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Abstract

Recent advances in deep learning have improved multivari-
ate time series (MTS) classification and regression by captur-
ing complex patterns, but their lack of transparency hinders
decision-making. Explainable Al (XAI) methods offer par-
tial insights, yet often fall short of conveying the full decision
space. Counterfactual Explanations (CE) provide a promis-
ing alternative, but current approaches typically prioritize ei-
ther accuracy, proximity or sparsity — rarely all — limiting
their practical value. To address this, we propose CONFETTI,
anovel multi-objective CE method for MTS. CONFETTI iden-
tifies key MTS subsequences, locates a counterfactual tar-
get, and optimally modifies the time series to balance pre-
diction confidence, proximity and sparsity. This method pro-
vides actionable insights with minimal changes, improving
interpretability, and decision support. CONFETTI is evaluated
on seven MTS datasets from the UEA archive, demonstrating
its effectiveness in various domains. CONFETTI consistently
outperforms state-of-the-art CE methods in its optimization
objectives, and in six other metrics from the literature, achiev-
ing > 10% higher confidence while improving sparsity in
> 40%.

Code — https://github.com/serval-uni-lu/confetti

1 Introduction

Deep Learning (DL) models, such as Convolutional Neu-
ral Networks (CNNs) (Wang, Yan, and Oates 2017a), Re-
current Neural Networks (RNNs) (Liu et al. 2020), and
Transformer-based models (Schifer and Leser 2018), have
recently shown strong performance in multivariate time se-
ries (MTS) tasks (Ismail Fawaz et al. 2019; Khan et al.
2023). However, their lack of transparency makes it hard for
decision makers to interpret predictions (Ruiz et al. 2021).
Explainable AI (XAI) methods help decision makers un-
derstand the rationale behind DL model predictions (Adadi
and Berrada 2018). Even high-quality explanations may not
reveal the full decision space. For example, an Al system
might advise a broker to sell a stock due to recent volatility,
and XAI could highlight the spike as the key factor. Yet the
broker might not realize that a slight drop in volatility could
have changed the recommendation. Counterfactual Expla-
nations (CE), a subset of XAI, help fill this gap by showing
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how small input changes can alter predictions, thus revealing
critical decision factors (Spinnato et al. 2022).

State-of-the-art CE methods for MTS mostly rely on
shapelet-based techniques (Bahri, Boubrahimi, and Hamdi
2022), attention mechanisms (Li et al. 2023), or hybrid
instance- and rule-based approaches (Spinnato et al. 2023).
However, they often optimize a single objective, either (i)
maximizing prediction confidence, which may require large
changes in the original time series, (ii) promoting sparsity,
which can reduce explanation accuracy, or (iii) improving
proximity, which focuses on minimizing the distance from
the original instance but may lead to out-of-distribution in-
stances. This narrow focus limits the usefulness of CE, as all
of these objectives are important to be jointly considered to
generate actionable and understandable insights.

To address the lack of multi-objective CE methods for
MTS classification, we introduce a novel method called
CONFETTI (COuNterFactual Explanations for mulTivariate
Time serles). It employs a four-step approach: it first locates
the closest instance from the opposite class as the coun-
terfactual target, then uses Class Activation Maps (CAMs)
(Zhou et al. 2016) to identify the most influential subse-
quences, next substitutes values from the target into the orig-
inal series to create an initial CE, and finally optimizes this
CE to balance prediction confidence, proximity, and spar-
sity, while ensuring plausibility, and validity by design.

In summary, the contributions of the paper are:

* A novel, and to our knowledge the first, multi-objective
CE method for MTS that optimizes prediction confi-
dence, proximity and sparsity, ensuring plausibility and
validity by design;

A comprehensive benchmark against CoMTE, SETS,
and TSEvo CE methods conducted on seven datasets
from the UEA archive using two model architectures;

A sensitivity analysis of our method parameters, examin-
ing how variations in their values affect performance;

Section 2 provides a review of the CE literature for MTS.
Section 3 introduces the concepts used in our approach and
formally define the problem. Section 4 details the workings
of CONFETTI. Section 5 presents the experimental setup and
results. Section 6 summarizes our contributions.



