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Abstract

Dataset condensation seeks to generate a
small set of synthetic examples that can re-
place large real datasets for training, but
existing methods for time series often rely
on unstable training-trajectory matching or
capture only limited signal structure. We
present TexTSC, a condensation framework
that preserves class structure using spectro-
temporal second-order statistics instead of
trajectory replay. TexTSC models each
class’s “texture” as the co-activation pat-
tern among intermediate teacher features,
aligning Gram matrices of activations in
time to capture temporal correlations and
in frequency to capture spectral envelopes
and harmonics. A short-lag autocorrela-
tion term stabilizes local rhythm, while a
lightweight gradient anchor at the final layer
ensures discriminative power. TexTSC opti-
mizes synthetic sequences directly, remains
model-agnostic, and requires only closed-
form statistics, making it simple and stable.
Experiments on standard benchmarks show
that TexTSC produces compact datasets
that retain class-conditional structure and
achieve higher classification accuracy than
first-order or single-domain baselines.

1 INTRODUCTION

The proliferation of time series data across diverse
fields such as traffic forecasting (Li et al., 2017; Liang

Proceedings of the 29th International Conference on Arti-
ficial Intelligence and Statistics (AISTATS) 2026, Tangier,
Morocco. PMLR: Volume 300. Copyright 2026 by the au-
thor(s).

et al., 2023; Liu et al., 2024a, 2023a,b, 2024c), clini-
cal diagnosis (Harutyunyan et al., 2019; Hayat et al.,
2022), financial analysis (Cheng et al., 2022; Kumbure
et al., 2022), hydrology (Hosseinzadeh et al., 2023) and
space weather forecasting (Hosseinzadeh et al., 2024)
has created significant opportunities for deep learn-
ing applications. However, the sheer volume and com-
plexity of this data present substantial challenges for
training deep neural networks, particularly in terms of
computational cost, memory usage, and training time.
For tasks like neural architecture search (Rakhshani
et al., 2020) and continual learning (Gupta et al.,
2021), leveraging the entire dataset is often inefficient
and impractical. This has created an urgent need for
effective strategies to condense large-scale time series
datasets while preserving the critical information nec-
essary for training high-performance models.

To address this challenge, dataset condensation (Wang
et al., 2020; Zhao et al., 2020) has emerged as a promis-
ing technique. The fundamental goal is to synthesize
a small, compact dataset that, when used for train-
ing, can replicate the performance of a model trained
on the full, original dataset. This approach is dis-
tinct from traditional data compression, as its pri-
mary aim is to create a dataset that trains models
to generalize effectively to unseen data, rather than
simply reducing storage size. Existing dataset con-
densation strategies have shown considerable success,
with methods that focus on maximizing test perfor-
mance (Deng and Russakovsky, 2022; Liu et al., 2022b;
Loo et al., 2023; Nguyen et al., 2020, 2021; Wang et al.,
2020; Zhou et al., 2022b), matching training gradi-
ents (Cazenavette et al., 2022; Cui et al., 2022; Du
et al., 2023; Jin et al., 2022, 2021; Kim et al., 2022;
Lee et al., 2022b; Li et al., 2022; Zhang et al., 2023;
Zhao and Bilen, 2021; Zhao et al., 2020), and aligning
feature distributions (Lee et al., 2022a; Wang et al.,
2022; Zhao and Bilen, 2023).

However, the majority of current condensation meth-
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ods have been developed and optimized for im-
age (Deng and Russakovsky, 2022; Lee et al., 2022b;
Nguyen et al., 2021; Wang et al., 2022; Zhou et al.,
2022b) or graph (Jin et al., 2022, 2021; Liu et al.,
2022a; Sachdeva et al., 2022) data. Directly apply-
ing these techniques to time series data often yields
suboptimal results because they fail to account for the
unique, defining characteristics of sequential data. Un-
like images, the discriminative information in time se-
ries is inherently spectro-temporal; features such as lo-
cal rhythms, periodic patterns, and frequency-domain
harmonics are crucial for effective classification. While
many works have highlighted the importance of the
frequency domain for time series analysis (Woo et al.,
2022; Yang and Hong, 2022; Zhang et al., 2022a,b;
Zhou et al., 2022a), existing condensation methods of-
ten overlook these properties.

