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Abstract
The widespread deployment of machine learning systems
in critical real-world decision-making applications has high-
lighted the urgent need for counterfactual explainability
methods that operate effectively. Global counterfactual expla-
nations, expressed as actions to offer recourse, aim to provide
succinct explanations and insights applicable to large popu-
lation subgroups. High effectiveness, measured by the frac-
tion of the population that is provided recourse, ensures that
the actions benefit as many individuals as possible. Keeping
the cost of actions low ensures the proposed recourse actions
remain practical and actionable. Limiting the number of ac-
tions that provide global counterfactuals is essential to maxi-
mizing interpretability. The primary challenge, therefore, is to
balance these trade-offs–maximizing effectiveness, minimiz-
ing cost, while maintaining a small number of actions. We
introduce GLANCE, a versatile and adaptive algorithm that
employs a novel agglomerative approach, jointly considering
both the feature space and the space of counterfactual actions,
thereby accounting for the distribution of points in a way
that aligns with the model’s structure. This design enables
the careful balancing of the trade-offs among the three key
objectives, with the size objective functioning as a tunable
parameter to keep the actions few and easy to interpret. Our
extensive experimental evaluation demonstrates that GLANCE
consistently shows greater robustness and performance com-
pared to existing methods across various datasets and models.

Code — https://github.com/AutoFairAthenaRC/GLANCE
Extended version — https://arxiv.org/abs/2405.18921

1 Introduction
Machine learning models are increasingly deployed in crit-
ical domains such as loan approvals, hiring, and health-
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care. This widespread adoption intensifies the need for trans-
parency and interpretability in model decisions, requiring
users to understand how their input features influence the
outcomes and how they might change them to achieve fa-
vorable outcomes, known as recourse (Miller 2019). Coun-
terfactual explanations have gathered extensive attention for
their suitability for achieving algorithmic recourse (Karimi
et al. 2021), their interpretability (Wachter, Mittelstadt,
and Russell 2017), actionability (Ustun, Spangher, and Liu
2019), utility in fairness audits (Sharma, Henderson, and
Ghosh 2020; Kavouras et al. 2023), etc. A counterfactual ac-
tion, or simply an action, defines the specific feature changes
that convert an unfavorable decision into a favorable one.

Traditionally, counterfactual explanations refer to local
explainability tied to a specific negatively affected instance.
However, many real-world scenarios require global counter-
factual explainability, which provides shared, population-
level explanations. While collecting all local counterfactu-
als could technically cover all affected individuals, this ap-
proach undermines interpretability, a core requirement of
global explainability.

Building on prior research (Rawal and Lakkaraju 2020;
Kanamori et al. 2022), we define Global Counterfactual Ex-
planations (GCEs) as a small set of global actions designed
to provide effective recourse for the affected population.
Any global counterfactual solution must meet three objec-
tives: (1) be composed of a small number of actions to ensure
interpretability (small size), (2) minimize the cost of imple-
menting those actions (low cost), and (3) offer recourse to as
many affected individuals as possible (high effectiveness).

As noted by Branke (2008), the relationships between
multiple optimization objectives are often complex, and ag-
gregating them into a single objective, even though common
in practice (Rawal and Lakkaraju 2020), can be problematic
since they are typically non-commensurable. Framing GCEs
as multi-objective optimization allows us to explore the in-

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

22545



(a) Feature space (b) Action space

Figure 1: A toy example depicting two negative instances
x1, x2, and five actions. (a) The feature space; the line is the
decision boundary. (b) The action space; l1, l2 depict the de-
cision boundary from the perspective of x1, x2, respectively.

herent trade-offs between effectiveness and cost, especially
when the solution size is constrained.

To understand this optimization problem, assume a 2-d
numerical feature space, and consider the two affected in-
stances x1, x2 depicted in Fig. 1a. Assume that the recourse
cost equals the distance to the decision boundary, drawn as
a line in the figure. Observe that a1 (resp. a2) is the local ac-
tion providing recourse for x1 (resp. x2) at minimum cost.

Further, consider the action space depicted in Fig. 1b,
where every action is represented as a point (or equivalently
a vector relative to the center o of the coordinate system).
The blue l1 and red l2 lines represent the decision boundary
seen from the perspectives of x1 and x2, respectively. The
blue line l1 separates the actions that provide recourse for
x1 (any action on the outside, away from o) from those that
do not. Action a1 lies on l1, and is the closest point to o, and
thus the min-cost local action for x1. Similarly, the red line
l2 concerns x2 and contains its min-cost action a2.

Consider now the problem of finding a single action GCE.
To provide recourse for both x1 and x2, we look for an ac-
tion that lies outside both lines in Fig. 1b. Among all such
actions, a3 has the minimum cost and thus is the optimal
global action that maximizes effectiveness. If we trade off
effectiveness for cost, a2 is the optimal global action that
minimizes cost, but has 50% effectiveness (brings recourse
to x2 but not to x1).

