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Abstract

There is a growing need for explainability
in time series classification. Counterfactual
(CF) generation creates in-distribution syn-
thetic instances that flip the prediction to a
desired class. We propose CELT, a model-
agnostic CF generation method for time-series
classifiers, including non-differentiable and
one-class models. In the development phase,
CELT learns a structured latent space in
which desired-class latent instances form
clusters and other latent instances are pushed
away. In addition, the design enables segment-
wise, time-local edits. In the deployment
phase, CELT efficiently generates CF's by edit-
ing a minimal number of time-local segments,
guided by the learned structure. We formu-
late both phases as mathematically sound
optimization problems that uniformly handle
supervised and one-class classification, and we
demonstrate effectiveness on UCR datasets.

1 INTRODUCTION

With the popularization of the Internet of Things,
time series classification (TSC), in which class labels
of time-series instances are predicted by machine
learning models, has attracted substantial attention
from researchers and engineers in both academia and
industry. On the other hand, in industrial applications
that require high reliability and safety, practitioners
and experts need reasons behind classifier decisions.
However, many accurate TSC methods adopt black-box
models that lack human interpretability.

In explainable AI (XAI), counterfactual explana-
tions specify which features of an instance should
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change—and by how much—to obtain a desired pre-
diction (Guidotti, 2022; Wachter et al., 2018). Unlike
adversarial attacks, which often rely on imperceptible
perturbations and move off the data manifold to flip
a class label, counterfactuals (CFs)—plausible, on-
manifold instances generated via human-perceptible
modifications—aim to flip the prediction to a desired
class (Yang et al., 2021). They should also be sparse,
changing only a few features significantly. Above all,
they must be walid: the modified instance actually
changes the model’s prediction to the desired class.

In time-series CF research, most existing methods have
inherent limitations. Many methods advertised as
“model-agnostic” (Wang et al., 2021; Filali Boubrahimi
and Hamdi, 2022; Wang et al., 2024; Yamaguchi et al.,
2024) rely on gradients and therefore assume differen-
tiable classifiers, which excludes many state-of-the-art
time-series classifiers, most of which are “non-
differentiable” (Middlehurst et al., 2024b). Deng et al.
(2024) address this gradient dependence, but their
method is specialized to block-maxima forecasting and
is not applicable to TSC. Yan and Wang (2023) target
model-specific CFs. Ji et al. (2024) study anomaly
repair but require differentiable anomaly-score func-
tions. In addition, some methods (Bahri et al., 2024;
Ates et al., 2021; Delaney et al., 2021) require access to
training data at deployment, which can conflict with
strict data-governance policies in industrial settings.

Although some model-agnostic methods (Todo et al.,
2023; Spinnato et al., 2023; Redelmeier et al., 2024)
without the above limitations have been proposed, im-
portant issues remain. CVAE (Todo et al., 2023) learns
a latent structure by adding a supervised contrastive
loss to a variational autoencoder (VAE) and therefore
requires labeled abnormal data. For this reason, it
cannot handle “one-class classification” (e.g., anomaly
detection), where abnormal data are hard to collect
in practice (Yamaguchi et al., 2022; Roy et al., 2024).
LASTS (Spinnato et al., 2023) performs random search
for CF's in a standard VAE latent space, which is ineffi-
cient in the absence of structural guidance. MCCE (Re-
delmeier et al., 2024) uses an autoregressive generative
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model to guide on-manifold counterfactuals, but is
designed for tabular data rather than time-series data.
These issues highlight the need for a design—inspired
by deep one-class classification (Ruff et al., 2018; Hoj-
jati and Armanfard, 2024)—that builds hyperspherical
latent clusters for the normal (desired) class, thereby
guiding efficient and effective CF generation.

Moreover, temporal locality is important for time-series
CFs: edits should be restricted to a few short, contigu-
ous segments. We refer to this property as segment-wise
locality (time-local): after decoding, the modified re-
gions remain concentrated in a small number of adjacent
segments rather than spread across the whole sequence.
However, existing model-agnostic methods (Todo et al.,
2023; Spinnato et al., 2023; Wang et al., 2021) do not
impose this constraint during latent-space editing, so
changes that are nominally local can diffuse across
the entire time series. This issue motivates an editing
scheme that explicitly preserves segment-wise locality.

In this study, we propose Counterfactual Fxplanations
via Latent structure for Time series classification
(CELT), a model-agnostic CF generation method
designed to address the aforementioned issues and
inherent limitations. CELT first learns a per-classifier
latent structure and then generates CFs without
accessing training data. To efficiently generate high-
quality CFs that are valid, sparse, and plausible, we
formulate two optimization problems: (1) learning a
structured latent space in development; and (2) gener-
ating CF's guided by this structure at deployment. The
same formulation covers both supervised and one-class
settings, including non-differentiable classifiers.

To guide efficient generation of high-quality CFs, the
development phase (1) learns a structured latent space
where latent instances of the desired class form clusters
(inspired by deep one-class design in one-class settings),
other latent instances are pushed away, and temporal
order is preserved. This structure provides segment-
wise edit controllability. The deployment phase (2) is
formulated as a constrained discrete optimization that
efficiently generates valid, sparse, and plausible CF's by
decoding latent instances with minimal segment edits
toward the target cluster of the desired class.

Our main contributions are summarized as follows:

e We propose CELT, a model-agnostic CF genera-
tion method that supports non-differentiable and
one-class classifiers for TSC, while avoiding access
to training instances at deployment.

e We formulate a mathematically grounded two-
phase optimization: (1) learning a latent structure
with desired-class clusters while preserving tem-
poral order; and (2) generating CFs via minimal

segment edits guided by the learned structure.

e We provide theoretical motivation for the core idea
of the 2nd-phase optimization algorithm and em-
pirically show efficient high-quality CF generation.

We present the problem setup in §2, describe our
method in §§3—4, and then evaluate it in §§5-6, before
providing related work and conclusion. The details are
provided in the Appendix.

2 PRELIMINARIES

We use bold lowercase and bold uppercase letters (e.g.,
v and V) to denote a vector and a matrix. Scalars are
denoted by non-bold letters (e.g., v). For a positive
integer N €N, we write [N]:={1,2,...,N}. For a set A,
|A| denotes its cardinality. We represent a vector v €
RY as [v,]Y_; and a matrix VERM*M as [v,,]V_; with
v, ERM. We write v,, ,,, for the (n,m)-th element of V.

We consider a univariate time-series instance x°* € R%
and its counterfactual x°f € R?, each of length Q. Be-
cause some time-series classifiers (e.g., ridge regression
classifiers) do not expose class probabilities (Middle-
hurst et al., 2024b), we use only predicted class labels
for broad compatibility. Let f:R? — ) denote the clas-
sifier, where ) is the set of class labels. Let y°* € ) be the
original class of x°* and ny € Y the desired alternative
class, and assume y°" = f(x°") #y°!. Hereafter, “classi-
fier” includes both supervised and one-class classifiers.

To evaluate CFs, we use the following metrics. First,
validity is the fraction of CFs for which the classifier f
correctly modifies the predicted class from the original
y°" to the desired yf. A higher value is better. Because
validity checks whether a CF meets its core definition,
it is the most important metric. Second, sparsity is the
proportion of timestamps whose values do not change
significantly to the original values, defined as

Q
sparsity = %Z]I({x;f—x‘ﬂ <e). (1)
qg=1

where I(+) denotes the indicator function, which returns
1 if its argument is true and 0 otherwise, following
(Todo et al., 2023). Higher values indicate greater
sparsity. We set € > 0 to 10% of the standard devia-
tion on the training data in all experiments. Third,
implausibility measures a CF’s deviation from the data
manifold, defined as the ¢; distance to the nearest
time-series instance in the dataset (following (Guidotti,
2022; Guo et al., 2023)). Lower values indicate CFs
closer to the data manifold (i.e., more plausible and
realistic). Other metrics are provided in the Appendix.

This study targets CF generation for time series in both
supervised and one-class classification settings. Let D
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Figure 1: Structured latent space via an AE. (left)
The latent space has shape R¥*V; along the temporal
axis L, temporal order is preserved. (right) The
latent space contains CF clusters where desired-class
instances gather, while other instances are separated.

denote the training dataset used during development.
For supervised classification, define D := {(x;,y:) }/_,,
where x; € R? is the i-th time-series instance and Y €YV
its class label; in particular, {y°",y°'} C {y;}._,. For
one-class classification (e.g., anomaly detection), let
D:={x;}}_, with x; €R?, where (almost) all instances
in D belong to the normal class yf €Y. In both settings,
D is used only during development; at deployment, CFs
are generated without access to D. We now present a
unified problem statement covering both settings.

Problem statement. Given a pre-trained classifier f,
atraining dataset D, and a desired class yf € ) (the nor-
mal class in anomaly detection), we learn during devel-
opment a structured latent space with respect to f and
y°f; this learned space constitutes the XAI model. At
deployment, given the learned XAI model, f, y°f, and
an original instance x°° € R? with y°" = f(x°") # y°,
we efficiently generate a counterfactual x°f € R% that
is valid, sparse, and plausible, without accessing D.

3 LEARNING A
STRUCTURED LATENT SPACE

This section describes how we learn a structured latent
space during development before generating CFs. We
first give an overview and introduce distributional la-
tent representations. We then define the loss functions
and summarize the continuous optimization problem.

3.1 Overview

We learn a structured latent space with an extended au-
toencoder (AE), as shown in Fig. 1 (left). Let Encg and
Decg denote the encoder and decoder with parameters
0 cR" and ¢ € R"2, respectively. The latent space is
RILXU where L is the temporal dimension and U is the
channel dimension. Each row in the latent space cor-
responds to a time-series segment. As a result, editing
a small number of rows in the latent space also locally
suppresses the deformation of the decoded time-series
instance. The architecture uses a convolutional neural
network (NN) with residual blocks. Importantly, it pre-

serves temporal order along axis L by omitting global
pooling, dilation, and padding, unlike (Franceschi
et al., 2019; Wang and Palpanas, 2021; Todo et al.,
2023).  This structure provides segment-wise edit
controllability for CF generation at deployment. The
architecture details are in the Appendix.

Unlike a standard AE, we learn a cluster-structured
latent space where each cluster follows a spherical
Gaussian, as shown in Fig. 1 (right). Given the number
of clusters K € N, for k € [K] let the centroid and
variance of the k-th cluster be C, e RI*U and o7 € R,
respectively. That is, C := [Cy,Cs,...,Cx| € REXEXU
and o2 == [07]K | € RE, and both are learnable. To
support plausible CFs at deployment, we learn during
development a distributional representation for each
time-series instance x; € R? (for i € [I]) rather than
a single-point representation. Unlike standard VAEs
with a single Gaussian prior A/(0,I), we regularize the
encoder toward a learned set of cluster templates. This
encourages latent representations to follow a richer
cluster structure.

We first introduce distributional representations so that
decoding any latent instance drawn from within a clus-
ter yields a plausible time series (§3.2). We then learn
latent representations by minimizing two loss functions.
The first loss constructs CF clusters, parameterized by
C and o2, encouraging each cluster to contain only la-
tent instances of yf €Y (§3.3). The second loss reduces
reconstruction error with random short-segment mask-
ing (§3.4), inspired by (Zerveas et al., 2021; Dong et al.,
2023). Finally, we minimize a weighted sum of these
losses via a continuous optimization (§3.5); following
(Kendall et al., 2018), the weighting parameters are
jointly optimized with the other learnable parameters.

3.2 Distributional Representations

To ensure that decoding a latent instance drawn from
within a cluster yields a plausible time series, we model
each latent instance as a spherical Gaussian distribu-
tion rather than a deterministic point. The encoder
outputs a latent mean Encg(x;) for ¢ € [I], similar to
VAEs. However, unlike a standard VAE, CELT uses
learnable per-cluster variances o2 € Rf to induce a
non-uniform metric in the latent space. Accordingly,
the per-instance latent variance 67 € R, is obtained
via a soft assignment over the cluster variances o?2;
these variances o2 are used during CF generation. We
use vec(-) to flatten an L x U matrix into a length-LU
vector; the stacking order (row/column) is immaterial.
In addition, unvec(-) denotes the inverse of vec(-),
i.e., unvec(vec(V)) =V for any V € REXU. Thus, we
sample a latent instance Z; :=unvec(z;) € RX*V as

P; =N (vec(Ence(x;)),571), Z;i ~Pi, (2)
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where we omit the dependence of P; on 0, x;, and &2.
To obtain the latent variance 52, we first compute the
distance between a latent mean and a cluster centroid:

d; x (Ence(x;),C) =||Ence (x;) —Ck[ 7, k€[K], (3)

where ||| p is Frobenius norm, and d; := [d; x|/, e RE.
Next, we define the soft-minimum selector 1, : R —R
to differentiably select the minimum element of v € RX:

_ Zlevkexp(fadiyk)
Sporexp(—adi)
where o > 0 controls the sharpness of the selection. As
a— 00, Yq, (V) = v with kY == argminge g d; k. We
set a = 100 in all experiments, following (Grabocka
et al., 2014; Zhang et al., 2018). Finally, we define
the latent variance 67 € R, in Eq. (2) by applying the
soft-minimum selector to the cluster variances o2 € Rf :

67 =1aq,(0?). (5)
For clarity, we define &;:=+/67 and o, := /0.

ql)di (V) : (4)

3.3 Cluster Loss

To efficiently generate valid CFs (§4), we define a cluster
loss Lécclui that forms CF clusters, each parameterized
by Cj and o2 for k€ [K]. A CF cluster contains only la-
tent instances of the desired class y°f € ) and is modeled
as a Gaussian NV (vec(Cy),021), while latent instances of
other classes are pushed away. We use the pre-trained
classifier f to determine class membership, i.e., whether
f(x:) =y for i € [I]. For x; with f(x;) =yf, L5 o)
pulls the latent mean Ence(x;) € RE*V toward its near-
est centroid Cy, over k € [K] and regularizes the latent
variance 62 toward 1, yielding compact, distributional
clusters. This extends standard VAEs—which assume
a single Gaussian prior A'(0,I)—by adopting multiple
learnable cluster templates for richer structural guid-
ance. Conversely, for x; with f(x;) #y°', the loss pushes
Encg(x;) away from the CF clusters with margin M €
R, . In summary, given M, we define E(ecéuc), as follows:

Clu
Loca(xi)i=

K :
Y, ([KL(P N (vee(COD)],) i fox) =,
max{0, M —diste(x;,C)} if f(x;)#yt,
(6)
where P; and ¢4, arein Egs. (2) and (4), KL is Kullback-
Leibler (KL) divergence, and the distance distg is

K
dist0,.C) = tusay ([ 1Enco e -5l ).

where sg(-) is a stop-gradient operator.