2 Related Work

CE are expected to satisfy several desiderata outlined in the
XA literature (Guidotti 2024): (i) Validity: the CE results
in a different predicted class compared to the original in-
stance; (ii) Confidence: the predicted probability associated
with the target class should be sufficiently high, providing
a measure of how strongly the model supports the CE out-
come; (iii) Sparsity: the number of changes relative to the
original instance is minimal; (iv) Proximity: the magnitude
of these changes is as small as possible; (v) Plausibility: the
CE should have feature values that lie within the distribution
of a reference population, avoiding unrealistic values.

CoMTE (Ates et al. 2021) was the first CE method for
MTS, which substitutes one channel of a MTS instance at
a time with the corresponding channel of the nearest un-
like neighbor (NUN). SETS (Bahri, Boubrahimi, and Hamdi
2022) uses the Shapelet Transformer to identify the most rel-
evant subsequences per class (shapelets). Then, it substitutes
the identified shapelets of the instance of interest for those
of the NUN. LASTS (Spinnato et al. 2023) takes advan-
tage of the growing sphere algorithm to create a latent space
around the target instance, identifying the NUN. It builds
a neighborhood around this NUN to generate a set of CEs.
AB-CE (Li et al. 2023) uses a sliding window technique to
generate multiple candidate subsequences, which are then
evaluated based on Shannon Entropy to select the most in-
formative ones. It then proceeds to swap the corresponding
instance subsequences to be explained for the candidate sub-
sequences one by one until the classification label changes.
TSEvo (Hollig, Kulbach, and Thoma 2022) formulates the
search for CEs as a multi-objective optimization problem
that incorporates proximity, sparsity, and plausibility. It ini-
tializes a population of candidate counterfactuals for a MTS
instance and uses a customized version of NSGA-II (Deb
et al. 2002) to evolve them. Individuals are evaluated based
on the defined objectives, ranked using non-dominated sort-
ing, and selected via tournament selection that considers
both rank and crowding distance. Offspring are generated
via crossover and mutation, repeated until the target number
of generations is reached.

Limitations While all methods ensure Plausibility by de-
sign, only a few approaches (notably ours and LASTS) also
enforce Validity by design. Beyond these requirements, most
methods focus on a single optimization goal, either mini-
mizing the distance between the original instance and its CE
(e.g., LASTS, SETS) or maximizing the prediction confi-
dence of the CE (e.g., COMTE, AB-CE). Methods that at-
tempt to address multiple criteria simultaneously, such as
TSEvo and CoMTE, differ in how they explore the search
space: TSEvo uses uninformed population-based explo-
ration, making it costly and inefficient for high-dimensional
or long time series, whereas COMTE employs a more struc-
tured search, but still does not incorporate prior knowledge
about the input space. To highlight the limitations of current
methods,

Figure 1 illustrates an example of CE generated by each
of them. The top panel overlays the original series (gray)
with modifications from each method, and the bottom panel
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Table 1: Summary of CE XAI methods for MTS. Gener-
ation columns show which objectives are optimized during
CE generation, while Evaluation columns indicate which as-
pects are assessed. Approach: He = Heuristic, Sh = Shapelet,
At = Attention Mechanism, La = Latent space, Mo = Multi-
objective. Scope: In = Instance-based, Su = Subsequence-
based, Tp = Time-point based.

shows the CAM of the NUN used by CONFETTI to guide
its changes. CoMTE and TSEvo largely replace the series
with the NUN, resulting in low sparsity, while SETS mod-
ifies broad segments due to challenges in finding short dis-
criminative subsequences. By focusing on CAM-highlighted
regions, CONFETTI achieves sparse and interpretable CEs.
To address these limitations, we propose CONFETTI, which
incorporates informed guidance through relevant subse-
quences and NUNSs to perform the search process more ef-
fectively, drawing inspiration from CE techniques in other
domains such as computer vision (Dandl et al. 2020; Navas-
Palencia 2021).
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Figure 1: CEs generated by CONFETTI, COMTE, TSEvo,
and SETS for one channel of an MTS instance. The CAM
of the NUN is shown below, indicating the time steps most
influential for the counterfactual class.