Finding GCEs gives rise to a different optimization prob-
lem than its local counterpart and requires a nuanced explo-
ration of the action space. Even if optimal local actions are
generated for each instance, and a small subset is chosen as
the global actions, this may still result in a suboptimal set of
GCEs. In our example, the optimal global action a3 is not
an optimal local action for either x1 or x2; in fact, a3 can
be viewed as a compromise between a1 and a2, the locally
optimal actions.

Key Contributions. First, we formally introduce Global
Counterfactual Explanations (GCEs) as small, interpretable
sets of actions that provide recourse to large population sub-
groups. A user study confirms that smaller action sets yield
more intuitive and practical explanations.

(a) Actions
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Figure 2: Comparison of GCEs on the COMPAS dataset
using an XGBoost model. (a) GCEs from GLANCE (s=3)
and GLOBE-CE (s=3 & default s=67). (b) Effective-
ness–recourse cost curves show the share of individuals (y-
axis) achieving recourse below a cost (x-axis); area under the
curve reflects the average recourse cost. Costs follow Sec. 5.

Second, we formulate the problem of finding GCEs as
a multi-objective optimization task, balancing effectiveness
and cost under a size constraint. We compare our formula-
tion to prior approaches, such as that of Ley, Mishra, and
Magazzeni (2023), and highlight its interpretability advan-
tages. We prove that a restricted version of the problem is
NP-hard, motivating the need for efficient algorithms.

Third, we propose GLANCE, a novel algorithm that clus-
ters individuals in both feature and action space to generate
diverse and coherent counterfactuals. Our results show that
proper use of clustering can lead to higher quality GCEs,
contradicting the claims of Kanamori et al. (2022).

Finally, extensive experiments across models and datasets
show that GLANCE Pareto dominates baselines, i.e.,
achieves higher effectiveness and lower cost, in 57% of cases
(and is dominated in only 1%). A user study further supports
its practical appeal even when it is not formally dominant.

2 Related Work
Counterfactual Explanations. There has been a plethora
of work focusing on counterfactual explanations (see e.g.,
Guidotti 2024; Verma et al. 2024, and references therein).
An overview of methods of algorithmic recourse, which
provides explanations and recommendations to individuals
impacted by automated decision-making systems, is pre-
sented by Karimi et al. (2021). These methods can be ei-
ther model-agnostic (e.g., Wachter, Mittelstadt, and Rus-
sell 2017) or model-specific (e.g., for trees as in Carreira-
Perpiñán and Hada 2021), may focus on specific proper-
ties such as diversity (Mothilal, Sharma, and Tan 2020),
feasibility (Ustun, Spangher, and Liu 2019), or robustness
(Stepka, Stefanowski, and Lango 2025), and may follow
different methodological paradigms such as optimization-
based approaches (Dandl et al. 2020; Karimi, Schölkopf,
and Valera 2021) or instance-based approaches (Delaney,
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Greene, and Keane 2021; Brughmans, Leyman, and Martens
2024; Smyth and Keane 2020), target local or global expla-
nations. While local counterfactuals are well defined, global
ones present challenges as they must provide recourse for all
individuals within a specific group in the same manner while
maintaining explainability and staying true to the notion of
local counterfactuals, which focuses on minimal changes.
Achieving this balance globally presents notable difficulties.

Global Counterfactuals. Rawal and Lakkaraju (2020) in-
troduced AReS, a framework for global counterfactual ex-
planations that jointly optimizes recourse correctness, cov-
erage, and cost, providing an interpretable summary of re-
courses, expressed in a two-level rule set. However, the
AReS framework may fail to cover the entire population.
Ley, Mishra, and Magazzeni (2022) later improved the com-
putational efficiency with Fast AReS. In another direc-
tion, Kanamori et al. (2022) introduced CET, which parti-
tions the space and assigns an action to each part transpar-
ently and consistently. Although effective, its computational
complexity limits scalability. Warren et al. (2024) developed
Group-CF, which generates counterfactuals that seek to
maximize effectiveness, though it can result in higher costs.

