately
translates into the solution of the optimization problem

min
g∈G

N∑
i=1

L(f(zi), g(zi), πz(zi)) + Ω(g), (3)

where Ω(g) is a measure of the complexity of g, which
is used to favor simpler explanations, e.g., sparser
models.

This procedure implies the construction of an interpretable
surrogate model g(·) in the proximity of z, which requires
the definition of a neighborhood of such a feature instance.
The latter, in turn, depends on (i) how the synthetic dataset
DN has been constructed, and (ii) the selected proximity
measure πz(·). However, constructing DN and selecting
πz(·) is delicate and far from trivial. Indeed, if the defined
neighborhood is too broad, LIME produces non-specific
explanations. On the other hand, if it is too narrow, LIME
focuses only on a few data points, making the explanations
unstable, where stability is defined as follows.

Definition 1 (Algorithmic stability): An XAI method is
stable if repeated applications of the algorithm under the
same conditions, e.g., similar dataset distribution, result in
consistent explanations across each experiment. ■

Stability is a critical issue for LIME, as the random
sampling used to define the neighborhood of an instance
z may generate out-of-distribution points or ill-defined re-
gions when the proximity measure πz(·) is too restrictive.
To address this, several works propose improved sampling
strategies [7], [11], but these focus on dataset generation and
give little guidance on choosing πz(·).

Most proximity definitions rely either on trial-and-error
tuning [6] or on fixed distance-based weighting, which does
not ensure that all samples are informative for the surrogate
model. A few studies treat the problem more systematically.
For example, [12] jointly optimizes sample generation and
kernel hyperparameters to align distributions, but without
constraints on neighborhood size, the resulting explanations
risk being overly broad. Conversely, [13] adjusts kernel size
to maximize stability while enforcing a prescribed adherence
to the black-box function f(·). However, fixing this adher-
ence level enforces a rigid trade-off between local fidelity
and stability, preventing more flexible compromises.

III. AUTOMATIC LIME (AUTOLIME): BI-LEVEL
OPTIMIZATION FOR PROXIMITY MEASURE CALIBRATION

By focusing on kernels as proximity measures, we take
a different perspective on their calibration with respect to
the one in the literature. Indeed, while still aiming to attain
a trade-off between the accuracy of local explanations and
algorithmic stability as in [13], we propose to calibrate
the proximity measures to maximize the probability of the
surrogate model generating the true output subject to the
available data. This choice does not require fixing a priori
an adherence level, allowing the explainability algorithm to
directly select the “most suitable” trade-off value.

Let κ ≥ 0 define the width of the kernel πz and let
the class of surrogate models G be parameterized by some
parameters ξ ∈ Ξ. Then, the cost function in (3) can be recast
explicitly showing its dependence on κ as

J(κ, ξ,DN ) =

N∑
i=1

L(f(zi), g(zi; ξ), πz(zi;κ))+Ω(ξ), (4)

where ξ is the variable optimized by LIME and Ω : Ξ →
R is, e.g., a nuclear-norm regularization enforcing sparsity
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in the surrogate model [14]. To select the most suitable
kernel width, we draw inspiration from the literature on
kernel-weighted regression (see, e.g., [15], [16]) and cast the
selection of κ into the bi-level optimization problem

max
κ

M(κ, ξ∗(κ),DN ), (5a)

s.t. ξ∗(κ) ∈ argmin
ξ(κ)

J(κ, ξ(κ),DN ), (5b)

where the inner problem coincides with LIME and seeks
to find the optimal ξ for a given κ, whereas the outer
cost M(κ, ξ∗(κ),DN ) allows for the selection of the “best”
kernel width κ∗ given the optimal model parameters ξ∗.
Nonetheless, differently from the choices usually made in
kernel-weighted regression for the outer loss1 M(·), we
select it to achieve a trade-off between local accuracy of
explanation, which is maximized by narrow kernels, and
algorithmic stability, which is maximized by large kernels,
as discussed in [13]. We propose to achieve this trade-off by
solving a maximum likelihood estimation problem, i.e., we
select M(·) as

