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ABSTRACT

We introduce TimEE1, a 2M-parameter foundation model for end-to-end time se-
ries classification via in-context learning. Unlike prior works that rely on de-
coupled feature encoders and task-specific classifiers, TimEE utilizes a unified
framework to directly approximate the conditional predictive distribution of a test
sample given the training set. Concretely, it enables both temporal reasoning and
classification within a single forward pass. Evaluated on 42 binary classification
datasets from the UCR Time Series Archive, TimEE outperforms default linear-
probing baselines and matches the performance of models up to 60× larger, while
reducing runtime by up to an order of magnitude. Our results suggest that end-
to-end trained foundation models are an effective and computationally efficient
alternative to the two-stage paradigm for time series classification.

Track: Research

1 INTRODUCTION

Time series classification (TSC) is an essential predictive modeling task in domains ranging from
healthcare (Wang et al., 2023; Esgalhado et al., 2021), to finance (Goldstein et al., 2021) and energy
Elsevier (2018). While related fields like forecasting and tabular learning have seen the emergence
of foundation models with the in-context learning paradigm (Ansari et al., 2025; Hollmann et al.,
2025), TSC research remains largely centered on a two-stage paradigm: using a pre-trained encoder
(e.g., MOMENT (Goswami et al., 2024) or Mantis (Feofanov et al., 2025) followed by a task-specific
classifier like a Support Vector Machine (Cortes & Vapnik, 1995) or Random Forest.

This separation introduces practical and conceptual limitations, such as per-task classifier evaluation,
hyperparameter tuning, and repeated training. Moreover, this often increases the risk of overfitting,
especially in the low-data regimes typical of benchmarks such as the UCR Time Series Archive
(Chen et al., 2015).

To address these limitations, we introduce TimEE, a foundation model designed for end-to-end TSC
via in-context learning. By unifying feature extraction and classification into a single-forward pass,
TimEE eliminates the need for task-specific training. Moreover, TimEE benefits from transfer learn-
ing across both feature extraction and classification. Despite its modest scale of only 2M param-
eters, TimEE achieves competitive performance against MOMENT on UCR binary classification
tasks while providing a 10− 30× inference speedup.

2 BACKGROUND

Time Series Classification. Consider a univariate time-series classification problem with a labeled
dataset:

Dtrain = {(xi, yi)}ni=1,

1TimEE pronounced as ’Timmy’
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Figure 1: TimEE pipeline. We provide a high-level overview of the TimEE pipeline for time series
classification. Given a task defined by a labeled support set and a query time series, TimEE operates
in three stages. First, each input time series is tokenized into a sequence of fixed-dimensional em-
beddings. These tokens are then processed by a transformer stack, which jointly models interactions
across the support and query examples. Finally, the resulting representations are decoded to produce
task-specific predictions.

where xi ∈ Rt and yi ∈ Y . Given a test observation xtest, we aim to model the predictive distribu-
tion p(·|xtest,Dtrain), effectively mapping the input sequence to a distribution over the label space
Y .

Two-Stage Paradigm. Many state-of-the-art approaches follow a decoupled, two-stage procedure.
First, each time series is mapped to a d−dimensional embedding using a feature encoder:

Fθ : Rt → Rd, zi = Fθ(xi)

where Fθ is typically a pre-trained time-series foundation model (Feofanov et al., 2025; Goswami
et al., 2024; Auer et al., 2025). Subsequently, a task-specific classifier Gϕ is trained on these em-
beddings to produce predictions:

ŷi = Gϕ

(
Fθ(xi)

)
.

Following Feofanov et al. (2025) and Goswami et al. (2024), Gϕ is often implemented as a linear
probe or a conventional classifier, such as a Support Vector Machine (SVM) or a Random Forest
(RF). While effective, this paradigm decouples representation learning from the downstream task.
As the encoder is optimized independently of the classification objective, the extracted features may
be suboptimal for capturing discriminative information (Shi et al., 2022).

