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Abstract

Discovering shapelets – i.e., discriminative temporal
patterns within time series – has been widely stud-
ied to address the inherent complexity of time-series
classification (TSC) and to make model decision-
making processes more transparent. However, ex-
isting methods primarily focus on population-level
shapelets optimized across the entire dataset, which
leads to two fundamental limitations: (i) population-
level patterns often misalign with instance-specific
features, resulting in suboptimal performance and
potentially misleading interpretations, and (ii) most
methods treat shapelets as independent entities, over-
looking important temporal dependencies and inter-
actions among multiple patterns. To address these
limitations, we propose INSHAPE, an interpretable
TSC framework that discovers variable-length, dis-
criminative temporal patterns specific to each time
series. INSHAPE identifies these patterns as non-
overlapping segments and models their temporal de-
pendencies, thereby providing clear instance-level
interpretations while achieving strong predictive
performance. Furthermore, INSHAPE bridges lo-
cal and global interpretability through a bottom-up
approach, aggregating instance-level shapelets into
prototypical (population-level) shapelets. Extensive
experiments on 128 UCR and 30 UEA benchmark
datasets show that INSHAPE consistently outper-
forms state-of-the-art shapelet-based methods while
providing more intuitive and interpretable insights.

1 Introduction
Shapelets are highly informative subsequences that distinguish
between classes in time-series data [Ye and Keogh, 2009].
By discovering class-discriminative temporal patterns across
an entire population, shapelets provide global interpretabil-
ity, revealing which temporal features differentiate one class
from another. In addition, shapelets also support local inter-
pretability by pinpointing whether and where these patterns

1An extended version of this paper with supplementary material
is available at https://arxiv.org/abs/2605.20088.

Figure 1: Local interpretation with (a) population-level shapelets
and (b) instance-level shapelets. Population-level shapelets (i.e.,
SBM, ShapeNet) often result in overlapping and less interpretable
patterns, whereas our instance-level shapelets show non-overlapping
discriminative regions that align well with the input time series.

occur within individual instances – typically through post-
hoc overlay. These two levels of interpretability are particu-
larly valuable in high-stakes domains such as healthcare [Hy-
land et al., 2020; Gumbsch et al., 2020; Li and Zhao, 2023;
Qin et al., 2025; Neves et al., 2021]: global explanations
help clinicians identify population-level temporal biomark-
ers, while local explanations provide case-specific insights for
understanding individual-level diagnoses.

While recent deep learning models for time-series classifica-
tion (TSC) achieve strong predictive performance, their inher-
ent complexity has driven the development of shapelet-based
methods that integrate interpretable temporal patterns directly
into the prediction process [Li et al., 2021; Zuo et al., 2023;
Qu et al., 2024; Wen et al., 2025; Liu et al., 2025]. However,
these methods face two critical limitations when applied to
instance-level prediction and interpretation. First, most meth-
ods rely on population-level shapelets optimized to capture
broad class characteristics, which often result in patterns that
are overly smoothed or poorly aligned with individual in-
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stances. Second, despite the dependence of TSC decisions on
the interaction, order, or relative position of multiple temporal
patterns [Mohammadi Foumani et al., 2024], existing methods
typically discover shapelets independently, and therefore fail
to capture these crucial temporal dependencies. Figure 1(a)
illustrates the consequence of these limitations: when over-
lapped and input-misaligned population-level shapelets are
presented as local explanations, they obscure which temporal
patterns are truly discriminative for a specific instance, thereby
limiting the reliability of instance-level interpretation.

Motivated by the above limitations, we propose INSHAPE
(INstance-level SHAPElets)2, a novel interpretable-by-design
framework for TSC. Instead of relying on a fixed set of glob-
ally optimized shapelets, INSHAPE discovers discrimina-
tive temporal patterns directly from each input time series
while capturing their temporal dependencies. Specifically, IN-
SHAPE first partitions each time series into variable-length,
statistically coherent time-series segments. It then employs a
gating mechanism – comprising an amortized selector and
a temporal predictor – to identify segments that are most
predictive of the target label. This enables the discovery of
instance-level shapelets that account for complex temporal
interactions, providing local explanations that faithfully re-
flect the input’s temporal structure as shown in Figure 1(b).
Extensive experiments on 128 UCR and 30 UEA benchmark
datasets demonstrate that INSHAPE achieves superior clas-
sification performance compared to state-of-the-art shapelet-
based models. Furthermore, INSHAPE offers a novel path-
way to global interpretability. By aggregating discovered dis-
criminative instance-level shapelets across the dataset, our
framework constructs a set of high-quality, population-level
shapelets. When combined with our selector’s localization
capability, these population-level shapelets reveal not only
which global patterns are identified, but also where and how
they manifest across instances, bridging the gap between local
and global interpretability.

