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Abstract

Time series foundation models rely on self-supervised objectives, such as masked
reconstruction or contrastive learning, to build reusable representations for down-
stream tasks such as multivariate time series classification (MTSC). In this work,
we test how much pretrained weights improve over a baseline that requires no
pretraining: the same architecture with randomly initialized weights. We evaluate
seven publicly released instances from four time series foundation model families
on the UEA MTSC archiveﬂ with per-model exclusions where evaluation cannot
be completed due to computational constraints. For each instance, we compare the
pretrained weights against five randomly initialized variants using four downstream
classifiers on frozen representations: two linear classifiers (ridge classifier and
logistic regression) and two nonlinear classifiers (RBF SVM and random forest),
yielding 183 paired dataset-level comparisons. Pretrained variants achieve higher
mean accuracy across all seven instances, but the mean advantage is modest, rang-
ing from 1.43 to 5.19 percentage points, with an overall average gain of 2.58
percentage points. Under per-instance Wilcoxon signed-rank tests, three of seven
raw p-values fall below 0.05, but after Holm correction for multiple comparisons,
only NuTime remains statistically significant. A secondary pooled analysis across
all 183 pairs yields p < 0.001, while the corrected per-instance tests remain the
primary statistical evidence. We further compare against three established time-
series-specific classifiers: ROCKET, Hydra, and Quant, which remain competitive
with the pretrained foundation models without requiring large-scale pretraining.
Together, these results motivate a more careful assessment of the computational
cost of large-scale pretraining relative to its downstream benefit for MTSC and
support the systematic inclusion of architecture-matched random initialization and
non-pretrained baselines in future evaluations. Code, experiment configurations,
and complete results are available in a repositoryE]

1 Introduction

Labeled time series can be costly and time-consuming to obtain, particularly when annotation requires
domain expertise, motivating growing interest in self-supervised learning to reduce dependence on
labeled data (Zhang et al.| 2024). Time series foundation models (TSFMs) apply this paradigm at
scale by pretraining encoders on large collections of unlabeled sequences for transfer to downstream
tasks. The models considered in this study span multiple architectures and model scales.

We focus on multivariate time series classification (MTSC), a comparatively less studied setting than
univariate classification (Ruiz et al.| 2021). MTSC is particularly interesting for TSFMs because
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observations contain multiple channels, while many current models are pretrained on univariate
sequences and process multivariate inputs independently per channel (Sungu Isiacik et al., [2025)).
Their frozen representations are then typically aggregated before downstream classification. This
raises a basic question: how much of the resulting performance comes from pretrained weights rather
than the architecture and aggregation pipeline?

This distinction matters because randomly initialized networks can themselves produce useful high-
dimensional representations (Rahimi and Recht, [2007). ROCKET (Dempster et al., |2020), for
example, demonstrates strong time series classification using random convolutional features. If
an architecture-matched randomly initialized TSFM approaches the performance of its pretrained
counterpart, then part of the downstream performance may be attributable to the architecture and
aggregation pipeline rather than the pretrained weights alone. We therefore evaluate both this
controlled comparison and whether the resulting performance is competitive with established time-
series-specific classifiers.

Related evidence from computer vision shows that models trained from random initialization can
sometimes approach counterparts initialized from pretrained weights (He et al.| 2019; |[Raghu et al.;
2019). More directly, |Yang et al.| (2026)) report comparable performance for pretrained and randomly
initialized Mantis representations (Feofanov et al.,[2026a) on four EEG classification benchmarks.
However, it remains unclear whether this pattern extends across multiple TSFM families and model
scales, different downstream classifier capacities, and the broader range of general-purpose MTSC
datasets considered here.

We evaluate seven instances from four TSFM families: MOMENT (Goswami et al.,[2024), Mantis (Fe{
ofanov et al.,[2026a), UniTS (Gao et al.,[2024), and NuTime (Lin et al.||2024), on the UEA MTSC
archive (Bagnall et al.| 2018)), together with ROCKET (Dempster et al., 2020), Hydra (Dempster
et al.,[2023)), and Quant (Dempster et al., 2024). Our contributions are:

* A controlled comparison of pretrained and architecture-matched random TSFMs across
seven model instances, four downstream classifiers spanning linear and nonlinear decision
functions, and five random seeds.

* Evidence that pretraining yields a modest mean improvement of 1.43-5.19 percentage points
per model instance, with an overall average gain of 2.58 percentage points across 183 paired
comparisons. After Holm correction for multiple comparisons, only NuTime retains a
statistically significant per-instance advantage.

* Evidence that the pretrained and random difference remains modest on average across
both linear and nonlinear downstream classifiers, while established non-pretrained methods
remain competitive. These results motivate the inclusion of both architecture-matched
random initialization and strong time-series-specific methods as controls when evaluating
large-scale time series pretraining.

2 Related Work

Self-supervised time series representation learning commonly relies on masked reconstruction or
contrastive objectives (Zerveas et al.| 2021} Yue et al., [ 2022;|Zhang et al., 2022). These approaches
underpin several time series foundation models considered in this work. MOMENT (Goswami et al.}
2024])) uses masked reconstruction, Mantis (Feofanov et al., [2026al) and MantisV2 (Feofanov et al.|
2026b) use contrastive pretraining, NuTime (Lin et al., [2024)) adopts a BYOL-based self-distillation
objective, and UniTS (Gao et al.,2024) combines multiple tasks within a unified backbone. Other
foundation models primarily target forecasting (Ansari et al., 2024; |Das et al., 2024} Woo et al., 2024)),
whereas we focus on multivariate time series classification.

Recent work has begun to examine the benefits of large-scale time series pretraining. [Sungu Isiacik
et al.| (2025) benchmark pretrained foundation models for MTSC and show that many process multi-
variate inputs in a channel-independent manner, but do not compare against architecture-matched
random initialization. Related comparisons include |Yang et al. (2026)) for EEG classification and
TSFM-Bench (Li et al., 2025) for few-shot forecasting. We instead study frozen MTSC represen-
tations across multiple TSFM families and model scales. Related forecasting studies also question
whether model complexity and pretraining consistently improve performance (Zeng et al., 2023} Tan
et al.,[2024).



Our study also relates to random-feature and efficient time-series classification methods. Random
feature mappings can provide useful representations without learned feature parameters (Rahimi and
Recht, [2007), while randomly initialized neural networks induce non-trivial kernel structures (Ja-
cot et al.| 2018). ROCKET (Dempster et al., 2020) demonstrates this principle for time series
using random convolutional kernels, with related approaches such as MiniRocket and MultiRocket
further improving efficiency and performance (Dempster et al., 2021} Tan et al., [2022)). We addi-
tionally consider Hydra (Dempster et al.,|2023)), which uses competing convolutional kernels, and
Quant (Dempster et al.,[2024), a lightweight interval-based method using quantile features. These
methods provide complementary non-pretrained reference points, while our architecture-matched
random initialization experiments isolate the contribution of pretrained weights by holding the model
architecture and representation pipeline fixed.