M(κ, ξ∗,DN ) = P{g(Z, ξ∗)=f(Z) |Z, ξ∗}, (6)

with Z = {zi : zi ∈ DN}, thus searching for the kernel
width maximizing the probability that the surrogate model
g(z; ξ) generates the true prediction f(z) given the dataset
DN and the optimal parameter ξ∗. By defining the surrogate
model’s residuals εi(κ) = f(zi)−g(zi; ξ

∗(κ)), i = 1, . . . , N ,
and denoting as ϕ(εi(κ)) the associated probability density
functions, i.e., ϕ(εi(κ)) = P{g(zi, ξ∗) = f(zi) | zi, ξ∗}, an
explicit expression for the outer cost in (6) can be found by
making an assumption about the structure of ϕ(εi(κ)), as
well as one on the surrogate model residuals.

Assumption 1 (i.i.d. residuals): The surrogate model
residuals εi are independent and identically distributed.
Indeed, under Assumption 1, maximizing the outer loss
M(κ, ξ∗(κ),DN ) corresponds to the maximization of

logP {g(Z, ξ∗(κ))=f(Z)|Z, ξ∗(κ)} =

N∑
i=1

log ϕ(εi(κ)).

While several possible choices can be made on the structure
of posterior ϕ(·) as well as on the surrogate class G and
of the proximity measure πz , we now focus our discussion
on choices for G, πz and ϕ(εi) to specifically provide
explanations for dynamical systems.

A. Bi-level optimization for dynamical systems

When selecting the surrogate model class G, one must
consider that its role is to provide an interpretable, yet
accurate, description of the black-box model f(z). Since in
this work we address the explanation of dynamical systems,
it is reasonable to select G following classical procedures
in control theory, where complex models are often locally
approximated with their Taylor expansions around an oper-
ating condition [18]. Following this rationale and defining

1M(·) is usually chosen as an information complexity criterion, e.g.,
Akaike information criterion, and then optimized through grid search [17].

the instance z ∈ Rn as a vector stacking the state x ∈ Rnx

and the input u ∈ Rnu of a dynamical system, we select the
class of surrogate models as the set of fully observable affine
time-invariant systems in state-space form

G=

{
g : g(z) = γ +Ax+Bu = ξ

[
1
z

]}
, z =

[
x
u

]
, (7)

where the LIME optimization parameter ξ =
[
γ A B

]
comprises all state-space parameters. This specific choice
of surrogate model is consistent with classical control ap-
proaches that simplify nonlinear systems with affine maps
[19]. Moreover, the assumption on full observability implies
that we have prior knowledge of the complexity of the sur-
rogate model, allowing us not to impose any regularization
on its structure, i.e., Ω(ξ) = 0 in (4).

To weigh the surrogate prediction errors in the cost func-
tion (4), we take as loss L(·) the squared L2-norm of the
residuals weighted by the proximity measure πz , namely

L(f(zi), g(zi; ξ), πz(zi)) = πz(zi)∥f(zi)− g(zi; ξ)∥2, (8)

thus searching for the surrogate that best fits the available
outputs in a mean square sense. Meanwhile, we focus on
Gaussian kernels [20] as proximity measure, namely

πz(zi) = exp
{
−κ

∥∥zi − z
∥∥2
σ−1

}
, (9)

where zi is a sample of the synthetic dataset DN and σ > 0
is the sample covariance of DN . Apart from the fact that
Gaussian proximity measures are often used both in LIME
[6], [11] and in kernel-weighted regression, our choice is
motivated by their simplicity and supported by the statement
in [16] indicating that the shape of the chosen kernel function
has a limited impact on accuracy.