2 Related Work
2.1 Population-level Shapelet Discovery
In TSC, shapelets [Ye and Keogh, 2009] are widely used to
provide global interpretability by identifying temporal pat-
terns that frequently occur in specific classes. Early shapelet
discovery methods relied on exhaustive search to evaluate all
possible candidate subsequences, which is computationally
prohibitive for large datasets. To address this, more recent
works have focused on improving efficiency by pruning candi-
dates with symbolic aggregate approximation [Lin et al., 2007;
Rakthanmanon and Keogh, 2013], clustering candidate pat-
terns [Grabocka et al., 2015; Zuo et al., 2023; Li et al., 2021],
and learning shapelets directly as learnable parameters via
gradient descent [Grabocka et al., 2014; Qu et al., 2024;
Wen et al., 2025]. Despite these advances, existing methods
treat candidate segments independently during the discovery
process. Hence, by ignoring the temporal dependencies among
segments, these methods are restricted to interpreting individ-
ual patterns in isolation, failing to capture how the collective

2Code: https://github.com/nshuhsn/INSHAPE IJCAI.

interaction and ordering of multiple patterns jointly contribute
to the final classification.

2.2 Population-level Shapelets for Classification
Shapelet transform-based methods [Hills et al., 2014; Lines
et al., 2012] leverage population-level shapelets for instance-
level prediction and interpretation by representing each time
series as a vector of minimum distances from a fixed set of
shapelets. The resulting distance-based representation of each
time series is then utilized by various types of classifiers, in-
cluding linear models [Grabocka et al., 2014; Wen et al., 2025],
SVMs [Li et al., 2021], and neural networks [Qu et al., 2024;
Zuo et al., 2023], which learn class-discriminative decision
boundaries based on the relative similarity. Local interpretabil-
ity is typically provided through post-hoc analysis by over-
laying each shapelet at its closest matching location within a
given time-series instance. However, such post-hoc overlays
often fail to capture instance-specific discriminative patterns,
leading to local explanations that are weakly aligned with the
true temporal patterns of individual time series. Moreover, be-
cause the shapelet transform primarily encodes the presence of
shapelets via distance-based representations, positional infor-
mation and temporal dependencies among multiple shapelets
are often discarded [Mohammadi Foumani et al., 2024] (See
Supplementary A). While recent work attempts to mitigate
this limitation by incorporating population-level shapelets into
deep neural networks that model temporal dependencies for
TSC [Zuo et al., 2023], these dependencies are still not con-
sidered during the shapelet discovery stage.

Unlike prior works, INSHAPE selects discriminative seg-
ments at the instance level while accounting for their temporal
dependencies to predict the target class during the selection
process. The most closely related work is SoftShape [Liu et al.,
2025], which partitions time-series segments into top-k “im-
portant” and “unimportant” groups, encoding them separately
and modeling their interactions to construct the final predic-
tion. However, because unimportant segments – which do not
correspond to any shapelet patterns – still contribute to the pre-
diction, it remains unclear which specific temporal patterns are
truly responsible for the TSC. In contrast, INSHAPE employs
hard gating via Bernoulli sampling [Maddison et al., 2016;
Yoon et al., 2018; Kim et al., 2024; Lee et al., 2022]. This
stochastic selection process learns to flexibly select any num-
ber of important time-series segments while ensuring the clas-
sification depends exclusively on the selected segments for
each time-series instance. Consequently, INSHAPE captures
complex temporal interactions among instance-level shapelets
whose contributions are directly attributable, thereby enabling
clearer and more reliable local interpretations.

3 Problem Formulation
Consider a dataset comprising n time-series instances, i.e.,
D =

{
(x

(i)
1:T , y

(i))
}n

i=1
where x1:T = (x1, . . . , xT ) ∈ RT de-

notes a univariate time series of length T and y ∈ {1, . . . , C}
is its associated label in a C-class classification task. For
notational simplicity, we focus on the univariate setting;
however, our formulation naturally extends to p-dimensional
multivariate time series x

(i)
1:T ∈ Rp×T . We will omit the
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dependency for the instance index (i) when it is clear from
the context.

Definition 3.1 (Partial Segmentation). Given a time-series
instance x1:T , a valid partial segmentation divides it into M
non-overlapping segments, each potentially of varying length,
as described below:

s(x1:T )
def
= (s1, . . . , sM ), (1)

where each segment sm = (xτs
m
, . . . ,xτe

m
) with τ sm ≤ τem <

τ sm+1 for all m ∈ {1, . . . ,M − 1}. The number of segments
M can range from 1 to T , i.e., 1 ≤ M ≤ T .