3 Experiments

Our experiments are designed around three questions. First, how much downstream performance
is attributable specifically to pretrained weights when the architecture and representation pipeline
are held fixed? Second, does this conclusion depend on the downstream classifier? Third, how do
pretrained foundation-model representations compare with established methods designed specifically
for time series classification?

3.1 Foundation models

We evaluate seven publicly released instances from four time series foundation model families:
MOMENT (Goswami et al., 2024) (Small, Base, and Large), Mantis (Feofanov et al., [2026a),
MantisV2 (Feofanov et al., [2026b)), UniTS (Gao et al.| [2024), and NuTime (Lin et al., |[2024). For
each instance, we use the released pretrained checkpoint and its corresponding official implementa-
tion. Complete per-dataset and classifier-specific results for all evaluated instances are reported in

Appendix [C]
3.2 Architecture-matched random initialization

To isolate the contribution of pretraining from that of the architecture, we construct five randomly
initialized variants of each model instance using seeds {0, 7,42, 123, 2026}. Each variant uses the
same model configuration as the corresponding pretrained model and is initialized using the default
procedure of the official implementation. No pretrained encoder parameters are retained in the
random condition, and the randomly initialized models are not pretrained or fine-tuned.

Pretrained and randomly initialized variants use the same preprocessing, multivariate inference,
representation extraction, aggregation, and downstream evaluation procedures. The encoder remains
frozen in both conditions, and the encoder weights are the experimental variable.

3.3 Downstream representation evaluation

We evaluate on the 30-dataset UEA MTSC archive (Bagnall et al.| 2018)) using the standard training
and test splits. A model-dataset result is included in the aggregate analysis only when all four down-
stream classifier results are available under both the pretrained and randomly initialized conditions.
This yields 26 paired datasets for each MOMENT instance, Mantis, MantisV2, and NuTime, and
27 for UniTS. Each per-instance comparison is restricted to its available paired datasets, while the
cross-method comparison uses the 24 datasets shared by all methods. Complete dataset coverage is
reported in Appendix [A]

For each model, condition, and dataset, we extract frozen representations for the training and test
splits. We evaluate these representations using two linear classifiers, ridge classification and logistic
regression, and two nonlinear classifiers, RBF SVM and random forest. This allows us to examine
whether the pretrained-random difference depends on the downstream classifier.

For all four classifiers, hyperparameters are selected using the same three-fold stratified cross-
validation procedure on the UEA training split. The folds are shuffled using random_state=42.
Standardization is included within the cross-validation pipeline for ridge classification, logistic
regression, and RBF SVM. After hyperparameter selection, each classifier is refitted on the complete



training split and evaluated once on the standard UEA test split. The hyperparameter grids are
reported in Appendix

3.4 Time-series-specific reference methods

Architecture-matched random initialization measures the contribution of pretrained weights within
a fixed foundation-model architecture, but it does not establish how the resulting representations
compare with methods designed directly for time series classification. We therefore additionally
evaluate ROCKET (Dempster et al., [2020), Hydra (Dempster et al., 2023), and Quant (Dempster
et al., [2024) on the UEA archive.

We implement these methods using the aeon library (Middlehurst et al., [2024), with their default
configurations and without dataset-specific tuning. Each method is fitted on the standard UEA training
split and evaluated on the corresponding test split.

For direct comparison, we report results on the common subset of datasets for which all seven
pretrained foundation-model instances and all three time-series-specific methods have valid results.
This allows mean accuracy, average rank, and dataset wins to be compared without differences in
dataset coverage. Complete results are provided in Appendix D}

3.5 Statistical analysis

For each model instance, dataset, and classifier, random-initialization accuracy is averaged across the
five encoder initialization seeds. We then average across the four downstream classifiers to obtain
one paired pretrained and random-initialization score per dataset.

For each model instance, we compare the paired dataset-level scores using a two-sided Wilcoxon
signed-rank test (Demsar, 2006). We apply Holm’s step-down correction to the seven per-instance
tests at « = 0.05 and report both raw and adjusted p-values. To describe the magnitude and
consistency of the difference, we additionally report the mean and median paired accuracy difference
and the number of pretraining wins, ties, and losses across datasets. A win indicates that the pretrained
model achieves higher accuracy than its randomly initialized counterpart, while a loss indicates the
opposite. These statistics are computed from the same paired, unrounded accuracies used in the
Wilcoxon tests. We additionally report unadjusted 95% percentile bootstrap confidence intervals for
the mean paired difference using 10,000 paired dataset-level resamples; the Holm-corrected Wilcoxon
tests remain our primary inferential analysis.

As a secondary analysis, we report a pooled Wilcoxon signed-rank test across all model-dataset pairs.
Because datasets recur across model instances, this pooled test is interpreted as complementary to the
per-instance analyses. The comparison with ROCKET, Hydra, and Quant is reported descriptively
using mean accuracy, average rank, and dataset wins.

4 Results and Discussion

4.1 How much does pretraining contribute?

Table[T|shows that pretraining improves mean accuracy for all seven model instances, with gains of
1.43-5.19 percentage points and an overall mean gain of 2.58 points across 183 paired comparisons.
Median gains range from 0.40 to 4.20 points; overall, pretraining records 127 wins, 3 ties, and 53
losses.

Three raw per-instance tests have p < 0.05, but only NuTime remains significant after Holm
correction. The pooled test yields p < 0.001; since datasets recur across model instances, the
corrected per-instance tests remain our primary analysis. Within MOMENT models, mean gains are
2.29, 1.43, and 1.76 points for Small, Base, and Large, showing no consistent increase with scale.

For MantisV2 and UniTS, the median differences of 0.80 and 0.40 points are considerably smaller
than their mean differences of 2.58 and 2.24 points, respectively. This suggests that their mean
improvements are influenced by a subset of datasets with larger positive differences. NuTime shows
the largest and most consistent benefit, with a median improvement of 4.20 points and pretraining
wins on 21 of 26 datasets. The small standard deviations reported for the random baselines describe
variation across encoder initialization seeds after aggregation; they do not represent uncertainty across



Table 1: Architecture-matched comparison of pretrained and randomly initialized foundation models.
Accuracy is averaged across four downstream classifiers. Random-init values are mean + standard
deviation across five encoder seeds. Mean A includes an unadjusted 95% paired-bootstrap confidence
interval; W/T/L denotes pretrained wins/ties/losses.

