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Abstract

The growing complexity of Al systems has inten-
sified the need for transparency through Explain-
able Al (XAI). Counterfactual explanations (CFs)
offer actionable "what-if" scenarios on three lev-
els: Local CFs providing instance-specific insights,
Global CFs addressing broader trends, and Group-
wise CFs (GWCFs) striking a balance and reveal-
ing patterns within cohesive groups. Despite the
availability of methods for each granularity level,
the field lacks a unified method that integrates these
complementary approaches. We address this limi-
tation by proposing a gradient-based optimization
method for differentiable models that generates Lo-
cal, Global, and Group-wise Counterfactual Expla-
nations in a unified manner. We especially enhance
GWCEF generation by combining instance group-
ing and counterfactual generation into a single effi-
cient process, replacing traditional two-step meth-
ods. Moreover, to ensure trustworthiness, we in-
novatively introduce the integration of plausibility
criteria into the GWCF domain, making explana-
tions both valid and realistic. Our results demon-
strate the method’s effectiveness in balancing va-
lidity, proximity, and plausibility while optimizing
group granularity, with practical utility validated
through practical use cases.

1 Introduction

The increasing complexity of Al systems has fueled regula-
tory and societal demands for transparency, a need addressed
by Explainable AI (XAI) [Goodman and Flaxman, 2017
Wachter et al., 2017; Adadi and Berrada, 2018; Samek and
Miiller, 2019]. Among XAI techniques, counterfactual ex-
planations (CFs) are particularly valuable for providing ac-
tionable "what-if" scenarios that specify how input feature
changes can alter model predictions [Wachter et al., 2017].
For example, a CF could show a loan applicant the precise
changes needed for loan approval, offering actionable feed-

back crucial in many fields [Guidotti, 2022].!

Counterfactual explanations can be generated at three dis-
tinct levels of granularity. The most popular Local CFs offer
tailored guidance for individual instances but miss broader
patterns [Fragkathoulas et al., 2024; Carrizosa et al., 2024].
Global CFs provide high-level summaries for entire datasets
but lack individual specificity [Ramamurthy et al., 2020;
Plumb et al., 2020].- Bridging this gap, group-wise coun-
terfactual explanations (GWCFs) explain cohesive data sub-
sets, revealing shared patterns while maintaining actionable
insights, which is crucial for policy-making in sensitive do-
mains [Carrizosa et al., 2024; Kanamori et al., 2022; Warren
et al., 2024]. A detailed comparison of these approaches is
illustrated in Figure 1 and discussed in Appendix A.

Despite their promise, existing GWCF methods face sig-
nificant challenges. Most rely on a two-step process of
first clustering data and then generating CFs (or vice versa),
which is inefficient and dependent on clustering parame-
terization [Kavouras et al., 2024; Artelt and Gregoriades,
2024]. Furthermore, ensuring the plausibility of CFs—that
is, their alignment with the data distribution and real-world
constraints—remains a key challenge, as unrealistic explana-
tions undermine trust and actionability [Artelt and Hammer,
2020].

To address these challenges, we propose a unified frame-
work for generating local, group-wise, and global counter-
factuals, as illustrated in Figure 1. Our end-to-end, gradient-
based method simultaneously optimizes instance grouping
and counterfactual generation, eliminating the inefficient
two-step process common in prior work. It can dynamically
generate explanations for a varying number of groups, auto-
matically balancing a number through regularization. By for-
mulating this as a single optimization problem, our method
efficiently produces CFs at any desired granularity. Cru-
cially, we introduce a probabilistic plausibility criterion, us-
ing normalizing flows for density estimation [Rezende and
Mohamed, 2015], to ensure that explanations are not only
valid but also realistic and actionable.

In summary, our key contributions are:

* A novel unified approach for generating CFs at local,

'An extended version of this paper with the full appendices is
available at https://arxiv.org/abs/2405.17642.
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(a) Global CFs

(b) Group-wise CFs

(c) Local CFs

Figure 1: The figure illustrates three types of explanations generated by our approach: (a) global CFs, identifying a single direction of change
applicable to the entire dataset; (b) group-wise CFs, providing vectors of change for specific groups, distinguished by colors (red, blue); and
(c) local counterfactual explanations, offering instance-specific shift vectors, minimal changes required to modify individual predictions.

Decision boundary (green line) and density threshold contours.

group-wise, and global levels, dynamically adapting to
user needs and automatically balancing groups diversity
and granularity, leveraging gradient-based optimization.

e A significant advancement in GWCFs generation
through end-to-end optimization that unifies group dis-
covery and counterfactual generation while introducing
probabilistic plausibility constraints in this domain.