In-Context Learning (ICL). Originally popularized in large language modeling (Brown et al.),
ICL has demonstrated state-of-the-art performance in tabular prediction (Hollmann et al.; 2025) and
time-series forecasting (Ansari et al., 2025). In the context of time series classification, ICL models
generate predictions by conditioning directly on a labeled support set of examples. To adapt ICL to
this domain, Fang et al. (2026) proposes first pre-training a feature encoder, and subsequently pre-
training an ICL head atop a feature encoder. While this framework achieves strong empirical results,
it remains a two-stage paradigm with inherently limited interaction between the feature encoder and
the classification objective.

3 METHOD

In contrast to the two-stage paradigm, we propose a unified framework that directly approximates
the conditional predictive distribution p(·|xtest,Dtrain). This formulation eliminates the need for
independent feature pre-training and task-specific classification heads. It enables end-to-end opti-
mization of the entire predictive pipeline. Consequently, the model learns to perform joint temporal
reasoning and contextual classification in a single pass, mitigating the suboptimality inherent in
disjoint optimization stages.

3.1 MODEL ARCHITECTURE

Taking inspiration from Chronos-2 (Ansari et al., 2025) and TabPFN (Hollmann et al., 2025), the
architecture of TimEE aims to capture two distinct types of dependencies: intra-series temporal
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dynamics (the ”shape” of the sequence) and inter-series contextual relationships (the ”comparison”
between sequences).
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Figure 2: Architecture of TimEE.
Each input time series is split into
patches, normalized, and encoded into
patch embeddings, while labels are em-
bedded via a separate target encoder.
The resulting embeddings are processed
by a transformer with alternating tem-
poral and sample-wise attention to cap-
ture intra- and inter-series dependen-
cies. The updated target embeddings are
decoded into class probabilities.

Tokenization. Following Chronos-2, we first normalize
the input time series and apply a sinh−1 transformation
to handle varying scales and outliers. Then, each time se-
ries is split into non-overlapping patches of size P (Nie
et al., 2023), which are projected into a d-dimensional
embedding via a learnable linear projection layer. We
use P = 16 and d = 128. The class labels (targets)
are also projected into d−dimensional embedding using a
separate projection layer, allowing labels and time-series
patches to interact within a shared representation space.

Transformer Stack. TimEE utilizes the interweaving
dual-axis attention to model dependencies across both
time and samples. (1) Temporal Axis: We apply self-
-attention across all patches within an individual time
series. We incorporate Rotary Positional Embeddings
(RoPE) (Su et al., 2021) to preserve temporal order. No-
tably, we exclude RoPE from the target embeddings to
maintain their identity as categorical indicators rather
than sequential elements. (2) Cross-Series Axis: This
allows each patch and target embedding to attend to rep-
resentations from other samples in Dtrain. This mecha-
nism is the core of our in-context learning capability, as it
enables the model to dynamically compare the test sam-
ple against the labeled support set.

Target Decoder. Finally, the processed embeddings for
the test samples are passed through a decoding layer
to directly model the conditional predictive distribution
p(·|xtest,Dtrain), producing class probabilities in a sin-
gle forward pass.

3.2 DATA AND TRAINING OBJECTIVE

To develop ICL capabilities in TimEE, like TabPFN, we
employ a meta-learning strategy. At each iteration, we construct a task Tk by generating a synthetic
dataset Dk = {(xi, yi)}Ni=1 . Each Dk is then partitioned into a train set Dk,train and a test set
Dk,test:

Dk,train = {(xj , yj)}ntrain
j=1 , Dk,test = {(xl, yl)}ntest

l=1

The model is optimized to minimize the negative log-likelihood over the query set:

L(θ) = −ET ∼p(T )

 ∑
(x,y)∈Dtest

log pθ(y | x,Dtrain)


To achieve this, we develop a pipeline the constructs augmented classification tasks from the train
split of the UCR datasets. Concretely, we generate synthetic samples via weighted Mixup (Zhang
et al., 2018), where multiple sequences within a dataset are linearly combined. Pseudo-labels are
then assigned via a majority-weight thresholding criterion. See Appendix 1 for pseudo-code.