Actions vs Directions. Ley, Mishra, and Magazzeni
(2023) proposed GLOBE-CE, where global counterfactual
explainability is defined differently, as a small set of action
directions along which individuals can “move” to achieve
recourse. GLOBE-CE attacks a different optimization prob-
lem from ours. For the toy example in Fig. 1, the single di-
rection that minimizes the total recourse cost for x1 and x2

is the direction d depicted in Fig. 1b. This direction contains
actions a4 and a5 that bring recourse to x2 and x1, respec-
tively, with minimum cost along d. However, neither a4 nor
a5 is optimal as a GCE (or for local explainability). Even the
set {a4, a5} is a suboptimal GCE–the set {a1, a2} dominates
it with equal size and effectiveness but lower total cost. In
general, (1) translating GLOBE-CE outputs into GCE leads
to numerous micro-actions (two in our example, but poten-
tially as many as the individuals’ number), which reduces
interpretability, (2) choosing a few actions along the optimal
directions may result in suboptimal GCEs (any single action
along d is dominated by a in Fig. 1), and (3) since directions
lack clear endpoints, they fail to specify the required magni-
tude of change, creating uncertainty for individuals seeking
recourse and limiting real-world applicability.

Therefore, GLOBE-CE relaxes the CGE formulation, ig-
noring size. Fig. 2 compares the output of GLANCE to that of
GLOBE-CE. By default, GLOBE-CE (green line) produces
67 micro-actions. With such a wide range of actions avail-
able, most individuals can achieve recourse through low-cost
actions, resulting in high effectiveness and low average cost–
at the expense of interpretability. When restricted to three ac-
tions (orange line), GLOBE-CE experiences a sharp decline
in effectiveness and a substantial increase in average cost. In
contrast, GLANCE (blue line), thanks to its effective explo-
ration of the action space, produces high-quality GCEs (with
high effectiveness and low average cost) without sacrificing
interpretability (just three actions).

Other. Other works include the ones of Carrizosa,
Ramı́rez-Ayerbe, and Morales (2024a,b), who use mixed-
integer quadratic models for group-level explanations, and
Koo, Klabjan, and Utke (2023), who employ Lagrangian
methods. Research has also extended to generating global
counterfactuals for graphs (Huang et al. 2023) and for audit-
ing subgroup fairness (Kavouras et al. 2023; Fragkathoulas
et al. 2025).

3 Problem Formulation and Hardness
We consider a black box binary classifier h : X → {−1, 1},
where the positive outcome is favorable and the negative
outcome is unfavorable. We will focus on the set Xaff ⊆ X
of adversely affected individuals, i.e., those who receive the
unfavorable outcome. We denote as A the set of all possi-
ble actions (which is potentially infinite), where an action
a ∈ A is a set of changes to feature values, e.g., a = { coun-
try → US, education-num → +2}, which, when applied to
an instance x ∈ Xaff , results in a counterfactual instance
x′ = a(x). Every action a has a cost, denoted as cost(a, x),
and is effective for an instance x if h(a(x)) = h(x′) = 1.
Let C ⊆ A. The recourse cost rc(C, x) of an instance x is
the minimum cost incurred from an effective action in C:

rc(C, x) = min{cost(a, x)|a ∈ C : h(a(x)) = 1} (1)

Let XC = {x ∈ Xaff |h(a(x)) = 1, a ∈ C} be the set
of instances that flip their prediction using one of the ac-
tions in C. Then the effectiveness, also known as coverage
(Ley, Mishra, and Magazzeni 2022), of C for the affected
instances Xaff is defined as the percentage of Xaff that man-
aged to flip their prediction using one of the actions in C:

eff(C,Xaff) =
|XC|
| Xaff |

,

The cost of C in Xaff is defined as the average recourse cost
of the instances in Xaff :

avc(C,Xaff) =

∑
x∈XC

rc(C, x)

|XC|
.

Finally, let size(C) = |C| denote the cardinality of a set C.
As it is clear, multiple sets of actions can produce re-

course for Xaff , and the quality of such a set is a factor of the
three notions we introduced: effectiveness, cost, and size.
An ideal global counterfactual should maximize effective-
ness while minimizing the cost and the size, based on the
properties that state-of-the-art works (Rawal and Lakkaraju
2020; Kanamori et al. 2022; Ley, Mishra, and Magazzeni
2023; Huang et al. 2023) have argued are essential. The re-
quirement for a small set of actions is to enhance the in-
terpretability of the explanation. This can also be expressed
as a constraint on the set size we can afford (Rawal and
Lakkaraju 2020). Therefore, instead of minimizing the size,
we constrain it to size(C) ≤ s, where s is a small positive
integer (set to four for our empirical evaluation). For the rest
of the paper, we will use the following problem formulation:
Problem 1 (s-GCE). Given a black box model h that clas-
sifies the Xaff instances to the negative class, our goal is to
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find the set C ⊆ A that represents a solution to the following
multiobjective optimization problem:

minimize
(
− eff(C,Xaff), avc(C,Xaff)

)
s.t. size(C) ≤ s

We next show that a very restricted case of s-GCE is com-
putationally difficult in the worst case.
Theorem 2 (NP-hardness). The special case of s-GCE,
where the model h and the set of allowable actions A are
explicitly given and the cost is ignored, is NP-hard.