* An experimental evaluation and real-world use case
analysis demonstrating our approach’s performance,
providing the effective balance between validity, prox-
imity, plausibility, and the number of shifting vectors.

2 Related Works

Local Counterfactual Explanations. Local CFs identify
minimal feature changes to alter a model’s prediction for a
single instance [Wachter et al., 2017]. While early methods
were often heuristic-based, subsequent work has introduced
more sophisticated techniques, including gradient-based op-
timization, generative models, and contrastive explanations,
to improve CF quality and diversity [Dhurandhar et al., 2018;
Russell, 2019; Kanamori et al., 2020; Mothilal et al., 2020;
Guidotti, 2022]. However, ensuring the plausibility and ac-
tionability of these explanations remains an ongoing chal-
lenge [Keane et al., 20211

Global and Group-wise Counterfactual Explanations.
Global and group-wise CFs extend explanations beyond
single instances to entire datasets or cohesive subgroups.
Global approaches seek a single or a few explanations for
all instances, using techniques like feature space transla-
tions [Plumb er al., 20201, actionable rule sets [Rawal and
Lakkaraju, 2020; Ley et al., 2022], or scalable vector-based
methods [Ley er al., 2023]. Group-wise methods provide
more granular insights. Some approaches partition the input
space using tree structures to assign collective actions [Ra-
mamurthy et al., 2020; Kanamori et al., 2022; Bewley et al.,
2024]. Others follow a two-step process, first generating lo-
cal CFs and then clustering them to find group-level explana-
tions [Kavouras et al., 2024; Artelt and Gregoriades, 2024].

These two-step methods, however, can be inefficient and sen-
sitive to clustering parameters.

Plausible Counterfactual Explanations. Plausibility en-
sures that a CF resides in a high-density region of the data
manifold, making it realistic and trustworthy. Various tech-
niques have been proposed to enforce this, such as imposing
density constraints using Gaussian Mixture Models [Artelt
and Hammer, 2020] or normalizing flows [Wielopolski er al.,
2024]. Other approaches leverage causal constraints [Ma-
hajan et al., 2019] or generative models like VAEs to learn
the data manifold and generate plausible CFs from it [Pawel-
czyk et al., 2020]. A comprehensive survey by [Karimi et al.,
2022] details the challenges and opportunities in this area.

3 Background

Counterfactual Explanations. Following [Wachter et al.,
20171, a local counterfactual explanation finds a new instance
x' € RP for an original instance xo € R” such that the
prediction of a model A changes to a desired class ¥/, i.e.,
h(x’) = /. The instance x’ is typically found by solving the
optimization problem:

arg min_ d(xg,x') + X - £(h(x),y). ()

x’'€R

The function £(-, -) refers to a loss function tailored for clas-
sification tasks such as the 0-1 loss or cross-entropy. On the
other hand, d(-,-) quantifies the distance between the origi-
nal input xg and its counterfactual counterpart x’, employing
metrics like the L1 (Manhattan) or L2 (Euclidean) distances
to evaluate the deviation. The parameter A > 0 plays a piv-
otal role in regulating the trade-off, ensuring that the counter-
factual explanation remains sufficiently close to the original
instance while altering the prediction outcome as intended.

Plausible Counterfactual Explanations. To ensure real-
ism, [Artelt and Hammer, 2020] introduced a plausibility con-
straint, requiring the counterfactual x’ to lie in a high-density
region of the data distribution p(x|y’) for the target class. The
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optimization problem becomes:
arg min d(xg,x’) + A - {(h(x'),1) (2a)
x’'€RP

s.t. d <p'|y), (2b)

where p(x’|y") denotes conditional probability of the coun-
terfactual explanation x’ under desired target class value ¢’
and 0 represents the density threshold.

Global and Group-wise Counterfactual Explanations.
Global and group-wise explanations extend the local concept
by applying a shared change vector d to a set of instances.
For a global explanation, a single vector d is applied to all
instances. For group-wise explanations, different vectors are
found for different subgroups of the data. The counterfactual
for an instance X is then generated by a simple update:

x' =x0+d, 3

where d is the shift vector of size D, which remains invariant
across all observations within the same class or group.