4 EXPERIMENTS

Evaluation Setup. We pretrain TimEE on a single Nvidia L40s on approx. 700K augmented TSC
datasets, and evaluate it on the UCR Time Series Archive (Chen et al., 2015), focusing on the 42
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Table 1: UCR Benchmark Results over 42 binary classification tasks. We report mean accuracy
and ROC AUC scores per model averaged over 42 binary classification tasks. Standard deviations
are reported over 3 unique seeds for TimEE. TimEE significantly outperforms MOMENT-SVM
variants while remains competitive against MOMENT-RF(S) (see Figure 4).

Accuracy ROC AUC
Model in (%)

Moment(L) + RF 85.57 ± 0.00 0.920 ± 0.000
Moment(S) + RF 85.36 ± 0.00 0.911 ± 0.000

TimEE 81.71 ± 2.96 0.883 ± 0.022

Moment(L) + SVM 70.56 ± 0.00 0.645 ± 0.000

Moment(S) + SVM 65.59 ± 0.00 0.570 ± 0.000

binary classification tasks over 3 seeds. Following standard protocol, we use the official benchmark
train/test splits. We emphasize that all UCR test splits were strictly excluded from our pre-training
corpus to eliminate data leakage during evaluation. We compare our 2M parameter model against
two variants of MOMENT (Goswami et al., 2024): MOMENT-Small (40M) and MOMENT-Large
(125M). Consistent with the two-stage paradigm literature (Section 2), we evaluate these baselines
by training two downstream classifiers—a Support Vector Machine (SVM) and a Random Forest
(RF)—on the extracted embeddings. In contrast, TimEE performs inference in a single forward pass
without any task-specific weight updates or tuning.

Figure 3: Fit and predict times. We
report aggregated runtimes for train-
ing and inference across all evaluation
datasets. TimEE is substantially more
efficient than MOMENT, achieving on
average a 10× speedup over MOMENT
small and up to a 30× speedup over
MOMENT large.

Results and Discussion. TimEE demonstrates that ar-
chitectural alignment can match the performance of sig-
nificantly larger, decoupled framework. As shown in Ta-
ble 1, our 2M-parameter model significantly outperforms
the MOMENT+SVM baselines, indicating that our end-
to-end objective meta-learns classification that surpasses
SVMs. The MOMENT+RF configuration serves as an
upper bound: our small model does not yet rival a task-
specific high-capacity RF.

We also compare computational efficiency in Figure 3.
As the inference of TimEE is performed in a single for-
ward pass, this leads to a significant speedup in predic-
tion times, compared to the two-staged baselines. Over-
all, TimEE provides a strong balance between predictive
performance and computational efficiency. We provide
further evaluation details in Appendix B.

5 CONCLUSION

We present TimEE, an end-to-end foundation model for
time series classification. By unifying representation
learning and classification into a single objective, we
demonstrate that a 2M-parameter model can match or ex-
ceed the performance of significantly larger, two-stage
pipelines. Our findings suggest that: In contrast to ex-
isting approaches, which typically first train a feature encoder using contrastive learning and then
train a task-specific model on top of that, we show that training a model to directly optimize the
prediction task can be a viable alternative. Furthermore, we eliminate the need to choose the best
task-specific classifier.

Limitations & Future Work. Our current pre-training relies on a limited distribution of data sam-
pled and augmented from the UCR archive. Since it remains challenging to collect real-world TSC
datasets, exploring synthetic TSC data offers a promising direction for future work. Additionally,
while this work focused on univariate time series, extending the framework to multivariate time se-
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ries or to multimodal settings that combine time series with additional inputs (e.g., textual metadata)
represents other impactful yet unexplored areas. Finally, we aim to scale up our model in pretraining
data, compute, and model size to fully unlock the potential of the end-to-end paradigm.
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APPENDIX