We prove that the decision version of the following
special case of s-GCE is NP-complete. The input con-
sists of a model h, a finite set of affected instances
Xaff = {x1, . . . , xn}, a finite set of allowable actions A =
{a1, . . . , am} and a positive fractional number E ∈ Q. We
seek to determine if there is a subset of actions C ⊆ A
with size(C) ≤ s and eff(C,Xaff) ≥ E. We assume that the
model h is defined only on Xaff ∪{ai(xj) | ai ∈ A and xj ∈
Xaff} and its full description is given as part of the input. For
the hardness part, we reduce Max s-Cover to the special case
of s-GCE above. Max s-Cover is known to be NP-complete
(Garey and Johnson 1979, SP5) and inapproximable in poly-
nomial time (Feige 1998, Theorem 5.3). For the full proof,
we refer the reader to the extended version of the paper.

The fact that the very restricted special case of s-GCE
in Theorem 2, where the model h and the set of allowable
actions A are explicitly given, is NP-hard (and NP-hard to
approximate) indicates the computational challenges behind
producing good enough solutions to s-GCE in practical set-
tings, where we only have black-box access to h, the action
cost is important and the set of allowable actions A is un-
known and potentially infinite.

A key step of any approach is to efficiently generate a
representative subset A′ ⊆ A of candidate actions, signif-
icantly larger than s, from which the final set of s actions
can be carefully chosen. Since actions that perform well lo-
cally may not generalize well as GCEs (as discussed, e.g.,
in Fig. 1), a myopic action selection (either as representa-
tive actions in A′ or as actions in the final solution C) may
fail to produce results anywhere close to optimal. To further
clarify this point, we note that effectiveness is a nondecreas-
ing submodular function of the chosen actions set C (and so
well-fit for the standard greedy approach), but the average
cost function is non-monotone in C, because its definition
averages over the set of instances that receive recourse un-
der C. At a conceptual level, increasing the size of C may ei-
ther leave effectiveness mostly unchanged, while potentially
reducing the average cost, or improve effectiveness at an in-
creased cost for the instances just added to XC (which might
increase the average cost). Therefore, the addition of new ac-
tions must carefully balance gains in effectiveness without
disproportionately increasing the average cost.

The discussion above aims to underscore the challeng-
ing trade-off between size, effectiveness, and average cost.
Our method addresses this challenge by employing cluster-
ing in both feature and action space to ensure diversity and
global representativeness of the preselected action set A′,
thus maintaining high effectiveness and low average cost.

(a) (b) (c)

Figure 3: Intuition behind clustering approaches. (a) First,
GLANCE generates diverse candidate actions from the cen-
troids of feature-based clusters. (b) Then, GLANCE merges
clusters based on similarity in both feature and action space,
grouping instances that may be further apart but can be ex-
plained by similar actions. (c) Clustering solely in feature
space can yield suboptimal global actions, trading high ef-
fectiveness for high cost or low cost for low effectiveness.

4 GLANCE
We present GLANCE, a novel algorithm for solving Problem
1. GLANCE is described in Algorithm 1 in pseudocode.

Algorithm Description. The algorithm operates in two
phases. (1) Diverse Counterfactual Actions Generation. In
the first phase, the algorithm produces a set of counterfac-
tual actions while balancing the action diversity and spar-
sity (i.e., the number of actions). The goal is to efficiently
and effectively explore the action space by generating ac-
tions from widely dispersed points within the feature space
and guiding them in diverse directions that cross the de-
cision boundary. This is achieved by employing a cluster-
ing algorithm (e.g., k-means, line 1, alg. 1) to partition the
feature space into k clusters, based on the assumption that
nearby points are likely to share similar views of the bound-
ary. We compute the centroid of each cluster and generate
m diverse counterfactual actions for each centroid (line 3,
alg. 1), employing any candidate counterfactual generation
method. Fig. 3a shows an example with four fine-grained
clusters, where three diverse actions are generated per cen-
troid. Each action represents an alternative way to bring re-
course to cluster members, giving GLANCE the flexibility to
later select among them.