3 CE Problem Definition

This section defines the core concepts and notation used in
CONFETTI. Basic Notation. Scalars are denoted by lower-
case letters (e.g., a,b,t,d,a, 3). Sets are denoted by up-
percase letters (e.g., A), and their elements by uppercase
letters with subscripts (e.g., A;). When the elements of
a set are vectors (e.g., a timeseries), we use superscripts
to denote its elements (e.g., Al is the t" element of A;).
We use two comma-separated superscript indices to indi-
cate a contiguous sequence of elements of a vector (e.g.
AC = {A3 A5t .. AS)). When each A! is itself a
vector (e.g, a MTS), square brackets are used to select a
specific element of it, so that Al[d] denotes the d-th el-
ement of A!. We also define the operator || to denote
the concatenation of sequences. For example, A, || 4; =

0 41 [Ail 40 41 [4;]
Al A AT ,Aj,Aj,...,Aj AN

Definition 1 (Classifier, Instance, Prediction). A classifier
f is an estimator trained with MTS samples. We denote by
X; € X the i" instance of a set of MTSs X. A prediction
f(X,;) is the class predicted by the classifier f for X;.

Since an instance X; is a MTS, let us note that it can be
sliced along its temporal and channel dimensions.

Definition 2 (Subsequence). A subsequence X:° C X
is a contiguous segment of the original MTS instance X;
from time s to time e, so X;¢ = { X7, Xt ..., XEY, with
0 < s < e < |X;|. Each X! is a vector that contains the
values of all channels at time t.

Definition 3 (Nearest Unlike Neighbor - NUN). Given a
dataset X, a classifier f, a distance metric between two in-
stances d(X,, Xy), and an instance X; € X, we denote the
NUN of X; an instance nun € X | f(nun) # f(X;), and
X, € X | f(Xs) # f(Xi) and d( X, X;) < d(nun, X;).

Definition 4 (Counterfactual Set, Counterfactual). Given
a dataset X, a classifier f that outputs the prediction f(X;)
Sor an instance X; € X, we denote by C(X;) the set of
counterfactuals for X;, where each C; € C(X,) satisfies
f(C)) # f(Xa).

To ensure that the CE values are within the data manifold,
CONFETTI — as detailed in section 4.2 — and many state-
of-the-art methods construct counterfactuals by altering an

instance X; with values from its nun, thus promoting plau-
sibility (Theissler et al. 2022).

Definition 5 (Prediction Confidence). Given a classifier f,
an instance X;, and a target class c, we define the predic-
tion confidence for class c as the probability P(f(X;) = ¢)
assigned by the classifier f. This value quantifies the proba-
bility that the model considers class c to be the correct pre-
diction for instance X;.

Definition 6 (Minimality). Given an instance X; and
a CE C; € C(X;), we define minimality as the dis-
tance d(X;, C;) between the original instance and its CE,
according to a predefined distance metric d(-,-). A lower
value of d indicates that the CE requires fewer or smaller
changes to alter the prediction of the model, and therefore it
is considered to be more minimal.
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Problem Statement. Given a classifier f, an in-
stance X; € X with predicted label f(X;), and a prede-
fined distance metric d(-, -), the objective is to find a set of
counterfactuals C(X;) such that for each counterfactual
instance C; € C(X;) itholds that f(C;) # f(X;), the dis-
tance d(X;, C;) is as minimal as possible, and the predic-
tion confidence P(f(C;) = c), for some class ¢ # f(X;),
is as large as possible.

4 CONFETTI

The process behind CONFETTI consists of four main stages.
First, a time series instance X; is selected, and its nun is
identified as the counterfactual target. Second, the most in-
fluential subsequences affecting the prediction are identified.
Third, values from nun are substituted into X; to generate
an initial CE that serves as the first element of the counter-
factual set C'(X;), denoted by Cy. Fourth, Cj is passed to the
optimization stage, which optimizes prediction confidence,
proximity and sparsity, producing an optimized set of CEs
that belong to C'(X;). These stages are respectively detailed
in Sections 4.2 to 4.5.

4.1 Feature Weight Vector

An optional component of CONFETTI is the use of a feature-
weight vector W; to identify the most relevant contiguous
subsequence within a MTS. This vector assigns an impor-
tance score to each time step, and subsequences with the
highest cumulative weight are selected as candidates for
modification. The weights can be obtained with techniques
such as CAM (Zhou et al. 2016), which requires a DL model
with global average pooling to highlight key time steps by
averaging feature maps before classification, enabling tar-
geted rather than full-series perturbations. When a feature-
weight vector W; is not available, for example due to the
model architecture, CONFETTI skips the Subsequence ex-
traction and Naive Stage steps (see Section 4.3 & 4.4) and
proceeds directly to the optimization stage, in which case the
method operates in a fully model-agnostic manner.