A DATA GENERATION

Algorithm 1 Synthetic Time Series Mixture Generation
Require: Collection of UCR Datasets D, Target Length T

1: Xout, Yout ← ∅
2: Select random dataset Di ∈ D
3: Sample subset of time series {(x, y)} ⊂ Di

4: Preprocessing:
5: x← Normalize(x)
6: x← Resize(x, T ) ▷ Interpolate or truncate
7: Mixture Generation:
8: Select k samples {xj}kj=1 with labels {yj}kj=1

9: Sample weights λ ∼ Dirichlet(α)
10: xmix ←

∑k
j=1(λj · xj) +N (0, σnoise)

11: Pseudo-Label Assignment:
12: Assign ymix based on λ and {yj} using threshold
13: Append (xmix, ymix) to (Xout, Yout)
14: return (Xout, Yout)

B EXPERIMENTS

B.1 CRITICAL DIFFERENCE DIAGRAM BASED ON ACCURACY

Figure 4: Critifcal Difference Diagram comparing TimEE against baselines. The diagram shows the
average rank of each model across the 42 binary classification tasks. Thick horizontal lines indicate
groups of models (cliques) between which there is no statistically significant difference in accuracy
(p > 0.05).
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B.2 DETAILED TIMING RESULTS

Table 2: Efficiency of all models. We provide the runtime of the fit and predict operation as well as
the combined runtime for all models. TimEE has the lowest fit-, predict- and total time amongst all
models.

Fit Time Predict time Total time
Model (in s) (in s) (in s)

TimEE 0.000000 0.125197 0.125197
Moment (Small) + SVM 0.848109 0.283990 1.132099
Moment (Small) + RF 1.043201 0.242732 1.285933
Moment (Large) + RF 1.993732 0.956422 2.950155
Moment (Large) + SVM 2.103362 1.123350 3.226712

B.3 PER DATASET RESULTS
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Table 3: UCR Benchmark Results over 42 binary classification tasks. We report accuracy scores
per model with corresponding standard deviations for each dataset.

Moment(L) Moment(L) Moment(S) Moment(S) TimEE
Dataset (RF) (SVM) (RF) (SVM)

BeetleFly 100.00 ± 0.00 90.00 ± 0.00 95.00 ± 0.00 90.00 ± 0.00 81.67 ± 7.64

BirdChicken 80.00 ± 0.00 75.00 ± 0.00 85.00 ± 0.00 70.00 ± 0.00 86.67 ± 5.77
Chinatown 97.38 ± 0.00 97.38 ± 0.00 97.67 ± 0.00 95.63 ± 0.00 81.05 ± 10.23

Coffee 100.00 ± 0.00 89.29 ± 0.00 96.43 ± 0.00 96.43 ± 0.00 84.52 ± 5.46

Computers 65.60 ± 0.00 65.60 ± 0.00 67.60 ± 0.00 56.00 ± 0.00 62.40 ± 2.80

DistalPhalanxOutlineCorrect 78.62 ± 0.00 58.70 ± 0.00 78.62 ± 0.00 58.33 ± 0.00 73.67 ± 1.46

DodgerLoopGame 76.38 ± 0.00 51.18 ± 0.00 70.08 ± 0.00 51.18 ± 0.00 84.51 ± 2.41
DodgerLoopWeekend 93.65 ± 0.00 26.98 ± 0.00 90.48 ± 0.00 26.98 ± 0.00 97.35 ± 0.92
ECG200 86.00 ± 0.00 64.00 ± 0.00 89.00 ± 0.00 64.00 ± 0.00 84.67 ± 2.31