In contrast to the standard formulation, GLOBE-CE [Ley
et al., 2023] introduces a scaling factor, k, specific to each
observation, allowing for individual adjustments to the mag-
nitude of the shift:

x =xo+k-d. 4)

4 Method

4.1 Global Counterfactual Explanations

The base problem of global counterfactual explanation as-
sumes finding the global shifting vector d of size D. In order
to solve that problem using optimization techniques, we can
define the problem in the following way:

arg mc}n d%(Xo, X") + X-£9(h(X"),4), (5)

where Xy = [x1,0,. .- ,xLN]T represents the matrix storing
the initial input N examples, X' = [x1 0+d;..., X1~ +d]T
represent the extracted conterfactuals, after shifting the in-
put examples with vector d. Formally, X' = X, + D,
where D = 1y - dT and 1y represents N-dimesional
vector containing ones. We define-a global distance as
d%(Xo,X’) = ij:l d(xy,05%,,), and global classification
loss as an aggregation of the components: (% (h(X'),y') =
S UB(x,).y).

Extracting a single direction vector d can be inefficient
due to the dispersed initial positions X and, as discussed
by [Kanamori et al., 2022], it strictly depends on the farthest
observation. Therefore, following the GLOBE-CE [Ley et
al., 2023], we incorporate additional magnitude components
and represent the counterfactuals as:

' =X + KD, ©)
where K is the diagonal matrix of magnitudes, i.e., K =
diag(exp(k1),...,exp(kn)). The exponential parametriza-

tion ensures non-negative values of magnitudes. This formu-
lation extends the classical vector-based update rule given by
eq. (4) to the matrix notation. In order to extract the coun-
terfactuals, we simply include X in eq. (5) and optimize K
together with d.

4.2 Group-wise Counterfactual Explanations

Incorporating magnitude components into the global counter-
factual problem enhances the shifting options during counter-
factual calculation, yet the direction remains uniform across
all observations. To address this, we propose a novel method
that automatically identifies groups represented by local shift-
ing vectors with varying magnitudes. This approach restricts
the number of desired shifting components to these identified
groups. The formula for extracting group-wise counterfactu-
als is defined as:

Xew = X0+ KSDgw, @)

where Dy is a matrix of size K x D, K is the number
of base shifting vectors and D is the dimesionality of the
data. S is a sparse selection matrix of size N x K, where
Sn,k € {0,1} and Zle sn,k = 1 for each of the considered
rows. Practically, the operation selects one of the base shift-
ing vectors d, where D = [dy;...,dx]T, scaled by compo-
nents k,, located on diagonal of matrix K. We aim to optimize
the selection matrix S together with base vectors Dgyy and
magnitude components K using the gradient-based approach.
Optimizing binary S directly is challenging due to the type of
data and the given constraints. Therefore, we replace the S
with the probability matrix P, where the rows p,,  represent
the values of Sparsemax [Martins and Astudillo, 2016] acti-
vation function:

Pn.e = argmin ||p — by|?, (8)
PEA

where A = {p € RX : 1Tp = 1,p > 0k} and b, , is
n-th.row of B, which is the real-valued auxiliary matrix that
is‘used to model rows of S as one-hot binary vectors. Prac-
tically, each row of the matrix P represents a multinomial
distribution, and matrix B is optimized in the gradient-based
framework. Sparsemax projects each row of B onto the prob-
ability simplex with exact zeros, yielding effectively one-hot
rows; together with ¢ this produces near-perfect binary as-
signments (see coverage in Tables 1-3).

The objective for extracting group-wise counterfactuals is
as follows:

d%(Xo, Xew) + A L9 (h(Xw), v')+
+ As Ls(B) + A - £(B),

arg min
,B,.Daw

9
where ¢,(B) and ¢ (B) are entropy-based regularizers ap-
plied to preserve sparsity of matrix P, and A; and \j are
regularization hyperparameters. The regularizer {5(B) is en-
couraging assignment to one group for each of the raw vectors
Pn,e, Where N log K is responsible for the term normaliza-
tion:

1 N K
ts(B) = *WZZIMJ@ logpn k. (10)
n=1k=1
The second regularization component is responsible for re-
ducing the number of groups extracted during counterfactual
optimization. We compute the normalized column-wise en-

tropy:
K

1
> pi - log p, (11)

‘gk(B) = _IOgK ~




PRELIMINARY PREPRINT VERSION - DO NOT CITE
This is not the version of record. The final version will appear in the Proceedings of JCAI-ECAI 2026.