A time series is considered fully segmented if τ sm+1 =
τem + 1 for all m ∈ {1, . . . ,M − 1}, and we denote such a
segmentation as s̄(x1:T ) = (s̄1, . . . , s̄M ). Unlike full segmen-
tation, partial segmentation selects only a subset of the time
series, such that the total number of selected time points may
be less than T , i.e.,

∑M
m=1 |sm| ≤ T . This reflects our focus

on identifying only the most informative regions rather than
covering the entire sequence. Each time-series instance can
have multiple valid partial segmentations that vary not only
in the number of segments but also in their individual lengths.
Denote S(x1:T ) be the set of all such valid partial segmen-
tations of x1:T . Then, we can formally define instance-level
shapelets as follows:
Definition 3.2 (Instance-level Shapelets). The instance-level
shapelet of a time series x1:T is defined as the most discrimi-
native partial segmentation with respect to the target label:

s∗ = (s∗1, . . . , s
∗
M∗) = argmax

s∈S(x1:T )

p(y | s) (2)

subject to the constraints
∑M∗

m=1 |s∗m| ≤ δ1 and |s∗m| ≥ δ2 for
m ∈ {1, . . . ,M∗}, where δ1 limits the total length of selected
segments and δ2 constrains a minimum segment length. These
constraints ensure that the selected segments remain concise
and provide compact interpretations.
Challenges. Unfortunately, solving the optimization prob-
lem in (2) is highly non-trivial for several reasons. First, it
requires estimating the objective function – specifically, the
conditional distribution of the target label given any arbitrary
partial segmentation. Second, the space of possible partial
segmentations for each instance, i.e., S(x1:T ), is combinatori-
ally large, making the discrete optimization computationally
intractable. Third, the solution must satisfy interpretability
constraints such that selecting a small number of segments
while ensuring each segment is sufficiently long to capture
semantically meaningful patterns.

4 INSHAPE: INstance-level SHAPElet
To overcome the challenges outlined above, we reformulate
instance-level shapelet discovery as a problem of selecting
discriminative segments from a fully segmented time series.
To do so, we introduce a gating mechanism designed to distin-
guish between discriminative and non-discriminative segments.
Given a fully-segmented time series, s̄(x1:T ), we define a bi-
nary gate vector as follows:

g = (g1, . . . , gM ) ∈ {0, 1}T , (3)

Figure 2: Representative transition point algorithms. Note that
both algorithms consistently divide a given time series into similar
statistically coherent regions.

where each gate gm is a binary vector of length τem − τ sm + 1,
set to all ones if the corresponding segment is selected, and all
zeros otherwise. The instance-level shapelets of x1:T can then
be discovered by optimizing the gate vector to maximize the
following objective:

g∗ = argmax
g∈{0,1}T

p(y | s̄(x1:T )⊙ g), (4)

where ⊙ denotes element-wise multiplication. The resulting
instance-level shapelet is thus given by s∗ = s̄(x1:T )⊙ g∗.

Solving this optimization problem in (4) presents two key
challenges: (Time Series Segmentation) We must fully seg-
ment each time-series instance into meaningful temporal pat-
terns. This is crucial to avoid the computationally intractable
burden of discrete optimization across all possible full segmen-
tations. (Amortized Gate Vector Optimization) To manage
the cost of solving a per-instance optimization problem, we
amortize this expense across a population of input time series.
This is achieved by training a neural network to learn input-
dependent gate vectors for segment selection. We will describe
each in turn in the following subsections.

4.1 Segmenting Time Series into Meaningful
Patterns

To reduce the combinatorial burden of exploring all possible
full segmentations of a time-series instance, we instead focus
on identifying meaningful transition points that delineate seg-
ment boundaries. Motivated by recent studies [Kacprzyk et al.,
2024] that break down time series into interpretable patterns,
we propose the following two properties that such transition
points should satisfy for a desirable full segmentation:
• Transition points should be frequent in regions exhibiting

abrupt and large fluctuations, as these often correspond to
extreme values informative for predicting the target class y.

• Transition points should be sparse in regions showing grad-
ual, smooth variations, as such segments typically represent
coherent trends relevant to y.