In this paper, we introduce TexTSC, a novel dataset
condensation framework designed specifically for time
series classification. TexTSC operates by preserving
the spectro-temporal ”texture” of each class, which
we define as the second-order statistical patterns of
co-activations across intermediate layers of a feature-
extractor network. Instead of relying on expensive
training trajectory matching, our method focuses on
matching these class-conditional statistics in both the
time and frequency domains. Specifically, TexTSC
matches the Gram matrices of intermediate features
to preserve channel correlations in the time domain,
while simultaneously matching the Gram matrices of
their Fourier transform magnitudes to maintain shared
spectral structures. This is complemented by a short-
lag autocorrelation constraint to preserve local rhythm
and a lightweight gradient anchor on the final classi-
fication layer to ensure the synthetic samples remain
discriminative.

Through extensive experiments on standard time se-
ries classification benchmarks, we demonstrate that
TexTSC significantly outperforms baseline methods.
The condensed datasets generated by our framework
not only retain the essential class-conditional structure
of the original data but also lead to improved down-
stream classification accuracy.

Our contributions can be summarized as follows:

• We propose a novel, spectro-temporal objective
for time series dataset condensation that preserves
the second-order ”texture” of classes by matching
Gram matrix statistics of intermediate features in
both the time and frequency domains.

• We introduce a simple, stable, and model-agnostic
optimization procedure that combines spectro-
temporal matching with a short-lag autocorrela-
tion constraint and a lightweight final-layer gradi-

ent anchor, avoiding the need for complex training
trajectory alignment.

• We validate the effectiveness of TexTSC through
comprehensive experiments, showing that it pro-
duces compact and informative datasets that sig-
nificantly narrow the performance gap to full-data
training and are robust even at extremely small
data budgets.

2 RELATED WORK

2.1 Dataset condensation and coreset
selection

Learning from a tiny set of synthetic or selected sam-
ples has been explored along two major lines. Dataset
condensation methods optimize a small synthetic set
to stand in for the original training set by differenti-
ating through the training dynamics of a student net-
work. Early approaches anchored synthetic batches to
the gradients of a reference model on real data, while
follow-ups matched longer training trajectories or dis-
tributional statistics of features to stabilize optimiza-
tion and improve cross-model transfer (Cazenavette
et al., 2022; Kim et al., 2022; Zhao and Bilen, 2021,
2023). In parallel, coreset selection chooses a subset
of real examples using clustering, k-center, herding,
or submodular criteria. Coresets preserve fidelity but
are constrained by duplicates, class imbalance, and re-
dundancy at low budgets; condensation can synthesize
informative variations but may be fragile without good
inductive biases. TexTSC belongs to the condensation
family and introduces spectro-temporal objectives tai-
lored to time series.

2.2 Time-series condensation and distillation

Despite rapid progress in images, condensation for
time series is comparatively underexplored. Several
works adapt vision objectives to 1D signals, reporting
limited transfer when temporal structure and chan-
nel correlations are ignored (Zhao and Bilen, 2021;
Cazenavette et al., 2022). A recent line targets time-
series classification specifically, combining per-layer
feature alignment with simple temporal constraints
(Liu et al., 2024b). Our method is most closely related
to this direction, but differs in two key aspects: (i)
we match second-order Gram statistics concurrently
in the time domain and in the frequency domain at
multiple intermediate taps of a teacher, and (ii) we
add a lightweight last-layer gradient anchor that steers
synthetic samples toward discriminative cues with-
out dominating the spectro-temporal objectives. This
combination improves stability at tiny sample per class



Hosseinzadeh, Li, Bahri, Filali Boubrahimi, Hamdi

(SPC) budgets and yields condensed sets that gener-
alize across random seeds and student initializations.

2.3 Spectro-temporal representations and
perceptual objectives

For natural signals, second-order statistics computed
from intermediate features serve as robust texture de-
scriptors. In images, Gram matrices over convolu-
tional activations underpin classical style-transfer ob-
jectives. Extensions to audio and 1D signals commonly
rely on spectral magnitudes or modulation statistics to
capture periodicity and spectral structure. We adopt
this principle for time-series classification by matching
Gram matrices both in the time domain and on the
magnitude of the real-valued Fourier coefficients, com-
plemented by a short-lag autocorrelation term that
constrains rhythm and local periodicity. Several stud-
ies have underscored the value of the frequency do-
main in time series analysis by using it to learn more
robust representations (Woo et al., 2022; Yang and
Hong, 2022; Zhang et al., 2022b; Zhou et al., 2022a).
Unlike prior time-series objectives that rely on a single
domain or first-order moments, TexTSC uses a multi-
tap, multi-domain second-order alignment that pre-
serves class-specific morphology while remaining nu-
merically stable under mixed precision.