4.2 Retrieve the NUN

We define find NUN(-) as the function that identifies the
nearest unlike neighbor (nun) of a query instance X;. It
first filters the reference set R to include only instances with
a predicted label different from f(X;). A k-nearest neigh-
bors search is then performed among these using a chosen
distance metric. Candidates with classifier confidence above
threshold @ are retained. If none meet this criterion, the func-
tion returns no neighbor and the process halts. Otherwise, it
returns the closest valid nun and its label f(nun) = c.

4.3 Subsequence extraction

This stage uses the classifier’s feature importance vector

of nun, denoted by Wyu,={W? WL . whmei=ty
where W, is the importance weight associated with time
step t. This vector, obtained using CAM, is used to locate
the most relevant subsequence of length £. A sliding window

is applied to W,,,,,, to identify the contiguous segment with



Algorithm 1: FINDSUBSEQUENCE(W ., £)

Input: Importance weights W,,,,.,; subsequence length ¢
Qutput: Indices s, e such that nun®*® is the most relevant
subsequence of length ¢
s+0
maxSum < Zf;é WEon
currSum < maxSum
fori =1to [Wyun| — ¢ do
currSum <+ currSum — WY[LZLI]
if currSum > maxSum then
mazxSum + currSum
S
end if
end for
ce—s+L—1
: return s, e

i1

nun

+

the largest cumulative weight, thereby restricting the pertur-
bation to a smaller set of time steps. Although inspired by
(Delaney, Greene, and Keane 2021), CONFETTI adapts this
mechanism for MTS by averaging CAM values across chan-
nels, as implemented in the FINDSUBSEQUENCE (W, £)
function (Algorithm 1).

4.4 Naive Stage

In this step, the values of instance X; are altered by substitut-
ing them with the corresponding values from the same time
steps in its nun. This stage is called naive because it applies
the modification uniformly across all channels. Specifically,
for a subsequence X;"“ C X; spanning a set of time steps,
all values are replaced with those from the equivalent subse-
quence in nun, yielding Cj.

The process begins by setting the subsequence length
¢ = 2, identifying the target class f(nun) = ¢, and selecting
the most influential subsequence nun®° € nun based on
CAM weights, with e — s = £. The corresponding segment
X7 in X is then replaced with nun®*°, creating a candi-
date Cy. The classifier’s confidence in predicting class ¢ for
Cy, denoted P(f(Cy) = ¢), is computed. If this value meets
or exceeds the user-defined threshold 6, the counterfactual
is accepted. Otherwise, ¢ is incremented and the process re-
peats until the threshold is satisfied.

In the next stage, we input the optimization algorithm’s
final time window (s, e); the optimization will occur within
this window. In the most extreme scenario, the naive stage
algorithm will replace all values of X; with those of nun.

4.5 Optimization

CONFETTI optimizes the prediction confidence of the target
class ¢, the distance between CE C; € C'(Xi) and X;, and
the number of changes made to X; to create C;. For the
latter, we use the Hamming distance (Hamming 1950):

t u
Hamming(X;, C;) = Z Z 1 [X;"[n];éc;"[n]]

m=1n=1
That is, the total number of elements changed between X;
and C} in all ¢ time steps and u channels
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Our multi-objective optimization problem is then formal-
ized as follows:

max mj = Z P(f(C;)=¢)
. 1 .
min my = — z Hamming(X;, C;)
CieC(X5) ()
min mg3 = Z dist(X;, C;)
C,eC(X;)
st. P(f(C;)=c¢)>0,¥C,; € C(X;)

In (1), we maximize m1, the model’s confidence, defined
as the sum of predicted probabilities for class ¢ over all
C; € C(X;) under f. The second objective, ms, minimizes
sparsity by summing the distances between X; and each C},
normalized by ¢ - u, reflecting the proportion of changed
elements across time and channels. A weighting parameter
a € [0, 1] balances the two: higher o emphasizes m, lower
values favor msy. With m3, we aim to minimize the distance
between X; and each C;. This distance can be computed us-
ing Euclidean or other suitable metrics. A constraint ensures
that each C; € C(X;) is classified as ¢ by f with probability
atleast 6 € [0, 1].