Instance n  Pretrained Random init Mean A [95% CI] Median A  W/T/L Draw PHolm
MOMENT-Small 26 0.703 0.680 £ 0.002 +2.29 [—1.20, 5.46] +2.40 21/1/4 0.011 0.066
MOMENT-Base 26 0.698 0.684 + 0.003 +1.43[—2.02, 4.67] +1.20 17/0/9 0.143 0.233
MOMENT-Large 26 0.702 0.684 + 0.005 +1.76[—1.73, 4.82] +2.35 16/0/10 0.075 0.225
Mantis 26 0.728 0.702 + 0.002 +2.56 [—0.29, 5.45] +2.60 18/1/7 0.053 0.210
MantisV2 26 0.721 0.695 + 0.003  +2.58[0.16, 5.08] +0.80 16/0/10 0.116 0.233
UniTS 27 0.651 0.628 £ 0.003  +2.24[0.80, 3.83] +0.40 18/1/8 0.021 0.107
NuTime 26 0.626 0.574 £ 0.005 +5.19[2.80, 7.85] +4.20 21/0/5 < 0.001 0.002
Pooled 183 0.689 0.664 +2.58 +2.00 127/3/53 < 0.001 -

datasets. The dataset-level results in Appendix [C|show that pretraining does not improve performance
on every dataset. The aggregate differences therefore represent average rather than universal gains,
and non-significant Wilcoxon results should not be interpreted as evidence of equivalence.

4.2 Does the result depend on classifier capacity?

Table 2] decomposes the pretrained-random difference by downstream classifier. Ridge and logistic
regression are linear, whereas RBF SVM and random forest allow nonlinear decision boundaries
while keeping the encoder frozen.

Table 2: Pretrained minus random-init accuracy (A, percentage points) for each downstream classifier.
Linear and nonlinear columns report the average difference within each classifier family.

Instance Ridge LogReg RBF RF Linear Nonlinear
MOMENT-Small  2.59 2.93 1.09 253 276 1.81
MOMENT-Base 1.69 1.49 1.47  1.09 1.59 1.28
MOMENT-Large  2.84 2.35 124 0.62 259 0.93
Mantis 0.38 1.92 471 3.23 1.15 3.97
MantisV2 1.33 1.55 426 3.19 1.44 3.73
UniTS 1.53 2.00 1.82 3.62 1.76 2.72
NuTime 4.09 5.94 495 578 5.01 5.36

Averaged across model instances, the pretrained advantage is approximately 2.33 percentage points
for the linear classifiers and 2.83 points for the nonlinear classifiers. Allowing nonlinear decision
boundaries therefore does not show a substantially larger benefit that is consistently hidden from
linear classifiers.

The classifier-level results nevertheless show different patterns across model instances. For the
MOMENT family, the pretrained advantage is generally smaller under nonlinear classifiers. For
MOMENT-Large, for example, the average difference decreases from 2.59 points under the linear
classifiers to 0.93 points under the nonlinear classifiers. Mantis and MantisV2 show the opposite
pattern, with nonlinear differences of 3.97 and 3.73 points, compared with linear differences of 1.15
and 1.44 points. NuTime shows the most consistent benefit from pretraining, with gains above four
percentage points across all four classifiers. Classifier choice changes the gap for individual models,
but the average pretrained advantage remains modest under both classifier families.

4.3 How competitive are time-series-specific methods?

The architecture-matched comparison measures the contribution of pretrained weights within a fixed
foundation-model architecture. A separate question is how the resulting pretrained representations
compare with methods developed specifically for time series classification. Table [3| compares the
seven pretrained foundation-model instances with ROCKET, Hydra, and Quant on the 24 datasets for
which every method has a valid result.



Table 3: Comparison on the common 24 dataset subset. For each foundation model, accuracy is
averaged across the four downstream classifiers; ROCKET, Hydra, and Quant are reported using their
respective end-to-end classifier outputs. Average rank is computed per dataset across all ten methods,
with tied accuracies assigned their average rank. Wins count datasets on which a method attains the
highest accuracy; tied methods each receive a win, so the total can exceed 24.

Method Mean accuracy Avg. rank Wins
ROCKET 0.754 3.48 8
Hydra 0.752 3.58 10
Quant 0.752 4.25 3
Mantis 0.731 3.94 6
MantisV2 0.720 4.77 4
MOMENT-Small 0.703 5.73 3
MOMENT-Large 0.700 6.38 0
MOMENT-Base 0.698 6.67 1
NuTimef 0.653 7.69 0
UniTS| 0.650 8.52 1

T The model-specific means in Tableare 0.626 for NuTime (n = 26) and 0.651 for UniTS (n = 27); values here use the
common 24 dataset subset.

Under this descriptive averaging protocol, the time-series-specific methods obtain the strongest ag-
gregate results on the common subset. These methods also avoid large-scale pretraining; Appendix [E]
provides additional efficiency context. ROCKET achieves the highest mean accuracy, at 0.754, and
the best average rank, at 3.48. Hydra records the largest number of dataset wins, with 10. Quant
obtains a similar mean accuracy of 0.752.

Mantis is the strongest foundation model, with a mean accuracy of 0.731 and an average rank of
3.94. Although its mean accuracy is below those of ROCKET, Hydra, and Quant, Mantis obtains
a better average rank than Quant and records six dataset wins. This indicates that the strongest
pretrained foundation model remains competitive on a dataset-by-dataset basis, even though the three
time-series-specific methods obtain higher mean accuracy. The remaining foundation models rank
below all three time-series-specific references on average.

This cross-method comparison is descriptive rather than architecture-matched. In particular, each
foundation-model result is averaged across four downstream classifiers, whereas ROCKET, Hydra,
and Quant are represented by their end-to-end classifier outputs. Nevertheless, the comparison
provides an external reference for the level of performance achieved by the frozen foundation-model
representations.

These results should not be interpreted as showing that foundation models are universally inferior to
time-series-specific methods. The evaluation is restricted to frozen MTSC representations and does
not assess full fine-tuning, forecasting, anomaly detection, or other downstream tasks. Under the
evaluated setting, however, the improvements provided by pretraining do not result in higher average
accuracy than the strongest time-series-specific methods. Appendix [E] shows that within MOMENT,
latency rises from 82.48 ms to 1354.18 ms from Small to Large, while the pretrained-over-random
gain does not increase (2.29 vs. 1.76 points); this synthetic diagnostic is not a full cost analysis.