Hence, we adopt two representative transition point algorithms
that reflect these properties from different perspectives:
Automated Knot Selection [Dierckx, 1982]: Denote T =
{τ1, . . . , τK} be a set of knots (i.e., transition points) that
partition [0, T ] into K − 1 intervals, with B-spline basis
functions km(t) used on each interval [τm, τm+1] for m ∈
{1, . . . ,K − 1}. To automatically determine the placement
and number of these knots, we employ an iterative method
that begins with a single segment (i.e., K = 2). In each step, a
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new knot is inserted into the interval with the largest residual
until the following inequality holds:

K−1∑
m=1

τm+1∑
t=τm

c1(km(t), xt) ≤ β (5)

where c1(·, ·) is the residual (e.g., squared error) and β > 0 is
the smoothing parameter.
PELT Algorithm [Killick et al., 2012]: The Pruned Exact
Linear Time (PELT) algorithm identifies transition points by
minimizing a penalized sum of segment-wise costs using dy-
namic programming with pruning:

min
T

K−1∑
m=1

c2(xτm:τm+1
) + β|T | (6)

where T = {τ1 . . . τK} is the set of transition points. The term
c2(·) represents the cost associated with each segment (e.g.,
using an RBF-based cost function), and β > 0 penalizes the
number of change points |T | to prevent over-segmentation.

Consequently, these transition point algorithms identify sta-
tistically coherent segments, s̄(x1:T ), thereby avoiding the
computational burden of full segmentation and providing seg-
ments with meaningful temporal patterns that serve as a basis
for intuitive, reliable explanations (Figure 2). In this work, we
adopt PELT as our default segmentation algorithm due to its
computational efficiency; the effect of utilizing B-spline and
uniform segmentation is also provided in Section 5.3.

4.2 Amortized Gate Vector Optimization
The optimization in (4) is inherently memoryless, requiring
independent computation for each input time series without
leveraging patterns from previously seen (and possibly similar)
instances. To overcome this inefficiency, we reformulate the
problem using amortized optimization by introducing a gating
mechanism. Specifically, we define a selector (parameterized
by ϕ) that stochastically maps a varying length time-series
segment s̄m to a single binary gate gm. To achieve the gate
vector g, each segment is processed by the shared selector
using a masked self-attention mechanism that captures the rep-
resentation of its shape as illustrated in Figure 3. Formally, the
selector, πϕ : Rτe

m−τs
m+1 → [0, 1], outputs a Bernoulli param-

eter based on s̄m, such that gm ∼ Bern(πϕ(s̄m)). We also
define a predictor hθ : RT → [0, 1]C that estimates the condi-
tional distribution over class labels given any selected subset
of segments. This leads to the following joint optimization:

minimize
θ,ϕ

Ex1:T ,y Eg

[
L
(
y, hθ(s̄(x1:T )⊙g)

)
+λ∥g∥0

]
, (7)

where λ > 0 is a coefficient that balances the selected number
of segments. The element-wise product s̄(x1:T ) ⊙ g masks
non-selected segments with redundant zero-terms rather than
removing them, thereby preserving the original temporal con-
text and positional information for the predictor. Additionally,
since the discrete sampling of g makes (7) non-differentiable
with respect to ϕ, we adopt ReinMax [Liu et al., 2023], a
second-order accurate gradient estimator for binary random
variables that reduces gradient bias compared to Straight-
Through Estimators (STE) [Bengio et al., 2013]. Notably,

other gradient estimation techniques such as STGS [Jang et
al., 2016], REINFORCE [Williams, 1992] can also be applied
within our framework.

We implement the selector, πϕ, using Transformer [Vaswani
et al., 2017] followed by an MLP layer, with both compo-
nents shared across all segments to efficiently process variable-
length segments in a single forward pass. For the predictor,
hθ, we utilize an InceptionTime architecture [Ismail Fawaz et
al., 2020], whose multi-level convolutional filters are adept
at capturing diverse dependencies among the selected seg-
ments; we further evaluate alternative predictor architectures
in Section 5.3. Through joint optimization, the InceptionTime
predictor generates rich and informative gradient signals that
are propagated back to the selector. This feedback loop is
crucial: it enables the selector to implicitly learn and account
for inter-segment dependencies, even though the selector pro-
cesses each segment individually.

Once trained, INSHAPE provides local interpretability for
an individual time-series instance by first applying the segmen-
tation algorithm and then leveraging the selector’s output; the
segments corresponding to the activated gates are identified as
instance-level shapelets.

4.3 Bridging Local and Global Interpretability
Local interpretability alone is not sufficient to answer
population-level questions, such as identifying which temporal
patterns are commonly important for distinguishing between
classes across the dataset. To address this, we adopt a select-
then-cluster strategy to derive population-level shapelets.
Specifically, we first use the trained selector to extract instance-
level shapelets from all time-series instances. These selected
segments are then clustered via FastDTW [Salvador and Chan,
2007], which naturally handles varying-length time-series seg-
ments, and the resulting cluster centroids are defined as the
population-level shapelets (see Figure 3). By restricting the
candidate pool to selected discriminative segments rather than
clustering raw subsequences, INSHAPE substantially reduces
the search space and enables the discovery of more representa-
tive and meaningful population-level shapelets.