25:1 Pk,n
Zszl Z'r]:]:l Pk,n

The problem formulation provided by eq. (7) and (9) repre-
sents the unified framework for counterfactual explanations.
If the number of base shifting vectors in matrix D gy is equal
to the number of examples (K = N), S = K = I, and
A = Ag = 0, the problem statements refer to standard for-
mulation of local explanations. In the case where Doy = D,
S =K =1, and \; = A\ = 0, the statement pertains to stan-
dard global counterfactual explanations. When K # 1, it is
equivalent to the formulation given in Eq. 6, i.e., GCFs with
magnitude. In other cases (1 < K < N), the problem is
formulated as a group-wise explanation case. In this setting,
Ar > 0 influences the number of groups: the higher A\, the
fewer groups are formed. This latter configuration will be our
primary focus for GWCFs.

where p;, =

4.3 Plausible Counterfactual Explanations at All
Levels

The plausibility is an important aspect of generating relevant
counterfactuals. In this paper, we focus on density-based
problem formulation, where the extracted example should
satisfy the condition of preserving the density function value
on a given threshold level (see eq. (2b)): § < p(x'|y’). More-
over, we utilize a specific form of classification loss that en-
ables a balance between the plausibility and validity of the
extracted examples.
The general criterion for extracting plausible group-wise
counterfactuals can be formulated as follows:
arg min  d%(Xo, Xaw) + A 4 (h(Xaw), y')+
+ X Lp(XGw, y') + As - £(B) + Ag - Le(B),
(12)
where the loss component ¢,(X{y,,y’) controls proba-
bilistic plausibility constraint (0 < p(x'|y’)) and is defined
as:

N
0 (Xoyy') = Y- max(6 = p(xw4ly').0). (13)
n=1

where Xy, ,, is n-th counterfactual example stored in rows of

Xew = [Xgwa»- - Xgw.n] " and é is the density threshold
defined by the user depending on the desired level of plausi-
bility.

Various approaches, like Kernel Density Estimation (KDE)
or Gaussian Mixture Model (GMM) can be used to model
conditional density function p(xgyy,,|y’). In this work, we
follow [Wielopolski et al., 2024] and use a conditional nor-
malizing flow model [Rezende and Mohamed, 2015] to es-
timate the density. Compared to standard methods, like
KDE or GMM, normalizing flows do not assume a particu-
lar parametrized form of density function and can be succes-
sively applied for high-dimensional data. Compared to other
generative models, normalizing flows enable the calculation
of density function directly using the change of variable for-
mula and can be trained via direct negative log-likelihood
(NLL) optimization. To ensure usability across datasets of
varying dimensionality, we convert log-likelihood values to
bits per dimension (BPD) [Papamakarios et al., 2017]:

1
BPD(x'|y’) = - log p(x[y") - log, e. (14)

A detailed description of how to model and train normalizing
flows is provided in Appendix B. Having the trained discrim-
inative model pq(y'[xgy,,) and generative normalizing flow
P(XGyw . |y') the set of conterfacuals Xy is estimated using
a standard gradient-based approach.

4.4 Validity Loss Component

The application of the cross-entropy classification loss
(WX ), y') in eq. (12) constantly encourages 100%
confidence of the discriminative model, which may have
some negative impact on balancing other components in ag-
gregated loss. In order to eliminate this limitation, we replace
08 (WX ), y') with validity loss based on [Wielopolski et
al., 2024]:

t(h(Xew),y') =

N
/ Hot 1s)
Z max(ma)/(pd(y‘xGW,n) +€e— pd(y |XGW,7L)7 O) .
ot y#y
This enforces that pa(y'[XGyy) will be higher than the
most probable class among the remaining classes by the e
margin. Using our criterion, the model can focus more on
producing closer and more plausible counterfactuals.

4.5 Group Diversity Regularization

During optimization, the algorithm may converge towards
similar groups. To ensure diversity among the base shifting
vectors in Dy, we introduce a determinant-based regular-
ization term that maximizes the volume they span, promoting
distinct groups of counterfactual explanations. The penalty is
defined as:

ta(Daw) =1 — det(Dgw D&y + €I), (16)

where ¢ = 107° ensures numerical stability. The rows of
Dgw are normalized to unit vectors. This yields £4 € [0, 1].

The optimization objective from Eq. (12) is updated to in-
clude the diversity term:

arg_min  d(Xo,XGw) + A Lo(h(Xew), v')+

K,B,Dgw
+ A 'EP(X/GWJJI)"')\S ~€3(B)—|— an
+ Ak - Lk(B) + Xa - La(Daw),

Using normalized regularization terms mitigates scale dif-
ferences across datasets, thereby simplifying hyperparameter
calibration without requiring dataset-specific tuning.