4.4 Discussion and limitations

The results show that randomly initialized foundation-model architectures can produce useful frozen
representations even without pretraining. One possible explanation is that high-dimensional randomly
initialized networks can act as useful feature mappings (Rahimi and Recht, 2007} [Jacot et al.| 2018).
ROCKET (Dempster et al., 2020) provides a related example in time series classification, where
randomly parameterized convolutional kernels produce effective features. Our results are therefore
consistent with the possibility that part of the downstream performance of foundation models comes
from architectural properties that are already present before pretraining.

A second possible contributor is the multivariate inference pipeline. The evaluated foundation mod-
els largely process channels independently and then combine the resulting representations through



model-specific aggregation operations (Sungu Isiacik et al., [2025). Since the same architecture,
preprocessing, and aggregation procedure are used under pretrained and random initialization, these
components can contribute to classification performance independently of the learned weights. The
classifier-specific results also show that the relatively small average difference cannot be explained
only by limited linear accessibility: nonlinear classifiers change the magnitude of the difference for
individual models but do not show a consistently large advantage for pretraining. These observations
do not imply that pretrained representations are equivalent to randomly initialized representations.
Pretraining achieves higher mean accuracy for every model instance, and NuTime retains a statisti-
cally significant advantage after multiple-comparison correction. Rather, the results show that the
contribution of pretrained weights should be measured relative to an architecture-matched random
baseline instead of being inferred from the absolute performance of a pretrained model alone.

Our study has several limitations. First, the conclusions apply only to frozen representation evaluation
for MTSC and should not be extended to full fine-tuning or other downstream tasks. Fine-tuning
may make use of pretrained information that is not directly accessible through frozen representations.
Second, dataset coverage differs across model instances because some model-dataset combinations
could not be completed due to computational or pipeline constraints. We address this by restricting
each pretrained and random comparison to paired datasets and by using a common 24 dataset subset
for the comparison with the time-series-specific methods. Third, the comparison with ROCKET,
Hydra, and Quant is not a fully matched comparison. The foundation models are summarized across
four downstream classifiers, whereas the time-series-specific methods produce end-to-end predictions
using their own classification pipelines. The comparison should therefore be interpreted as an external
performance reference rather than a controlled test of the foundation-model architecture. Finally,
although large-scale pretraining motivates the resource question in this work, we do not measure
pretraining time, energy consumption, or carbon emissions. The controlled CPU diagnostic in
Appendix [E] provides limited inference-side context, including a substantial increase in latency and
registered operations with MOMENT scale, but it does not provide dataset-native end-to-end latency
or a complete cost-benefit analysis. Our primary results therefore quantify the downstream accuracy
associated with pretrained weights rather than the full computational cost of obtaining and deploying
them.

5 Conclusion

We systematically evaluated seven instances from four time series foundation model families by
comparing their released pretrained weights against architecture-matched random initialization on
the UEA MTSC archive. Across four downstream classifiers spanning linear and nonlinear decision
functions and five random initialization seeds, pretraining improves mean accuracy for all seven model
instances, but by a modest 1.43-5.19 percentage points per instance and 2.58 points overall across
183 paired dataset-level comparisons. After Holm correction, only NuTime retains a statistically
significant per-instance advantage. The pooled comparison is also significant (p < 0.001), although
the Holm-corrected per-instance tests remain our primary evidence and the average pretrained—random
gap remains modest across both classifier families.

Our comparison with time-series-specific methods provides a complementary perspective: ROCKET,
Hydra, and Quant remain competitive with the evaluated pretrained foundation models without
requiring large-scale pretraining. Together, these results suggest that MTSC evaluations should
distinguish the contribution of pretrained weights from that of the underlying architecture and
representation pipeline, and should assess this contribution relative to strong time-series-specific
alternatives. While full fine-tuning may show benefits not captured by frozen representations, our
findings support the inclusion of architecture-matched random initialization and non-pretrained
time-series methods as standard controls when evaluating the downstream value of large-scale time
series pretraining.
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A Dataset coverage

A model-dataset result is included in the aggregate foundation model analysis only when ridge
classification, logistic regression, RBF SVM, and random forest produce valid results under both the
pretrained and randomly initialized conditions. Table @] summarizes the datasets for which at least
one foundation-model instance does not have a complete four classifier result.

Table 4: Foundation model dataset coverage. “Missing” indicates that a complete four classifier result
is unavailable under at least one of the pretrained or randomly initialized conditions.

Dataset Coverage in the four classifier aggregate

DuckDuckGeese  Missing for UniTS; complete for the other six model instances.

FaceDetection Complete only for UniTS; missing for all MOMENT instances, Mantis, Man-
tisV2, and NuTime.

InsectWingbeat Not evaluated for any of the seven foundation model instances.

PenDigits Missing for NuTime; complete for the other six model instances.

PEMS-SF Missing for all seven foundation model instances.

StandWalkJump  Complete for UniTS and NuTime. For the three MOMENT instances, Mantis,
and MantisV2, the logistic-regression result is unavailable, so no four-classifier
aggregate is reported.

The common 24 dataset subset used for the cross-method comparison therefore consists of the
complete UEA archive excluding DuckDuckGeese, FaceDetection, InsectWingbeat, PenDigits,
PEMS-SF, and StandWalkJump.

B Implementation details

For each foundation model instance, we use the released pretrained checkpoint and the corresponding
official implementation. The downstream classifier selection protocol used throughout the experiments
is detailed below.

All downstream hyperparameters are selected using three-fold stratified cross-validation on the official
UEA training split. The folds are shuffled with random_state=42, classification accuracy is used for
selection, and the selected pipeline is refitted on the complete training split before a single evaluation
on the official test split. Standardization is included inside the cross-validation pipeline for ridge
classification, logistic regression, and the RBF SVM.

Table 5: Downstream-classifier configurations. The same grids and cross-validation procedure are
used for every dataset, model instance, pretraining condition, and random encoder seed.

Classifier Fixed configuration Selected hyperparameters
Ridge StandardScaler; a€{107*,1072,107%, 1,10, 102,103}
RidgeClassifier

Logistic regression ~ StandardScaler; max_iter=5000; (' & {10_37 1072,107%, 1, 10, 102, 103}
solver=1lbfgs

RBF SVM StandardScaler; kernel=rbf C ¢ {107%,107%,1,10,10%}; gamma €
{scale, auto}
Random forest 200 trees; max_features=sqrt; max_depth € {None, 10}

random_state=42 min_samples_leaf € {1,2}

For each randomly initialized encoder seed, downstream model selection is performed independently
using this same training-only procedure. No classifier or hyperparameter is selected using the UEA
test split.
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C Per-dataset foundation-model results

This appendix reports the per-dataset results underlying the aggregate foundation-model comparisons
in the main paper. All 30 UEA datasets are listed; unavailable model-dataset results are shown as
dashes. Dataset coverage and the construction of the common 24 dataset subset are described in

Appendix [A]

For random initialization, classifier results are additionally averaged across the five initialization
seeds {0, 7,42,123,2026}. Tables8{11|and Tables provide the classifier specific results.