Building on the discovered population-level shapelets, our
framework goes beyond identifying global patterns by explic-
itly bridging local and global interpretations and providing
quantitative insights into their class-wise correspondences:
• Bridging Local and Global Interpretations: Each

instance-level shapelet is assigned to its nearest population-
level shapelet based on the FastDTW distance. This as-
signment connects global trends to local explanations by
revealing where the discovered population-level shapelets
manifest within individual instances (see Figure 4(b)).

• Quantitative Global Insights: We compute the class-wise
frequency of each population-level shapelet assigned to time-
series instances. This reveals which global patterns com-
monly characterize each class. Visualizing these frequent
patterns across the population provides insights into shared
temporal structures and dependencies (see Figure 5).

Detailed procedures for population-level shapelet discovery,
local interpretation using population-level shapelets, and the
computation of quantitative global insights are provided in
Supplementary Material Section B.4.
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Figure 3: Overview of our INSHAPE framework. (Top) During training, the transition point algorithm segments the input time series,
and the shared stochastic selector πϕ learns a Bernoulli parameter for each segment to identify discriminative regions. The gate vector
g ∼ Bern(πϕ(s̄)) masks non-selected segments with zeros (while preserving positional information), and the predictor hθ performs TSC
based on the masked time series. To make gradient flow through the non-differentiable discrete Bernoulli sampling process, we employ a
gradient estimator (i.e., ReinMax), allowing end-to-end training. (Bottom) For population-level shapelet discovery, the pre-trained (frozen)
selector extracts instance-level shapelets across the dataset, which are then clustered using FastDTW to obtain representative cluster centroids.

LTS ShapeNet ShapeConv SVP-T SBM Ours
IS ✗ ✗ ✗ ✗ ✗ ✓
PS ✓ ✓ ✓ ✓ ✓ ✓

SD w/ TD ✗ ✗ ✗ ✗ ✗ ✓
Pred w/ TD ✗ ✗ ✗ ✓ ✗ ✓

Table 1: Comparison of shapelet-based methods. (IS: Instance-
level shapelet, PS: Population-level shapelet, SD: Shapelet Discovery,
Pred: Prediction, TD: Temporal Dependency)

5 Experiments
We evaluate INSHAPE on the UCR archive (128 univariate
datasets) [Dau et al., 2019] and the UEA archive (30 multi-
variate datasets) [Bagnall et al., 2018], comparing against six
representative shapelet-based methods summarized in Table 1.
All experiments follow established evaluation protocols from
prior works [Liu et al., 2025; Wen et al., 2025].
• In Section 5.1, we compare classification accuracy and

interpretability against baselines, showing that INSHAPE
achieves superior performance with clearer interpretations.

• In Section 5.2, we show how population-level shapelets can
be used for local and global interpretation.

• In Section 5.3, we conduct ablation studies to analyze the ef-
fects of segmentation strategies and predictor architectures.

Implementation details, baseline configurations, and metric
definitions are provided in Supplementary Material Section B.

5.1 Classification Performance and Interpretability
Performance Analysis. Table 2(a) summarizes the average
classification accuracy and ranking statistics on the UCR and
UEA datasets. For a fair comparison, we use the interpretable
variant of SoftShape; details of this modification and compar-
ison with the original model are provided in Supplementary
Material Section B. Across all baselines, INSHAPE achieves
the highest average accuracy and the best overall ranking. This
highlights that preserving instance-specific information and

Figure 4: Local explanations on ECG5000 (Left) and Mixed-
ShapesRegularTrain (Right). Selected shapelets from (a) IN-
SHAPE, (b) INSHAPE (population), (c) ShapeNet, and (d) SBM
are overlaid on the test instance. INSHAPE provides clearer local
interpretations with non-overlapping segments.

modeling temporal dependencies are crucial for accurate TSC.
Local Interpretability Analysis. For local interpretation,
existing shapelet-based methods typically overlay discovered
shapelets on the input time series at positions with the smallest
distance. We compare local interpretability between INSHAPE
and three representative shapelet transform-based baseline
methods on the UCR and UEA datasets in Table 2(b). To
quantify this, we measure the following metrics for the top-k
most important shapelets (ranked by absolute linear classifier
weights) and the complete set of all available shapelets:
• Coverage: Proportion of the input time series covered by
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Univariate (UCR 128)