(2) Extracting an optimal set of CGEs. In the second
phase, we identify a final set of s actions from those pro-
duced in Phase 1. The approach combines the most similar
clusters with the similarity function taking into account both
their feature proximity and the proximity of their respective
actions. Specifically, similarity is computed by a metric D,
which is the sum of two components: d1 : Xaff ×Xaff → R,
the distance between the centroids of each cluster, and d2 :
2A×2A → R, the distance between the action set of the clus-
ters. The distance d2 can be defined as the Wasserstein dis-
tance of the sets, though simpler formulations are also possi-
ble, e.g., computing the distance between the average coun-
terfactual actions of each cluster; in the remainder of the pa-
per, we adopt the latter formulation of d2 for computational
efficiency. When similar actions bring recourse to individ-
uals, it is easier to identify a common low-cost, highly ef-
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Algorithm 1 GLANCE
Input: Xaff , m, k, s {Xaff := affected individuals , m :=
number of candidate actions to generate, k := initial number
of clusters, s := number of global counterfactual actions}
Output: s global counterfactual actions

1: C ← cluster(Xaff , k) {Cluster Xaff into k initial clusters}
2: for c ∈ C do
3: ca(c)← actions(centroid(c),m)

{For each cluster centroid generate m actions}
4: end for
5: while |C| > s do
6: {c1, c2}←( argmin

{c1,c2}⊆C

(d1(centroid(c1),

centroid(c2))+d2(ca(c1), ca(c2))))
{Find c1,c2 minimizing d1+d2}

7: C ← merge({c1, c2} ∈ C) {Replace c1,c2 in C with the
merged cluster}

8: ca({c1, c2})← ca(c1)∪ca(c2) {Merge their action sets}
9: end while

10: return best action from each of the s clusters

fective action, even though they are dissimilar feature-wise.
Fig. 3b shows an example where red-colored individuals are
grouped through affinity either in the feature or in the action
space. Until the desired number s of clusters is reached, the
algorithm iteratively merges (line 7, alg. 1) the two clusters
that minimize the total distance d1+d2 (line 6, alg. 1). Merg-
ing two clusters also merges their corresponding action sets,
ensuring that the most effective actions for each cluster are
retained (line 8, alg. 1).
Finally, for each of the s clusters, we select a single action
and return the compact set of s global counterfactual actions
(line 10, alg. 1). Assuming that action generation and sub-
sequent merging have successfully grouped individuals that
can achieve recourse through similar cost-efficient actions,
the final step prioritizes effectiveness: we select, for each
cluster, the optimal action in terms of effectiveness, among
those associated with the cluster.

Approach Strengths. As noted by Kanamori et al. (2022),
coarse-grained clustering approaches based solely on fea-
ture similarity lead to inadequate global actions that suffer
either in cost or effectiveness (see Fig. 3c). GLANCE mit-
igates these limitations by jointly considering both feature
and action-space proximity, enabling the identification of
cost-effective recourse actions.

Although GLANCE explicitly prioritizes effectiveness, it
inherently balances the effectiveness-cost trade-off. During
the initial stage, refined clustering leads to diverse and typ-
ically low-cost candidate actions. In the second phase, the
algorithm favors actions with maximal effectiveness, occa-
sionally choosing higher-cost actions to achieve full cover-
age. For example, it may prefer an action with 100% effec-
tiveness and an average recourse cost of 2.3 over one with
98% effectiveness and an average recourse cost of 1. How-
ever, affected individuals are ultimately free to select their
preferred option among the final and applicable actions, of-
ten reducing the average recourse cost in practice.

While alternative selection strategies could explicitly in-

corporate cost, we deliberately avoided such heuristics. Re-
course cost is often domain-specific, and GLANCE is de-
signed to remain flexible for practitioners to adapt based on
context and constraints.

Finally, GLANCE is modular and broadly applicable: it
supports various clustering methods, cost metrics, and ac-
tion generation techniques. Different clustering methods and
action generation techniques consistently lead to a near-
optimal effectiveness-cost trade-off. Across all datasets and
models, GLANCE demonstrates fast runtimes, robust perfor-
mance, and high-quality solutions.

Time Complexity. Let n denote the number of instances,
k the number of initial clusters, s global counterfactual ac-
tions, m the number of candidate actions, and d the number
of features, respectively. Define TCF(d,model) as the gener-
ation time for a single candidate counterfactual action and
Tmodel as the black-box model’s prediction time. With k-
means clustering requiring I iterations to converge, the total
time complexity of GLANCE is:
O
(
kndI + kmTCF(d,model) + k2(k − s)d+ knmTmodel

)
5 Evaluation

Experimental Setting
Baselines. We compare GLANCE framework methods
against state-of-the-art methods in Global Counterfactual
Explanations, specifically: AReS (using the Fast AReS
implementation), CET, GroupCF, and GLOBE-CE, all of
which are constrained by a predefined action set size.

Datasets. We use four established benchmark datasets
from previous research: COMPAS (Angwin et al. 2016),
German Credit (Dua and Graff 2019), Default Credit (Yeh
and Lien 2009), and HELOC (Brown et al. 2018). Addi-
tionally, we introduce the Adult dataset (Becker and Kohavi
1996) for further evaluation.

Models. We trained three different model types: XGBoost
(XGB), Logistic Regression (LR), and Deep Neural Net-
work (DNN). We used 5-fold cross-validation to also evalu-
ate the robustness of the results.