If all predicted classes in the training data are yf € ),
the lower part of Eq. (6) is not used, and the de-
sired class’s latent instances are just gathered into
hyperspherical clusters. This aligns with the idea of
deep one-class classification trained solely on normal
data (Ruff et al., 2018; Hojjati and Armanfard,
2024). Some readers might perceive an inconsistency:
Eq. (6) uses KL divergence between distributions
when f(x;) = y°f, whereas distg uses the Frobenius
norm between points when f(x;) # yf. However, the
following equation holds in our settings:

2KL(P; ||\ (vec(Ci).I)) =
[Ence(x;)—Cyl[5 + LU (67 —In(67) —1).

3.4 Reconstruction Loss

We define a reconstruction loss £éR;C()3 - that is robust

to local, contiguous corruptions by masking short con-
tiguous segments rather than independent pointwise
masking (Zerveas et al., 2021; Dong et al., 2023). For
each training instance x; € R? for i € [I], we generate a
set M consisting of binary masks m € {0,1}¥ indepen-
dently at each epoch. We sample the latent instance of
amasked x; as Z; m ~N (vec(Encg(m©x;)),521) where
© indicates element-wise multiplication, and G2 is de-
fined in Eq. (5). We then formulate ﬁg;%a as follows:

R,
Logeat)= 3
meMU{1}

|Decg (unvec(Zi,m)) — |5,

(7)

where 1 € {0,1}? denotes no masking. Following
(Dong et al., 2023), the masked segments follow a
geometric distribution with mean 3, each feature (i.e.,
each timestamp) is masked on average by 50%, and
|M|=3. We can effectively approximate the sampling
process of Z; m € REV by the reparametrization trick,
that is, Z; m = vec(Encg(m © x;)) + &;e, where we
sample e € RV independently from A/(0,I).

3.5 Optimization Formulation

Finally, given desired class y°f, pre-trained classifier f,
and training dataset D, we can jointly optimize the
AE model parameters (6,¢) and the centroids C and
variances o2 of CF clusters as in

I
D MLy (k) F ALyl (%),

+i=1

minimize
CERKXLXU,O'2€R
OcRP1 pecRP2

(8)

where weighting parameters A\; € Ry and Ay € Ry
balance the impact of each loss. Since different loss may
be of different scales, it is difficult to properly pre-define
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Figure 2: (a) CF generation, (b) Proportions inside
radius Boy, for ¥ (red) vs others (blue) as 3 varies.

the values of \; and Ay. We follow the tuning strategy
presented by (Kendall et al., 2018) to dynamically learn
A1 and Ay during the training process. Specifically, we
add a new regularization term In(p;p2) to the objective
function, and set A, to ﬁ for ne{1,2}.

To improve numerical stability, we use p,, :=In(p2) and
sk :=In(o?) as the optimization parameters, instead of
directly using p,, and oj. Since all optimization param-
eters 8, ¢, C, s, and p are unconstrained and continuous,
the final optimization problem also becomes uncon-
strained and continuous. Thus, we can efficiently learn
it using standard stochastic gradient descent (SGD)
algorithms. In addition, we automatically and heuris-
tically determine the number of CF clusters K and the
margin M in Eq. (6), as detailed in the Appendix.

The proposed method is designed so that a separate
CELT model is learned for each desired class, and this
entails additional training cost in general multi-class
settings. The primary application scenarios we have
in mind are industrial domains such as manufacturing,
infrastructure, and medicine, where high reliability
and safety are required, and in such settings it is often
possible to spend a relatively long time in the develop-
ment phase before deploying the model. Furthermore,
in many real-world deployment scenarios, the number
of desired classes for which users actually require
CF explanations is itself not very large. Even if the
classifier handles many class labels, the main interest in
practice is typically in explanations for a limited num-
ber of classes, such as “how should this time series be
modified to be classified as normal (or a small number
of safe/desired states)?” The need to generate CFs for
all classes is relatively rare. For these reasons, within
the scope of applications we are targeting, we believe
that learning CELT separately for each desired class
does not cause a serious scalability issue in practice.

4 CF GENERATION

This section describes how to generate CFs using
the latent structure learned in §3. We first give
an overview, then formulate a constrained discrete
optimization problem and present a greedy algorithm
with theoretical motivation for its core edit strategy.

4.1 Overview

When we observe time series x°* € R with y°" #4°f, the
deployment-time procedure in Fig. 2 (a) is as follows:
(i) initialize a latent instance as Z < Z°" :=Encg (x°") €
RE*U by encoding x°; (ii) select the target CF cluster;
(iii) optimize Z to lie near the selected cluster’s centroid;
(iv) decode it to obtain the CF as x°f :=Dec,(Z) € R?.

4.2 Optimization Formulation

We adopt a metric induced by the per-cluster vari-
anceso? ¢ Rff in the latent space: each CF cluster has a
centroid Cy, € REXV and a variance o2 € R, for k € [K].
We encode x°" into the latent space and select the target
CF cluster index as the nearest under this metric:

2 r T
L7 :=Ence(x”), (9)

* : ;L, _ T
k ._argkrél[lg] aﬁuck 7.0 |

that is, we measure the closeness of Z* € REXUV to a
CF cluster by the squared Mahalanobis distance.

We optimize a latent instance Z = [z, € REXV to
generate a CF as x°! :=Decg(Z). In our AE, the L rows
of Z preserve temporal order and locality; accordingly,
we edit only a few time-local rows and keep the others
equal to the original encoding, i.e., z; = Encg(x°"),
for many I € [L]. Moreover, CF clusters are modeled
as Gaussians {N(vec(Cy), oc2I)}H< | composed solely
of latent instances of the desired class ny € Y; hence
sampling Z near the selected centroid Cy~ increases the
chance that decoding yields a valid and plausible CF.
Accordingly, we explicitly constrain Z to lie near Cp-.

To summarize, given x°, a desired class y°f, and the
learned encoder Encg and CF clusters (parametrized
by C and o?), we minimize the number of edited rows
of Z subject to a vicinity constraint around Cgx, as in

L
minimize Y [(z;#z;") s.t. |Z—Cp+ | p <Bog=, (10)
ZCERLXU
=1
where the target cluster index k* is selected as in Eq. (9),
8> 01is a scale parameter, and Z°" = [z9",z5",...,29"].

4.3 Solution Method and Theoretical Analysis

To solve the constrained discrete optimization in
Eq. (10), Algorithm 1 gives an efficient greedy proce-
dure under a fixed target CF cluster. It initializes Z +
Z°" and iteratively updates Z by setting z;, < cj-,
for n € [L] in descending order of ||cg+; — 2|2, until
the condition ||Z — Cg«||r < Bok~ (and the optional
classifier check f(Decg(Z)) =yt) is met. While Algo-
rithm 1 is greedy, it enjoys the following property under
a fixed target CF cluster and without the optional
classifier check: it returns a solution that edits the
fewest number of rows to satisty ||Z—Cp«||p < Soj=.
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Algorithm 1 CF generation by solving Eq. (10).

Input: Original time series x°° € R¥; Desired class y°f € Y;
Learned encoder Encg; Learned CF clusters (C,0); Tar-
get CF cluster index k™ € [K]; Scale parameter € R4

Output: Optimized latent instance Z:=[z;]7; e R**Y

: Z<+Encg(x°").

: Sort indices [ € [L] in descending order of ||cix ;—z|2.

: Let the sorted indices be [l1,l2,...,lL].

: forn=1to L do

Z1,, < Ck* 1, -
if ||Z—Ci+||r < Bor+ and (optional classifier check
J(Decy(Z)) =) then
return Z
end if
end for

UL W N

Proposition 1. The output of Algorithm 1 without the
optional classifier check at line 6 is optimal in Eq. (10).

Proof. Note that Algorithm 1 does not perform the line-6
check f(Decg(Z)) =y and fixes the target cluster index k*.
If we change only one row, the biggest one-step decrease
of ||Z— Cy+||F is obtained by replacing the row z; with the
largest current distance ||z; — cg* 1|2 by cr=,; (this makes
that row’s distance zero). We repeat this choice, always
taking the row with the largest distance, until the constraint
|Z—Cp-||r < Bor= holds. This uses the fewest possible row
edits. Because the objective counts exactly the number of
edited rows, this procedure is optimal for Eq. (10). O

4.4 Practical Considerations

When the latent structure is learned to minimize the
cluster loss in §3.3, a properly chosen 3 in Eq. (10) leads
the decoder Decy to generate valid CFs (predicted as
y°f € V). However, it is difficult to identify a 3 that
guarantees this property. In practice, we start from a
conservatively large 8 and iteratively move Z toward the
target centroid Cy- until satisfying f(Decg(Z)) =y

Figure 2 (b) shows, across the 26 datasets in §5.1 (su-
pervised setting), the within-class proportions of latent
instances that fall inside the radius Soy, over k € [K] as 8
varies (red: y°f, blue: y°7). As B increases, y°' instances
fall within the radius at consistently higher rates than
others; in particular, at 3=10, 98.4% of 3! lie inside the
radius versus 14.1% for other classes. This suggests that
the CF clusters behave as intended—concentrating y°f
while repelling others—though some leakage of other
classes remains. Empirically, =10 balances validity
and leakage (Fig. 2 (b)); we therefore adopt 5=10 as a
practical default and keep the optional classifier check
in Algorithm 1 (line 6), enforcing f(Decg(Z))=y*".

5 EXPERIMENTS

We describe the experimental setup and quantitative
results. Further details are in the Appendix.

5.1 Experimental Setup

We train supervised time-series classifiers using
QUANT (Dempster et al., 2024), which is recom-
mended for its high accuracy and speed (Middlehurst
et al., 2024b). QUANT first extracts features from
training data in an unsupervised step and then trains a
supervised classifier on these features. Building on this,
we implement one-class time-series classifiers by train-
ing LOF (Breunig et al., 2000), which has good results
in (Han et al., 2022), on the same QUANT features.

We compare the proposed method, CELT, with six
baselines. Four existing methods—CVAE (Todo et al.,
2023), LASTS (Spinnato et al., 2023), MCCE (Re-
delmeier et al., 2024), and MCCE++—are model-
agnostic, support non-differentiable classifiers, and do
not require deployment-time access to training data, as
in CELT. MCCE++ is a variant of MCCE by choosing
the best sparsity in Eq. (1) among the valid CFs. There-
maining two methods are ablation variants of CELT: the
“w /o Clu” does not learn CF clusters (i.e., with &; =1,
A1 =0, and A2 =1) in Egs. (5) and (8); and the “w/o
Mask” does not use the masked AE (i.e., with M =0)
in Eq. (7). Since CVAE uses supervised contrastive loss,
its application is limited to supervised classification.

We use UCR Archive (Dau et al., 2018), setting the
desired class yf and the original class y°" to 1 and 2,
respectively. We use the same train/test split for both
the classifiers and the XAI models. Since the default
training data size yields insufficient accuracy for the
one-class classification, we adjust the split: for each
dataset, we use the last 30 instances of classes °f and y°*
for testing, and the original training set plus all remain-
ing test instances for training. For the 26 datasets in
which both supervised and one-class classifiers achieve
at least 50% test accuracy, Fig. 3 (a) reports their test
accuracy. The results confirm that one-class classifi-
cation is harder than supervised classification and that
the number of correctly classified instances is highly
skewed across datasets. For each dataset, we thus run
the following experiments on up to 10 test instances that
the classifiers correctly classifies, selecting instances in
the original test-set order, unless stated otherwise.

5.2 Evaluation of CF Cluster Learning

We validate CF-cluster learning by comparing the
latent spaces learned by CELT and “w/o Clu”. Our
goal is that latent instances of the desired class yf €Y
concentrate within their CF clusters (modeled as spher-
ical Gaussians), while latent instances of the original
class y°* € Y fall outside these clusters. To test this, we
fit a Gaussian mixture model (GMM) to the y° latent
instances and then compute the log-likelihood of latent
instances from both 3°f and y°" under the fitted GMM.
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Figure 3: (a) Classifier accuracy, (b) validity, and (c)
runtime of each method for each of the 26 datasets.
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Figure 4: CF cluster effect: CELT vs. w/o Clu compari-
son. (a,b) Latent instance log-likelihoods for (a) y°f and
(b) y°" (x-axis: w/o Clu, y-axis: CELT). (c, d) 2D la-
tent space visualizations by (¢) CELT and (d) w/o Clu.

The number of components is chosen using the same
procedure as for selecting the number of CF clusters K.
Each GMM component uses spherical covariance. For
clarity on the effect, in this section only, we evaluate
supervised classification on the training data.

Figures 4 (a) and (b) scatter the log-likelihoods of
latent instances for the desired class y°f and the original
class y°", respectively. The x-axis uses “w/o Clu” and
the y-axis uses CELT. In Fig. 4 (a), most points of
CELT lie above the diagonal, indicating higher log-
likelihoods for y°f. In Fig. 4 (b), most points of CELT
lie below the diagonal, indicating lower log-likelihoods
for y°*. These results support that CELT learns CF
clusters as intended.

Figures 4 (c) and (d) visualize the latent spaces learned
by CELT and “w/o Clu” on ECGFiveDays dataset. For
visualization, we learn a 2-D latent space (R?*1) by each
method. Blue circles and red crosses represent latent in-
stances for yf and y°*, respectively. Figure 4 (c) shows
more clearly than Fig. 4 (d) that the latent instances of
y°f form compact clusters and are well-separated from

the latent instances of °*, indicating that CELT learns
the intended latent structure via CF-cluster learning.