Metric LTS
Shape

Net SVP-T
Shape
Conv SBM Soft

Shape Ours

Avg. Acc ↑ 0.6262 0.7213 0.7018 0.7479 0.7375 0.7820 0.8405
Avg. Rank ↓ 5.797 4.371 4.277 4.117 3.938 3.105 2.395
Wins/Draws 116 93 102 108 98 82 –
Losses 12 35 26 20 30 46 –
Top-1 2 30 16 9 29 0 46
Top-3 11 46 48 50 49 84 105

Multivariate (UEA 30)

Metric LTS
Shape

Net SVP-T
Shape
Conv SBM Ours

Avg. Acc ↑ 0.7150 0.6306 0.6783 0.6655 0.7277 0.7429
Avg. Rank ↓ 3.183 4.950 3.700 4.050 2.567 2.550
Wins/Draws 16 24 25 22 16 –
Losses 14 6 5 8 14 –
Top-1 3 3 3 5 10 11
Top-3 19 6 13 10 22 23

(a) Classification performance (Average Acc and Rank).

Baseline Methods (UCR 128)

Metric (Avg.) LTS
Shape

Net SBM

Coverage (Top-1) 0.3950 0.2840 0.4478
Coverage (Top-2) 0.5564 0.4554 0.5872
Coverage (Top-3) 0.6493 0.5827 0.6806
Coverage (Full) 0.9852 0.8935 0.9814

Overlap (Top-1) 0.0000 0.0000 0.0000
Overlap (Top-2) 0.2734 0.1310 0.3033
Overlap (Top-3) 0.4160 0.2581 0.4398
Overlap (Full) 0.9727 0.7685 0.9679

Acc (Top-1) 0.4163 0.3246 0.4016
Acc (Top-2) 0.4089 0.3439 0.4147
Acc (Top-3) 0.4025 0.3438 0.4217
Acc (Full) 0.6262 0.7213 0.7375

Ours (UCR 128)

Avg. Shapelet Num 2.4151
Avg. Coverage 0.4949
Avg. Overlap 0.0000
Avg. Acc 0.8405

Baseline Methods (UEA 30)

Metric (Avg.) LTS
Shape

Net SBM

Coverage (Top-1) 0.4379 0.2953 0.4943
Coverage (Top-2) 0.5813 0.4546 0.6487
Coverage (Top-3) 0.6769 0.5469 0.7290
Coverage (Full) 0.9845 0.7289 0.9797

Overlap (Top-1) 0.0000 0.0000 0.0000
Overlap (Top-2) 0.2910 0.1301 0.3490
Overlap (Top-3) 0.4236 0.2432 0.4934
Overlap (Full) 0.9714 0.5760 0.9653

Acc (Top-1) 0.2345 0.3072 0.2516
Acc (Top-2) 0.2496 0.2868 0.2784
Acc (Top-3) 0.2497 0.3253 0.2921
Acc (Full) 0.7150 0.6306 0.7277

Ours (UEA 30)

Avg. Shapelet Num 1.5266
Avg. Coverage 0.5539
Avg. Overlap 0.0000
Avg. Acc 0.7429

(b) Local interpretability (Coverage and Overlap).

Table 2: Comparison of predictive performance and interpretability on the UCR (128 datasets) and UEA (30 datasets) benchmarks.

LTS Shape
Net SVP-T Shape

Conv SBM Soft
Shape

Ours
(Pop.)

Avg. Acc ↑ 0.6542 0.7601 0.7233 0.7876 0.772 0.7863 0.8145
Avg. Rank ↓ 5.944 3.889 4.278 3.444 3.778 3.500 3.167

Table 3: Classification performance using population-level shapelets
in place of instance-level shapelets on 18 UCR datasets.

shapelets. Lower coverage indicates more compact explana-
tions that focus on the most critical temporal regions.

• Overlap: Proportion of temporal overlap among selected
shapelets. Lower overlap provides clearer interpretations by
avoiding redundant highlighting of the same regions.

• Shapelet Num: Average number of instance-level shapelets
selected per instance.

In multivariate settings, Coverage and Overlap are measured
separately for each channel and then averaged across channels.