The six terms in Eq. (17) use controllable (not tuned) hy-
perparameters. We initialize with K = N base shifting vec-
tors and assign the highest weight, A = 10°, to emphasize va-
lidity. For plausibility, group sparsity, and number-of-groups
regularization, we use equal weights \, = Ay = A\, = 10%,
reflecting their comparable importance in balancing realistic
counterfactuals with group number. Finally, to ensure diver-
sity among the group shifting vectors while allowing other
constraints to dominate, we set A; = 10'. Furthermore, we
used the first quartile of the probabilities of the observed train
set as the probability threshold 4. Appendix I (I.1 Key Find-
ings, 1.2 Critical Trade-offs) provides a comprehensive abla-
tion isolating each term (E1-ES5), adding them incrementally
(E6-E9), and testing alternative weightings (E10-E14), con-
firming that the chosen values are robust controls rather than
dataset-specific tunings.
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Dataset ‘ Method ‘ Valid.t L2 IsoF. 1
GLOBE-CE 0.9940.01 0.25+0.04 —0.06+0.03
Blobs GLANCE 1.00+0.00 0.424+0.01 0.01+0.00
OUR 1.00+0.00 0.484+0.01 0.03+0.00
GLOBE-CE 0.00+0.00 - -
Digits GLANCE 0.30+0.07 11.20+0.70 0.09+£0.01
OUR 1.00+0.00 17.10+0.54 0.10£0.00
GLOBE-CE | 1.00+0.00 0.524+0.03 0.03+0.01
Heloc GLANCE 0.97+0.01 0.68+0.07 —0.01+0.02
OUR 1.00+0.00 0.36+0.02 0.06+0.00
GLOBE-CE | 1.00+0.00 0.22+0.02 0.01+0.01
Law GLANCE 0.974+0.00 0.454+0.02 —0.04+0.01
OUR 1.00£0.00 0.384+0.01 0.01+0.00
GLOBE-CE | 1.00£0.00 0.30+0.03 —0.06+0.01
Moons GLANCE 0.68+0.05 0.39+0.02 —0.02+0.01
OUR 0.91+0.12 0.45+0.04 —0.01+0.01
GLOBE-CE | 1.00+0.00 0.73+0.20 0.04+0.02
Wine GLANCE 0.57+0.17 0.46+0.07 0.06+0.01
OUR 1.00+0.00 0.73+0.07 0.06+0.01

Table 1: Comparative analysis: Global Methods.

S Experiments

In this section, we evaluate the performance of our method
in global, group-wise, and local configurations using vari-
ous datasets and metrics. The experiments benchmark our
approach against state-of-the-art methods, highlighting its
strengths and providing insights into its unified capabilities.
To further illustrate the practical value of our method, we an-
alyze the created groups in two use cases, demonstrating its
ability to generate actionable and interpretable insights. The
code for these experiments is publicly available on GitHub?.
Detailed results and additional evaluations are provided in
Appendix J.

5.1 Comparative Experiments

Datasets. We conducted experiments on six datasets that
cover diverse domains and challenges and are frequently used
as benchmarks in the counterfactual explanation literature.
The datasets include: three for tabular data binary classi-
fication (Law, HELOC, Moons); two for tabular data mul-
ticlass classification (Blobs, Wine); and one image dataset
with multiple classes (Digits). The sizes of these datasets
range from 178 samples (Wine) to 10,459 samples (HELOC),
while feature dimensionality spans from 2 features (Moons,
Blobs) to 64 features (Digits), ensuring robustness across dif-
ferent scales and complexities. Detailed descriptions of these
datasets are available in Appendix E.1.

Classification Models. For classification models, we
trained a 2-layer Multilayer Perceptron (MLP) to test non-
linear deep neural network configurations. For complete-
ness, we provide additional comparative results using the LR
model in Appendix J.4. Detailed descriptions of both model
architectures are provided in Appendix E.2.

Metrics. We evaluated counterfactual explanations using
three key metrics: Validity, which measures the success of
CFs in altering the model’s predictions; Proximity, calculated
as the L2 distance between the original instance and the CFs;

“https://github.com/genwro-ai/unified_cfs

Data | Method |  Grp | Val. L2} IsoF. 1
EA 3.60 | 1.00+0.00 1.00+0.00  —0.16+0.00

Blobs | GLANCE 2.00 | 0.96+0.03 0.56+£0.02  —0.10+0.01
TCREx 2.40 | 1.00+0.00  0.01+0.00 0.02:0.00