5.3 Evaluation of Validity

Figure 3 (b) shows the validity of each method on each
test dataset. At a glance, validity of CELT tends to be
better than that of the existing methods in both super-
vised and one-class classification. We then evaluate the
average rank of each method in terms of validity across
all 26 datasets. Figures 5 (a) and (b) show the critical
difference (CD) diagrams for supervised and one-class
classification, respectively. The values in parentheses
indicate the average rank of the comparison methods,
where a smaller value means better performance. Meth-
ods connected by a bold bar are not significantly differ-
ent from each other at a 95% confidence level (Demsar,
2006). The CD values in (a) and (b) are 1.77 and 1.48.

From Fig. 5 (left), CELT is the best in both supervised
and one-class classification and is significantly better
than LASTS (standard VAE), MCCE (not tailored to
time series), and MCCE++ (MCCE variant adapted
to our experiments) at the 95% level. In supervised
classification, CELT is better than CVAE (VAE with
supervised contrastive loss), but the difference is not
statistically significant. Figure 5 (left) further shows
that adding CF-cluster learning and the masked AE
(CELT) enhances validity compared with the ablations
(“w/o Clu”, “w/o Mask”). Under supervised classifi-
cation, the gap between “w/o Clu” and CELT is large:
CELT outperforms LASTS, MCCE, and MCCE++,
whereas “w/o Clu” does not. These results indicate
that the proposed method—especially the CF-cluster
learning—improves validity.

5.4 Evaluation of Sparsity and Implausibility

We evaluate two metrics: sparsity and implausibility.
If the counterfactual x°f € R¥ is identical to the original
time-series instance x°* € R?, the metrics take their
best values. However, x°f =x°" is not meaningful. Fol-
lowing (Yamaguchi et al., 2024), we thus compute these
metrics only on valid CFs, i.e., test instances where
the classifier f satisfies f(x') = yf # y°*. For a fair
comparison, we further restrict evaluation to the inter-
section of original instances on which both CELT and
each existing method successfully generate valid CFs.
This ensures that the set of original instances analyzed
here is identical across all methods being compared.

Figure 5 (right) shows pairwise comparisons between
CELT (y-axis) and each existing method (x-axis). Pan-
els (c) and (d) report per-instance sparsity and implau-
sibility, respectively. Labels (S) and (O) denote super-
vised and one-class classification. In the figure header,
v1/v2/v3 indicate the number of instances where
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Figure 5: Left: CD diagrams for validity across the 26 datasets, comparing average ranks (lower is better). Right:
Pairwise comparison of CELT (y-axis) vs. existing methods (x-axis) on (a) sparsity and (b) implausibility; (S)
and (O) indicate supervised and one-class classification, and v1/v2/v3 are win/loss/draw counts.

CELT wins/loses/draws against the existing method.

In panel (c), most points lie above the diagonal and
CELT’s win count exceeds its loss count, indicating
that CELT produces sparser CFs. Wilcoxon signed-
rank tests confirm significance against every existing
method (p < 0.0068). In panel (d), except for CVAE,
many points lie below the diagonal with wins exceed-
ing losses, showing lower implausibility for CELT;
Wilcoxon tests are significant (p <0.018). For CVAE,
CF's sampled from the densest y°f region in the latent
space can be slightly more plausible than CELT’s;
however, the difference is not statistically significant
(p=0.70). In summary, CELT generates the sparsest
CF's while maintaining competitive plausibility.

5.5 Evaluation of Runtime

Figure 3 (c) shows that CELT generates CF's at a prac-
tical speed during deployment, where speed matters,
comparable to fast CVAE, with a worst-case of 1.08
minutes per instance. We report the supervised setting
to enable a direct comparison with CVAE; the trend is
similar in the one-class setting. MCCE and MCCE++
are fastest by pre-generating synthetic candidates dur-
ing development; however, they can reduce CF quality
on some time-series datasets (see §§ 5.3 and 5.4).

6 CASE STUDIES

We evaluate the CFs generated by CELT on three UCR
datasets with known interpretable patterns. Because
prior work mainly targets supervised classification and
one-class studies on UCR datasets are limited, we focus
on the one-class setting. We follow §5.1 for the rest of

the setup. Figure 6 shows original time-series instances
(blue) and their valid CFs (red).

ECGPFiveDays is a dataset for classifying patient con-
ditions from electrocardiogram (ECG) signals. Cardi-

Figure 6: Original time series (blue) and their CFs (red)
in (a) ECGFiveDays, (b) TwoLeadECG, and (c¢) Gun-
Point datasets. Circles mark discriminative patterns.

ologists report that the T-wave is the primary clini-
cally salient difference between the classes (Keogh and
Rakthanmanon, 2013). Prior interpretable TSC meth-
ods discover T-wave as shapelets in both supervised
and one-class classification (Ye and Keogh, 2009; Ya-
maguchi and Nishikawa, 2018). Figure 6 (a) shows that
CELT locates and locally edits the T-wave segment in
the context of CF generation, as expected.

TwoLeadECG dataset contains ECG signals where
the clinically salient difference between normal and ab-
normal cases is the QT interval (Nachimuthu et al.,
2012). Prior work—a CF method limited to differ-
entiable supervised classifiers (Wang et al., 2024) and
a NN-based anomaly detector (Roy et al., 2024)—has
identified this characteristic. Figure 6 (b) shows an ab-
normal ECG (blue) and its synthetic normal CF (red).
The CF modifies the QT interval properly, consistent
with prior findings (Roy et al., 2024; Wang et al., 2024).

GunPoint is a time-series dataset for classifying gun-
drawing and finger-pointing motions. In the gun class,
a bump appears when drawing from a holster, whereas
in the pointing class an overshoot dip appears when
lowering the arm (Ye and Keogh, 2009; Lines et al.,
2012). Prior work on CF explanations for supervised
classification—either model-specific (Karlsson et al.,
2018, 2020) or restricted to differentiable classifiers (Ya-
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maguchi et al., 2024)—has discovered these discrimina-
tive patterns. Figure 6 (c) shows an original pointing
sequence (blue) and its CF gun sequence (red). The CF
clearly captures both patterns by adding the bump and
suppressing the overshoot dip.

7 RELATED WORK

This section and Table 1 summarize related work. The
details are provided in the Appendix.

7.1 CFs for TSC

Existing methods fall into model-specific and model-
agnostic groups. Model-specific methods (Karlsson
et al., 2018, 2020; Yan and Wang, 2023) target particu-
lar classifiers and thus are difficult to apply to many
TSC methods (Middlehurst et al., 2024b). Among
model-agnostic methods, some construct CFs by using
(a part of) training data D at deployment (Bahri et al.,
2024; Ates et al., 2021; Delaney et al., 2021), making in-
tegration difficult in industries with strict data-access
policies. The remaining model-agnostic methods can
be grouped by whether they rely on the classifier input
gradients. Gradient-based methods (Wang et al., 2021;
Filali Boubrahimi and Hamdi, 2022; Wang et al., 2024;
Yamaguchi et al., 2024) assume differentiability w.r.t
the input and thus are difficult to apply to many TSC
methods (Middlehurst et al., 2024b). Deng et al. (2024)
removes this gradient dependence but targets block-
maxima forecasting and is not applicable to T'SC tasks.

In this study, we focus on model-agnostic CF genera-
tion without requiring classifier gradients or training
data access at deployment. Redelmeier et al. (2024)
can in principle be applied to time-series data, but it
is designed for tabular data. Spinnato et al. (2023)
lacks structural guidance and provides no explicit
mechanism to control segment-wise, time-local edits.
CVAE (Todo et al., 2023) introduces structure in
the VAE latent space via a supervised contrastive
loss and reports faster, higher-quality CF generation
than prior methods (Wang et al., 2021; Ates et al.,
2021). However, CVAE does not provide an explicit
mechanism to control segment-wise, time-local edits.

Compared with Todo et al. (2023); Spinnato et al.
(2023); Redelmeier et al. (2024), CELT formulates
mathematically sound optimization and achieves the
best validity and sparsity while keeping plausibility
(see §85.3 and §§5.4).

7.2 CF's for Anomaly Detection

Compared with supervised settings, only a few studies
address CF explanations for unsupervised anomaly

Table 1: Comparison to related work. MA: model-agnostic,
NG: no classifier-gradient requirement, ND: no training-data access

at deployment, AT: applicability to TSC, SW: segment-wise CF edits.

CF method

Karlsson et al. (2018)

Karlsson et al. (2020)

Yan and Wang (2023)

Bahri et al. (2024)

Ates et al. (2021)

Delaney et al. (2021) w/o CAM
Delaney et al. (2021) w/ CAM
Wang et al. (2021)

Filali Boubrahimi and Hamdi (2022)
Wang et al. (2024)

Yamaguchi et al. (2024)

Deng et al. (2024)

Ji et al. (2024)
Datta et al. (2022)
Haldar et al. (2021)
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detection, and they have limitations. Ji et al. (2024)
requires differentiable anomaly-score functions and
assumes that the overall anomaly score aggregates
feature-wise scores. Datta et al. (2022) targets tabular
data with categorical variables and requires likelihood-
based anomaly detectors. Haldar et al. (2021) restricts
the classifier to AEs. Todo et al. (2023) was evaluated
on (supervised) time-series anomaly detection for ECG
signals, but it relies on supervised contrastive loss and
therefore cannot be applied to one-class classification
or unsupervised anomaly detection. In principle,
Redelmeier et al. (2024); Spinnato et al. (2023) can be
applied to one-class classification including unsuper-
vised anomaly detection, but their CF quality is not
sufficient (see §§5.3 and §§5.4).

CELT handles both supervised and one-class settings
in a unified manner and generates higher-quality CFs.

8 CONCLUSION

We proposed CELT, a model-agnostic counterfactual
(CF) method that supports non-differentiable and one-
class classifiers and does not require access to training
data at deployment, for time series classification (TSC).
CELT learns CF-clusters in the latent space during
development and then generates high-quality CFs
efficiently via minimal time-local edits at deployment.
We formulated both phases as optimization prob-
lems, justified the core idea of the deployment phase
algorithm, and demonstrated effectiveness on UCR
datasets in terms of CF quality and interpretability,
CF-cluster learning, and deployment runtime.
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A RELATED WORK DETAILS

This section reviews related work and contrasts it with the proposed method (CELT) in two research areas:
counterfactual (CF) explanations for time series classification (TSC) and anomaly detection.

A.1 Counterfactual Explanations for Time Series Classification

CF's for time series can assist domain experts and practitioners, but the literature remains limited. Existing
methods fall into two groups: model-specific and model-agnostic. Model-specific approaches (Yan and Wang, 2023;
Karlsson et al., 2018, 2020) target particular classifier families and therefore fail to cover many state-of-the-art
(SOTA) TSC classifiers (Middlehurst et al., 2024b). Among model-agnostic methods, some require access
to training data at deployment (e.g., nearest-unlike retrieval and segment substitution) (Bahri et al., 2024;
Ates et al., 2021; Delaney et al., 2021). This requirement may conflict with data-minimization policies in real
deployments (European Parliament and the Council of the European Union, 2016; Office of the Federal Register,
National Archives and Records Administration, 2025; U.S. Department of Health & Human Services, 2013).1
The remaining model-agnostic methods can be grouped by whether they rely on classifier input gradients df/9x.
Many methods rely on classifier gradients (0f/0x) (Yamaguchi et al., 2024; Filali Boubrahimi and Hamdi, 2022;
Wang et al., 2021, 2024), thereby presupposing differentiability with respect to the input and thus excluding many
high-performing non-neural or hybrid TSC classifiers (Middlehurst et al., 2024b). Deng et al. (2024) remove this
dependence, but their method is tailored to block-maxima forecasting and is not applicable to TSC tasks.

This study focuses on the remaining category of model-agnostic CF generation methods that require neither
differentiability nor access to training data at deployment. This category covers many widely used, accurate,
and fast TSC classifiers (Middlehurst et al., 2024b). MCCE (Redelmeier et al., 2024) targets tabular data. Its
modeling is sufficiently general to be applied to TSC, but its design is not tailored to time series. LASTS (Spinnato
et al., 2023) builds on prior work for tabular data (Pawelczyk et al., 2020) and employs a CNN-based VAE tailored
to TSC. However, it lacks structural guidance in the latent space for efficiently generating high-quality CFs and
provides no explicit mechanism to control segment-wise, time-local edits. CVAE (Todo et al., 2023) is, to our
knowledge, the most similar to CELT. It introduces structure in the VAE latent space via a supervised contrastive
loss to facilitate CF generation and reports faster, higher-quality CF generation than the prior methods (Wang
et al., 2021; Ates et al., 2021). Although CVAE employs kernel density estimation to identify CF's in the latent
space, this approach entails an exhaustive grid search, resulting in a trade-off between grid accuracy and efficiency.
Moreover, CVAE does not provide an explicit mechanism to control segment-wise, time-local edits in the original
time series, despite their importance for time-series CFs.

Table 2 summarizes the comparison. Unlike the above methods, CELT generates high-quality CFs without re-
quiring differentiability or deployment-time access to training data, through mathematically sound formulations.
Like CELT, the existing methods (CVAE, LASTS, and MCCE) are model-agnostic, work with non-differentiable
time-series classifiers, and do not access training data at deployment. The key difference is that CELT achieves
the best sparsity (with statistically significant gains), the numerically highest validity (though not statistically
different from CVAE), and competitive plausibility, as demonstrated in Sections 5.3 and 5.4.

LCELT generates CFs as synthetic time-series instances without accessing training data at deployment, which can
alleviate such concerns, although it does not guarantee legal compliance by itself.
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no classifier- no training-
model- gradient data access supports segment-wise

Method agnostic requirement at deployment TSC CF edits
Yan and Wang (2023) No N/A Yes Yes N/A
Karlsson et al. (2018) No N/A No Yes Yes
Karlsson et al. (2020) No N/A No Yes Yes
Babhri et al. (2024) Yes Yes No Yes Yes
Ates et al. (2021) Yes Yes No Yes No
Delaney et al. (2021) w/o CAM Yes Yes No Yes No
Delaney et al. (2021) w/ CAM Limited Yes No Yes Yes
Yamaguchi et al. (2024) Yes No Yes Yes Yes
Filali Boubrahimi and Hamdi (2022) Yes No Yes Yes N/A
Wang et al. (2021) Yes No Yes Yes No
Wang et al. (2024) Yes No Yes Yes Yes
Deng et al. (2024) Yes Yes Yes No Yes
Todo et al. (2023) Yes Yes Yes Yes No
Redelmeier et al. (2024) Yes Yes Yes Yes N/A
Spinnato et al. (2023) Yes Yes Yes Yes No
CELT (ours) Yes Yes Yes Yes Yes

Table 2: Comparison of CF explanation methods for TSC across five aspects. Only methods that are model-
agnostic, require no classifier gradients, require no access to training data at deployment, and support TSC can
utilize a wide range of SOTA time-series classifiers (Middlehurst et al., 2024b). This design may be compatible
with data-minimization practices in some deployments; we do not assess legal compliance in this paper.