2.4 Gradient and training-dynamics
matching

Gradient-based anchors have proven effective for con-
densation: aligning synthetic and real gradients at
shared network parameters yields class-discriminative
signals even with very small synthetic batches (Zhao
and Bilen, 2021; Zhao et al., 2020). Trajectory-
matching methods unroll multiple steps of the stu-
dent optimizer, but suffer from memory and stabil-
ity issues (Cazenavette et al., 2022; Du et al., 2023).
TexTSC adopts a one-step gradient anchor restricted
to the teacher’s final linear layer, which is cheap, easy
to differentiate, and empirically sufficient to discourage
degenerate textures. This design preserves the domi-
nance of spectro-temporal objectives while injecting a
minimal discriminative bias.

2.5 Augmentation and priors for time series

Classical time-series augmentation includes jittering,
scaling, time masking, and frequency-domain pertur-
bations (Wen et al., 2020). These operations improve
generalization but do not reduce dataset size. Conden-
sation offers complementary benefits: it compresses
the dataset while still allowing augmentations during
student training. We use light augmentations for both
fairness and stability, similar to prior work on con-

densed training.

2.6 Proxy data for architecture and
hyperparameter search

Proxy datasets are widely used to accelerate neural
architecture search (NAS) and hyperparameter tun-
ing (Elsken et al., 2019). Condensed sets offer a task-
aware proxy distilled from the original training dis-
tribution, and recent studies in vision suggest com-
petitive rank fidelity relative to full-data search (Zhao
and Bilen, 2021, 2023). TexTSC evaluates this idea
in time-series classification: we rank a compact CNN
search space on the condensed set and validate the top
candidates on real data. The resulting accuracy and
rank correlation indicate that spectro-temporal con-
densation retains enough signal to guide architecture
choices at a fraction of the cost.

3 METHOD

In this section, we formally define the problem of time-
series dataset condensation and detail the components
of our proposed TexTSC framework. Our approach
is centered on a novel objective function that pre-
serves class-conditional spectro-temporal textures by
matching second-order statistics, guided by a mini-
mal discriminative anchor. The full objective is a
weighted sum of several distinct loss terms, which we
will define systematically. Our model’s diagram is
shown in Figure 1. Our source codes are available at:
https://github.com/pouyahosseinzadeh/TexTSC.

3.1 Problem Setting and Notation

We consider a labeled time-series dataset D as defined
in Equation 1.

D = {(xi, yi)}Ni=1, xi ∈ RC×L, yi ∈ {1, . . . ,K} (1)

and seek a compact, class-balanced synthetic set with
SPC samples per class as defined in Equation 2

S = { sc,j ∈ RC×L | c ∈ {1, . . . ,K}, j = 1, . . . ,SPC }
(2)

A student classifier trained on S should approach the
accuracy achieved when trained on D. We employ a
lightweight teacher Tθ (a three-block 1D CNN), pre-
trained on D, to define class-wise statistical targets.
For an input x, let the three intermediate “taps” be:

hℓ(x) ∈ RCℓ×Tℓ , ℓ ∈ {1, 2, 3} (3)

taken after each residual block. We denote the class-
conditioned subset of the real data by Dc = {xi : yi =
c}.

https://github.com/pouyahosseinzadeh/TexTSC
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Figure 1: TexTSC data condensation diagram.

3.2 Teacher-Taps Statistics as Condensation
Targets

The core of TexTSC is to match a suite of statistics
derived from the teacher network’s intermediate taps.
These targets are designed to capture texture, rhythm,
and other perceptual qualities of the time series data
for each class.

Time-Domain Gram of Taps. To capture chan-
nel cross-correlations over time, we compute the Gram
matrix of the vectorized feature taps. For a tap map
h ∈ RC×T , its time-domain Gram matrix is:

Gtime(h) =
1

CT
vec(h) vec(h)⊤ (4)

The target for each class is the expected Gram matrix,
computed by averaging over a balanced batch from the
real data Dc as shown in Equation 5

Gtime
ℓ,c = Ex∼Dc

[
Gtime

(
hℓ(x)

) ]
(5)

Frequency-Domain Gram of Taps. To preserve
spectral characteristics, we compute Gram matrices on
the magnitude of the real-valued Fast Fourier Trans-

form (rFFT). Let h̃ = |rFFT(h)| ∈ RC×T̃ . The
frequency-domain Gram matrix is:

Gfreq(h̃) =
1

CT̃
vec(h̃) vec(h̃)⊤ (6)

The corresponding class target is the expected
frequency-domain Gram matrix:

Gfreq
ℓ,c = Ex∼Dc

[
Gfreq

(
hℓ(x)

) ]
(7)

Short-Lag Autocorrelation. To maintain local
rhythm in the raw waveform, we compute the channel-
averaged, variance-normalized autocorrelation for lags
τ ∈ {1, . . . , τmax} in Equation 8.