In Table 2(b), INSHAPE selects an average of 2.4 and
1.5 instance-level shapelets per time series on the UCR and
UEA datasets, respectively. We therefore compare INSHAPE
against baselines using their top-1, top-2 and top-3 shapelets.
Under these sparse settings, INSHAPE achieves comparable
coverage to baselines while exhibiting zero overlap by architec-
tural design, clearly identifying distinct discriminative regions
per instance. In contrast, baselines show substantial overlap
(13-44% on UCR, 0-35% on UEA) even across the most im-
portant shapelets, obscuring which patterns drive predictions.
Restricting baseline methods to make predictions solely on
the top-k shapelets leads to a substantial drop in classification
accuracy, as evidenced by the top-1 and top-2 results. To re-
cover the original performance, these methods need to utilize
the entire shapelet set. This results in near-complete coverage
(>98%) and overlap (>96%) for a given time-series instance,
demonstrating that a sparse, focused local interpretation is
not achievable with these methods. In contrast, INSHAPE
achieves superior prediction performance while relying exclu-
sively on a small set of non-overlapping temporal regions for
each time series, thereby providing clearer and more intuitive

local interpretations. Figure 4 shows this distinction: baseline
methods produce overlapping, misaligned explanations, while
INSHAPE provides compact, non-overlapping segments that
offer clearer explanations. Similar trends are observed in the
UEA datasets (see Supplementary Material Section C.1).

5.2 Instance-level to Population-level Shapelets
In this subsection, we evaluate the population-level shapelets
derived by INSHAPE. We derive population-level shapelets,
denoted as P = {p1, . . . , pnP}, by clustering the discrimina-
tive instance-level shapelets extracted from all training time-
series instances as described in Section 4.3 (see Supplementary
Material Algorithm 1 for details).
Faithfulness of Population-level Shapelets. To validate that
population-level shapelets preserve instance-level discrimina-
tive information, we replace each instance-level shapelet with
its nearest population-level counterpart (based on FastDTW
distance), mask all non-selected regions, and then evaluate
classification performance. As shown in Table 3, INSHAPE
with population-level shapelets achieves the highest average
accuracy (0.8145) and the best average rank (3.167), confirm-
ing that our bottom-up approach produces faithful population-
level shapelets.
Quantitative Global Insights. To provide global insights,
we compute the usage frequency uc,k for each class c, by
counting the number of instance-level shapelets from class-c
instances that are assigned to each population-level shapelet pk.
The normalized frequency ūc,k = uc,k/

∑
k′ uc,k′ quantifies

how frequently each class relies on specific population-level
shapelets (see Supplementary Material Algorithm 3).

Figure 5 illustrates this global interpretation on the
ECG5000 dataset. We first select the top-3 most frequently
used shapelets for each class and take their union, resulting
in 5 representative shapelets: {p0, p1, p5, p8, p12}. Figure 5(a)
presents the class-wise usage proportions ūc,k. Although these
population-level shapelets are shared across classes, their us-
age proportions differ substantially, indicating that class dis-
tinctions arise not only from which shapelets appear, but also
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Figure 5: Global interpretation via population-level shapelets on
the ECG5000 dataset. (a) Class-wise usage frequency ūc,k for 5
representative shapelets. (b)-(c) Visualization of population-level
shapelets (colored) overlaid over time-series instances (gray) for
Class 0 and Class 4.

from their combinations and relative frequencies.
To further investigate these differences, Figure 5(b) and

(c) illustrate population-level shapelets overlaid on the time-
series instances with Class 0 and 4, which have a similar
shapelet composition but with different proportions. While
both classes are characterized by Shapelet 1 (pink) appear-
ing in the early time steps, Class 0 predominantly relies on
Shapelet 12 (light blue) in later time steps, whereas Class 4
relies more on Shapelet 5 (green). This comparison under-
scores that different temporal dependencies among the same
set of shapelets serve as a critical discriminative factor be-
tween classes. Moreover, the localized regions identified for
Class 0 closely align with the instance-level discriminative
regions shown in Figure 4, demonstrating consistency between
local and global interpretations. Overall, these results show
that our framework extends naturally beyond instance-level
explanations, enabling rich global insights such as class-wise
shapelet utilization and analysis of temporal dependencies.

5.3 Ablation Study
We perform ablation studies on the penalty parameter β in
the PELT algorithm, the choice of transition point algorithms,
and the predictor architectures, using the 18 UCR datasets
following prior work [Liu et al., 2025].
Sensitivity Analysis on the Segmentation Parameter. We
use PELT [Killick et al., 2012] as the default transition point
algorithm. To ensure consistent segmentation behavior across
datasets with varying sequence lengths, we normalize the
penalty parameter β in (6) as β̄ = β/T and tune β̄ as the hyper-
parameter. The actual penalty is then computed as β = β̄ × T .
Table 4 summarizes the average ACC, coverage, and the num-
ber of discovered shapelets under different β̄ values. When β̄

β̄ Avg. Acc ↑ Avg. Coverage Avg. Shapelet Num

0.01 0.8370 0.5347 2.3371
0.1∗ 0.8677 0.4834 2.7396
1 0.8230 0.5591 1.7816
5 0.8444 0.6979 1.1171

10 0.7901 0.8170 0.9358

Table 4: Ablation study on the (normalized) penalty parameter β̄.