ECGFiveDays 84.55 ± 0.00 49.71 ± 0.00 92.33 ± 0.00 49.71 ± 0.00 71.70 ± 2.73

Earthquakes 75.54 ± 0.00 74.82 ± 0.00 74.82 ± 0.00 74.82 ± 0.00 75.06 ± 1.10

FordA 89.77 ± 0.00 89.17 ± 0.00 93.26 ± 0.00 87.12 ± 0.00 91.82 ± 0.46

FordB 77.16 ± 0.00 76.79 ± 0.00 79.01 ± 0.00 65.31 ± 0.00 75.43 ± 1.84

FreezerRegularTrain 89.23 ± 0.00 76.00 ± 0.00 89.47 ± 0.00 66.81 ± 0.00 94.14 ± 3.78
FreezerSmallTrain 75.05 ± 0.00 75.93 ± 0.00 76.70 ± 0.00 74.81 ± 0.00 77.93 ± 1.73
GunPoint 97.33 ± 0.00 49.33 ± 0.00 96.00 ± 0.00 49.33 ± 0.00 85.78 ± 2.14

GunPointAgeSpan 94.30 ± 0.00 85.44 ± 0.00 93.99 ± 0.00 50.63 ± 0.00 93.78 ± 1.93

GunPointMaleVersusFemale 98.42 ± 0.00 92.41 ± 0.00 98.73 ± 0.00 58.23 ± 0.00 98.73 ± 0.32

GunPointOldVersusYoung 96.51 ± 0.00 81.59 ± 0.00 97.46 ± 0.00 52.38 ± 0.00 95.34 ± 1.20

Ham 69.52 ± 0.00 59.05 ± 0.00 71.43 ± 0.00 51.43 ± 0.00 64.76 ± 4.36

HandOutlines 90.54 ± 0.00 76.49 ± 0.00 87.84 ± 0.00 64.05 ± 0.00 85.50 ± 1.65

Herring 60.94 ± 0.00 59.38 ± 0.00 57.81 ± 0.00 59.38 ± 0.00 55.21 ± 3.93

HouseTwenty 91.60 ± 0.00 87.39 ± 0.00 89.92 ± 0.00 81.51 ± 0.00 87.11 ± 0.49

ItalyPowerDemand 95.63 ± 0.00 95.53 ± 0.00 95.14 ± 0.00 95.24 ± 0.00 91.90 ± 0.54

Lightning2 70.49 ± 0.00 54.10 ± 0.00 72.13 ± 0.00 54.10 ± 0.00 79.23 ± 2.50
MiddlePhalanxOutlineCorrect 84.54 ± 0.00 57.04 ± 0.00 80.76 ± 0.00 57.04 ± 0.00 68.73 ± 3.87

MoteStrain 89.78 ± 0.00 89.70 ± 0.00 86.10 ± 0.00 85.06 ± 0.00 84.03 ± 0.35

PhalangesOutlinesCorrect 83.92 ± 0.00 61.42 ± 0.00 81.82 ± 0.00 61.31 ± 0.00 69.77 ± 0.55

PowerCons 85.00 ± 0.00 81.67 ± 0.00 89.44 ± 0.00 65.56 ± 0.00 88.70 ± 2.63

ProximalPhalanxOutlineCorrect 87.97 ± 0.00 68.38 ± 0.00 85.57 ± 0.00 68.38 ± 0.00 77.09 ± 4.43

SemgHandGenderCh2 79.83 ± 0.00 71.83 ± 0.00 81.00 ± 0.00 70.33 ± 0.00 91.78 ± 1.73
ShapeletSim 91.11 ± 0.00 78.33 ± 0.00 78.89 ± 0.00 65.00 ± 0.00 86.30 ± 7.56

SonyAIBORobotSurface1 74.38 ± 0.00 42.93 ± 0.00 83.03 ± 0.00 42.93 ± 0.00 84.75 ± 7.36
SonyAIBORobotSurface2 88.77 ± 0.00 62.12 ± 0.00 87.72 ± 0.00 61.70 ± 0.00 81.25 ± 2.24

Strawberry 94.59 ± 0.00 64.32 ± 0.00 94.32 ± 0.00 64.32 ± 0.00 93.87 ± 1.28

ToeSegmentation1 93.42 ± 0.00 90.35 ± 0.00 92.54 ± 0.00 86.84 ± 0.00 77.63 ± 3.04