If a solution is found within the time window, the sub-
sequence length ¢ is reduced by one, and the process re-
peats until no further solution is found. CONFETTI uses
NSGA-III for optimization, chosen for its ability to maintain
solution diversity via reference points generated using the
Das-Dennis method (Das and Dennis 1998) in a 2-objective
space with k partitions. The initial population is generated
via Binary Random Sampling, and the algorithm applies
two-point crossover and bit-flip mutation. It runs for a fixed
number of generations to evolve toward an optimal solution.

Lastly, CONFETTI includes a weighting parameter o« €
[0, 1] that allows users to balance the relative importance of
confidence and sparsity when selecting the final CE. Once
the optimization stage has produced the full set of candidate
solutions and their values for m, ms and mg, we construct a
vector [mq, ms] for each candidate. We then combine these
two objectives using a weighted sum, applying the vector
[a,1 — a]. The CE C; € C(X;) that obtains the highest
weighted score is selected as the best candidate for instance
X;. Ultimately, CONFETTI returns the full population and
the best candidate.

Correctness of the approach. Our method ensures that
each C; € C(X,) is generated through controlled optimiza-
tion, progressively reducing modifications from the initial
CE C) € C(X;). The following theorem shows that every
C; after the naive stage maintains or improves similarity to
X, measured by Hamming distance.

Theorem 1. Let f be the classifier, X; the instance to be
explained, and 6 € [0,1] a confidence threshold. Suppose
CONFETTI is executed with these inputs and returns a set
of counterfactuals C(X;). Let Cy € C(X;) denote the ini-
tial counterfactual generated during the naive stage. Define
Hamming(C}, X;) as the number of non-matching values
between C; and X; across all time steps and channels.



Then, for all C; € C(X;),
Hamming(C};, X;) < Hamming(Co, X;)

it holds that

Context. The initial CE Cj is constructed as Cy + X{"* " ||

nun®* || Xf“"Xil_l. If the replaced subsequence spans
/ e — s timesteps and the series has d channels,
then all £ - d entries in that region differ from X, giving
Hamming(Co, X;) =¢-d

Proof. Throughout CONFETTI’s Algorithm the following
properties hold:

1. Window bound. At every entry to the NSGA-III opti-
misation loop the current subsequence length satisfies
k </
Reason: the outer loop sets k < |£/2]; afterwards the
binary-search update h <— k — 1 can only decrease the
upper bound /.

. Window locality. For a candidate C'; produced by BINA-
RYSAMPLING, CROSSOVER, or MUTATION we have

Hamming(C;,X;) < k-d.

Reason: These operators modify only the current window
X of length k, affecting at most & time steps and & - d
time—channel entries.

Now choose any CE C} that the algorithm finally returns.
Because C; comes from some generation of the NSGA-III
loop, Property (2) yields Hamming(Cj, X;) < k - d. By
Property (1) we further have that £ < /; chaining the two
inequalities, we obtain:

Hamming(C;, X;) < ¢ - d = Hamming(Cy, X;).

5 Experimental Evaluation

To assess the ability of CONFETTI to solve its problem state-
ment, we focus on answering the following research ques-
tions in the experiments:

* (RQI1) Can CONFETTI effectively generate significant
counterfactuals for MTS (Section 5.1)?

* (RQ2) How sensitive is CONFETTI to the configuration
of its internal parameters and components (Section 5.2)?

* (RQ3) How efficient is CONFETTI compared to current
alternatives in the state-of-the-art (Section 5.1)?

Models & Datasets The experiments are conducted with
(i) two models: Fully Convolutional Network (FCN), Resid-
ual Network (ResNet) implemented in (Wang, Yan, and
Oates 2017b), which have demonstrated strong performance
on MTS classification and support CAM extraction (Sec-
tion 4); (ii) seven datasets from the Multivariate TSML
Archive (Bagnall et al. 2018), selected to cover diverse time
series lengths, channel counts, and class numbers.
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Evaluation criteria CE quality is assessed using six crite-
ria and eight metrics, as follows:

1. Sparsity (SPA): For each instance, measures the propor-
tion of unchanged time—channel entries between a CE
and its original, averaged over all instances:

Hamming(X;, C;
Z Z )(1_ & g( )

t-d
X:€X C;eC(X;
Dividing by the number of time steps ¢ and channels d
normalizes the Hamming distance to [0, 1]; higher values
indicate sparser counterfactuals.