ACF(x)[τ ] =
1

C

C∑
k=1

∑L−τ
t=1

(
xk,t − x̄k

)(
xk,t+τ − x̄k

)∑L
t=1

(
xk,t − x̄k

)2
+ ε

(8)
where x̄k is the mean of channel k. The class-level
target is the expected ACF vector:

ACFc = Ex∼Dc

[
ACF(x)

]
(9)

Perceptual Means of Taps. Finally, we stabilize
the process by matching a simple first-order statis-
tic—the mean activation value at each tap:

µℓ,c = Ex∼Dc

[
mean(C,T )

(
hℓ(x)

) ]
(10)

3.3 The TexTSC Objective Function

The full objective function synthesizes a dataset S
by minimizing a per-class loss Lc for each class c =
1, . . . ,K. Let Sc = {sc,j}SPC

j=1 be the set of synthetic
samples for class c.
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Algorithm 1: TexTSC

Input: Training set Dtr = {(xi, yi)}Ni=1, validation
set Dval, classes C, SPC m, teacher T ,
student f , iterations Tcond.

Input: Weights
wtime, wfreq, wacf , wperc, wtv, wdiv, wgrad;
per-class pool Bpc; mini-batches Ms,Mr.

Output: Condensed set
D̃ = {(x̃c,j , c) | c ∈ C, j = 1, . . . ,m}.

1 Train teacher
2 Train T on Dtr with cross-entropy; early-stop on
Dval

3 Per-class targets (teacher taps)
4 foreach c ∈ C do
5 Draw Xc ⊂ {x : (x, y) ∈ Dtr, y = c} with

|Xc| ≤ Bpc

6 Compute taps: H
(1)
c , H

(2)
c , H

(3)
c ← taps(T,Xc)

7 Gtime
c,ℓ ← Gram

(
H

(ℓ)
c

)
,

Gfreq
c,ℓ ← Gram

(
|F(H(ℓ)

c )|
)

8 rc ← 1
|Xc|

∑
x∈Xc

ACF(x),

µc,ℓ ← meanchan,time

(
H

(ℓ)
c

)
9 Form a small real bank

Rc ⊂ {x : (x, y) ∈ Dtr, y = c}

10 Initialize synthetic sequences
11 foreach c ∈ C do

12 Initialize X̃c = {x̃c,1, . . . , x̃c,m} by KMeans
centers on Xc (or random picks) plus noise

13 Set D̃ ←
⋃

c∈C{(x̃c,j , c)}mj=1 and treat x̃c,j as

learnable parameters

14 Condensation loop
15 for t = 1 to Tcond do
16 Warm up then cosine decay the learning rate
17 Ltot ← 0
18 foreach c ∈ C do

19 Sample X̃
(s)
c ⊂ X̃c of size Ms and

X
(r)
c ⊂ Rc of size Mr

20 h
(ℓ)
s ← taps(T, X̃

(s)
c )

// Spectro temporal/style terms

21 Ltime ←
∑

ℓ

∥∥Gram(h
(ℓ)
s )−Gtime

c,ℓ

∥∥2

F

22 Lfreq ←
∑

ℓ

∥∥Gram(|F(h(ℓ)
s )|)−Gfreq

c,ℓ

∥∥2

F

23 Lacf ←
∥∥ACF(X̃(s)

c )− rc
∥∥2

2

24 Lperc ←
∑

ℓ

∥∥mean(h
(ℓ)
s )− µc,ℓ

∥∥2

2

// Light regularizers

25 Ltv ← TV(X̃
(s)
c ),

Ldiv ← AvgOffDiag
(
cos sim(X̃

(s)
c )

)
// Decision alignment (last-layer

gradient anchor)

26 gs ← ∇Wfc CE
(
T (X̃

(s)
c ), c

)
,

gr ← ∇Wfc CE
(
T (X

(r)
c ), c

)
(stop-grad)

27 Lgrad ← ∥gs − gr∥22
// Aggregate

28 Lc ← wtimeLtime + wfreqLfreq + wacfLacf +
wpercLperc+wtvLtv+wdivLdiv+wgradLgrad

29 Ltot ← Ltot + Lc

30 Update all x̃c,j with AdamW on Ltot

31 return D̃

Data-Statistics Matching Losses. We define four
loss terms corresponding to the statistical targets de-
fined above. The losses are the squared Frobenius or
Euclidean distances between the mean statistics of the
synthetic set Sc and the pre-computed targets:

Ltime
c =

3∑
ℓ=1

∥∥Es∼Sc
[Gtime(hℓ(s))]−Gtime

ℓ,c

∥∥2
F

(11)

Lfreq
c =

3∑
ℓ=1

∥∥Es∼Sc [G
freq(hℓ(s))]−Gfreq

ℓ,c

∥∥2
F

(12)