Lastly, we define the outer cost function M(κ, ξ,DN ) as

M(κ, ξ,DN ) =

N∑
i=1

Hδ (ε̃i) , (10)

with Hδ(·) defined as in (1) and ε̃i is the i-th normal-
ized surrogate model’s residual, i.e., ε̃i = Λ− 1

2 εi, with
Λ being the sample residual error covariance defined as
Λ = 1

N

∑N
i=1 εiε

⊤
i .

Using the Huber loss as the outer cost enhances the ro-
bustness of the optimization. For small normalized residuals
it behaves like the L2-norm, ensuring smooth convergence,
while for large residuals it transitions to the L1-norm, reduc-
ing sensitivity to outliers. Normalizing residuals further shifts
the penalty from error magnitude to the frequency of non-
negligible relative errors, aligning with the objective of the
outer layer in the bi-level problem (5). This prevents LIME
from selecting excessively small kernels, which overfit the
synthetic dataset, or overly large ones, which yield generic
explanations with frequent small errors.

The choice of the Huber loss also complies with (6).
Indeed, by selecting (10) we make the implicit assumption
that the residuals’ distribution ϕ(εi) follow a zero-mean
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Samples generation Black-box model Clustering Explaining

PWA-LIME

Multi-local
explanationszi f (zi)

Fig. 1: Block scheme of the explanation process of PWA-LIME.

Huber density function2

hδ(ε̃i)∝exp

{
−1

2
ε̃2i

}
I[−δ,δ] + exp

{
−δ|ε̃i|+

1

2
δ2
}
I[−δ,δ]c

= exp {−Hδ(ε̃i)} , i = 1, . . . , N, (11)

where Hδ(·) is defined as in (1). Accordingly, it holds that

P{g(Z, ξ)=f(Z)|Z, ξ} ∝
N∑
i=1

Hδ (ε̃i) , (12)

whose right-handside can be taken as outer cost function
M(κ, ξ,DN ). Based on these choices, the AutoLIME bi-
level optimization problem thus becomes

min
κ

N∑
i=1

Hδ

(
Λ− 1

2

(
f(zi)− ξ

[
1
zi

]))
,

s.t. ξ∗(κ) ∈ argmin
ξ(κ)

J(κ, ξ,DN ),

(7), (8), (9), Ω(ξ) = 0.

(13)

Remark 1 (On the robustness of the Huber loss): As the
Huber density in (11) follows a normal distribution inside
[−δ, δ], δ can be selected to tune the robustness of the
algorithm. For example, if δ = 1, roughly 68% of data
(one standard deviation) is weighted by the L2-norm. The
remaining 32% is robustified against outliers by the L1-norm.

IV. PWA-LIME: A CLUSTERING-BASED APPROACH FOR
MULTI-INSTANCE EXPLANATIONS

From a control-theoretic perspective, LIME has remark-
able similarities with system identification and model order
reduction, as both strive to find the best fit for a complex
system within a model class of reduced complexity [21].
However, unlike these approaches, LIME looks at explaining
the behavior of a black-box model only in the proximity
of the instance z rather than providing global explanations.
This feature ultimately limits the applicability of LIME when
considering models for dynamical systems.

To address this limitation, we introduce PieceWise Affine
LIME (PWA-LIME), which gives insights into multiple
instances of the black-box model at once. The key idea of
PWA-LIME is to divide the explanation process into two
steps, as schematized in Figure 1:

2The zero-mean Huber density function is defined as the mixture of a
normal distribution N (0, I) truncated to the interval [−δ, δ] and a Laplace
distribution with scale δ truncated to [−δ, δ]c.

Parameter T m g l J τ Km

Value 0.005 0.07 9.81 0.042 2.2·10−4 0.6 15.3
Unit [s] [kg] [m/s2] [m] [kg m2] [-] [-]

TABLE I: Parameters of the unbalanced disk.

1) divide the (large) synthetic dataset DN into η clusters,
hence automatically defining the instance of interest as
the centroid of the cluster;

2) explain each centroid by solving (5), thus providing
multiple explanations at different locations.