Recourse Cost. Given the complexity of defining and
computing the recourse cost for each action, we do not focus
on the cost estimation and adhere to the guidelines estab-
lished by Ley, Mishra, and Magazzeni (2023). Specifically,
the cost in eq. (1) is defined as the L1 distance between the
individual and the counterfactual point, i.e., cost(a, x) =
||x − a(x)||1. For categorical features, this translates to the
Hamming distance. For numerical features, this translates to
the sum of the absolute differences in their values. However,
due to some preprocessing (following the practices in Ley,
Mishra, and Magazzeni (2023)), the numerical features are
split into 10 equal bins and their values are normalized to the
bin size, resulting in a cost of one unit per decile.

Reproducibility. All experiments were conducted on an
in-house server with cloud infrastructure equipped with an
Intel(R) Core(TM) i9-10900X CPU @ 3.70GHz, 128 GB of
RAM. No GPU acceleration was utilized during these ex-
periments.
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Dataset Method DNN LR XGB

eff avc eff avc eff avc

Adult

Fast AReS 12.39 ± 1.06 1.0 ± 0.0 11.74 ± 2.4 1.0 ± 0.0 6.13 ± 0.42 1.0 ± 0.0
CET timeout timeout timeout timeout timeout timeout
Group-CF 100.0 ± 0.0 10.08 ± 0.03 100.0 ± 0.0 1.71 ± 0.39 96.8 ± 1.72 1.41 ± 0.54
GLOBE-CE 99.92 ± 0.0 3.34 ± 0.29 99.92 ± 0.0 2.34 ± 0.31 82.88 ± 12.13 22.8 ± 7.87
dGLOBE-CE 99.92 ± 0.0 10.89 ± 1.37 99.92 ± 0.0 5.91 ± 0.93 93.76 ± 1.98 64.76 ± 1.29
GLANCE 100.0 ± 0.0 4.6 ± 0.73 100.0 ± 0.0 1.04 ± 0.07 99.85 ± 0.12 4.9 ± 3.41

COMPAS

Fast AReS 55.0 ± 0.86 1.21 ± 0.09 62.5 ± 1.82 1.24 ± 0.14 59.83 ± 3.12 1.1 ± 0.05
CET 63.62 ± 10.35 0.96 ± 0.24 73.18 ± 4.34 1.24 ± 0.15 58.4 ± 9.3 1.06 ± 0.24
Group-CF 100.0 ± 0.0 4.48 ± 2.53 100.0 ± 0.0 3.97 ± 2.38 100.0 ± 0.0 4.06 ± 2.10
GLOBE-CE 100.0 ± 0.0 2.82 ± 1.06 95.74 ± 8.52 2.91 ± 0.57 87.17 ± 11.09 4.73 ± 0.92
dGLOBE-CE 100.0 ± 0.0 7.96 ± 3.91 100.0 ± 0.0 6.71 ± 0.23 99.84 ± 0.31 12.46 ± 3.42
GLANCE 100.0 ± 0.0 2.34 ± 0.43 100.0 ± 0.0 2.33 ± 0.38 99.51 ± 0.46 2.96 ± 0.82

Default Credit

Fast AReS 18.88 ± 2.16 1.0 ± 0.0 10.85 ± 5.45 1.07 ± 0.13 31.86 ± 5.12 1.05 ± 0.04
CET 98.87 ± 0.62 6.32 ± 2.28 100.0 ± 0.0 3.79 ± 1.31 86.29 ± 9.94 4.5 ± 2.64
Group-CF 79.6 ± 20.79 1.53 ± 0.62 95.4 ± 9.2 1.94 ± 1.2 95.2 ± 1.6 1.41 ± 0.64
GLOBE-CE 81.19 ± 35.33 3.76 ± 1.35 99.94 ± 0.07 2.91 ± 1.55 83.69 ± 6.72 17.211 ± 2.22
dGLOBE-CE 87.38 ± 18.69 5.96 ± 4.14 99.94 ± 0.07 10.38 ± 7.76 97.47 ± 0.82 42.58 ± 3.57
GLANCE 100.0 ± 0.0 1.20 ± 0.40 100.0 ± 0.0 1.05 ± 0.11 98.13 ± 1.05 3.68 ± 1.64