A.2 Counterfactual Explanations for Anomaly Detection

Most work on CF explanations focuses on supervised settings; only a few studies address unsupervised anomaly
detection. Existing methods have narrow applicability. Ji et al. (2024) require differentiable anomaly-score
functions (i.e., the classifier in our setting) and assume that the overall anomaly score aggregates feature-wise
scores. Datta et al. (2022) target tabular data with categorical features and require a likelihood-based detector.
Haldar et al. (2021) restrict classifiers to AE-based models. Although CVAE (Todo et al., 2023) considers
time-series anomaly detection as an application, it uses a supervised contrastive loss and is therefore inapplicable
to one-class classification or unsupervised anomaly detection. Although MCCE (Redelmeier et al., 2024) and
LASTS (Spinnato et al., 2023) are, in principle, applicable to unsupervised anomaly detection, the resulting CF
quality is insufficient for time-series one-class classification.

Table 3 summarizes the comparison. CELT provides a unified formulation for both supervised and one-class TSC.
Compared to MCCE and LASTS, CELT generates high-quality CFs for non-differentiable one-class time-series
classifiers, as demonstrated in Sections 5.3 and 5.4.

no classifier- segment-
model- gradient supports supports wise
Method agnostic requirement one-class (OC) time-series CF edits
Jiet al. (2024) Limited (linearly decomposable) No Yes Yes Yes
Datta et al. (2022) Limited (likelihood-based) Yes Yes No N/A
Haldar et al. (2021) Limited (autoencoder-based) No Yes Yes N/A
Todo et al. (2023) Yes Yes No Yes No
Redelmeier et al. (2024) Yes Yes Yes Yes N/A
Spinnato et al. (2023) Yes Yes Yes Yes No
CELT (ours) Yes Yes Yes Yes Yes

Table 3: Comparison of CF explanation methods for anomaly detection across five aspects. Only methods that are
model-agnostic, do not require classifier gradients, support one-class classification, and support time-series data
can be applied to one-class classifiers based on SOTA time-series classification methods (Middlehurst et al., 2024b).



Akihiro Yamaguchi, Shizuo Kaji, Kaname Matsue, Ryusei Shingaki

(Upsample if necessary) < ConvTranspose(Stride=2) < ResBlocksx2
rrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrrr LeakyReLU < ConvTranspose(Stride=2) < ResBlocksx2 Upsample

— Conv(size=1) < Upsample fﬂ "
0 .

/;\

U,

Encg(x) CF clusters
Co

,,,,, / i /’T p i \ Z

ResBlocksx2 — Conv(Stride=2) — LeakyRelLU
Conv(size=1) — Downsample — BatchNorm

ResBlock

Figure 7: Convolutional autoencoder architecture preserving temporal order along the length (temporal) axis L.
To focus on the autoencoder architecture, this figure does not include the derivation of the cluster loss (Section 3.3)
or the masking procedure used in the reconstruction loss (Section 3.4).

B IMPLEMENTATION DETAILS

This section complements Section 3 with implementation details for learning the latent structure.

We use an LxU-dimensional latent space with L=16 and U=20 for all experiments. We optimize Eq. (8) with the
Adam optimizer using a batch size of 64 in all experiments. Unless otherwise noted, we use PyTorch defaults. In
the following subsections, we describe the autoencoder design and the hyperparameter settings for the cluster loss.

B.1 Autoencoder Architecture

Figure 7 shows the autoencoder architecture introduced in Section 3. It consists of a convolutional encoder and a
symmetric decoder. All convolutions are 1D with no padding or dilation (hereafter denoted Conv). Unless noted,
the kernel size is 3 and the stride is 1. Importantly, unlike previous architectures (Franceschi et al., 2019; Wang
and Palpanas, 2021; Todo et al., 2023), we omit global pooling, dilation, and padding. This design preserves the
sequential order and locality of the time series in every layer’s output.

The encoder and decoder use the ResBlocks in Fig. 7 (right). Unlike previous architectures (Franceschi et al., 2019;
Wang and Palpanas, 2021), which learn time-series latent representations with ResNet-style blocks that rely on
padding and dilation, each of our ResBlocks applies Conv — LeakyReLLU — Conv — LeakyReLLU — Upsampling,
and thereby the block’s input and output lengths are aligned without dilation or padding. The number of input
and output channels for the Conv is the same in each ResBlock.

Encoder. Following the diagram (blue/green right arrows), the encoder stages are: [ResBlocks x2] — Conv (stride
=2) — LeakyReLU. This progressively halves the sequence length and increases channels from 1 — 50— 100 — 200,
performing local aggregation. The final-stage output then passes through 1x1 Conv — Downsampling —
BatchNorm to produce Encg(-) with U channels and length L. We apply BatchNorm to reduce scale imbalance
across LU dimensions.

Latent sampling (reparametrization). Let x €R? be an input time-series instance. At the module indicated
by the purple arrows in Fig. 7, given the latent mean Encg(x) € RL*V from the encoder and the per-instance latent
variance 62 from Eq. (5), we apply the reparametrization trick to sample a latent instance Z € RF*Y.

Decoder. Following the diagram (green/blue left arrows), the decoder applies Upsampling — 1x1 Conv to Z
to match the size of the final encoder convolution map. The decoder then repeats [ResBlocks x2] — transposed
convolution (stride = 2) — LeakyReLU three times, which progressively upsamples the sequence and changes
channels 200 — 100 — 50 — 1. The final layer uses no activation (no LeakyReLU). Depending on @, the
reconstruction may be shorter than @ because of stride-2 operations; therefore, we apply a final upsampling step
so that the output exactly matches Q, producing Decy(Z) € R9.

Although repeated convolutions may slightly blur locality, Section 5.4 shows quantitatively that, compared with
methods that do not preserve locality, our architecture achieves higher sparsity in CF generation.
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B.2 Hyperparameter Setting for Cluster Loss

This section explains how we set the hyperparameters of the cluster loss ﬁécclu‘)f introduced in Section 3: the
number of CF clusters K € N and the margin M € Ry in Eq. (6). Because exhaustive search per dataset is costly,
we choose K and M automatically using a simple heuristic.

We first pre-train the autoencoder with only the reconstruction loss LZE;‘;%U, temporarily omitting Eéccluc)r After

the latent space stabilizes, we determine K and M from the pre-trained latent instances. We then add C(eccluc), and

fine-tune the latent structure by optimizing the full objective in Eq. (8).

For pre-training, we optimize Eq. (8) for the first 1,000 epochs with 6; =1, A =0, and Ay =1 in Egs. (5) and (8)
for all ¢ € [I]. In fine-tuning, we learn all optimization parameters—including the weighting parameters A; and Ao
in Eq. (8)—for the remaining 1,000 epochs, using the hyperparameters K and M identified as follows.

We estimate the hyperparameters K and M from the latent instances immediately after pre-training.

Estimating the number of CF clusters K. We use the G-means algorithm (Hamerly and Elkan, 2003) to infer
the number of CF clusters K. G-means tests whether the points assigned to each tentative center are normally
distributed at the 0.01 significance level. If the test rejects normality, the cluster is split. We also use the centroids
of the resulting clusters to initialize the CF cluster centroids.

Estimating the margin M. Given the G-means centroid Cy € REXV for k € [K], we set the margin M € R in
Eq. (6) as

M= % miil HC;CI—Ckz

ki £ks HF’ klakQG[K]a

i.e., half of the minimum inter-centroid distance. This choice provides a conservative, safe upper bound on the
per-cluster “radius” in the latent space where pre-training has just finished: balls of radius M around different
centroids do not overlap.

Despite being heuristic, these settings yield high-quality CFs without additional tuning (Section 5).

C ADDITIONAL THEORETICAL CHARACTERIZATION

This section provides additional details on Proposition 1 in Section 4.3 and on the separability of the learned
CF clusters in Section 3.3. The former clarifies why the greedy row-selection strategy in Algorithm 1 is well

motivated for minimizing the number of edited rows in Eq. (10). The latter discusses how the cluster loss Cécclu;

in Section 3.3 promotes separation between the desired class y°f € ) and the other classes, at least on the training
data. Although these statements do not provide a complete theoretical guarantee for the entire method, they
serve as supplementary justification for the main design choices of the proposed approach.

C.1 Another Proof of Proposition 1

While we provided the proof of Proposition 1 in Section 4.3, we can also prove Proposition 1 through two standard
properties of greedy methods: the greedy choice property and optimal substructure. For each row [ € [L], define

I
which is the contribution of the I-th row of the original latent instance Z°T to the distance from the target
centroid Cg«. Algorithm 1 edits rows in descending order of d;. If only one row can be edited, then the largest
one-step decrease of | Z—Cy- ; is achieved by replacing the row z?* with the largest d; by ¢y ;. Therefore, among
all optimal solutions that satisfy Eq. (10) with the minimum number of edited rows, there always exists one that
includes the row with the largest d;. This is the greedy choice property. Next, once the row with the largest d;
is edited first, the remaining task is again to choose the minimum number of rows among the remaining ones so
that the residual distance becomes at most Sog+. That is, after fixing the first edited row, the objective is still
the number of edited rows, and the constraint is still of the same form, only with a reduced residual. Therefore,
if we solve this remaining subproblem optimally and combine it with the first greedy edit, we obtain an optimal

solution to the original problem. This is the optimal substructure property. Consequently, Algorithm 1 without
the optional classifier check returns an optimal solution for Eq. (10).

dl = ||zfr—ck*7l
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C.2 CF Cluster Separability

Based on the margin M defined in Section B.2, if the loss in the lower term of Eq. (6) is reduced to zero and
a— oo in Eq. (4), we can partially characterize the separability on the training data. Let C € RZ*Y be the cluster
centroid obtained by G-means for k € [K]. Then, in the latent space immediately after pre-training, each centroid
Cy, forms a ball B(Cy,M) of radius M, and these balls do not intersect. Furthermore, when the lower term in the
cluster loss in Eq. (6) for f(x;)#y" is minimized to zero, all training instances of the non-desired class are excluded
from any B(Cy,M). That is, the CF clusters of radius M completely separate the desired class y°f from all others
in the training data. Moreover, in the upper term of Eq. (6) for f(x;) =y, the KL divergence is minimized, and its
gradients w.r.t the latent mean p; are (pu; — Cy), and thus during training, it pulls the latent mean p; of the training
instance x; where f(x;) =y towards the corresponding cluster centroid Cy, thereby improving separability.

D EXPERIMENTAL DETAILS

This section complements Section 5 with additional experimental details. We execute all experiments on an
Amazon AWS g5.12xlarge instance running Ubuntu OS with four GPUs and 192 GiB of RAM. For context, please
read Section 5 first.

D.1 Details about Experimental Setup

This section adds setup details for Section 5.1: time-series classifiers, existing methods to compare, and UCR
datasets.

Pre-trained classifiers. In supervised classification, we use QUANTClassifier from the aeon library (Mid-
dlehurst et al., 2024a). In one-class classification, we use QUANTTransformer to produce the same features as
QUANTClassifier, and then apply LOF from the PyOD library (Zhao et al., 2019). We use default parameters
with aeon v0.9.0 and PyOD v1.1.2. Please see Section D.4 for additional classifiers.

Existing methods. We use the source code for CVAE (Todo et al., 2023), LASTS (Spinnato et al., 2023),
and MCCE (Redelmeier et al., 2024) from their official repositories. We use default parameters for all methods
unless noted. Since the growing-sphere search in LASTS can run indefinitely, we set a 10-minute timeout for
each generation. We use the UCR archive datasets, where time-series instances are pre-split, whereas Todo et al.
(2023) targeted long time-series data from PTB-XL. Consequently, we do not perform random cropping—the
preprocessing step used by CVAE. In addition, CVAE may fail to operate correctly for certain time-series lengths
(e.g., odd Q). Therefore, following the CELT architecture, after the final transposed-convolution step we apply
upsampling, if needed, so that the output matches the input sequence length @. In each method, all features (all
timestamps) of the time series are assumed actionable for CF generation.

Datasets. We select 26 datasets from the UCR archive and use only two classes: class 1 (y°f) and class 2 (y°).
We include a dataset only if (i) each of the y°f and y°* classes has at least 30 training instances, (ii) there are
no missing values, (iii) all time series have the same length, (iv) training a CVAE model on the dataset does
not trigger GPU out-of-memory errors, and (v) the test accuracy is at least 50% in both the one-class and the
supervised classification settings. The selected datasets are listed in Tables 14-23. Further details for each dataset
are available on the UCR archive web page (Dau et al., 2018).

D.2 Details about Experimental Results

This section adds details that support the evaluations of validity, sparsity, and implausibility in Section 5.3 and
Section 5.4.

For validity, we first conducted the Friedman test before constructing the CD diagrams in Section 5.3. The p-values
are 2.3x 107° (supervised setting) and 8.9x 10~ (one-class setting), indicating statistically significant differences
among methods. As a post-hoc step, we used the Nemenyi test: the critical differences are 1.77 (supervised
setting) and 1.48 (one-class setting), matching the CD values used in Fig. 5 (left).

As noted in Section 5.4, we evaluated sparsity and implausibility on the intersection of instances for which both
CELT and each existing method generated valid CFs, and conducted Wilcoxon signed-rank tests. Tables 4
and 5 report the p-values for sparsity and implausibility against each method, respectively. For sparsity, CELT
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Table 4: Sparsity: Wilcoxon signed-rank tests between CELT and each existing method. CELT consistently
outperforms all existing methods.