Note that, since the number of clusters η remains a user-
chosen hyperparameter, PWA-LIME produces multi-local
explanations rather than global ones. At the same time, it
allows for a further level of interpretability of the black-box
opaque model with respect to conventional LIME.

To partition the synthetic dataset, PWA-LIME relies on
the piecewise affine (PWA) regression algorithm proposed
in [19, Algorithm 1]. Hence, synthetic data are iteratively
clustered based on (i) the proximity of zi, for i = 1, . . . , N ,
to sequentially refined centroids in the input instance space,
and (ii) the prediction accuracy of a local, affine model
associated to each centroid. During clustering, these affine
models are also iteratively refined.

Remark 2 (LIME and multi-local explainations): PWA-
LIME is not the first extension of LIME to multiple
explanations. For instance, [22] proposed to generate
explanations for each synthetic sample and merge similar
ones to globally characterize the opaque function. In
contrast, PWA-LIME utilizes the surrogate model’s structure
during clustering, directly yielding meaningful explanations
without post-hoc operations.

Remark 3 (PWA regression beyond clustering): When
considering the surrogate model class G in (7), the PWA
algorithm in [19, Algorithm 1] retrieves a model within
G describing the average intra-cluster behavior. Without a
proximity measure, all samples within a cluster are weighted
equally to build the local surrogate models. This information
can be compared with LIME’s local explanation for each
cluster to gain insights into the quality of the opaque
function’s explanations, as discussed in Section V-B.

V. A BENCHMARK DYNAMICAL CASE STUDY: THE
UNBALANCED DISK

To provide a preliminary validation of our approaches, we
take as an illustrative example the unbalanced disk system
considered, among others, in [9]. The “true” discretized
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(a) First scenario.

(b) Second scenario.

Fig. 2: Explanation of the relationship between θ(t) and
ω̂(t+ 1) over two experiments.

dynamics of the system is given by the difference equations:

θ(t+ 1) = θ(t) + Tω(t),

ω(t+ 1) = T
mgl

J
sin(θ(t)) +

(
1− T

τ

)
ω(t) + T

Km

τ
u(t),

(14)
where θ(t) [rad] and ω(t) [rad/s] are the angular position and
speed of the disk at time t ∈ N0, respectively, u(t) [V] is
the input voltage to the disk, while the system’s parameters
are reported in Table I. Under the assumption that (14) is
unknown, we model the unbalanced disk via a feedforward
neural network with tanh activation functions and 3 hidden
layers, having 4, 8, and 4 neurons, respectively. This neural
network represents the black-box opaque function ŷ = f(z),
where ŷ = [θ̂(t + 1) ω̂(t + 1)]⊤ is the one-step-ahead
prediction of both the angular position and velocity, and
z = [θ(t) ω(t) u(t)]⊤. To this end, the surrogate model
we learn with LIME belongs to the class of fully observable,
affine, state-space models.

A. Optimizing the kernel width with AutoLIME

Setting δ = 1 in (13), we first assess the effectiveness
of AutoLIME in calibrating the kernel width κ. To do so,
we compare the explanations resulting from the surrogate
model with κ solving (13) with those obtained with two
constant kernel widths: κ = 0, which equally weights each
sample of the synthetic dataset; κ = 1, leading to a standard,
non-optimized Gaussian kernel (9). Such a comparison is
performed over two different synthetic dataset distributions
DN and instances to be explained.