. Counterfactual Confidence (CONF): For each instance,
measures how much its counterfactuals reduce the
model’s confidence in the original class f(X;), averaged
over all instances. Higher values indicate lower confi-
dence in the original class:

ﬁZ S (- P(f(C)

X;€X C;€C(X;)

1
| X

f(X)))

. Plausibility: We use the yNN score (Pawelczyk et al.
2021), adapted to MTS as in (Hollig, Kulbach, and
Thoma 2022), to measure how well the predicted class
of a CE C; € C(X;) is supported by its local neighbor-
hood. For each C;, we compute its k& = 5 nearest neigh-
bors using DTW and average the yNN score across all
instances. Higher values indicate stronger support from
the data distribution.

RIS

Xi€X C;eC(X;)

Lmernn(cy) 1 [1(c=fEn)]
k

. Proximity: Evaluated in three ways: (i) [; measures over-
all deviation between C; € C'(X;) and X; without regard
to location or size of changes; (ii) l> penalizes larger dif-
ferences more heavily; (iii) DTW assesses temporal sim-
ilarity. Lower values indicate better proximity.

. Coverage (COV): Proportion of test instances X for
which at least one CE is found (the higher the better):

1
x| Y Lo
X, eX

6. Validity (VAL): Proportion of CEs that successfully
change the original prediction:
1 1
— — 1
|X] > 1C(X,)] 2 [F(x0#r(C)]

X;eX C;€C(X4)

Baselines CONFETTI is compared with three methods:
CoMTE (Ates et al. 2021), SETS (Bahri, Boubrahimi, and
Hamdi 2022), and TSEvo (Hollig, Kulbach, and Thoma
2022). We excluded AB-CE (Li et al. 2023) because its code
is not publicly available, and LASTS (Spinnato et al. 2022),
since it generates also non counterfactuals explanations, for
a fair comparison with counterfactual-focused frameworks.



The parameter configurations are as follows: CoOMTE is
configured to use one distractor, with a maximum of 100 at-
tempts and 100 iterations; SETS is configured with a min-
imum shapelet length defined as either three time steps or
one-tenth of the series length (whichever is greater), and
a maximum shapelet length set to either half of the series
length or one time step longer than the minimum (whichever
is greater), ensuring shapelets scale appropriately with se-
ries size; finally, TSEvo is limited to a maximum of 100
epochs. All remaining parameters were kept at their default
values provided by TSInterpret. Lastly, we ran CON-
FETTI using Euclidean distance for proximity, and we based
our evaluation on the “best” CE C} selected according to a,
highlighting how this parameter influences performance.

Implementation Setup CONFETTI was implemented in
Python 3.12 wusing Keras 3.8.0 for modeling and
sktime 0.36.0 for data handling. Baselines were built with
TSInterpret 0.4.7. Experiments ran on a MacBook Pro
(Apple M4 Max, macOS Sequoia 15.5, 36GB RAM). We
used the UEA train/test splits from skt ime. Minor edits
were made to TSInterpret to fix a COMTE bug.

5.1 Benchmark

To ensure fair comparison, we evaluated metrics optimized
by CONFETTI, limiting comparisons to methods that explic-
itly target each metric (Table 1). We compare Counterfac-
tual Confidence with CoMTE and SETS, and Sparsity with
CoMTE and TSEvo. We then report all eight metrics across
all methods. Finally, we assign ranks (in parentheses) via
pairwise method comparisons per dataset. A method ranks
higher only if it outperforms another on every dataset (ex-
cluding missing values), with statistical significance con-
firmed by a paired Wilcoxon signed-rank test (Wilcoxon
1992) at o = 0.05; otherwise, ranks are shared.

Counterfactual Confidence Table 2 presents the bench-
mark results for Counterfactual Confidence. Across
all seven datasets, CONFETTI consistently outperforms
CoMTE and SETS. With a stricter threshold (# = 0.95), it
achieves a mean confidence of 0.98, exceeding the best base-
line (CoMTE, 0.86) by 0.02-0.22 across datasets—most
notably on NATOPS, improving from 0.76 to 0.98.

The default setting (§ = 0.51) further demonstrates CON-
FETTI’s adaptability. While its mean confidence (0.70) is
slightly below CoMTE’s, it remains competitive on four
datasets and clearly outperforms SETS on BasicMotions,
ERing, Epilepsy, and RacketSports. Thus, § = 0.95 is
preferable for high-stakes scenarios requiring high reliabil-
ity, whereas # = 0.51 offers a solid baseline for general use.