Existing method Supervised One-class

p-value Significant (a=0.05) p-value  Significant (a=0.05)

CVAE 29x10714 Yes — —
LASTS 2.2x10710 Yes 4.3%x10~7 Yes
MCCE 1.0x 1076 Yes 2.9%x104 Yes
MCCE++ 6.4x107° Yes 0.0068 Yes

Table 5: Implausibility: Wilcoxon signed-rank tests between CELT and each existing method. CELT is alittle worse
than CVAE (no significant difference) in the supervised setting, but outperforms the remaining existing methods.

Existing method Supervised One-class

p-value Significant («=0.05)  p-value  Significant («=0.05)

CVAE 0.70 No

LASTS 7.2x10714 Yes 1.7x107° Yes
MCCE 1.5x1073 Yes 0.014 Yes
MCCE++ 2.1x107% Yes 0.018 Yes

consistently outperforms all existing methods in both the supervised and one-class settings. For implausibility,
CELT is worse than CVAE in the supervised setting, but the difference is not significant; against the remaining
methods, CELT consistently performs better.

Tables 14 and 15 report per-dataset validity. Tables 16 and 17 report per-dataset average sparsity. Tables 18 and
19 report per-dataset average implausibility. Each table pair corresponds to the supervised and one-class settings,
respectively. The “+” values denote standard deviations. As noted in Section 5.4, sparsity and implausibility are
computed only over valid CFs. If a method yields no valid CFs on a dataset, we mark “—” and assign the worst
rank. In all tables, the number in parentheses is the method’s rank (1 is best). We also report the mean rank and
the number of wins at the bottom of each table.

Tables 14 and 15 directly support Fig. 5 (left) (Section 5.3). By contrast, Tables 16-19 use a protocol that
differs from Fig. 5 (right) (Section 5.4): the tables evaluate each method on its own instance set, whereas
Fig. 5 (right) evaluates on the intersection of instances on which both CELT and each existing method produce
valid CFs, ensuring a like-for-like comparison. For a fairer comparison, please refer to Fig. 5 (right) (Section 5.4).
Nevertheless, the mean rank and the number of wins at the bottom of each table remain consistent with Section 5.3
and Section 5.4—mnot only for validity but also for sparsity and implausibility.

D.3 Additional Metrics

In addition to validity, sparsity, and implausibility, which were mentioned in Section 2, this section adds two more
metrics. The first one is the number of modified segments (NumSeg) metric, which is introduced in the Segment
sparsity section of Kan et al. (2024). NumSeg counts the number of time-series segments that are modified from
the original time series, and together with sparsity, it can be used to evaluate the segment-wise locality of CF's.
The second metric is the Mean Absolute Difference (MAD) between the original time series and the CFs. Unlike
sparsity, MAD is threshold-free.

Figure 8 summarizes pairwise comparisons between CELT (y-axis) and each existing method (x-axis). The top
and bottom rows report per-instance NumSeg and MAD, respectively. Labels (S) and (O) denote supervised
and one-class classification settings, respectively. In the figure header, v1/v2/v3 indicate the number of instances
where CELT wins/loses/draws against the existing method. Other experimental settings are the same as in
Sections 5.1 and 5.4.

As in Section D.2, we conducted Wilcoxon signed-rank tests. Tables 6 and 7 report the p-values for NumSeg and
MAD against each method, respectively. For NumSeg, CELT is worse than LASTS in the one-class setting, but
the difference is not significant; against the remaining methods, CELT consistently performs better although the
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Figure 8: Pairwise comparison of CELT (y-axis) vs. existing methods (x-axis) on (top) NumSeg and (bottom)
MAD; (S) and (O) indicate supervised and one-class classification, and v1/v2/v3 are win/loss/draw counts.

Table 6: NumSeg: Wilcoxon signed-rank tests between CELT and each existing method. CELT consistently outper-
forms all existing methods in the supervised setting although the difference is not significant in the one-class setting.

Existing method Supervised One-class

p-value Significant (¢=0.05) p-value Significant (a=0.05)
CVAE 0.00083 Yes — —
LASTS 0.00079 Yes 0.093 No
MCCE 0.0048 Yes 0.070 No
MCCE++ 0.0029 Yes 0.057 No

difference is not significant in the one-class setting. For MAD, CELT is better than all existing methods although
there is no significant difference compared with MCCE and MCCE++ in the supervised setting.

Tables 20 and 21 report per-dataset NumSeg. Tables 22 and 23 report per-dataset MAD. Each table pair
corresponds to the supervised and one-class settings, respectively. The “4” values denote standard deviations. As
in Section 5.4, NumSeg and MAD are computed only over valid CFs. If a method yields no valid CF's on a dataset,
we mark “—” and assign the worst rank. In all tables, the number in parentheses is the method’s rank (1 is best).
We also report the mean rank and the number of wins at the bottom of each table.

Tables 2023 use a protocol that differs from Fig. 8. The tables evaluate each method on its own instance set, whereas
Fig. 8 evaluates on the intersection of instances on which both CELT and each existing method produce valid CF's,
ensuring a like-for-like comparison. For a fairer comparison, please refer to Fig. 8, as in sparsity and implausibility.

D.4 Experiments on Additional Classifiers

To further support the wide applicability of the proposed method, we conducted additional experiments on the
three representative datasets: ECGFiveDays, GunPoint, and TwoLeadECG. In these experiments, we add the
following two gradient-free black-box classifiers using default parameters with acon v0.9.0 and PyOD v1.1.2:

e Supervised setting: Catch22Classifier, which is fast and reasonably accurate.

e One-class setting: catch22+IForest, which applies Isolation Forest (IForest) on the catch22 features.

Tables 8-10 compare the Rank Mean of Validity, Sparsity, and Implausibility. We observe similar trends between
QUANTClassifier and Catch22Classifier, and between QUANT+LOF and catch22+IForest. Furthermore,
Tables 11-13 report the dataset-wise values of Validity, Sparsity, and Implausibility in the supervised setting for
Catch22Classifier (we observed similar trends also in the one-class setting). We can see that even when we
replace the classifiers, the actual metric values exhibit similar behavior in CELT and CVAE, by comparing with
Tables 14, 16, and 18. Overall, these additional experiments suggest that the proposed method remains effective
across different classifier choices.
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Table 7: MAD: Wilcoxon signed-rank tests between CELT and each existing method. CELT is better than all

existing methods although there is no significant difference compared with some of them.

Existing method

Supervised

One-class

p-value Significant («=0.05)  p-value  Significant (a=0.05)
CVAE 2.8x10710 Yes — —
LASTS 0.017 Yes 2.3%x1077 Yes
MCCE 0.090 No 0.0015 Yes
MCCE++ 0.31 No 0.0039 Yes
Table 8: Rank Mean for Validity.
Method CELT CVAE LASTS MCCE
QUANTClassifier 1.50 2.33 2.83 3.33
Catch22Classifier 1.17 2.00 2.83 4.00
QUANT+LOF 1.00 N/A 2.00 3.00
catch22+IForest 1.00 N/A 2.17 2.83
Table 9: Rank Mean for Sparsity.
Method CELT CVAE LASTS MCCE
QUANTClassifier 1.33 2.00 3.67 3.00
Catch22Classifier 1.67 2.00 3.33 3.00
QUANT+LOF 1.00 N/A 2.00 3.00
catch22+IForest 1.00 N/A 2.17 2.83
Table 10: Rank Mean for Implausibility.
Method CELT CVAE LASTS MCCE
QUANTClassifier 2.00 1.00 4.00 3.00
Catch22Classifier 2.33 1.00 3.33 3.33
QUANT+LOF 1.00 N/A 2.00 3.00
catch22+IForest 1.00 N/A 2.17 2.83
Table 11: Validity under Catch22Classifier.
Dataset CELT CVAE LASTS MCCE Classifier Accuracy
ECGFiveDays 1.00 (1.0) 0.90 (2.5) 0.90 (2.5) 0.00 (4.0) 1.00
GunPoint 0.90 (1.0) 0.80 (2.0) 0.10(3.0) 0.00 (4.0) 0.98
TwoLeadECG  1.00 (1.5) 1.00 (1.5) 0.40(3.0) 0.10 (4.0) 1.00
Table 12: Sparsity under Catch22Classifier.
Dataset CELT CVAE LASTS MCCE
ECGFiveDays 0.73£0.15 (1.0) 0.64+0.11 (2.0) 0.5340.20 (3.0) - (4.0)
GunPoint 0.7740.08 (1.0)  0.75+0.13 (2.0)  0.02=£0.00 (3.0) - (4.0)
TwoLeadECG  0.75+0.19 (3.0) 0.76+0.13 (2.0) 0.5040.07 (4.0) 0.87£0.00 (1.0)
Table 13: Implausibility under Catch22Classifier.
Dataset CELT CVAE LASTS MCCE
ECGFiveDays  11.7042.96 (2.0)  7.784+4.46 (1.0)  38.68+11.20 (3.0) - (4.0)
GunPoint 18.65+11.49 (2.0) 17.924+10.48 (1.0) 121.2040.00 (3.0) - (4.0)
TwoLeadECG  5.54£1.89 (3.0)  3.94+1.64 (1.0)  15.75+4.74 (4.0)  5.054:0.00 (2.0)
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Table 14: Validity for each dataset under supervised classification.