In the first scenario, we explain the neural network at
instance z = [π 0 0]⊤ by drawing N = 1000 samples
from N (z, σ2) with σ = diag(0.5, 5, 2). As shown in
Figure 2a, this choice represents an almost linear region

Fig. 3: PWA-LIME explanation of the angular speed dynam-
ics (solid black) with 5 clusters. The shaded areas represent
the angular position data distribution within each cluster.

of the neural network function, suggesting that an optimal
algorithm should select a small κ∗ for a large neighborhood,
ensuring both adherence and explanation stability. In the
second scenario, we explain z = [π/2 0 0]⊤ using a wider
distribution, with N = 1000 samples from N (z, σ2) and
σ = diag(1, 10, 4). Figure 2b shows this instance lies in a
highly nonlinear region, requiring a smaller neighborhood
and higher κ values for effective explanation.

In the first scenario, the bi-level optimization yields κ∗ =
0.256, which defines a larger neighborhood compared to
κ = 1, i.e., a more stable explanation, without losing local
adherence. In the second scenario, AutoLIME aligns again
with the expectations for the more complex nonlinear case. In
particular, to achieve a higher accuracy compared to κ = 1,
AutoLIME sets the optimal kernel width to κ∗ = 3.377, thus
defining a narrower neighborhood. These results show that
the proposed optimization effectively tailors the kernel size
to the synthetic dataset’s explanatory capability.

Remark 4: To analyze the effectiveness of XAI methods
in explaining time series, [23] introduced the perturbation
analysis framework, which relies on the premise that the
feature space of each instance z is large and only a small
portion of the feature space is relevant for an explanation.
However, this assumption does not hold for AutoLIME. In-
deed, the instance z stacks the state and input of a dynamical
system, and, therefore, already defines a small (and possibly
minimal) description of the opaque model.

B. Multiple explanations with PWA-LIME

Since the unbalanced disk is a dynamical system, multi-
instance explanations of its black-box model are particularly
useful for analysis and control. We demonstrate this with
PWA-LIME.

A synthetic dataset of N = 2000 samples is generated
from a uniform distribution over [−π

2 ,
5π
2 ] × [−0.5, 0.5] ×

[−0.5, 0.5], focusing on the relation between θ(t) and ω̂(t+
1). With η = 5 clusters, PWA regression clustering and the
bilevel optimization (5) (with δ = 1) yield the results in
Figure 3, where PWA-LIME captures dominant trends and
provides accurate local approximations.

Reducing to η = 2 clusters highlights the limitations
of centroid-based surrogates [19]. As shown in Figure 4a,
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(a) Offset (blue cluster).

(b) Different slopes (green cluster).

Fig. 4: Examples of cluster explanations obtained by com-
paring the PWA-LIME surrogate model (dash-dotted lines)
with the result of [19, Algorithm 1] (dotted lines).

nonlinearities produce a mismatch between PWA regression
(average behavior) and PWA-LIME (local explanations). The
discrepancy stems from the shift between the function’s
center of mass and the cluster centroid, while slopes remain
aligned.

Two observations follow. Offsets reveal information on
the distribution of the function around the centroid—for
instance, in the blue cluster of Figure 4a, the centroid lies at
a minimum, shifting the center of mass upward. Moreover,
slope similarity indicates local symmetry and limited influ-
ence of excluded points (e.g., magenta cluster in Figure 4a,
blue cluster in Figure 4b). In contrast, slope differences, as
in the green cluster of Figure 4b, signal centroids aligned
with inflection points. These mismatches provide structural
insights into the black-box model within each cluster.

VI. CONCLUSIONS

In this paper, we addressed a key limitation of LIME
by formulating a bi-level optimization problem to tune the
hyperparameter of its kernel-based proximity measure sys-
tematically. Preliminary numerical results demonstrate that
AutoLIME seeks a trade-off between accuracy of explanation
and algorithmic stability. Additionally, we propose Piece-
Wise Affine LIME (PWA-LIME), a novel extension enabling
multi-instance explanations. Numerical analysis highlights its
ability to provide insights into the local nonlinearity of the
interpreted black-box model.

Future work will include the integration of temporal
information into PWA-LIME for sequential and time-series
data. In this direction, possible extensions include selecting
different surrogate classes G, e.g., ARX models.
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