German Credit

Fast AReS 52.39 ± 1.63 1.0 ± 0.0 75.27 ± 2.96 1.0 ± 0.0 51.27 ± 1.57 1.0 ± 0.0
CET 97.3 ± 2.46 1.58 ± 0.54 96.5 ± 2.85 2.42 ± 0.24 100.0 ± 0.0 2.73 ± 0.49
Group-CF 97.8 ± 4.4 1.85 ± 0.13 97.6 ± 2.94 9.34 ± 3.85 100.0 ± 0.0 5.78 ± 4.11
GLOBE-CE 95.12 ± 2.04 2.11 ± 0.18 57.09 ± 20.03 2.27 ± 0.33 77.05 ± 11.26 2.52 ± 0.33
dGLOBE-CE 97.36 ± 0.82 2.49 ± 0.27 69.89 ± 15.35 2.47 ± 0.23 86.96 ± 9.79 2.66 ± 0.77
GLANCE 95.31 ± 3.15 1.25 ± 0.33 100.0 ± 0.0 1.21 ± 0.06 100.0 ± 0.0 1.06 ± 0.03

HELOC

Fast AReS 12.19 ± 0.58 1.03 ± 0.05 9.23 ± 1.24 1.12 ± 0.10 8.49 ± 1.32 1.16 ± 0.13
CET 86.78 ± 10.62 8.67 ± 3.25 100.0 ± 0.0 3.57 ± 1.48 86.78 ± 6.70 12.51 ± 2.75
Group-CF 80.4 ± 10.17 3.09 ± 0.91 90.6 ± 3.93 2.40 ± 1.38 78.4 ± 5.82 5.63 ± 1.93
GLOBE-CE 47.18 ± 45.02 20.44 ± 24.18 99.9 ± 0.0 0.66 ± 0.10 28.33 ± 5.14 32.73 ± 0.48
dGLOBE-CE 99.96 ± 0.05 11.07 ± 8.6 99.9 ± 0.0 1.63 ± 0.35 77.64 ± 11.51 128.0 ±0.0
GLANCE 99.94 ± 0.05 11.24 ± 1.37 100.0 ± 0.0 1.55 ± 0.54 98.94 ± 0.66 19.99 ± 1.91

Table 1: Evaluating the effectiveness and average recourse cost of GLANCE against Fast AReS, CET, Group-CF,
GLOBE-CE, and dGLOBE-CE) GCE methods for s-GCE problem with s = 4. s-GCE solutions with effectiveness below
80% (practicality threshold) are highlighted in red. Non-robust GCEs, identified by either a standard deviation (std) in effec-
tiveness greater than 5% across folds or a std in cost greater than half the average recourse cost, are highlighted in blue.

Running Time. In our experiments, GLOBE-CE and
dGLOBE-CE were the fastest methods, typically deliver-
ing solutions in seconds, but required up to 30 seconds on
datasets with many categorical features due to mandatory
one-hot encoding, impacting scalability. GLANCE followed,
typically completing in under 300 seconds. Other methods
were slower, with Fast AReS ranging typically between
150–400 seconds, and peaking at 1,400 seconds in some
runs. The least computationally efficient were Group-CF
and CET, with maximum runtimes of 3,500 and 17,000 sec-
onds, respectively. CET failed to solve the underlying op-
timization problem after 20 hours of runtime for the Adult
dataset across all models.

Experimental Evaluation
Table 1 presents the summarized results of all competing
methods. We compare GLANCE against the five other com-
petitors across five datasets and three models, resulting in
75 head-to-head comparisons. However, since CET failed
to solve the underlying optimization problem for the Adult

dataset across all models, the final count is 72 comparisons
per GLANCE method. Recall that all reported results con-
cern the s-GCE problem for s = 4; The extended version of
the paper presents full experimental details, along with ad-
ditional results.

Pareto Dominance Evaluation. We summarize method
performance by determining whether one solution domi-
nates another based on effectiveness and cost. Specifically,
a solution C of s-GCE Pareto dominates another solution
C′ if it offers equal or better effectiveness and cost, and is
strictly better in at least one of these objectives.

As shown in Table 2, GLANCE dominates other methods
in 41 out of 72 cases (57%). It is dominated only once by
dGLOBE-CE (in HELOC-DNN—cf. Table 1), where the
performance of GLANCE is competitive in both terms of ef-
fectiveness and cost.

Solution Practicality. In the prior Pareto-dominance eval-
uation (Table 2), we compare solutions with optimal or near-
optimal effectiveness to many that exhibit insufficient effec-
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dominates 1/15 6/12 9/15 13/15 12/15 41/72
is dominated 0/15 0/12 0/15 0/15 1/15 1/72

Table 2: Pareto domination evaluation of solutions, for s-
GCE problem with s = 4. The table reports the rate (num-
ber of times over available comparisons) at which GLANCE
method dominates and is dominated by competitor methods.

tiveness. These lower-performing solutions are impractical
for GCE, as the goal is to offer recourse to a large popula-
tion segment. Solutions with low effectiveness fail to meet
this goal, limiting their applicability in real-world scenarios.
A solution that leaves a significant percentage of individu-
als without recourse undermines the very purpose of GCE,
as noted by Ley, Mishra, and Magazzeni (2023). It is also
important to note that achieving low recourse costs is eas-
ier for smaller subpopulations, especially those near the de-
cision boundary, which explains the low domination scores
for Fast AReS and CET. To address this, we conduct ad-
ditional experiments in which we cap GLANCE’s effective-
ness. Under these conditions, GLANCE achieves lower costs
and dominates all baseline methods.