ToeSegmentation2 86.15 ± 0.00 86.92 ± 0.00 86.92 ± 0.00 83.08 ± 0.00 84.62 ± 1.33

TwoLeadECG 82.88 ± 0.00 49.96 ± 0.00 94.29 ± 0.00 49.96 ± 0.00 71.85 ± 4.70

Wafer 98.96 ± 0.00 95.23 ± 0.00 97.42 ± 0.00 89.21 ± 0.00 97.87 ± 0.29

Wine 81.48 ± 0.00 50.00 ± 0.00 64.81 ± 0.00 50.00 ± 0.00 60.49 ± 11.32

WormsTwoClass 72.73 ± 0.00 58.44 ± 0.00 84.42 ± 0.00 57.14 ± 0.00 75.76 ± 1.50

Yoga 84.03 ± 0.00 53.57 ± 0.00 79.97 ± 0.00 53.57 ± 0.00 77.46 ± 0.45
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Table 4: UCR Benchmark Results over 42 binary classification tasks. We report ROC AUC
scores per model with corresponding standard deviations for each dataset.

Moment(L) Moment(L) Moment(S) Moment(S) TimEE
Dataset (RF) (SVM) (RF) (SVM)

BeetleFly 1.000 ± 0.000 0.020 ± 0.000 0.990 ± 0.000 0.130 ± 0.000 0.983 ± 0.015

BirdChicken 0.940 ± 0.000 0.130 ± 0.000 0.930 ± 0.000 0.500 ± 0.000 0.963 ± 0.047
Chinatown 0.995 ± 0.000 0.996 ± 0.000 0.992 ± 0.000 0.011 ± 0.000 0.937 ± 0.042

Coffee 1.000 ± 0.000 0.026 ± 0.000 1.000 ± 0.000 0.500 ± 0.000 0.858 ± 0.061

Computers 0.722 ± 0.000 0.686 ± 0.000 0.723 ± 0.000 0.664 ± 0.000 0.703 ± 0.029

DistalPhalanxOutlineCorrect 0.874 ± 0.000 0.778 ± 0.000 0.866 ± 0.000 0.772 ± 0.000 0.819 ± 0.005

DodgerLoopGame 0.866 ± 0.000 0.133 ± 0.000 0.774 ± 0.000 0.393 ± 0.000 0.915 ± 0.024
DodgerLoopWeekend 0.988 ± 0.000 0.018 ± 0.000 0.973 ± 0.000 0.070 ± 0.000 0.987 ± 0.007

ECG200 0.940 ± 0.000 0.904 ± 0.000 0.949 ± 0.000 0.922 ± 0.000 0.905 ± 0.010

ECGFiveDays 0.967 ± 0.000 0.979 ± 0.000 0.990 ± 0.000 0.971 ± 0.000 0.879 ± 0.022

Earthquakes 0.635 ± 0.000 0.551 ± 0.000 0.606 ± 0.000 0.623 ± 0.000 0.709 ± 0.025
FordA 0.962 ± 0.000 0.962 ± 0.000 0.977 ± 0.000 0.950 ± 0.000 0.976 ± 0.001

FordB 0.846 ± 0.000 0.840 ± 0.000 0.878 ± 0.000 0.766 ± 0.000 0.833 ± 0.015

FreezerRegularTrain 0.964 ± 0.000 0.823 ± 0.000 0.974 ± 0.000 0.803 ± 0.000 0.967 ± 0.038

FreezerSmallTrain 0.855 ± 0.000 0.821 ± 0.000 0.869 ± 0.000 0.240 ± 0.000 0.876 ± 0.036
GunPoint 0.997 ± 0.000 0.044 ± 0.000 0.992 ± 0.000 0.116 ± 0.000 0.939 ± 0.023

GunPointAgeSpan 0.991 ± 0.000 0.946 ± 0.000 0.992 ± 0.000 0.777 ± 0.000 0.988 ± 0.003