Lacf
c =

∥∥Es∼Sc
[ACF(s)]−ACFc

∥∥2
2

(13)

Lperc
c =

3∑
ℓ=1

∥∥Es∼Sc
[mean(C,T )(hℓ(s))]− µℓ,c

∥∥2
2

(14)

Gradient Anchor at the Decision Layer. To en-
sure the synthetic samples are discriminative, we an-
chor their gradients to those of real samples. Let W be
the teacher’s final linear layer. For a real mini-batch
Breal
c ⊂ Dc and synthetic mini-batch Bsyn

c ⊂ Sc, we
define the gradients in Equations 15 and 16.

grealc = ∇W
1

|Breal
c |

∑
x∈Breal

c

ℓ
(
Tθ(x), c

)
(15)

gsync = ∇W
1

|Bsyn
c |

∑
s∈Bsyn

c

ℓ
(
Tθ(s), c

)
(16)

The gradient anchor penalty minimizes the distance
between these two vectors:

Lgrad
c =

∥∥gsync − grealc

∥∥2
2

(17)

Waveform Regularizers. We apply a total varia-
tion loss to discourage high-frequency noise and a di-
versity loss to prevent sample collapse:

Ltv(Sc) =
1

SPC · CL

SPC∑
j=1

C∑
k=1

L−1∑
t=1

∣∣ sc,j [k, t+1]−sc,j [k, t]
∣∣

(18)

Ldiv(Sc) =
1

SPC(SPC− 1)

SPC∑
i,j=1
i̸=j

⟨vec(sc,i), vec(sc,j)⟩
∥vec(sc,i)∥2 ∥vec(sc,j)∥2

(19)

Total Objective. The final class-wise objective ag-
gregates all terms with non-negative weights λ:

Lc = λtimeLtime
c + λfreqLfreq

c + λacfLacf
c

+ λpercLperc
c + λgradLgrad

c

+ λtvLtv(Sc) + λdivLdiv(Sc)

(20)
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3.4 Initialization, Optimization, and Training

Synthetic Initialization. We initialize the syn-
thetic samples {sc,j} either from K-means cluster cen-
ters of the real data or by sampling class exemplars and
adding small Gaussian noise, which provides a strong
starting point for optimization.

Optimization. We optimize the synthetic data ten-
sor S directly with the AdamW optimizer, using a
short warm-up followed by a cosine decay learning rate
schedule. All statistical targets are pre-computed once
and frozen, and the teacher network Tθ also remains
frozen throughout condensation.

Student Training Protocol. After condensation,
a new student network is trained from a random ini-
tialization on the final synthetic set S. The student is
trained using a standard cross-entropy loss, with the
identical recipe used for full-data and all baseline runs
to ensure a fair comparison.

4 EXPERIMENTS

4.1 Datasets and metric

We evaluate on five public time–series classification
benchmarks spanning human activity, household en-
ergy, synthetic bioacoustics, machinery fault diagno-
sis, and sleep staging (Dau et al., 2019). Table 1
summarizes classes (C), sequence length (T), chan-
nels (D), and split sizes for HAR, Electric, Insect,
FD, and Sleep, respectively. We report accuracy av-
eraged over multiple random seeds with the corre-
sponding standard deviation, and we follow the offi-
cial train/test splits released with each dataset. The
condensed set size is controlled by the samples-per-
class (SPC) budget and the resulting condensed ratio
(size(S)/size(T )).

Table 1: Dataset metadata.

Dataset Domain C T D Train Test

HAR Human Activity 6 128 9 7,352 2,947

Electric Household Power 7 96 1 8,926 7,711

Insect Synthetic 10 600 1 25,000 25,000

FD Fault Diagnosis 3 5,120 1 8,184 2,728

Sleep Sleep Stages 5 3,000 1 25,612 8,910

4.2 Baselines

We compare TexTSC against strong coreset selection
baselines (Random, KMeans, Herding) and state-of-
the-art dataset condensation methods adapted from

vision to time series (DD (Wang et al., 2020),
DSA (Zhao and Bilen, 2021), DM (Zhao and Bilen,
2023), MTT (Cazenavette et al., 2022), IDC (Kim
et al., 2022), HaBa (Liu et al., 2022c)), plus
CondTSC (Liu et al., 2024b) and the Full trained on
all real samples. Baselines are reimplemented from
authors’ code with their recommended settings.