Dataset coverage is not uniform across foundation model instances or conditions. The mean at the
bottom of each aggregate table is computed over entries with complete results for all four downstream
classifiers. All pretrained-random comparisons in Table[I]are restricted to datasets available under
both conditions for the corresponding model instance. These paired dataset-level values are also used
to compute the mean and median differences and the win/tie/loss counts reported in Table [T}

Table 6: Per-dataset classification accuracy of randomly initialized foundation models, averaged
across all four downstream classifiers and five initialization seeds. Entries with any missing classifier
result are shown as a dash.

Dataset MOMENT-S MOMENT-B MOMENT-L Mantis MantisV2  UniTS NuTime
Articulary WordRecognition 0.983 0.983 0.983 0.988 0.984 0.899 0.903
Atrial Fibrillation 0.310 0.330 0.387 0.290 0.227 0.320 0.240
BasicMotions 0.982 0.986 0.981 0.993 0.994 0.781 0.482
Character Trajectories 0.977 0.980 0.979 0.944 0.938 0.950 0.828
Cricket 0.938 0.928 0.940 0.974 0.979 0.848 0.923
DuckDuckGeese 0.266 0.302 0.312 0.550 0.524 - 0.249
Eigen Worms 0.525 0.522 0.514 0.652 0.644 0.538 0.704
Epilepsy 0.934 0.933 0.928 0.974 0.985 0.853 0.845
ERing 0.909 0.928 0.922 0.905 0.906 0.855 0.708
EthanolConcentration 0.296 0.299 0.293 0.404 0.410 0.251 0.317
Face Detection - - - - - 0.567 -
FingerMovements 0.572 0.558 0.567 0.531 0.514 0.506 0.513
HandMovementDirection 0.488 0.512 0.522 0.362 0.320 0.392 0.251
Handwriting 0.158 0.172 0.173 0.229 0.243 0.179 0.115
Heartbeat 0.681 0.677 0.672 0.740 0.724 0.690 0.682
Japanese Vowels 0.913 0913 0.889 0.794 0.780 0.823 0.766
Libras 0.814 0.796 0.788 0.821 0.818 0.721 0.696
LSST 0.558 0.565 0.569 0.661 0.665 0.462 0.453
MotorImagery 0.504 0.504 0.510 0.515 0.526 0.495 0.552
NATOPS 0.879 0.884 0.884 0.811 0.807 0.607 0.594
PenDigits 0.972 0.972 0.972 0.959 0.960 0.972 -
PEMS-SF - - - - - - -
PhonemeSpectra 0.124 0.130 0.128 0.219 0.218 0.103 0.102
RacketSports 0.705 0.701 0.688 0.819 0.800 0.629 0.725
SelfRegulationSCP1 0.830 0.840 0.830 0.842 0.842 0.831 0.777
SelfRegulationSCP2 0.549 0.542 0.539 0.528 0.528 0.499 0.523
SpokenArabicDigits 0.950 0.957 0.961 0.930 0.928 0.916 0.842
StandWalkJump - - - - - 0.460 0.373
UWaveGestureLibrary 0.868 0.858 0.861 0.826 0.800 0.822 0.753
Mean 0.680 0.684 0.684 0.702 0.695 0.628 0.574
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Table 7: Per-dataset classification accuracy of pretrained foundation models, averaged across all four
downstream classifiers. Entries with any missing classifier result are shown as a dash.

Dataset MOMENT-S MOMENT-B MOMENT-L  Mantis MantisV2  UniTS  NuTime
Articulary WordRecognition 0.992 0.989 0.990 0.993 0.993 0.903 0.983
Atrial Fibrillation 0.117 0.150 0.183 0.200 0.133 0.383 0.317
BasicMotions 1.000 1.000 0.988 1.000 1.000 0.888 0.731
Character Trajectories 0.977 0.975 0.975 0.971 0.962 0.940 0.934
Cricket 0.983 0.986 0.983 0.993 0.986 0.830 0.972
DuckDuckGeese 0.455 0.440 0.475 0.430 0.495 - 0.195
Eigen Worms 0.740 0.704 0.687 0.761 0.807 0.603 0.691
Epilepsy 1.000 0.996 0.993 0.996 1.000 0.944 0.884
ERing 0.937 0.903 0.874 0.955 0.968 0.864 0.871
EthanolConcentration 0.318 0.298 0.318 0.293 0.391 0.265 0.438
Face Detection - - - - - 0.566 -
FingerMovements 0.603 0.568 0.547 0.583 0.570 0.508 0.522
HandMovementDirection 0.270 0.260 0.304 0.253 0.247 0.412 0.321
Handwriting 0.238 0.269 0.231 0.369 0.301 0.200 0.134
Heartbeat 0.732 0.721 0.722 0.802 0.801 0.674 0.707
Japanese Vowels 0.947 0.943 0.936 0.973 0.963 0.868 0.786
Libras 0.864 0.864 0.861 0.875 0.899 0.717 0.774
LSST 0.584 0.588 0.603 0.648 0.658 0.462 0.413
Motorlmagery 0.505 0.460 0.487 0.540 0.512 0.505 0.535
NATOPS 0.899 0.888 0.906 0.932 0.883 0.704 0.683
PenDigits 0.953 0.960 0.967 0.959 0.961 0.965 -
PEMS-SF - - - - - - -
PhonemeSpectra 0.212 0.208 0.214 0.296 0.302 0.105 0.109
RacketSports 0.794 0.840 0.808 0.931 0.908 0.745 0.724
SelfRegulationSCP1 0.834 0.810 0.817 0.824 0.797 0.802 0.822
SelfRegulationSCP2 0.489 0.487 0.537 0.504 0.521 0.501 0.533
SpokenArabicDigits 0.955 0.961 0.936 0.964 0.898 0.943 0.894
StandWalkJump - - - - - 0.450 0.400
UWaveGestureLibrary 0.881 0.874 0.905 0.879 0.780 0.824 0.891
Mean 0.703 0.698 0.702 0.728 0.721 0.651 0.626

Table 8: Per-dataset top-one accuracy of randomly initialized foundation models using ridge classifi-
cation. Values are averaged across five initialization seeds.