CELT CVAE LASTS MCCE | MCCE++ | w/oClu | w/o Mask
BME 0.90 (4.0) | 1.00 (1.5) | 0.50 (7.0) | 0.90 (4.0) | 1.00 (1.5) | 0.60 (6.0) | 0.90 (4.0)
BirdChicken 0.80 (1.5) | 0.70 (3.0) | 0.00 (6.0) | 0.00 (6.0) | 0.00 (6.0) | 0.50 (4. 0) 0.80 (1.5)
CricketX 1.00 (1.0) | 0.00 (5.5) | 0.00 (5.5) | 0.00 (5.5) | 0.00 (5.5) | 0.30 (3.0) | 0.90 (2.0)
CricketZ 0.90 (1.5) | 0.70 (3.0) | 0.00 (6.0) | 0.00 (6.0) | 0.00 (6.0) | 0.20 (4. 0) 0.90 (1.5)
DistalPhalanxOutlineAgeGroup | 0.10 (4.0) | 0.10 (4.0) | 1.00 (1.0) | 0.00 (6.5) | 0.00 (6.5) | 0.10 (4.0) | 0.90 (2.0)
ECGFiveDays 1.00 (2.0) | 1.00 (2.0) | 0.75 (4.0) | 0.20 (7.0) | 0.30 (6.0) | 0.60 (5.0) | 1.00 (2.0)
FaceAll 1.00 (1.5) | 0.50 (4.0) | 0.00 (6.0) | 0.00 (6.0) | 0.00 (6.0) | 0.60 (3.0) | 1.00 (1.5)
FacesUCR 1.00 (1.5) | 0.70 (3.5) | 0.00 (6.0) | 0.00 (6.0) | 0.00 (6.0) | 0.70 (3.5) | 1.00 (1.5)
FiftyWords 1.00 (1.5) | 0.50 (5.5) | 0.20 (7.0) | 0.60 (4.0) | 0.50 (5.5) | 0.80 (3.0) | 1.00 (L.5)
GunPoint 1.00 (1.5) | 0.80 (6.0) | 0.80 (6.0) | 0.90 (3.5) | 1.00 (1.5) | 0.80 (6.0) | 0.90 (3.5)
GunPointAgeSpan 1.00 (2.5) | 1.00 (2.5) | 0.80 (5.0) | 0.70 (6.5) | 0.70 (6.5) | 1.00 (2.5) | 1.00 (2.5)
GunPointMaleVersusFemale 0.40 (4.5) | 0.40 (4.5) | 0.70 (3.0) | 1.00 (1.5) | 1.00 (1.5) | 0.20 (7.0) | 0.30 (6.0)
GunPointOldVersusYoung 1.00 (3.0) | 0.50 (7.0) | 0.80 (6.0) | 1.00 (3.0) | 1.00 (3.0) | 1.00 (3.0) | 1.00 (3.0)
Insect EPGRegular Train 1.00 (3.5) | 1.00 (3.5) | 0.30 (7.0) | 1.00 (3.5) | 1.00 (3.5) | 1.00 (3.5) | 1.00 (3.5)
InsectEPGSmallTrain 1.00 (3.5) | 1.00 (3.5) | 0.20 (7.0) | 1.00 (3.5) | 1.00 (3.5) | 1.00 (3.5) | 1.00 (3.5)
InsectWingbeatSound 1.00 (1.5) | 0.70 (4.5) | 0.70 (4.5) | 0.40 (6.0) | 0.20 (7.0) | 1.00 (1.5) | 0.80 (3.0)
ItalyPowerDemand 0.40 (7.0) | 0.75 (3.0) | 0.85 (1.0) | 0.70 (5.0) | 0.70 (5.0) | 0.70 (5.0) | 0.80 (2.0)
MoteStrain 0.80 (3.5) | 1.00 (1.5) | 1.00 (1.5) | 0.00 (6.5) | 0.00(6.5) | 0.30 (5.0) | 0.80 (3.5)
PowerCons 1.00 (2.5) | 1.00 (2.5) | 0.90 (5.0) | 0.40 (7.0) | 0.50 (6.0) | 1.00 (2.5) | 1.00 (2.5)
ProximalPhalanxOutlineAgeGroup | 0.10 (5.0) | 1.00 (1.0) | 0.80 (2.0) | 0.00 (6.5) | 0.00 (6.5) | 0.20 (4.0) | 0.60 (3.0)
SonyAIBORobotSurfacel 1.00 (1.0) | 0.90 (2.0) | 0.00 (6.0) | 0.00 (6.0) | 0.00 (6.0) | 0.10 (4.0) | 0.80 (3.0)
SonyAIBORobotSurface2 0.90 (1.5) | 0.90 (1.5) | 0.00 (6.0) | 0.00 (6.0) | 0.00 (6.0) | 0.20 (4.0) | 0.80 (3.0)
ToeSegmentationl 1.00 (2.0) | 1.00 (2.0) | 0.00 (6.0) | 0.00 (6.0) | 0.00 (6.0) | 0.70 (4.0) | 1.00 (2.0)
ToeSegmentation2 1.00 (3.5) | 1.00 (3.5) | 0.33 (7.0) | 1.00 (3.5) | 1.00 (3.5) | 1.00 (3.5) | 1.00 (3.5)
TwoLeadECG 1.00 (2.0) | 1.00 (2.0) | 1.00 (2.0) | 0.50 (5.5) | 0.70 (4.0) | 0.50 (5.5) | 0.40 (7.0)
UMD 0.60 (2.0) | 1.00 (1.0) | 0.10 (6.0) | 0.20 (4.5) | 0.00 (7.0) | 0.20 (4.5) | 0.40 (3.0)
Rank Mean 2.63 3.21 4.98 5.19 5.08 4.02 2.88
Number of Wins 4 5 7 7 13
Table 15: Validity for each dataset under one-class classification.
CELT LASTS MCCE MCCE++ | w/oClu | w/o Mask
BME 1.00 (2.0) | 050 (4.0) | 0.00 (5.5) | 0.00 (5.5) | 1.00 (2.0) | 1.00 (2.0)
BirdChicken 1.00 (2.5) | 0.00 (5.5) | 1.00 (2.5) | 0.00 (5.5) | 1.00 (2.5) | 1.00 (2.5)
CricketX 1.00 (2.0) | 0.62 (4.0) | 0.00 (5.5) | 0.00 (5.5) | 1.00 (2.0) | 1.00 (2.0)
CricketZ 1.00 (3.0) | 0.67 (6.0) | 1.00 (3.0) | 1.00 (3.0) | 1.00 (3.0) | 1.00 (3.0)
DistalPhalanxOutlineAgeGroup 1.00 (2.0) | 0.00 (5.0) | 0.00 (5.0) | 0.00 (5.0) | 1.00 (2.0) | 1.00 (2.0)
ECGFiveDays 0.90 (L.5) | 0.05 (4.0) | 0.00 (5.5) | 0.00(5.5) | 0.90 (1.5) | 0.67 (3.0)
FaceAll 1.00 (2.0) | 0.30 (4.0) | 0.00 (5.5) | 0.00 (5.5) | 1.00 (2.0) | 1.00 (2.0)
FacesUCR 1.00 (2.0) | 0.60 (4.0) | 0.00 (5.5) | 0.00 (5.5) | 1.00 (2.0) | 1.00 (2.0)
FiftyWords 1.00 (2.0) | 0.10 (4.0) | 0.00 (5.5) | 0.00 (5.5) | 1.00 (2.0) | 1.00 (2.0)
GunPoint 1.00 (1.5) | 0.50 (4.0) | 0.00 (5.5) | 0.00 (5.5) | 0.78 (3.0) | 1.00 (1.5)
GunPoint AgeSpan 1.00 (3.0) | 0.78 (6.0) | 1.00 (3.0) | 1.00 (3.0) | 1.00 (3.0) | 1.00 (3.0)
GunPointMaleVersusFemale 1.00 (3.0) | 0.50 (6.0) | 1.00 (3.0) | 1.00 (3.0) | 1.00 (3.0) | 1.00 (3.0)
GunPointOldVersusYoung 1.00 (2.5) | 0.20 (6.0) | 1.00 (2.5) | 1.00 (2.5) | 0.70 (5.0) | 1.00 (2.5)
InsectEPGRegularTrain 1.00 (2.5) | 1.00 (2.5) | 0.00 (5.5) | 0.00(5.5) | 1.00 (2.5) | 1.00 (2.5)
InsectEPGSmallTrain 1.00 (2.0) | 0.20 (4.0) | 0.00 (5.5) | 0.00 (5.5) | 1.00 (2.0) | 1.00 (2.0)
InsectWingbeatSound 1.00 (2.0) | 0.50 (4.0) | 0.00 (5.5) | 0.00 (5.5) | 1.00 (2.0) | 1.00 (2.0)
TtalyPowerDemand 0.70 (2.5) | 0.95 (1.0) | 0.00 (5.5) | 0.00 (5.5) | 0.70 (2.5) | 0.67 (4.0)
MoteStrain 1.00 (3.5) | 1.00 (3.5) | 1.00 (3.5) | 1.00 (3.5) | 1.00 (3.5) | 1.00 (3.5)
PowerCons 1.00 (3.0) | 0.00 (6.0) | 1.00 (3.0) | 1.00 (3.0) | 1.00 (3.0) | 1.00 (3.0)
ProximalPhalanxOutlineAgeGroup | 1.00 (1.5) | 0.00 (5.0) | 0.00 (5.0) | 0.00 (5.0) | 0.86 (3.0) | 1.00 (1.5)
SonyAIBORobotSurfacel 1.00 (2.0) | 0.00 (5.0) | 0.00 (5.0) | 0.00 (5.0) | 1.00 (2.0) | 1.00 (2.0)
SonyAIBORobotSurface2 1.00 (2.5) | 1.00 (2.5) | 0.00 (5.5) | 0.00 (5.5) | 1.00 (2.5) | 1.00 (2.5)
ToeSegmentationl 1.00 (2.0) | 0.00 (6.0) | 0.75 (4.0) | 0.50 (5.0) | 1.00 (2.0) | 1.00 (2.0)
ToeSegmentation2 1.00 (2.0) | 0.00 (5.0) | 0.00 (5.0) | 0.00 (5.0) | 1.00 (2.0) | 1.00 (2.0)
TwoLeadECG 1.00 (2.0) | 0.10 (4.0) | 0.00 (5.5) | 0.00 (5.5) | 1.00 (2.0) | 1.00 (2.0)
UMD 1.00 (3.0) | 0.00 (6.0) | 1.00 (3.0) | 1.00 (3.0) | 1.00 (3.0) | 1.00 (3.0)
Rank Mean 2.29 4.50 4.58 4.73 2.50 2.40
Number of Wins 25 4 8 7 22 24
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Table 16: Sparsity for each dataset under supervised classification.

CELT CVAE LASTS MCCE MCCE++

BME 0.78 £0.09 (1.0) | 0.57 £ 0.15 (4.0) | 0.51 £ 0.11 (5.0) | 0.63 £ 0.14 (3.0) | 0.71 £ 0.13 (2.0)

BirdChicken 0.42 £ 0.20 (1.0) | 0.31 + 0.12 (2.0) — (4.0) — (4.0) — (4.0)

CricketX 0.29 = 0.15 (1.0) (3.5) (3.5) (3.5) (3.5)

CricketZ 0.35 %+ 0.16 (1.0) | 0.23 4 0.11 (2.0) — (4.0) — (4.0) — (4.0)

DistalPhalanxOutlineAgeGroup | 0.84 +0.00 (1.0) | 0.79 & 0.00 (2.0) | 0.50 & 0.10 (3.0) — (4.5) — (4.5)
ECGFiveDays 0.73 + 0.14 (2.0) | 0.64 £ 0.13 (4.0) | 0.61 = 0.20 (5.0) | 0.66 £ 0.01 (3.0) | 0.78 = 0.10 (1.0)

FaceAll 0.24 + 0.08 (1.0) | 0.17 £ 0.03 (2.0) —(4.0) —(4.0) —(4.0)

FacesUCR 0.25 + 0.07 (1.0) | 0.17 £ 0.02 (2.0) — (4.0) — (4.0) — (4.0)
FiftyWords 0.55 £ 0.10 (1.0) | 0.29 £ 0.13 (4.0) | 0.15 = 0.02 (5.0) | 0.32 = 0.09 (3.0) | 0.34 = 0.12 (2.0)
GunPoint 0.80 £ 0.12 (1.0) | 0.72 £ 0.17 (2.0) | 0.28 £ 0.15 (5.0) | 0.47 £ 0.16 (3.0) | 0.46 =+ 0.11 (4.0)
GunPointAgeSpan 0.66 = 0.10 (1.0) | 0.51 = 0.34 (4.0) | 0.28 + 0.18 (5.0) | 0.59 = 0.12 (3.0) | 0.61 = 0.11 (2.0)
GunPointMaleVersusFemale 0.40 £ 0.27 (2.0) | 0.53 £ 0.28 (1.0) | 0.01 £ 0.03 (5.0) | 0.06 £ 0.08 (4.0) | 0.06 £ 0.08 (3.0)
GunPointOldVersusYoung 0.13 + 0.18 (2.0) | 0.11 £+ 0.08 (3.0) | 0.17 £ 0.23 (1.0) | 0.10 £ 0.13 (4.0) | 0.09 = 0.12 (5.0)
InsectEPGRegularTrain 0.00 % 0.00 (3.0) | 0.00 £ 0.00 (3.0) | 0.00 £ 0.00 (3.0) | 0.00 = 0.00 (3.0) | 0.00 % 0.00 (3.0)
Insect EPGSmallTrain 0.00 £ 0.00 (3.0) | 0.00 £ 0.00 (3.0) | 0.00 £ 0.00 (3.0) | 0.00 £ 0.00 (3.0) | 0.00 £ 0.00 (3.0)
InsectWingbeatSound 0.59 £ 0.10 (2.0) | 0.38 £ 0.16 (5.0) | 0.43 = 0.15 (4.0) | 0.55 = 0.11 (3.0) | 0.64 = 0.09 (1.0)
ItalyPowerDemand 0.28 = 0.19 (4.0) | 0.38 £ 0.13 (1.0) | 0.27 + 0.13 (5.0) | 0.34 = 0.05 (3.0) | 0.37 = 0.08 (2.0)

MoteStrain 0.36 = 0.10 (1.0) | 0.18 = 0.03 (3.0) | 0.28 % 0.07 (2.0) — (4.5) — (4.5)
PowerCons 0.54 + 0.11 (1.0) | 0.35 £ 0.08 (3.0) | 0.21 £ 0.11 (5.0) | 0.33 £ 0.15 (4.0) | 0.54 = 0.06 (2.0)

ProximalPhalanxOutlineAgeGroup | 0.75 £ 0.00 (3.0) | 0.95 £ 0.06 (1.0) | 0.81 £ 0.13 (2.0) — (4.5) — (4.5)

Sony AIBORobotSurfacel 0.40 £ 0.12 (1.0) | 0.32 £ 0.06 (2.0) — (4.0 — (4.0 — (4.0

Sony AIBORobotSurface2 0.34 £ 0.08 (1.0) | 0.24 £ 0.06 (2.0) — (4.0) — (4.0) — (4.0

ToeSegmentationl 0.42 + 0.16 (1.0) | 0.20 = 0.07 (2.0) (4.0) (4.0) (4.0)
ToeSegmentation?2 0.37 £ 0.18 (1.0) | 0.19 = 0.09 (4.0) | 0.17 £ 0.00 (5.0) | 0.21 = 0.02 (3.0) | 0.33 = 0.11 (2.0)
TwoLeadECG 0.62 £ 0.15 (2.0) | 0.77 £ 0.08 (1.0) | 0.49 = 0.16 (4.0) | 0.41 =+ 0.14 (5.0) | 0.54 = 0.16 (3.0)

UMD 0.71 + 0.16 (1.0) | 0.47 £ 0.04 (4.0) | 0.53 £ 0.00 (3.0) | 0.61 = 0.12 (2.0) — (5.0)

Rank Mean 1.54 2.67 3.90 3.62 3.27
Number of Wins 19 6 3 2 4

Table 17: Sparsity for each dataset under one-class classification.

CELT LASTS MCCE MCCE++
BME 0.48 £ 0.04 (1.0) | 0.43 £ 0.00 (2.0) 35) 35
BirdChicken 0.07 £ 0.00 (2.0) —(35) 0.17 + 0.00 (1.0) (35
CricketX 0.45 £ 0.04 (1.0) | 0.09 £ 0.03 (2.0) — (3.5) — (3.5)
CricketZ 0.49 £ 0.06 (1.0) | 0.09 = 0.02 (4.0) | 0.39 = 0.04 (3.0) | 0.42 = 0.02 (2.0)
DistalPhalanxOutlineAgeGroup | 0.50 + 0.12 (1.0) — (3.0) —(3.0) — (3.0)
ECGFiveDays 0.70 £ 0.09 (1.0) | 0.33 £ 0.00 (2.0) — (3.5) —(3.5)
FaceAll 0.21 £ 0.04 (1.0) | 0.15 = 0.04 (2.0) —(35) —(3.5)
FacesUCR 0.17 + 0.04 (1.0) | 0.13 = 0.02 (2.0) (3.5 —(3.5)
FiftyWords 0.26 £ 0.08 (1.0) | 0.17 = 0.00 (2.0) — (3.5) —(3.5)
GunPoint 0.20 £ 0.25 (1.0) | 0.14 £ 0.08 (2.0) —(35) —(3.5)
GunPointAgeSpan 0.42 £0.13 (1.0) | 0.18 £0.16 (4.0) | 0.27 £ 0.17 (3.0) | 0.28 £+ 0.17 (2.0)
GunPointMaleVersusFemale 0.35 + 0.24 (1.0) | 0.32 £ 0.12 (2.0) | 0.09 % 0.09 (4.0) | 0.10 = 0.10 (3.0)
GunPointOldVersusYoung 0.05 £ 0.08 (3.0) | 0.00 = 0.00 (4.0) | 0.07 + 0.13 (1.5) | 0.07 £ 0.12 (L.5)
InsectEPGRegularTrain 0.00 £ 0.00 (1.5) | 0.00 £ 0.00 (1.5) —(3.5) —(3.5)
InsectEPGSmallTrain 0.00 £ 0.00 (1.5) | 0.00 £ 0.00 (1.5) — (3.5) —(3.5)
InsectWingbeatSound 0.50 &+ 0.06 (1.0) | 0.44 &+ 0.03 (2.0) — (3.5) — (3.5)
ItalyPowerDemand 0.30 £0.12 (1.0) | 0.24 £ 0.13 (2.0) —(3.5) —(3.5)
MoteStrain 0.40 £ 0.00 (1.0) | 0.20 = 0.00 (2.0) | 0.15 + 0.00 (3.5) | 0.15 £ 0.00 (3.5)
PowerCons 0.26 + 0.17 (2.0) —(4.0) 0.16 £ 0.09 (3.0) | 0.30 £ 0.13 (1.0)
ProximalPhalanxOutlineAgeGroup | 0.73 £ 0.09 (1.0) — (3.0 — (3.0 —(3.0)
SonyAIBORobotSurfacel 0.31 % 0.07 (1.0) — (3.0) — (3.0) — (3.0)
SonyAIBORobotSurface2 0.33 +0.01 (1.0) | 0.16 &+ 0.02 (2.0) — (3.5) — (3.5)
ToeSegmentationl 0.24 £ 0.09 (1.0) — (4.0) 0.15 + 0.03 (3.0) | 0.21 &+ 0.01 (2.0)
ToeSegmentation2 0.22 +0.10 (1.0) — (3.0) — (3.0) — (3.0)
TwoLeadECG 0.63 £ 0.19 (1.0) | 0.33 = 0.00 (2.0) —(3.5) —(35)
UMD 0.56 &+ 0.02 (3.0) — (4.0) 0.60 + 0.04 (2.0) | 0.63 &+ 0.01 (1.0)
Rank Mean 1.27 2.63 3.13 2.96
Number of Wins 22 2 2 3
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Table 18: Implausibility for each dataset under supervised classification.