OUR 1.60 | 1.00£0.00 0.46+£0.01  0.03+0.00

EA 4.00 | 0.0040.00 - -

Digits | GLANCE 4.00 | 1.00+0.00 2.00+£0.18  —0.08+0.01
€ TCREx 91.00 | 1.00£0.00  0.1530.06 0.09+0.00
OUR 2.80 | 1.00+0.00  16.40+1.30  0.10+0.00

EA 4.60 | 1.00+0.00 1.90+0.09  —0.02+0.03

Heloe | GLANCE | 10.00 | 0.95+0.01 1.0040.07  —0.01£0.01
TCREx 27.00 | 0.94+0.07  0.07+0.05  0.05+0.00

OUR 17.00 | 1.0040.00 0.4840.06 0.02+0.01

EA 4.40 | 1.00+0.00 1.10+0.07  —0.124+0.01

Law GLANCE 2.00 | 0.9540.03 0.53+£0.05  —0.05+0.02
TCREx 5.00 | 0.79+0.29  0.11+0.09 0.03+0.00

OUR 4.40 | 1.00+0.00 0.36+£0.02  0.04+0.01

EA 5.20 | 1.00+0.00 1.0040.00  —0.1440.01

Moons | GLANCE 3.00 | 0.8440.14 0.53+£0.03  —0.02+0.02
® | TCREx 6.00 | 0.83+0.15  0.10+0.05 0.0040.01
OUR 11.00 | 1.00+0.00 0.464+0.04  0.02:+0.00

EA 1.00 | 1.0040.00 1.40+£0.26 ~ —0.0340.03

Wine GLANCE 2.00 | 0.8440.10 0.7040.09 0.0540.01
TCREx 15.00 | 1.00£0.00. 0.09+0.15 0.0540.01

OUR 1.00 | 1.0040.00 0.81£0.07  0.07+0.01

Table 2: Comparative analysis: Group-Wise Methods.

Plausibility, assessed through the Isolation Forest metric [Liu
et al., 2012] to evaluate whether the CFs are realistic with re-
spect to the target class distribution. The extended evaluation
within more metrics is available in Appendix J.4. For meth-
ods that produce CFs via tree structures, we calculate these
metrics by first applying each instance leaf-specific action to
generate its counterfactual, then evaluating the metrics indi-
vidually before aggregating across the dataset.

Baselines. We benchmarked our method against various ap-
proaches across local, global, and group-wise configurations
to ensure a comprehensive comparison of effectiveness and
applicability at different levels of explanation. For the global
configuration, we compared against GLOBE-CE [Ley et al.,
2023] and GLANCE [Kavouras et al., 2024] in its global
option (with only one group), as these represent state-of-
the-art global CF methods, providing robust baselines for
evaluating global coherence and plausibility. For group-
wise counterfactual explanations, we evaluated our method
against GLANCE, EA [Artelt and Gregoriades, 2024], and
T-CREx [Bewley et al., 2024], which are designed to pro-
duce coherent and interpretable group-wise CFs. For the lo-
cal configuration, we compared against several methods: the
foundational gradient-based CF method by [Wachter er al.,
2017] (Wach), which serves as a widely recognized baseline;
PPCEF [Wielopolski et al., 2024], which employs a similar
approach using normalizing flow models for plausibility and
is particularly relevant as as our local configuration mathe-
matically reduces to PPCEF’s formulation when setting spe-
cific parameters (K = N, S =K =1 A, = A\, = Ay = 0),
as detailed in Appendix 1.3; CCHVAE [Pawelczyk et al.,
2020], which also focuses on plausibility through generative
modeling; and DiCE [Mothilal et al., 2020], which is used
by both GLANCE and EA for prior clustering, making it a
relevant comparison for local CFs.