Dataset MOMENT-S MOMENT-B  MOMENT-L Mantis  MantisV2  UniTS NuTime
Articulary WordRecognition 0.983 0.983 0.982 0.997 0.995 0.954 0911
Atrial Fibrillation 0.293 0.360 0.413 0.267 0.240 0.307 0.267
BasicMotions 0.995 0.995 0.985 1.000 1.000 0.820 0.455
Character Trajectories 0.981 0.983 0.981 0.982 0.978 0.967 0.865
Cricket 0.942 0.928 0.939 0.992 0.997 0.822 0.975
DuckDuckGeese 0.304 0.348 0.340 0.616 0.580 - 0.264
Eigen Worms 0.531 0.510 0.490 0.638 0.641 0.527 0.756
Epilepsy 0.926 0.928 0.929 0.983 0.993 0.841 0.887
ERing 0.901 0.919 0.912 0.930 0.928 0.860 0.713
EthanolConcentration 0.319 0.326 0.321 0.453 0.463 0.246 0.315
Face Detection - - - - - 0.578 -
FingerMovements 0.586 0.552 0.588 0.568 0.560 0.532 0.496
HandMovementDirection 0.527 0.587 0.600 0.389 0.346 0.395 0.262
Handwriting 0.197 0.221 0.220 0.235 0.246 0.179 0.108
Heartbeat 0.639 0.634 0.624 0.715 0.696 0.691 0.642
Japanese Vowels 0.922 0.906 0.886 0.885 0.856 0.891 0.772
Libras 0.796 0.767 0.752 0.871 0.879 0.676 0.652
LSST 0.555 0.556 0.558 0.652 0.658 0.463 0.443
MotorImagery 0.516 0.506 0.518 0.590 0.592 0.466 0.552
NATOPS 0.908 0.903 0.901 0.817 0.828 0.666 0.589
PenDigits 0.969 0.970 0.970 0.962 0.963 0.980 -
PEMS-SF - - - - - - -
PhonemeSpectra 0.120 0.129 0.125 0.228 0.229 0.102 0.107
RacketSports 0.726 0.717 0.707 0.841 0.838 0.667 0.717
SelfRegulationSCP1 0.842 0.853 0.842 0.853 0.868 0.847 0.808
SelfRegulationSCP2 0.553 0.538 0.539 0.520 0.516 0.498 0.539
SpokenArabicDigits 0.965 0.971 0.975 0.987 0.987 0.960 0.894
StandWalkJump 0.387 0.320 0.360 0.400 0.347 0.547 0.400
UWaveGestureLibrary 0.866 0.857 0.863 0.919 0.893 0.861 0.836
Mean 0.676 0.676 0.678 0.714 0.708 0.642 0.586
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Table 9: Per-dataset top-one accuracy of randomly initialized foundation models using logistic
regression. Values are averaged across five initialization seeds.

Dataset MOMENT-S MOMENT-B MOMENT-L  Mantis MantisV2  UniTS  NuTime
Articulary WordRecognition 0.987 0.985 0.985 0.988 0.987 0.916 0.897
Atrial Fibrillation 0.293 0.373 0.400 0.293 0.227 0.333 0.200
BasicMotions 0.990 0.995 0.970 1.000 1.000 0.790 0.495
Character Trajectories 0.980 0.983 0.982 0.973 0.968 0.952 0.848
Cricket 0.939 0.936 0.944 0.972 0.975 0.856 0.936
DuckDuckGeese 0.260 0.272 0.276 0.596 0.548 - 0.272
Eigen Worms 0.530 0.524 0.495 0.710 0.690 0.560 0.705
Epilepsy 0.938 0.933 0.932 0.990 0.999 0.842 0.854
ERing 0.921 0.935 0.933 0.887 0.896 0.856 0.695
EthanolConcentration 0.339 0.352 0.344 0.438 0.477 0.257 0.376
Face Detection - - - - - 0.576 -
FingerMovements 0.588 0.580 0.592 0.570 0.550 0.478 0.506
HandMovementDirection 0.516 0.600 0.592 0.411 0.368 0.403 0.249
Handwriting 0.189 0.200 0.191 0.274 0.297 0.185 0.110
Heartbeat 0.663 0.650 0.642 0.725 0.713 0.651 0.645
Japanese Vowels 0.926 0.935 0.907 0.783 0.774 0.858 0.767
Libras 0.840 0.836 0.833 0.841 0.850 0.722 0.691
LSST 0.554 0.550 0.556 0.667 0.670 0.494 0.456
Motorlmagery 0.514 0.508 0.516 0.580 0.564 0.506 0.548
NATOPS 0.911 0.918 0.916 0.809 0.808 0.641 0.574
PenDigits 0.974 0.971 0.971 0.966 0.968 0.968 -
PEMS-SF - - - - - - -
PhonemeSpectra 0.121 0.126 0.122 0.227 0.232 0.103 0.111
RacketSports 0.726 0.714 0.708 0.809 0.762 0.641 0.712
SelfRegulationSCP1 0.822 0.841 0.820 0.852 0.876 0.817 0.791
SelfRegulationSCP2 0.549 0.533 0.527 0.477 0.519 0.493 0.487
SpokenArabicDigits 0.959 0.966 0.965 0.966 0.968 0.935 0.828
StandWalkJump - - - - - 0.493 0.360
UWaveGestureLibrary 0.852 0.837 0.842 0.824 0.790 0.821 0.770
Mean 0.688 0.694 0.691 0.716 0.710 0.635 0.572

Table 10: Per-dataset top-one accuracy of randomly initialized foundation models using RBF SVM.
Values are averaged across five initialization seeds.