CELT CVAE LASTS MCCE MCCE++
BME 18.77 £ 4.59 (3.0) 24.33 + 12.81 (4.0) 30.76 + 11.40 (5.0) 15.42 £ 7.33 (1.0) 15.47 £ 5.63 (2.0)
BirdChicken 116.05 = 25.70 (2.0) | 97.50 = 40.20 (1.0) —(4.0) —(4.0) —(4.0)
CricketX 77.64 £ 21.31 (1.0) — (3.5) — (3.5) —(3.5) — (3.5)
CricketZ 56.35 £ 17.70 (1.0) | 83.17 & 29.23 (2.0) — (4.0) — (4.0) — (1.0)
DistalPhalanxOutlineAgeGroup 6.18 + 0.00 (2.0) 5.05 4+ 0.00 (1.0) 7.35 + 1.22 (3.0) — (4.5) — (4.5)
ECGFiveDays 12.62 + 4. 99 (2.0) 7.84 + 3.29 (1.0) 29.54 + 2.16 (5.0) 14.93 + 3.33 (3.0) 15.26 + 2.19 (4.0)
FaceAll 42.40 £5.46 (2.0) | 32.37 £ 4.48 (1.0) — (4.0) — (4.0) — (4.0)
FacesUCR 4446+ 9.81 (2.0) | 36.08 = 9.99 (1.0) — (4.0) — (4.0) —(4.0)
FiftyWords 75.23 £+ 10.97 (2.0) 67.31 +20.70 (1.0) 139.18 £ 0.45 (5.0) | 101.29 + 33.88 (4.0) 82.74 £ 7.87 (3.0)
GunPoint 92,63+ 12.02 (2.0) | 18.54 +10.02 (1.0) | 46.28 + 2558 (5.0) | 26.06 + 4.90 (3.0) | 28.91 + 3.34 (4.0)
GunPointAgeSpan 13.60 = 6.20 (1.0) | 25.82+23.14 (4.0) | 39.30 +£12.92 (5.0) | 15.97£6.13 (3.0) | 15.67 £ 6.01 (2.0)
GunPointMaleVersusFemale 14.51 £ 10.54 (2.0) 8.74 £2.71 (1.0) 48.20 £ 4.91 (5.0) 28.56 + 14.78 (3.0) 35.25 + 10.44 (4.0)
GunPointOldVersus Young 16.11 £ 8.63 (3.0) | 22.41 +25.44 (4.0) | 36.52 + 13.47 (5.0) | 6.82 = 1.07 (2.0) 6.55 = 1.79 (1.0)
InsectEPGRegularTrain 6.83 + 1.22 (1.0) 14.82 + 5.40 (4.0) | 350.51 + 15.48 (5.0) | 12.17+0.00 (2.0) | 12.17 £ 0.00 (3.0)
InsectEPGSmallTrain 7.90 + 1.07 (1.0) 14.46 £ 3.30 (4.0) 297.52 £ 15.84 (5.0) 12.77 £ 0.00 (3.0) 12.77 £ 0.00 (2.0)
InsectWingbeatSound 49.39 + 13.26 (2.0) | 43.97 +21.30 (L.0) | 97.50+1.09 (5.0) | 69.61 = 13.32 (3.0) | 95.45 + 21.44 (4.0)
ItalyPowerDemand 3.54 + 0.68 (4.0) 2.94 + 1.67 (2.0) 471 £ 1.49 (5.0) 2.51 + 1.36 (1.0) 3.47 + 1.34 (3.0)
MoteStrain 23.26 £4.12 (3.0) | 13.36+5.46 (1.0) | 19.77 % 0.46 (2.0) — (4.5) — (4.5
PowerCons 38.07+£9.18 (3.0) | 37.66+7.81(2.0) | 56.14+0.54 (5.0) | 35.10+3.05(1.0) | 51.98 + 13 06 (4.0)
ProximalPhalanxOutlineAgeGroup 2.89 + 0.00 (2.0) 2.61 +£0.53 (1.0) 5.38 £ 2.06 (3.0) (4.5) 4.5)
SonyATBORobotSurfacel 18.81 +£2.92 (2.0) | 18.03 + 1.67 (L.0) —(4.0) —(4.0) ( 0)
SonyAIBORobotSurface2 20.08 £ 5.90 (1.0) | 22.40 + 6.85 (2.0) — (4.0) — (4.0) — (4.0)
ToeSegmentationl 88.82 & 18.36 (2.0) | 76.67 £ 12.87 (1.0) —(4.0) —(4.0) —(4.0)
ToeSegmentation2 148.51 £ 16.40 (2.0) | 146.24 = 22.25 (1.0) | 179.30 = 0.00 (4.0) | 180.48 + 7.20 (5.0) | 172.05 + 13.87 (3.0)
TwoLeadECG 4.89 + 0.86 (2.0) 3.97 £ 1.26 (1.0) 9.59 & 1.39 (5.0) 7.82 + 0.00 (4.0) 5.59 £ 2.00 (3.0)
UMD 1771+ 1.53 (1.0) | 43.15+15.43 (3.0) | 49.06 +0.00 (4.0) | 25.56 £ 2.60 (2.0) — (5.0)
Rank Mean 1.96 1.90 4.33 3.27 3.54
Number of Wins 7 15 0 3 1
Table 19: Implausibility for each dataset under one-class classification.
CELT LASTS MCCE MCCE++
BME 23.29 + 0.28 (1.0) 62.38 &+ 0.00 (2.0) —(3.5) —(3.5)
BirdChicken 124.44 £+ 0.00 (1.0) — (3.5) 161.57 + 0.00 (2.0) — (3.5)
CricketX 61.01 £+ 6.69 (1.0) 179.33 + 24.22 (2.0) — (3.5) — (3.5)
CricketZ 67.53 £ 7.01 (1.0) 178.14 £ 19.34 (4.0) | 101.10 & 17.82 (2.0) | 103.75 £ 11.95 (3.0)
DistalPhalanxOutlineAgeGroup 6.97 £ 0.78 (1.0) — (3.0) — (3.0) — (3.0)
ECGFiveDays 10.29 + 2.78 (1.0) 55.18 £ 0.00 (2 0) — (3.5) — (3.5)
FaceAll 39.53 £+ 4.97 (2.0) 35.00 &+ 0.76 (1.0) —(3.5) — (3.5)
FacesUCR 38.62 + 7.07 (2.0) 35.91 £ 3.45 (1 0) — (3.5) — (3.5)
FiftyWords 71.77 £ 14.53 (2.0) 70.25 £ 0.00 (1.0) — (3.5) — (3.5)
GunPoint 14.64 + 3.91 (1.0) 25.67 + 1.58 (2.0) —(3.5) — (3.5)
GunPointAgeSpan 21.00 £ 6.57 (3.0) 33.40 £ 7.05 (4.0) 9.22 £+ 2.22 (1.0) 9.44 £+ 1.98 (2.0)

GunPointMaleVersusFemale
GunPointOldVersus Young

(

(

12.43 £ 7.67 (1.0)

7.89 & 4.75 (3.0)
(

40.85 + 24.51 (4.0)
20.84 + 10.19 (4.0)

30.53 + 1.59 (2.0)
3.96 & 0.21 (1.0)

31.77 + 2.11 (3.0)

4.16 + 0.77 (2.0)

Insect EPGRegularTrain 13.18 £8.50 (2.0) | 7.65+ 1.25 (1.0) — (3.5) — (3.5
InsectEPGSmallTrain 8.55 +3.28 (1.0) | 38.66 = 32.74 (2.0) —(3.5) — (3.5)
InsectWingbeatSound 39.38 + 4.73 (1.0) 49.20 + 0.43 (2.0) — (3.5) — (3.5)

ItalyPowerDemand 3.02 £ 0.52 (2.0) 2.65 = 0.18 (1.0) —(3.5) — (3.5)
MoteStrain 12.57 £0.00 (1.0) | 15.2240.00 (2.0) | 19.17+0.00 (3.5) | 19.17 = 0.00 (3.5)
PowerCons 58.10 + 7.82 (2.0) — (4.0) 49.55 + 26.10 (1.0) | 59.12 % 6.98 (3.0)

ProximalPhalanxOutlineAgeGroup 3.21 +£0.78 (1.0) — (3.0) — (3.0) — (3.0

SonyAIBORobotSurfacel 19.04 + 0.38 (1.0) — (3.0) — (3.0) —(3.0)

SonyAIBORobotSurface2 20.64 £ 0.14 (1.0) 37.72 £ 0.51 (2.0) — (3.5) — (3.5)

ToeSegmentationl 110.80 + 33.15 (1.0) — (4.0) 169.13 + 32.65 (2.0) | 209.24 + 8.02 (3.0)

ToeSegmentation2 117.81 4+ 20.92 (1.0) — (3.0) — (3.0) —(3.0)

TwoLead ECG 3.54+0.52(1.0) | 11.07 £ 0.00 (2.0) —(3.5) (35
UMD 14.34 + 1.32 (1.0) (4.0) 23.84+7.34 (3.0) | 18.60 + 0.04 (2.0)
Rank Mean 1.38 2.56 2.88 3.17
Number of Wins 18 5 3 0
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Table 20: NumSeg for each dataset under supervised classification.