4.3 Evaluation protocol

Unless otherwise stated, we train the same student
classifier across all methods for a fair comparison (a
3-block 1D ResNet), using AdamW with learning rate
10−3, batch size 128, light time–series augmentations
on the training batches, and 80 epochs. We per-
form three runs with different random seeds and re-
port mean±sd. Validation is taken from the official
split when provided or via a stratified hold-out from
the training split. SPC schedules follow the dataset-
specific grids above to keep condensed ratios compa-
rable across methods. This matches the cross-dataset
practice in prior work and the table layouts in our
draft.

4.4 Overall performance

Table 2 reports accuracy at each SPC/ratio. Across
all five datasets and budgets, TexTSC consistently at-
tains the best or second-best accuracy, often closing
a significant portion of the gap to the full-data upper
bound even at 1% of the data. On HAR and Electric,
TexTSC delivers strong gains over coreset baselines at
tiny budgets (SPC= 1) and continues to improve as
SPC increases. On larger-length datasets (FD, Sleep)
and the large-class Insect benchmark, TexTSC main-
tains robust performance despite the longer temporal
context, outperforming prior condensation objectives
that match only first-order or single-domain statistics.
These trends mirror the cross-budget behavior empha-
sized in the CondTSC evaluation while improving ab-
solute accuracy in our setting.

4.5 Scaling with condensed size

Figure 2 reports accuracy as the number of samples per
class (SPC) increases on HAR and Electric. TexTSC
exhibits a clear scaling trend: performance improves
steadily with larger condensed sets, closing much of the
gap toward the full-data upper bound. At small bud-
gets (SPC= 1), TexTSC already outperforms coreset
methods by a wide margin, highlighting the benefits
of spectro-temporal second-order matching when data
is extremely limited. As the synthetic budget grows
(SPC= 5 and SPC= 10), TexTSC continues to im-
prove and consistently dominates competing conden-
sation methods.
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Table 2: Overall accuracy(%) performance. The best result is highlighted in bold in each row, and the second-
best result is underlined.

Dataset SPC ratio (%)

R
an

d
om

K
-m

ea
n
s

H
er
d
in
g

D
D

D
S
A

D
M

M
T
T

ID
C

H
aB

a

C
on

d
T
S
C

T
ex
T
S
C

F
u
ll

HAR

1 0.1 50.92 ± 6.53 52.16±3.12 51.48±5.15 21.25±9.15 69.20±5.68 16.29±10.49 21.77±14.48 40.72±8.04 64.30±1.95 21.83±6.72 67.73±2.83

92.37±0.295 0.5 57.39±6.11 64.02±2.37 57.78±1.86 27.21±11.72 76.95±4.06 23.45±3.83 27.82±11.48 61.26±5.04 63.68±5.85 59.70±13.56 78.53±1.00

10 1 59.52±4.18 58.42±10.58 53.79±7.40 14.10±11.17 76.24±3.09 15.69±2.78 14.75±11.71 68.88±4.79 65.23±4.02 65.68±6.24 83.29±2.13

Electric

1 0.1 20.30±6.67 17.26±2.90 17.23±2.71 16.43±4.85 18.77±4.70 26.34±5.77 20.43±4.70 24.93±11.36 25.33±8.69 29.75±1.06 41.27±2.90

71.37±1.405 0.5 37.63±6.70 30.86±6.08 28.33±9.95 13.37±3.80 37.26±8.01 13.05±4.81 11.54±0.45 43.20±7.61 18.77±0.57 39.23±2.96 45.83±4.59

10 1 39.61±10.02 29.35±5.31 28.81±4.36 19.82±7.35 33.57±9.62 21.94±3.88 20.45±5.41 44.23±0.97 24.28±4.59 41.76±1.37 52.84±3.97

FD

1 0.036 52.33±18.12 46.69±18.88 46.84±20.34 27.69±26.27 48.25±10.00 24.47±15.87 41.29±19.07 25.64±19.82 46.96±19.29 53.93±0.79 73.40±7.70

98.44±0.9310 0.36 50.24±2.11 54.86±0.42 46.09±19.78 31.23±15.14 45.87±9.67 27.77±17.04 41.40±3.19 38.20±21.43 47.49±2.86 55.99±2.04 78.45±2.91

20 0.72 62.44±2.20 60.56±8.50 45.43±19.02 28.63±18.62 49.72±6.03 38.67±1.71 26.19±18.69 49.25±21.24 52.98±10.93 59.89±5.74 82.56±9.54

Insect

1 0.05 17.13±1.52 8.98±0.32 9.01±0.11 8.89±1.37 18.12±3.21 8.86±1.87 8.97±1.29 12.23±1.71 17.17±2.98 27.95±2.98 46.92±4.43

80.29±0.3410 0.5 25.22±6.76 36.01±8.66 21.39±2.54 10.01±0.09 25.26±2.81 11.95±2.64 10.10±0.36 19.91±2.76 22.16±1.94 42.29±3.17 48.35±5.62