Dataset MOMENT-S MOMENT-B MOMENT-L  Mantis MantisV2  UniTS  NuTime
Articulary WordRecognition 0.985 0.983 0.984 0.979 0.976 0.894 0.908
Atrial Fibrillation 0.307 0.293 0.307 0.373 0.240 0.267 0.253
BasicMotions 0.980 0.995 0.995 0.990 0.975 0.780 0.510
Character Trajectories 0.974 0.979 0.977 0.911 0.907 0.956 0.832
Cricket 0.939 0.933 0.950 0.972 0.978 0.856 0.942
DuckDuckGeese 0.272 0.276 0.304 0.412 0.428 - 0.256
Eigen Worms 0.502 0.516 0.534 0.608 0.597 0.533 0.684
Epilepsy 0.955 0.943 0.945 0.962 0.975 0.871 0.820
ERing 0913 0.922 0914 0.897 0.889 0.848 0.714
EthanolConcentration 0.269 0.261 0.259 0.369 0.354 0.256 0.287
Face Detection - - - - - 0.566 -
FingerMovements 0.538 0.548 0.536 0.470 0.458 0.504 0.532
HandMovementDirection 0.451 0.408 0.443 0.300 0.295 0.384 0.241
Handwriting 0.102 0.110 0.113 0.184 0.184 0.185 0.127
Heartbeat 0.721 0.721 0.722 0.750 0.745 0.707 0.722
Japanese Vowels 0.906 0.912 0.890 0.734 0.724 0.806 0.768
Libras 0.776 0.748 0.739 0.786 0.764 0.779 0.752
LSST 0.585 0.596 0.600 0.666 0.672 0.454 0.468
MotorImagery 0.492 0.502 0.498 0.442 0.470 0.518 0.556
NATOPS 0.836 0.832 0.836 0.830 0.824 0.572 0.611
PenDigits 0.979 0.978 0.978 0.963 0.964 0.976 -
PEMS-SF - - - - - - -
PhonemeSpectra 0.134 0.138 0.138 0.211 0.208 0.110 0.101
RacketSports 0.689 0.689 0.682 0.818 0.832 0.653 0.766
SelfRegulationSCP1 0.838 0.840 0.838 0.837 0.828 0.823 0.762
SelfRegulationSCP2 0.543 0.551 0.548 0.578 0.538 0.503 0.560
SpokenArabicDigits 0.961 0.965 0.966 0.908 0.895 0.926 0.848
StandWalkJump 0.373 0.347 0.373 0.400 0.373 0413 0.440
UWaveGestureLibrary 0.894 0.885 0.894 0.800 0.782 0.829 0.706
Mean 0.663 0.662 0.665 0.672 0.662 0.628 0.583
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Table 11: Per-dataset top-one accuracy of randomly initialized foundation models using random
forest. Values are averaged across five initialization seeds.

Dataset MOMENT-S MOMENT-B  MOMENT-L  Mantis MantisV2  UniTS  NuTime
Articulary WordRecognition 0.977 0.982 0.980 0.989 0.976 0.831 0.895
Atrial Fibrillation 0.347 0.293 0.427 0.227 0.200 0.373 0.240
BasicMotions 0.965 0.960 0.975 0.980 1.000 0.735 0.470
Character Trajectories 0.971 0.975 0.976 0.910 0.898 0.923 0.765
Cricket 0.933 0914 0.928 0.961 0.967 0.858 0.839
DuckDuckGeese 0.228 0.312 0.328 0.576 0.540 - 0.204
Eigen Worms 0.536 0.537 0.537 0.652 0.647 0.533 0.670
Epilepsy 0.916 0.928 0.906 0.959 0.974 0.857 0.820
ERing 0.902 0.936 0.930 0.906 0.910 0.856 0.709
EthanolConcentration 0.259 0.256 0.249 0.357 0.346 0.243 0.288
Face Detection - - - - - 0.549 -
FingerMovements 0.574 0.550 0.550 0.516 0.438 0.508 0.518
HandMovementDirection 0.457 0.454 0.454 0.349 0.273 0.386 0.254
Handwriting 0.143 0.157 0.167 0.223 0.245 0.166 0.115
Heartbeat 0.702 0.704 0.701 0.769 0.742 0.713 0.720
Japanese Vowels 0.897 0.899 0.872 0.774 0.765 0.736 0.758
Libras 0.846 0.836 0.826 0.786 0.779 0.709 0.689
LSST 0.537 0.557 0.562 0.656 0.661 0.439 0.443
MotorImagery 0.496 0.500 0.506 0.450 0.478 0.490 0.552
NATOPS 0.863 0.881 0.886 0.788 0.769 0.551 0.600
PenDigits 0.968 0.969 0.970 0.946 0.945 0.966 -
PEMS-SF - - - - - - -
PhonemeSpectra 0.121 0.126 0.128 0.210 0.205 0.096 0.088
RacketSports 0.676 0.683 0.655 0.808 0.768 0.557 0.705
SelfRegulationSCP1 0.819 0.825 0.818 0.826 0.797 0.837 0.745
SelfRegulationSCP2 0.550 0.544 0.541 0.538 0.539 0.500 0.507
SpokenArabicDigits 0.916 0.928 0.937 0.857 0.865 0.842 0.799
StandWalkJump 0.440 0.427 0.413 0.440 0.360 0.387 0.293
UWaveGestureLibrary 0.860 0.852 0.848 0.761 0.736 0.775 0.698
Mean 0.663 0.666 0.669 0.675 0.662 0.608 0.553

Table 12: Per-dataset top-one accuracy of pretrained foundation models using ridge classification.

Dataset MOMENT-S MOMENT-B  MOMENT-L  Mantis MantisV2  UniTS  NuTime
Articulary WordRecognition 0.997 0.990 0.997 0.993 0.993 0.933 0.990
Atrial Fibrillation 0.133 0.133 0.200 0.133 0.200 0.400 0.333
BasicMotions 1.000 1.000 1.000 1.000 1.000 0.900 0.750
Character Trajectories 0.981 0.983 0.986 0.988 0.975 0.948 0.934
Cricket 1.000 0.986 1.000 0.986 0.986 0.833 0.986
DuckDuckGeese 0.480 0.520 0.580 0.440 0.560 - 0.180
Eigen Worms 0.733 0.695 0.710 0.786 0.840 0.641 0.672
Epilepsy 1.000 1.000 1.000 1.000 1.000 0.928 0.899
ERing 0.937 0.918 0.885 0.952 0.970 0.848 0.889
EthanolConcentration 0.304 0.308 0.323 0.297 0.407 0.243 0.483
Face Detection - - - - - 0.585 -
FingerMovements 0.610 0.570 0.540 0.600 0.580 0.500 0.440
HandMovementDirection 0.297 0.311 0.351 0.243 0.270 0.419 0.351
Handwriting 0.282 0.325 0.294 0.395 0.326 0.212 0.122
Heartbeat 0.737 0.707 0.707 0.810 0.800 0.649 0.688
Japanese Vowels 0.951 0.932 0.941 0.981 0.965 0.900 0.792
Libras 0.867 0.867 0.867 0.861 0.917 0.728 0.744
LSST 0.578 0.577 0.595 0.663 0.659 0.460 0.406
MotorImagery 0.500 0.450 0.480 0.510 0.500 0.500 0.540
NATOPS 0.900 0911 0.933 0.944 0.894 0.756 0.733
PenDigits 0.959 0.962 0.968 0.962 0.968 0.966 -
PEMS-SF - - - - - - -
PhonemeSpectra 0.223 0.216 0.223 0.305 0.310 0.107 0.107
RacketSports 0.796 0.842 0.868 0.941 0.895 0.809 0.704
SelfRegulationSCP1 0.850 0.795 0.816 0.853 0.805 0.792 0.819
SelfRegulationSCP2 0.533 0.489 0.544 0.472 0.528 0.483 0.556
SpokenArabicDigits 0.980 0.987 0.982 0.980 0.970 0.959 0.939
StandWalkJump 0.400 0.400 0.400 0.333 0.400 0.400 0.333
UWaveGestureLibrary 0.906 0.909 0.906 0.891 0.797 0.853 0.897
Mean 0.701 0.696 0.707 0.716 0.723 0.657 0.626
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Table 13: Per-dataset top-one accuracy of pretrained foundation models using logistic regression.