Sparsity Table 3 reports results for sparsity, with ranks as-
signed as in Table 2. CONFETTI outperforms both COMTE
and TSEvo. With full emphasis on sparsity (o« = 0.0),
it reaches an average score of (.88, clearly ahead of
CoMTE (0.56) and TSEvo (0.01). Even the balanced setting
(oo = 0.5) performs strongly, averaging 0.85. These results
show that CONFETTI offers precise control over the spar-
sity—confidence trade-off, with o = 0.0 suited for minimiz-
ing feature changes and o = 0.5 as a robust general setting.
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CoMTE SETS oa=0.5 a=0.5
2) (2) 60=0.51 6=0.95
@) ey

ARW 0.953 0940 0.726 0.978
BasicMotions 0.917 0.487 0.611  0.965
ERing 0.701 0.766 0.770 0.981
Epilepsy 0.837 0.778 0.636 0.972
Libras 0.952 0.820 0.719 0973
NATOPS 0.755 * 0.709 0976
RacketSports  0.932 0.780 0.756  0.980

Table 2: Confidence scores across methods for each dataset.
Values are averaged over models. Ranks appear in parenthe-
ses.

* Failed to produce results.

CoMTE TSEvo a=0.0 «=0.5

3) 4) 6=0.51 0=0.51
ey 2
ARW 0.731 0.002 0926 0912
BasicMotions 0.486  0.003 0.822 0.798
ERing 0.681 0.029 0913 0.876
Epilepsy 0461 0.011 0.822 0.802
Libras 0.247 0.033 0.850 0.794
NATOPS 0.719 0.001 0.880 0.861
RacketSports  0.562  0.012 0.942 0912

Table 3: Sparsity scores across methods for each dataset.
Values are averaged over models. Ranks appear in paren-
theses.

Evaluation Metrics Overview Table 4 and 5 report av-
erage scores for all methods using FCN and ResNet, along
with ranking. Best-performing methods are shown in bold.
Multiple bold entries indicate no significant differences.

All CONFETTI variants consistently achieved 100% cov-
erage (COV), matching COMTE and TSEvo, meaning CEs
were generated for every instance. In terms of validity
(VAL), CONFETTI outperformed TSEvo and SETS and,
while tied in rank with CoMTE, was the only method
to reach a perfect score of 1 across both models and all
datasets, indicating every CE changed the model prediction.
CoMTE ranged between 0.79-0.80 and 0.91-0.93.

Regarding sparsity, CONFETTI clearly outperforms all
baselines. All tested configurations achieved significantly
higher sparsity scores (0.81-0.88) than CoOMTE ( 0.56), and
vastly exceeded SETS and TSEvo (both < 0.02). Spar-
sity was consistently high across configurations, confirming
CONFETTI’ ability to generate minimal yet effective coun-
terfactual CEs.

CONFETTI also excelled in proximity metrics ({1, l2, and
DTW), achieving the lowest average distances across all
settings and outperforming baselines by wide margins. Since
values are either retained from X; or replaced with those
from nun, similar numbers of changes across variants result
in comparable DT'W distances.



Baselines CONFETTI
Metric CoMTE  SETS  TsEVO a=0.0 =05 a=0.3
0=051 0=051  6=095
COvV  100(1) 9417(1) 100(1) 100(1)  100(1) 100 (1)
VAL 093(1) 0772 0802 1.00(1) 1.00(1)  1.00(1)
CONF  086(2) 076(3) 080(2) 059@) 069(3) 097 (1)
SPA  054(4) 00235 001(5 088(1) 0852 081(3)
Ly 283.55(4) 923.58(5) 954.54(5) 99.76 (1) 111.80(2) 146.19 (3)
Lo 2724(4) 5679(5) 5650(5) 16.01(1) 16.83(2) 19.78 (3)
DIW 2649 (4) 48.16(5 49.19(5) 1540(1) 16.09(2) 18.93(3)
yNN  099(1) 099(1) 099(1) 099(1) 099(1)  0.99 (1)

Table 4: Performance of CE methods on FCN for all eval-
uation metrics. Values represent average scores across all
datasets. Ranking position are in parentheses