CELT CVAE LASTS MCCE MCCE++
BME 3.80 £ 0.99 (1.0) | 4.40 & 2.33 (2.0) | 5.20 & 2.23 (4.0) | 5.11 +2.51 (3.0) | 5.90 & 2.30 (5.0)
BirdChicken 4.88 £ 2.03 (1.0) | 6.29 + 1.67 (2.0) (4.0) (4.0) (4.0)
CricketX 7.10 £ 2.88 (1.0) — (3.5) —(3.5) — (3.5) — (3.5)
CricketZ 9.33+2.26 (2.0) | 8.57 + 2.38 (1.0) — (4.0) — (4.0) — (4.0)
DistalPhalanxOutlineAgeGroup | 2.00 = 0.00 (L.5) | 2.00 £ 0.00 (1.5) | 6.60 = 1.62 (3.0) — (4.5) —(45)
ECGFiveDays 1.90 + 1.14 (1.0) | 2.30 +0.71 (2.0) | 2.60 £ 0.88 (5.0) | 2.50 £ 0.50 (4.0) | 2.33 = 1.25 (3.0)
FaceAll 11.30 £ 2.41 (1.0) | 11.40 + 1.85 (2.0) — (4.0) — (4.0) — (4.0)
FacesUCR 11.30 4 2.61 (2.0) | 10.86 =+ 1.81 (1.0) (4.0) (4.0) (4.0)
FiftyWords 2.80 £ 1.17 (1.0) | 4.60 £ 1.74 (3.0) | 4.00 £ 0.00 (2.0) | 5.67 £ 1.49 (5.0) | 5.20 & 1.17 (4.0)
GunPoint 1.90 + 0.70 (1.0) | 2.62 4+ 1.36 (2.0) | 4.06 = 1.48 (5.0) | 3.67 = 1.15 (4.0) | 3.50 % 1.20 (3.0)
GunPointAgeSpan 2.70 £ 1.35 (1.0) 3.60 £ 1.91 (4.0) | 2.75+0.66 (2.0) | 3.71 £1.39 (5.0) 3.29 £ 0.88 (3.0)
GunPointMaleVersusFemale 3.25 4+ 1.30 (5.0) | 2.75 + 1.48 (4.0) | 1.14 + 0.35 (1.0) | 2.00 + 1.34 (2.5) | 2.00 + 1.41 (2.5)
GunPointOldVersus Young 1.90 + 1.22 (4.0) | 2.00 £ 0.63 (5.0) | 1.88 & 1.36 (3.0) | 1.60 £ 0.80 (1.5) | 1.60 = 1.02 (1.5)
Insect EPGRegularTrain 1.00 £ 0.00 (3.0) | 1.00 = 0.00 (3.0) | 1.00 = 0.00 (3.0) | 1.00 = 0.00 (3.0) | 1.00 = 0.00 (3.0)
Insect EPGSmall Train 1.00 £ 0.00 (3.0) | 1.00 = 0.00 (3.0) | 1.00 = 0.00 (3.0) | 1.00 = 0.00 (3.0) | 1.00 = 0.00 (3.0)
InsectWingbeatSound 3.70 £ 1.68 (1.0) | 5.20 + 0.88 (4.0) | 4.43 + 2.66 (2.0) | 5.50 + 0.87 (5.0) | 5.00 £ 1.00 (3.0)
ItalyPowerDemand 400+ 1.22 (1.0) | 4.07+0.77 (2.0) | 4.24 + 0.8 (4.0) | 4.20 +0.70 (5.0) | 4.14 + 1.36 (3.0)
MoteStrain 462 +1.22 (1.0) | 540+ 1.28 (3.0) | 4.90 + 0.70 (2.0) — (4.5) — (4.5)
PowerCons 6.00 £ 1.84 (2.0) | 7.20 +2.44 (5.0) | 7.00 + 1.89 (3.5) | 5.25 + 1.92 (1.0) | 7.00 = 2.61 (3.5)
ProximalPhalanxOutlineAgeGroup | 2.00 + 0.00 (3.0) | 0.20 & 0.40 (1.0) | 1.25 + 1.30 (2.0) — (4.5) — (4.5)
SonyAIBORobotSurfacel 6.20 + 1.17 (1.0) | 7.00 £ 1.33 (2.0) — (4.0 — (4.0) — (4.0)
SonyAIBORobotSurface2 5.89 +1.45 (1.0) | 6.11 +1.52 (2.0) (4.0) (4.0) (4.0)
ToeSegmentationl 6.90 £ 2.12 (1.0) | 8.70 +2.49 (2.0) — (4.0) — (4.0) — (4.0)
ToeSegmentation2 5.33 £ 2.87 (2.0) 7.33£1.70 (3.0) | 3.00 £ 0.00 (1.0) | 10.33 £ 0.94 (4.0) | 13.00 £ 0.82 (5.0)
TwoLeadECG 2.30 £ 0.90 (2.0) 1.80 £ 0.98 (1.0) | 3.10 £0.70 (4.0) | 3.20 £ 0.98 (5.0) 2.57 + 1.05 (3.0)
UMD 2.50 £ 0.50 (1.0) | 3.00 £ 0.63 (2.5) | 4.00 £ 0.00 (4.0) | 3.00 £ 1.00 (2.5) — (5.0)
Rank Mean 1.71 2.56 3.27 3.79 3.67
Number of Wins 18 7 4 4 3
Table 21: NumSeg for each dataset under one-class classification.
CELT LASTS MCCE MCCE++
BME 3.00 £ 0.00 (1.0) | 12.00 £ 0.00 (2.0) —35) —(35)
BirdChicken 7.00 % 0.00 (1.0) (3.5 11.00 £ 0.00 (2.0) —(3.5)
CricketX 10.25 + 2.11 (2.0) | 5.20 = 0.75 (1.0) (3.5 —(3.5)
CricketZ 10.33 £ 0.75 (2.0) | 5.00 +0.71 (1.0) | 14.67 & 1.11 (3.0) | 15.33 % 2.69 (4.0)
DistalPhalanxOutlineAgeGroup 6.50 + 1.89 (1.0) — (3.0) — (3.0) — (3.0)
ECGFiveDays 211+ 1.10 (1.0) | 5.00 £ 0.00 (2.0) (3.5 —(3.5)
FaceAll 11.40 + 2.58 (2.0) | 9.33 = 1.70 (1.0) — (3.5) — (3.5)
FacesUCR 10.90 + 1.81 (2.0) | 9.83 % 3.02 (1.0) —(3.5) —(3.5)
FiftyWords 5.10 £ 1.97 (2.0) | 5.00 £ 0.00 (1.0) —(3.5) —(3.5)
GunPoint 333+ 1.56 (1.0) | 4.11 +1.20 (2.0) — (3.5 —(3.5)
GunPoint AgeSpan 3.11+0.99 (4.0) | 3.00 £2.20 (3.0) | 2.56 = 0.68 (L5) | 2.56 = 0.68 (1.5)
GunPointMaleVersusFemale 2.90 £+ 1.45 (3.0) 4.00 £+ 1.10 (4.0) 2.40 £1.20 (1.5) 2.40 £1.28 (1.5)
GunPointOld VersusYoung 1.20 £ 0.40 (2.0) | 1.00 £ 0.00 (1.0) | 1.60 £1.02(3.5) | 1.60 £ 1.02 (3.5)
InsectEPGRegularTrain 1.00 £ 0.00 (1.5) | 1.00 = 0.00 (1.5) — (3.5) — (3.5)
Insect EPGSmallTrain 1. OO £ 0.00 (1.5) | 1.00 £ 0.00 (1.5) —(3.5) —(3.5)
InsectWingbeatSound 5.25 +0.97 (2.0) | 4.75 £ 0.83 (1.0) — (3.5) — (3.5)
ItalyPowerDemand 4. 86 +1.46 (2.0) | 4.05 £ 1.32(1.0) — (3.5) —(3.5)
MoteStrain 5.00 £ 0.00 (1.5) | 5.00 £ 0.00 (1.5) | 6.00 = 0.00 (3.5) | 6.00 % 0.00 (3.5)
PowerCons 6.25 + 1.48 (1.5) — (4.0) 6.25 +2.49 (1.5) | 8.00 & 1.41 (3.0)
ProximalPhalanxOutlineAgeGroup | 3.57 + 2.06 (1.0) —(3.0) — (3.0) — (3.0)
SonyAIBORobotSurfacel 6.33 £2.05 (1.0) — (3.0 — (3.0 — (3.0
SonyAIBORobotSurface2 5.50 = 0.50 (1.0) | 6.00 = 0.00 (2.0) — (3.5) — (3.5)
ToeSegmentationl 9.25 + 1.64 (2.0) —(4.0) 9.00 + 2.83 (1.0) | 9.50 = 1.50 (3.0)
ToeSegmentation2 9.80 £ 4.96 (1.0) — (3.0 — (3.0 — (3.0
TwoLeadECG 1.90 £ 0.83 (1.0) | 3.00 % 0.00 (2.0) (3.5) (3.5)
UMD 2.67 + 0.94 (2.0) — (4.0) 433+ 1.70 (3.0) | 2.33 +0.47 (1.0)
Rank Mean 1.65 2.19 3.00 3.15
Number of Wins 14 11 4 3
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Table 22: MAD for each dataset under supervised classification.

CELT CVAE LASTS MCCE MCCE++
BME 0.20 £ 0.08 (1.0) | 0.32 £ 0.14 (3.0) | 0.42 £ 0.15 (5.0) | 0.40 = 0.43 (4.0) | 0.23 £ 0.11 (2.0)
BirdChicken 0.58 £ 0.34 (2.0) | 0.48 + 0.24 (1.0) — (4.0) — (4.0) — (4.0)
CricketX 0.64 + 0.21 (1.0) (3.5) (3.5) (3.5) (3.5)
CricketZ 0.59 + 0.27 (1.0) | 0.81 + 0.23 (2.0) — (4.0) — (4.0) — (4.0)
DistalPhalanxOutlineAgeGroup | 0.12 4+ 0.00 (1.5) | 0.12 4+ 0.00 (1.5) | 0.24 & 0.05 (3.0) — (4.5) — (4.5)
ECGFiveDays 0.22 4+ 0.10 (2.0) | 0.26 £ 0.08 (3.0) | 0.34 £ 0.12 (5.0) | 0.28 £ 0.04 (4.0) | 0.20 = 0.09 (1.0)
FaceAll 0.68 =+ 0.14 (1.0) | 0.81 £ 0.15 (2.0) —(4.0) —(4.0) —(4.0)
FacesUCR 0.65 £ 0.22 (1.0) | 0.81 = 0.09 (2.0) — (4.0) — (4.0) — (4.0)
FiftyWords 0.56 £ 0.20 (1.0) | 0.72 £ 0.30 (3.0) | 0.74 = 0.05 (5.0) | 0.74 = 0.15 (4.0) | 0.61 = 0.25 (2.0)
GunPoint 0.18 = 0.11 (1.0) | 0.20 £ 0.09 (2.0) | 0.52 = 0.16 (5.0) | 0.43 £ 0.14 (3.0) | 0.46 = 0.14 (4.0)
GunPointAgeSpan 0.24 +0.10 (1.0) | 0.33 £+ 0.27 (3.0) | 0.49 £ 0.22 (5.0) | 0.20 = 0.08 (2.0) | 0.34 = 0.12 (4.0)
GunPointMaleVersusFemale 0.56 = 0.36 (2.0) | 0.33 £ 0.17 (1.0) | 1.32 £ 0.28 (3.0) | 1.41 £ 0.41 (5.0) | 1.36 = 0.42 (4.0)
GunPointOldVersusYoung 1.45 £ 0.73 (3.0) | 0.78 £ 0.25 (1.0) | 1.24 + 0.62 (2.0) | 1.54 £ 0.75 (4.0) | 1.58 £ 0.74 (5.0)
Insect EPGRegularTrain 2.08 £ 0.04 (5.0) | 2.00 £ 0.07 (4.0) | 1.26 + 0.03 (1.0) | 1.91 = 0.04 (2.0) | 1.92 = 0.04 (3.0)
Insect EPGSmall Train 2.04 £ 0.04 (5.0) | 2.04 £ 0.09 (4.0) | 1.36 + 0.01 (1.0) | 1.89 = 0.04 (2.0) | 1.89 = 0.04 (3.0)
InsectWingbeatSound 0.61 = 0.08 (4.0) | 0.79 £ 0.09 (5.0) | 0.48 = 0.10 (2.0) | 0.59 = 0.14 (3.0) | 0.46 = 0.07 (1.0)
ItalyPowerDemand 0.63 = 0.30 (5.0) | 0.36 £ 0.12 (1.0) | 0.48 = 0.17 (3.0) | 0.44 £ 0.12 (2.0) | 0.48 = 0.17 (4.0)
MoteStrain 0.48 + 0.12 (1.0) | 0.67 £ 0.10 (3.0) | 0.53 = 0.10 (2.0) — (4.5) — (4.5)
PowerCons 0.51 + 0.16 (2.0) | 0.74 £ 0.22 (4.0) | 0.73 £ 0.25 (3.0) | 0.94 £ 0.30 (5.0) | 0.48 = 0.07 (1.0)
ProximalPhalanxOutlineAgeGroup | 0.12 £ 0.00 (2.0) | 0.08 £ 0.02 (1.0) | 0.13 £ 0.04 (3.0) — (4.5) — (4.5)
Sony AIBORobotSurfacel 0.39 +0.11 (1.0) | 0.45 +0.08 (2.0) — (4.0) — (4.0) — (4.0)
Sony AIBORobotSurface2 0.56 £ 0.10 (1.0) | 0.63 £ 0.09 (2.0) — (4.0) — (4.0) — (4.0
ToeSegmentationl 0.51 +0.21 (1.0) | 0.81 +0.23 (2.0) (4.0) (4.0) (4.0)
ToeSegmentation2 0.55 £ 0.09 (1.0) | 0.85 4 0.02 (5.0) | 0.73 £ 0.00 (3.0) | 0.81 = 0.08 (4.0) | 0.59 = 0.13 (2.0)
TwoLeadECG 0.22 £ 0.09 (2.0) | 0.14 £ 0.03 (1.0) | 0.30 = 0.08 (4.0) | 0.39 = 0.13 (5.0) | 0.30 = 0.13 (3.0)
UMD 0.22 4+ 0.10 (1.0) | 0.52 £ 0.15 (3.0) | 0.70 £ 0.00 (4.0) | 0.40 = 0.05 (2.0) — (5.0)
Rank Mean 1.90 2.50 3.48 3.69 3.42
Number of Wins 15 7 2 0 3
Table 23: MAD for each dataset under one-class classification.
CELT LASTS MCCE MCCE++
BME 0.65 £ 0.35 (1.0) | 0.66 £ 0.00 (2.0) 35) (3.5)
BirdChicken 1.32 + 0.00 (2.0) —(3.5) 0.73 % 0.00 (1.0) —(3.5)
CricketX 0.35 £ 0.03 (1.0) | 1.02 £ 0.05 (2.0) — (3.5) — (3.5)
CricketZ 0.30 £ 0.04 (1.0) | 1.02 + 0.07 (4.0) | 0.45 £ 0.09 (3.0) | 0.41 = 0.01 (2.0)
DistalPhalanxOutlineAgeGroup | 0.25 + 0.06 (1.0) — (3.0) —(3.0) —(3.0)
ECGFiveDays 0.26 = 0.08 (1.0) | 0.57 £ 0.00 (2.0) — (3.5) — (3.5)
FaceAll 0.77 = 0.09 (1.0) | 0.86 % 0.09 (2.0) — (3.5) — (3.5)
FacesUCR 0.83 £ 0.09 (1.0) | 0.91 % 0.10 (2.0) —(3.5) —(3.5)
FiftyWords 0.74 %+ 0.19 (1.0) | 1.06 % 0.00 (2.0) — (3.5) — (3.5)
GunPoint 0.41 = 0.15 (1.0) | 0.60 % 0.17 (2.0) — (3.5) — (3.5)
GunPointAgeSpan 0.35 £ 0.09 (1.0) | 1.02 £ 0.67 (4.0) | 1.01 £ 0.51 (2.0) | 1.01 £ 0.51 (3.0)
GunPointMaleVersusFemale 0.53 £ 0.26 (2.0) | 0.52 £ 0.13 (1.0) | 1.13 +0.20 (3.5) | 1.13 £ 0.31 (3.5)
GunPointOldVersusYoung 1.70 = 0.65 (3.0) | 2.08 £ 0.14 (4.0) | 1.61 = 0.68 (1.0) | 1.62 % 0.67 (2.0)
InsectEPGRegularTrain 2.05 + 0.05 (1.0) | 2.07 £ 0.04 (2.0) —(3.5) —(3.5)
InsectEPGSmallTrain 2.04 £ 0.05 (1.0) | 2.10 £ 0.12 (2.0) —(3.5) — (3.5)
InsectWingbeatSound 0.66 + 0.04 (1.0) | 0.71 &+ 0.01 (2.0) — (3.5) — (3.5)
ItalyPowerDemand 0.47 £0.14 (1.0) | 0.57 £ 0.24 (2.0) —(3.5) —(3.5)
MoteStrain 0.34 % 0.00 (1.0) | 0.50 £ 0.00 (2.0) | 0.56 = 0.00 (3.5) | 0.56 = 0.00 (3.5)
PowerCons 1.15 = 0.27 (2.0) —(4.0) 1.34 £ 0.24 (3.0) | 1.08 £ 0.12 (1.0)
ProximalPhalanxOutlineAgeGroup | 0.15 £ 0.02 (1.0) —(3.0) —(3.0) — (3.0)
SonyAIBORobotSurfacel 0.43 = 0.06 (1.0) — (3.0) — (3.0) — (3.0)
SonyAIBORobotSurface2 0.46 + 0.06 (1.0) | 0.85 % 0.08 (2.0) — (3.5) — (3.5)
ToeSegmentationl 0.63 + 0.13 (1.0) — (4.0) 0.86 &+ 0.09 (2.0) | 0.96 &+ 0.10 (3.0)
ToeSegmentation2 0.84 + 0.18 (1.0) — (3.0) — (3.0) — (3.0)
TwoLeadECG 0.22 + 0.13 (1.0) | 0.35 % 0.00 (2.0) — (3.5) —(3.5)
UMD 0.78 £ 0.08 (3.0) — (4.0) 0.44 £ 0.28 (1.0) | 0.52 % 0.23 (2.0)
Rank Mean 1.27 2.63 2.98 3.12
Number of Wins 21 1 3 1
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