Experiment Results. The results are reported in Tables
1, 2, and 3, presenting comparative performance across six
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Dataset ‘ Method ‘ Valid.t L2) IsoF.1
DiCE 1.00£0.00 0.514+0.03 —0.1010.00
Wach 1.00+0.00 0.23+0.01 —0.0440.00
Blobs CCHVAE | 1.0040.00 0.3740.05 —0.06+0.01
PPCEF 1.00+0.00 0.4740.01 0.04+0.00
OUR 1.00+0.00 0.39+0.01 0.0340.00
DiCE 1.004+0.00 23.80+1.00 0.0340.01
Wach 1.00+0.00 2.10+0.44 0.0940.00
Digits CCHVAE | 1.0040.00 2.20£0.24 0.0440.01
PPCEF 1.00+0.00 11.4040.05 0.1040.01
OUR 1.00+0.00 11.4040.51 0.11+0.00
DiCE 1.00+0.00 1.00£0.06 —0.01+0.00
Wach 1.00£0.00 0.16+0.02 0.0640.00
Heloc CCHVAE | 1.0040.00 0.5940.02 0.11+0.00
PPCEF 0.9840.02 0.4240.02 0.0740.00
OUR 1.00£0.00 0.4740.01 0.0840.00
DiCE 1.00+0.00 0.5240.01 —0.05+0.00
Wach 1.004+0.01 0.16+0.01 0.0540.00
Law CCHVAE | 1.0040.00 0.314+0.01 0.09+0.01
PPCEF 0.9540.01 0.3240.02 0.0640.00
OUR 1.00+0.00 0.3240.00 0.0540.00
DiCE 1.00+0.00 0.5540.01 —0.0440.01
Wach 1.00£0.00 0.16+0.01 —0.00+0.00
Moons CCHVAE | 1.00+0.00 0.284+0.01 0.0240.01
PPCEF 0.984+0.01 0.3440.04 0.03+0.01
OUR 1.00+0.00 0.3040.01 0.03+0.00
DiCE 1.00+0.00 0.7240.08 0.0340.01
Wach 1.00£0.00 0.43+0.08 0.0340.02
Wine CCHVAE | 1.0040.00 0.7940.05 0.09+0.00
PPCEF 1.00£0.00 0.6640.05 0.0740.01
OUR 1.00+0.00 0.6940.07 0.0540.01

Table 3: Comparative analysis: Local Methods.

datasets with mean values and standard deviations over mul-
tiple runs. To validate the robustness of observed differences;
we conducted Friedman tests across all configurations, which
revealed statistically significant differences among methods
for all evaluated metrics (p < 0.05); detailed statistical anal-
ysis is provided in Appendix J.5. Our proposed method con-
sistently outperformed baseline approaches across all granu-
larity levels: global, group-wise, and local.

In the global configuration (Table 1), our frame-
work achieved perfect or near-perfect validity across all
datasets except Moons, substantially outperforming GLOBE-
CE, which achieved 0.00 validity on Digits. GLANCE
showed lower validity on multiple datasets. For plausibility,
OURy;obai consistently achieved the highest scores, demon-
strating superior data manifold alignment compared to base-
lines, which often produced negative scores. Post-hoc pair-
wise comparisons.confirmed these improvements are statis-
tically significant (OUR vs. GLANCE: p < 0.001 for both
validity and plausibility). Regarding proximity, our method
achieved the best performance on Heloc and competitive
results elsewhere, balancing minimal feature changes with
plausibility. Notably, OUR g0, Was significantly faster than
GLANCE while maintaining superior quality metrics.

For group-wise counterfactuals (Table 2), our approach
identified compact, interpretable group structures while
maintaining high validity and plausibility. On all datasets,
OURy;oyp achieved perfect validity scores (1.00), matching
or exceeding all baselines. For plausibility, OUR 4., consis-
tently achieved positive IsoForest scores, statistically signif-
icantly outperforming EA and GLANCE (p < 0.001), while

Change
Original 1 Original 2 Original 3 Vector CF 3

FEIE] « B0
RIRE] = PR
CIEIE] = ]

Figure 2: Counterfactual explanations for class 9 with the desired
class 0. Each row represents a distinct group. Original images are
on the left, shifting vectors are in the middle column, and CFs are on
the right. Red pixels in the shifting vector indicate subtracted values,
while blue pixels indicate added values.

matching the performance of TCREx, yet identifying sub-
stantially fewer groups. For instance, on Digits, OUR g,y
identified 2.80 = 1.83 groups versus TCREx’s 91.00 &+ 50.76.
The proximity scores demonstrate that our counterfactuals
required reasonable feature changes while ensuring realistic
outcomes. An ablation study on the number of groups (see
Appendix G) confirms that while increasing groups improves
plausibility, the benefits plateau, validating our regularization
approach.

At the local level (Table 3), all methods achieved per-
fect or near-perfect coverage and validity, making plausi-
bility the key differentiator. OUR;,.,; significantly sur-
passed DiCE and Wach in plausibility across all datasets
(p < 0.001). When compared to PPCEF and CCHVAE,
our approach achieved statistically comparable performance
(no significant differences, p > 0.05), demonstrating that our
unified framework matches specialized plausibility-focused
methods. While CCHVAE demonstrated strong plausibil-
ity and often the fastest execution time, and PPCEF showed
comparable plausibility on several datasets, OUR;,.,; main-
tained consistently high plausibility across all datasets with
reasonable computational efficiency. Our method generates
CFs balancing validity, proximity, and plausibility. Proximity
alone is insufficient as CFs must also be realistic (plausible).
Methods achieving the lowest proximity often generate unre-
alistic examples that cross the decision boundary minimally
but lie in low-density regions.