Baselines CONFETTI
Metric CoMTE  SETS  TsEVO a=0.0 a=05 a=0.5
0=051 0=051  0=0.95
COV  100(1) 9324(1) 100(1)  100(1)  100(1) 100 (1)
VAL 091(1) 076(2) 0792 1.00(1) 1.00(1)  1.00(1)
CONF 087(1) 076(2) 0792 0593) 071(2) 098 (1)
SPA 0574 0025 001(5) 088(1) 0852 082(3)
L, 269.82 (4) 920.46 (5) 954.39(5) 96.50 (1) 106.08(2) 121.78 (3)
Lo 2590 (3) 56.98(4) 5622(4) 14.94(1) 1561(2) 1647 (3)
DIW  2525(4) 47725 48.62(5) 1422(1) 1479(2) 15.68(3)
YyNN  099(1) 0991 099(1) 099(1) 0.99(1)  0.99 (1)

Table 5: Performance of CE methods on ResNet for all eval-
uation metrics. Values represent average scores across all
datasets. Ranking position are in parentheses.

Finally, all methods (incl., CONFETTI) achieve high yNN
scores (0.99), confirming plausibility within the data dis-
tribution. Together, these findings answer RQ1 and RQ3
positively: CONFETTI consistently generates valid, inter-
pretable counterfactuals for MTS (RQ1) and outperforms or
matches all baselines across metrics and datasets, demon-
strating strong practical value (RQ3).

5.2 Sensitivity Analysis

To evaluate the impact of parameters 6 and «, we conducted
two sensitivity analyses: one varying « with fixed #=0.51;
and varying 6 with fixed a=0.5. We tested o € [0.0, 0.1, 0.3,
0.5,0.7,0.9, 1.0] and 6 € [0.55,0.65,0.75,0.85, 0.95]. Fig-
ure 2 shows how Sparsity, Confidence, and Proximity met-
rics respond to these parameter changes.

Balancing Optimization Objectives We examine firstly
«, which balances confidence and sparsity during optimiza-
tion. Lower « favors sparsity; higher values prediction pri-
oritize confidence.

CONFETTI’s sparsity remains stable for intermediate o
values, with notable changes only at the extremes (o = 0
or 1). Thus, the optimization is sensitive to o mainly when
it is pushed to its limits.

Effect of Confidence Requirement Figure 2 (subplot iii)
shows that increasing « steadily improves confidence, from
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Figure 2: Effect of parameters on counterfactual generation.
Panels show: (i) Sparsity as « varies; (ii) Sparsity as 6 varies;
(iii) Confidence as « varies; and (iv) Confidence as 6 varies.

just above 0.60 to ~ 0.80 at o = 1. A similar trend appears
in the sensitivity to #: sparsity remains stable, while con-
fidence increases with higher thresholds. Even at the low-
est setting (§ = 0.55), CONFETTI produces CEs averaging
~ 0.75 in confidence, well above the required minimum.
These results suggest that boosting prediction confidence
generally requires modifying only a few time steps, rein-
forcing the benefit of CAM-guided perturbations. Notably, «
has no effect on Coverage: CONFETTI generates CEs for all
instances across datasets, regardless of the weighting. This
invariance is by design, as the CE search process is indepen-
dent of «. Similarly, CONFETTI’s consistency to increasing
0 likely reflects properties of the classifier f, which yields a
valid nun for every X;. These findings answer RQ2: CON-
FETTI is robust to parameter choices. ¢ influences confi-
dence but not sparsity. o only affects outcomes at extremes.
Across range of settings, CONFETTI reliably generates con-
fident, sparse, and valid CEs with minimal tuning.

6 Conclusion

We introduced a novel method for generating CEs for MTS
that effectively balances sparsity, proximity and prediction
confidence while ensuring plausibility and validity by de-
sign. Our approach incorporates prior knowledge through
CAM as an attention mechanism, which effectively guides
the algorithm toward modifying the most relevant subse-
quences rather than perturbing the entire series. The experi-
mental results confirmed that our method successfully gen-
erated valid CEs for all instances tested. Furthermore, it sig-
nificantly outperformed existing state-of-the-art methods in
sparsity, proximity, and also in counterfactual confidence,
particularly at high values of the parameter 6. Sensitivity
analyzes demonstrate that modifying even a small number
of time steps within the most relevant subsequence can sub-
stantially enhance confidence, maintaining high sparsity.
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