Fixed Length Segmentation

Metric W = 1 W = 2 B-Spline PELT

Avg. Acc ↑ 0.7992 0.7666 0.8288 0.8677
Avg. Rank ↓ 2.6389 3.1944 2.2222 1.9444
Avg. Coverage 0.5299 0.5146 0.5019 0.4834
Avg. Shapelet Num 5.4933 4.4152 2.6570 2.7396

Table 5: Ablation study on transition point algorithms.

TimesNet ModernTCN InceptionTime

Avg. Acc ↑ 0.7855 0.8209 0.8651
Avg. Coverage 0.5569 0.5295 0.4871
Avg. #S 2.4431 2.3396 2.6608

Table 6: Ablation study on predictor architectures.

is too small, the algorithm produces excessive transition points,
leading to over-segmentation that fragments even smooth tem-
poral trends into meaningless patterns. Conversely, when β̄
is too large, the algorithm becomes overly conservative and
misses important transitions. The default (β̄ = 0.1) provides
the best trade-off, confirming that the two transition point
properties for desirable segmentation described in Section 4.1
are critical for the instance-level shapelet discovery.
Segmentation algorithm comparison. Table 5 compares
fixed-length segmentation against adaptive methods (B-Spline
and PELT). Adaptive methods outperform fixed-length ap-
proaches across all metrics, achieving higher accuracy with
fewer shapelets. These results confirm that statistically coher-
ent regions identified by adaptive segmentation align well with
discriminative patterns in time series.
Predictor architecture. To demonstrate INSHAPE’s robust-
ness across different predictor architectures, we evaluate per-
formance using two recent time-series classification models
as the predictor [Luo and Wang, 2024; Wu et al., 2022]. As
shown in Table 6, INSHAPE maintains strong performance
with both architectures, demonstrating its compatibility with
diverse predictors that can capture temporal dependencies to
provide informative gradient signals to the selector.

6 Conclusion
We propose INSHAPE, an interpretable-by-design frame-
work for TSC that discovers instance-level shapelets through
variable-length segmentation and a gating mechanism, en-
abling precise alignment with input time series and captur-
ing the underlying temporal dependencies. Furthermore, by
adopting a select-then-cluster strategy, INSHAPE derives
population-level shapelets that provide better global insight.
This unified perspective is particularly valuable for high-stakes
domains such as healthcare.
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Ethical Statement
While our framework offers both local and global interpretabil-
ity for TSC through both instance-level and population-level
shapelets, the discovered temporal patterns should be vali-
dated by domain experts before deployment in high-stakes
applications. This is particularly important in healthcare set-
tings, where our method could be used to identify temporal
biomarkers or support clinical decision-making. We empha-
size that INSHAPE is intended to augment, not replace, expert
judgment. In this work, we evaluate our method on publicly
available UCR and UEA benchmark datasets, which do not
contain personally identifiable information. Any future appli-
cation to sensitive domains such as clinical diagnostics should
follow appropriate ethical guidelines and data governance pro-
tocols established by the respective institutions.

Acknowledgements
We thank the reviewers for their comments and suggestions.
We also thank Professor Eamonn Keogh and the contributors to
the UCR Time Series Classification Archive. This work is sup-
ported by the National Research Foundation of Korea (NRF)
grant funded by the Korea government (MSIT) (No. RS-2024-
00358602) and the Institute of Information & Communications
Technology Planning & Evaluation (IITP) grant funded by the
Korea government (MSIT), Artificial Intelligence Graduate
School Program (No. RS-2019-II190079, Korea University),
the Artificial Intelligence Star Fellowship Support Program to
nurture the best talents (No. RS-2025-02304828), and the AI
Research Hub Project (No. RS-2024-00457882).

Contribution Statement
Seongjun Lee and Seokhyun Lee contributed equally to this
work. Changhee Lee is the corresponding author.

References
[Bagnall et al., 2018] Anthony Bagnall, Hoang Anh Dau, Ja-

son Lines, Michael Flynn, James Large, Aaron Bostrom,
Paul Southam, and Eamonn Keogh. The uea multivari-
ate time series classification archive, 2018. arXiv preprint
arXiv:1811.00075, 2018.

[Bengio et al., 2013] Yoshua Bengio, Nicholas Léonard, and
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