We consider a solution to be practical if it achieves ef-
fectiveness of at least 80%. This number could be cus-
tomizable depending on the dataset and the criticality of
the application. Previous papers (Ley, Mishra, and Maga-
zzeni 2023) used smaller thresholds that were too low to be
meaningful. In Table 1, impractical solutions are shown in
red. GLANCE never produces impractical solutions, whereas
all Fast AReS outputs are impractical, and the remaining
methods return 2–5 impractical solutions each.

Robustness. We expect methods to be robust, consistently
generating highly effective and low-cost GCEs across differ-
ent data splits, which is crucial for real-world deployment.
Without robustness, recourse actions can vary significantly,
undermining trust and leading to unfair outcomes, especially
in critical areas like healthcare or finance. Evaluating the
stability of effectiveness and cost metrics across different
folds is key to determining the practical applicability of a
counterfactual explanation method. Standard deviation mea-
sures this stability. An effectiveness deviation above 5% in-
dicates an inconsistency in providing recourse, while a cost
deviation exceeding half the average suggests unpredictable
actions; since cost scales vary by dataset, uniform robust-
ness thresholds are not always appropriate. These fluctua-
tions make a solution unreliable, and we highlight them in
blue in Table 1. GLANCE is fully robust in effectiveness
(15/15) and nearly so in cost (14/15). Even when exclud-
ing low-effectiveness (<80%) solutions, it remains the top
performer; the next best methods (dGLOBE-CE, Group-CF)
achieve only 11/13 and 10/13.

6 User Study
To examine how humans evaluate Global Counterfactual
Explanations (GCEs), we conducted an online user study
following best practices in (Ley, Mishra, and Magazzeni
2023; Chowdhury, Rahimi, and Allan 2022; Warren et al.
2024). The study had two parts and three primary objec-
tives: (1) to assess how participants weigh trade-offs among
effectiveness, average recourse cost, and size; (2) to val-
idate metrics of practicality and robustness, by analyzing
the sensitivity of user preferences in cost and effective-
ness variance; and (3) to compare the perceived quality of
GLANCEagainst baselines in dominated and non-dominated
scenarios. We recruited 55 participants–mainly PhD stu-
dents and ML researchers–from six countries. Full details
appear in the extended version of the paper; below, we sum-
marize the key findings.

In the first part of the study, participants ranked GCEs pro-
duced by three methods: GLANCEwith s = 3, by GLOBE-CE
with s = 3, and by GLOBE-CE in its default configuration
(sizes ranging from 58 to 526). Aggregating rankings with
the Borda Count (Fishburn and Gehrlein 1976) yielded the
order: GLANCE | s = 3 ≻ GLOBE-CE ≻ GLOBE-CE | s=3
with total Borda scores of 473, 277, and 241, respectively.
GLANCE was significantly preferred over both variations of
GLOBE-CE. Despite higher effectiveness and lower cost, the
default GLOBE-CE was less preferred, as participants fa-
vored smaller, more interpretable action sets. This highlights
the central role of explanation size in perceived usefulness,
even when effectiveness and cost trade-offs are present.

In the second part, participants made pairwise compar-
isons between anonymized methods under various trade-
off scenarios. GLANCE was unanimously preferred over im-
practical baselines and chosen by 74.5% of participants
when formally dominated by a competitor, with participants
citing its lower variance as the rationale. In non-dominated
scenarios, it was preferred 71.5% of the time. These pref-
erences were statistically significant (p < 0.01), indicating
that robustness, and especially, lower variance, can outweigh
strict numerical dominance in human evaluations.

Participants’ justifications revealed nuanced reasoning:
over half prioritized effectiveness overall, but nearly all care-
fully considered trade-offs, including robustness in close
cases. Some found cost difficult to interpret without do-
main context, underscoring the need for flexible cost met-
rics. These findings validate our evaluation criteria and high-
light the practical value of concise, stable, and interpretable
action sets, such as those produced by GLANCE.

7 Conclusion
This paper presents GLANCE, a flexible framework for
generating global counterfactual explanations that optimize
the trade-off between effectiveness, cost, and interpretabil-
ity. Extensive experiments show that GLANCE outperforms
state-of-the-art methods by producing more effective and
cost-efficient counterfactuals, under size constraints. A user
study further confirms that the generated explanations are
more interpretable, highlighting the practical advantages of
our approach.
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