GunPointMaleVersusFemale 0.999 ± 0.000 0.999 ± 0.000 1.000 ± 0.000 0.999 ± 0.000 0.999 ± 0.000

GunPointOldVersusYoung 0.993 ± 0.000 0.919 ± 0.000 0.997 ± 0.000 0.318 ± 0.000 0.988 ± 0.002

Ham 0.771 ± 0.000 0.667 ± 0.000 0.741 ± 0.000 0.271 ± 0.000 0.700 ± 0.015

HandOutlines 0.945 ± 0.000 0.923 ± 0.000 0.934 ± 0.000 0.830 ± 0.000 0.913 ± 0.021

Herring 0.643 ± 0.000 0.683 ± 0.000 0.622 ± 0.000 0.483 ± 0.000 0.532 ± 0.008

HouseTwenty 0.975 ± 0.000 0.954 ± 0.000 0.959 ± 0.000 0.083 ± 0.000 0.942 ± 0.002

ItalyPowerDemand 0.990 ± 0.000 0.990 ± 0.000 0.988 ± 0.000 0.988 ± 0.000 0.979 ± 0.008

Lightning2 0.845 ± 0.000 0.825 ± 0.000 0.799 ± 0.000 0.709 ± 0.000 0.890 ± 0.025
MiddlePhalanxOutlineCorrect 0.921 ± 0.000 0.793 ± 0.000 0.900 ± 0.000 0.640 ± 0.000 0.760 ± 0.038

MoteStrain 0.967 ± 0.000 0.034 ± 0.000 0.940 ± 0.000 0.086 ± 0.000 0.935 ± 0.004

PhalangesOutlinesCorrect 0.905 ± 0.000 0.725 ± 0.000 0.886 ± 0.000 0.655 ± 0.000 0.762 ± 0.014

PowerCons 0.964 ± 0.000 0.938 ± 0.000 0.962 ± 0.000 0.847 ± 0.000 0.965 ± 0.009
ProximalPhalanxOutlineCorrect 0.929 ± 0.000 0.879 ± 0.000 0.913 ± 0.000 0.878 ± 0.000 0.826 ± 0.041

SemgHandGenderCh2 0.869 ± 0.000 0.791 ± 0.000 0.869 ± 0.000 0.696 ± 0.000 0.982 ± 0.002
ShapeletSim 0.962 ± 0.000 0.090 ± 0.000 0.917 ± 0.000 0.160 ± 0.000 0.924 ± 0.067

SonyAIBORobotSurface1 0.978 ± 0.000 0.984 ± 0.000 0.984 ± 0.000 0.968 ± 0.000 0.949 ± 0.029

SonyAIBORobotSurface2 0.964 ± 0.000 0.947 ± 0.000 0.965 ± 0.000 0.948 ± 0.000 0.893 ± 0.028

Strawberry 0.985 ± 0.000 0.931 ± 0.000 0.986 ± 0.000 0.919 ± 0.000 0.984 ± 0.004

ToeSegmentation1 0.981 ± 0.000 0.036 ± 0.000 0.988 ± 0.000 0.088 ± 0.000 0.846 ± 0.007

ToeSegmentation2 0.946 ± 0.000 0.086 ± 0.000 0.896 ± 0.000 0.203 ± 0.000 0.844 ± 0.029

TwoLeadECG 0.914 ± 0.000 0.269 ± 0.000 0.988 ± 0.000 0.119 ± 0.000 0.845 ± 0.056

Wafer 0.999 ± 0.000 0.991 ± 0.000 0.995 ± 0.000 0.912 ± 0.000 0.995 ± 0.001

Wine 0.931 ± 0.000 0.500 ± 0.000 0.770 ± 0.000 0.500 ± 0.000 0.681 ± 0.084

WormsTwoClass 0.811 ± 0.000 0.805 ± 0.000 0.895 ± 0.000 0.804 ± 0.000 0.846 ± 0.017

Yoga 0.923 ± 0.000 0.689 ± 0.000 0.890 ± 0.000 0.629 ± 0.000 0.853 ± 0.003
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