20 1 46.40±2.84 44.77±3.85 30.91±3.03 10.34±0.93 31.10±1.30 8.43±1.42 10.11±0.76 24.27±3.93 27.47±1.64 43.84±0.88 53.82±6.11

Sleep

1 0.02 39.08±5.77 22.60±3.08 22.50±0.06 25.54±16.27 39.06±4.64 12.46±7.31 33.22±8.43 28.97±11.21 38.20±3.49 20.78±3.92 33.94±10.59

83.40±0.4010 0.2 41.67±16.71 18.18±3.29 24.24±3.82 8.85±6.70 32.97±12.12 19.54±7.90 9.36±5.87 13.70±4.03 39.05±4.91 13.34±3.95 68.41±2.76

20 0.4 38.11±13.12 34.26±11.29 25.06±7.28 19.72±11.29 31.21±4.92 15.30±4.14 26.58±17.07 21.98±6.22 39.61±10.02 11.34±1.47 61.61±4.16

On HAR, TexTSC reaches over 80% test accuracy with
only SPC= 5, surpassing all prior objectives and ap-
proaching the full-data ceiling of 92.4%. By SPC= 10,
the performance climbs further, nearly saturating the
upper bound while requiring less than 1% of the origi-
nal data. On Electric, where coreset methods plateau,
TexTSC shows steady improvements with each incre-
ment in SPC and achieves the highest condensed-data
accuracy across all budgets.

These scaling patterns demonstrate that TexTSC not
only secures strong performance in the extreme low-
data regime but also remains effective as the synthetic
set grows, ensuring a favorable accuracy–cost trade-off.
The results mirror earlier observations in CondTSC,
where increasing condensed size yields monotonic ac-
curacy gains, but TexTSC improves the absolute level
of performance at every budget.
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Figure 2: Accuracy of classification on the Electric and
HAR datasets with varying condensed data size.

4.6 Learning dynamics on condensed data

Figure 3 plots validation accuracy on HAR at SPC= 1,
averaged across random seeds with a shaded ±1 sd
band and lightly smoothed (window = 5) to reduce
jitter. Accuracy rises quickly during the first 30–40

epochs, peaks around epochs 60–75, and then shows
mild late-epoch overfitting. Following standard prac-
tice, we therefore report results at the best validation
epoch for each run, rather than at convergence. The
dynamics are consistent across seeds, indicating that
TexTSC produces condensed sets with low variance
and stable generalization behavior.
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Figure 3: Validation accuracy on HAR at SPC=1.

4.7 Neural Architecture Search as a
downstream task

We assess whether condensed sets from TexTSC can
accelerate NAS. On the HAR dataset, we perform
NAS within our main classifier family (324 variants
differing in kernel size, pooling, normalization, and
activation). Using only SPC= 10 condensed samples
per class, TexTSC identifies architectures that achieve
83.7% test accuracy when retrained on the synthetic
set, while the entire search completes in just 14.5 min-
utes. For comparison, full-data NAS has been reported
to require over 11 hours on HAR. This represents a
>40× speed-up at a fraction of the compute. Although
the rank-correlation between proxy and true rankings



TexTSC: Class-Texture Preserving Data Condensation for Time Series Classification

Table 3: Ablation study results (SPC = 1). We report accuracy (%) with mean ± standard deviation.

Dataset Base Base+A Base+A+M Base+A+M+P

HAR 29.34±4.62 38.16±9.10 58.84±9.10 67.73±2.83
Electric 9.89±6.12 1.35±4.41 23.79±6.14 41.27±2.90
FD 48.28±3.92 54.51±0.05 55.60±4.35 73.40±7.70
Insect 10.16±0.22 15.10±0.86 18.22±2.94 46.92±2.98
Sleep 25.13±6.56 31.61±4.31 31.67±4.67 33.94±10.59

is modest (ρ = 0.25, τb = 0.17), the condensed set still
provides a useful signal for pruning the search space
and consistently yields high-performing architectures.

4.8 Ablation study

Table 3 evaluates TexTSC’s components at SPC= 1
across all datasets. In the Base setting, only the
last-layer gradient anchor with light TV/diversity
is applied, which ensures that synthetic samples
stay decision-aligned with real data and avoids col-
lapse. Extending this with Base+A, where time- and
frequency-domain Gram matrices are added, injects
spectro-temporal texture by matching class-specific
co-activation patterns and spectral envelopes, lead-
ing to consistent accuracy gains. The next variant,
Base+A+M, further incorporates a short-lag auto-
correlation term that preserves local periodicity and
rhythm, so sequences not only appear texturally cor-
rect but also exhibit realistic pulses. Finally, the
Full objective, denoted as Base +A+M+P, introduces
perceptual means that align coarse feature statistics
across taps, stabilizing the texture match, reducing
drift, and improving classifier-friendliness. Across all
datasets, accuracy improves monotonically from Base
through the Full setting, confirming that each compo-
nent plays a complementary role and that the com-
plete objective consistently delivers the strongest per-
formance.