Overall, the evaluation demonstrates that our method ex-
cels in validity and plausibility across all granularities, with
statistically significant improvements confirmed through rig-
orous testing. It maintains competitive proximity scores,
effectively balancing plausibility and actionability. Fur-
thermore, our group-wise approach, integrating probabilis-
tic plausibility criteria, enhances performance by consis-
tently achieving plausible results while maintaining reason-
able proximity. This highlights an effective trade-off between
plausibility and distance, showcasing the practical utility and
effectiveness of our unified framework.
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Figure 3: The figure illustrates group-wise counterfactual explanations generated using our method on the HELOC dataset with an MLP
model. Each subplot highlights group-specific recommendations for financial adjustments, showing the mean change for selected financial
indicators normalized over the average magnitude of changes. For each group, the number of instances is also provided.

5.2 Case Study: Handwritten Digit
Transformations with Digits Dataset

Figure 2 demonstrates our method’s application to the Dig-
its dataset, presenting group-wise counterfactual explanations
for the origin class is 9, transitioning to the desired class O.
Our method clusters instances into three groups, ensuring that
instances within the same group require similar modifications
to achieve their counterfactuals. The first group demands sub-
stantial changes, as shown by prominent shifts in the change
vector, while the third group requires fewer adjustments, in-
dicating an easier path to the desired class. This variation
underscores our method’s ability to differentiate the effort re-
quired for different groups to reach the target class. This dis-
tinction demonstrates how our method tailors group-specific
counterfactuals based on structural and feature differences.
These findings confirm our method’s capability to produce in-
terpretable and group-specific counterfactual explanations for
image data, offering insights into the transformations needed
to achieve GWCFs for diverse instance groups. We provide
an additional extended analysis in Appendix J.2.

5.3 Case Study: Credit Scoring with HELOC
Dataset

The dataset comprises HELOC credit line applications aimed
at predicting whether applicants will repay their credit lines
within two years. We selected five financial indicators (Num-
ber of Satisfactory Trades, Net Fraction of Revolving Bur-
den, Net Fraction of Installment Burden, Number of Revolv-
ing Trades with Balance, Number of Installment Trades with
Balance) for their potential to enable rapid behavioral adjust-
ments. By allowing the selection of only a subset of vari-
ables, enforcing monotonicity constraints, and specifying fea-
ture ranges, our method ensures actionability by focusing on
financially adjustable features within realistic limits. Detailed
explanation of practical actionability implementation is pro-
vided in Appendix C. Specifically, Number of Satisfactory
Trades can only increase (reflecting improved credit stand-
ing), Net Fraction of Revolving Burden and Net Fraction

of Installment Burden can only decrease (indicating reduced
debt utilization), Number of Revolving Trades with Balance
can only decrease (showing debt consolidation), while Num-
ber of Installment Trades with Balance can change in ei-
ther direction. These indicators facilitate immediate changes,
such as simulating the effects of a rejected credit scenario.
Our method generated CFs, optimizing them into six groups.
The proposed actions are illustrated in Figure 3. The results
reveal diverse group-specific recommendations. Although
some groups prioritize increasing satisfactory trades, others
focus on reducing revolving burdens or trades. In addition,
the groups differ significantly in size, which highlights po-
tential for subgroup analysis. A detailed interpretation is pro-
vided in Appendix J.3.

6 Conclusions

In this work, we introduced a unified method for generat-
ing counterfactual explanations at the local, group-wise, and
global levels. Our approach dynamically adapts to different
levels of granularity, eliminating the need for separate clus-
tering and counterfactual generation steps. By formulating
a counterfactual search as a single optimization task, we ef-
ficiently generate explanations that balance validity, proxim-
ity, and plausibility while optimizing group granularity. Ad-
ditionally, we integrate probabilistic plausibility constraints
within global and group-wise counterfactual explanations,
ensuring that generated recourse suggestions remain realistic
and actionable. The experimental results demonstrate the ef-
fectiveness of our approach across multiple datasets and clas-
sification models. In particular, we showed that our group-
wise method produces a relatively small number of mean-
ingful and interpretable groups, capturing distinct patterns
within the data. Compared to state-of-the-art methods, our
framework achieves superior validity while maintaining com-
petitive plausibility and proximity. This method supports in-
formed decision-making and advances research in model de-
bugging and decision support systems.
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