4.9 Cross-architecture transfer

Table 4 evaluates how well condensed sets generated
with one teacher architecture transfer to different stu-
dent models on HAR. TexTSC achieves reasonable
transferability: while accuracy is usually highest when
teacher and student match, performance does not col-
lapse when applied across mismatched pairs. This in-
dicates that the spectro-temporal statistics captured
by TexTSC are not tied to a single architecture and re-
tain some generality, though the benefit is more mod-
est than in within-architecture settings.

Table 4: Cross-architecture accuracy (%) on HAR
with spc=5. Rows indicate the network used to pro-
duce the condensed set (train network); columns indi-
cate the evaluation network trained on that set.

Evaluation Network

Train Network MLP CNNIN ResNet18 Transformer

MLP 80.29±2.39 24.34±6.65 50.56±3.96 72.14±2.12

CNNIN 50.98±4.01 63.88±4.21 58.31±2.40 57.86±6.35

ResNet18 50.53±1.99 22.31±4.33 49.82±7.25 47.72±3.04

Transformer 40.07±8.70 21.37±4.14 44.36±3.73 43.07±8.75

5 CONCLUSION

We introduced TexTSC, a dataset condensation
framework for time series classification that matches
spectro-temporal second-order statistics with a
lightweight discriminative anchor. By combining
time- and frequency-domain Gram alignment with
short-lag autocorrelation and perceptual means,
TexTSC generates compact synthetic sets that
preserve class-level structure. Experiments across
five benchmarks showed that TexTSC consistently
outperforms first-order and single-domain baselines,
maintains robustness at extremely small budgets,
and scales favorably with larger synthetic sets.
Additional studies on ablations, cross-architecture
transfer, and neural architecture search demonstrate
that the condensed data retain useful discriminative
and structural cues, though the benefits vary by
setting. Overall, TexTSC provides a simple and
stable approach for condensing sequential data and
offers a step toward practical dataset condensation
for real-world time series tasks.
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Checklist

1. For all models and algorithms presented, check if
you include:

(a) A clear description of the mathematical set-
ting, assumptions, algorithm, and/or model.
[Yes, see Section 3]

(b) An analysis of the properties and complexity
(time, space, sample size) of any algorithm.
[No]

(c) (Optional) Anonymized source code, with
specification of all dependencies, including
external libraries. [Yes, See Section 3]

2. For any theoretical claim, check if you include:

(a) Statements of the full set of assumptions of
all theoretical results. [Not Applicable]

(b) Complete proofs of all theoretical results.
[Not Applicable]

(c) Clear explanations of any assumptions. [Not
Applicable]

3. For all figures and tables that present empirical
results, check if you include:

(a) The code, data, and instructions needed to
reproduce the main experimental results (ei-
ther in the supplemental material or as a
URL). [Yes, see Section 3]

(b) All the training details (e.g., data splits, hy-
perparameters, how they were chosen). [Yes,
see Section 4]

(c) A clear definition of the specific measure or
statistics and error bars (e.g., with respect to
the random seed after running experiments
multiple times). [Yes, see Section 4]

(d) A description of the computing infrastructure
used. (e.g., type of GPUs, internal cluster, or
cloud provider). [No]

4. If you are using existing assets (e.g., code, data,
models) or curating/releasing new assets, check if
you include:

(a) Citations of the creator If your work uses ex-
isting assets. [Yes, see Section 2 and Section
4]

(b) The license information of the assets, if ap-
plicable. [Not Applicable]

(c) New assets either in the supplemental mate-
rial or as a URL, if applicable. [Not Applica-
ble]

(d) Information about consent from data
providers/curators. [Not Applicable]

(e) Discussion of sensible content if applicable,
e.g., personally identifiable information or of-
fensive content. [Not Applicable]

5. If you used crowdsourcing or conducted research
with human subjects, check if you include:

(a) The full text of instructions given to partici-
pants and screenshots. [Not Applicable]

(b) Descriptions of potential participant risks,
with links to Institutional Review Board
(IRB) approvals if applicable. [Not Appli-
cable]

(c) The estimated hourly wage paid to partici-
pants and the total amount spent on partic-
ipant compensation. [Not Applicable]