Dataset MOMENT-S MOMENT-B  MOMENT-L  Mantis MantisV2  UniTS  NuTime
Articulary WordRecognition 0.993 0.990 0.983 0.993 0.993 0.910 0.980
Atrial Fibrillation 0.133 0.133 0.267 0.200 0.133 0.467 0.267
BasicMotions 1.000 1.000 0.975 1.000 1.000 0.925 0.750
Character Trajectories 0.980 0.976 0.977 0.974 0.968 0.950 0.950
Cricket 0.986 0.986 0.986 0.986 0.986 0.861 0.986
DuckDuckGeese 0.480 0.500 0.540 0.420 0.500 - 0.240
Eigen Worms 0.763 0.718 0.702 0.801 0.809 0.649 0.710
Epilepsy 1.000 1.000 0.986 0.993 1.000 0.935 0.884
ERing 0.941 0.915 0.900 0.963 0.978 0.852 0.867
EthanolConcentration 0.331 0.350 0.338 0.304 0.369 0.262 0.601
Face Detection - - - - - 0.580 -
FingerMovements 0.650 0.570 0.570 0.600 0.610 0.490 0.540
HandMovementDirection 0.338 0.324 0.365 0.203 0.216 0.419 0.365
Handwriting 0.287 0.317 0.272 0.472 0.361 0.204 0.148
Heartbeat 0.732 0.727 0.717 0.805 0.795 0.644 0.702
Japanese Vowels 0.960 0.954 0.949 0.976 0.970 0.900 0.792
Libras 0.872 0.861 0.872 0.889 0911 0.728 0.761
LSST 0.588 0.579 0.605 0.654 0.665 0.469 0.412
MotorImagery 0.500 0.420 0.480 0.550 0.490 0.480 0.530
NATOPS 0.922 0.922 0.933 0.928 0.867 0.717 0.667
PenDigits 0.966 0.971 0.970 0.966 0.969 0.965 -
PEMS-SF - - - - - - -
PhonemeSpectra 0.219 0.198 0.218 0.307 0.327 0.100 0.116
RacketSports 0.836 0.855 0.770 0.934 0.921 0.770 0.711
SelfRegulationSCP1 0.843 0.805 0.812 0.823 0.805 0.812 0.802
SelfRegulationSCP2 0.483 0.511 0.544 0.511 0.511 0.494 0.528
SpokenArabicDigits 0.965 0.976 0.963 0.972 0.926 0.945 0.902
StandWalkJump - - - - - 0.333 0.333
UWaveGestureLibrary 0.878 0.881 0.878 0.903 0.794 0.828 0.884
Mean 0.717 0.709 0.714 0.736 0.726 0.655 0.632

Table 14: Per-dataset top-one accuracy of pretrained foundation models using RBF SVM.

Dataset MOMENT-S MOMENT-B  MOMENT-L  Mantis MantisV2  UniTS  NuTime
Articulary WordRecognition 0.990 0.983 0.987 0.993 0.993 0.903 0.987
Atrial Fibrillation 0.067 0.200 0.133 0.267 0.133 0.333 0.400
BasicMotions 1.000 1.000 1.000 1.000 1.000 0.825 0.700
Character Trajectories 0.976 0.977 0.973 0.969 0.965 0.948 0.949
Cricket 0.958 0.972 0.958 1.000 0.986 0.833 0.972
DuckDuckGeese 0.380 0.380 0.400 0.440 0.420 - 0.180
Eigen Worms 0.702 0.710 0.656 0.733 0.794 0.557 0.710
Epilepsy 1.000 0.993 0.993 1.000 1.000 0.957 0.920
ERing 0.937 0.900 0.841 0.948 0.970 0.878 0.856
EthanolConcentration 0.285 0.228 0.281 0.312 0.392 0.278 0.407
Face Detection - - - - - 0.564 -
FingerMovements 0.560 0.520 0.550 0.550 0.560 0.490 0.560
HandMovementDirection 0.230 0.243 0.257 0.270 0.257 0.419 0.257
Handwriting 0.174 0.200 0.159 0.281 0.229 0.215 0.152
Heartbeat 0.722 0.722 0.722 0.810 0.795 0.688 0.722
Japanese Vowels 0.949 0.951 0.938 0.973 0.965 0.862 0.795
Libras 0.833 0.844 0.844 0.867 0.894 0.728 0.811
LSST 0.613 0.616 0.623 0.669 0.676 0.472 0.440
MotorIlmagery 0.500 0.500 0.500 0.570 0.500 0.500 0.560
NATOPS 0.894 0.839 0.872 0.933 0.894 0.711 0.689
PenDigits 0.945 0.959 0.969 0.966 0.963 0.972 -
PEMS-SF - - - - - - -
PhonemeSpectra 0.208 0.214 0.219 0.298 0.290 0.112 0.112
RacketSports 0.783 0.829 0.803 0.934 0.934 0.750 0.770
SelfRegulationSCP1 0.819 0.816 0.816 0.819 0.799 0.788 0.833
SelfRegulationSCP2 0.467 0.494 0.550 0.533 0.511 0.494 0.522
SpokenArabicDigits 0.955 0.966 0.945 0.974 0.899 0.956 0.917
StandWalkJump 0.400 0.467 0.533 0.333 0.400 0.400 0.333
UWaveGestureLibrary 0.875 0.853 0.922 0.866 0.791 0.825 0.900
Mean 0.675 0.681 0.683 0.715 0.704 0.647 0.633

15



Table 15: Per-dataset top-one accuracy of pretrained foundation models using random forest.

Dataset MOMENT-S MOMENT-B  MOMENT-L Mantis MantisV2  UniTS  NuTime
Articulary WordRecognition 0.990 0.993 0.993 0.993 0.993 0.867 0.973
Atrial Fibrillation 0.133 0.133 0.133 0.200 0.067 0.333 0.267
BasicMotions 1.000 1.000 0.975 1.000 1.000 0.900 0.725
Character Trajectories 0.972 0.965 0.966 0.953 0.942 0916 0.901
Cricket 0.986 1.000 0.986 1.000 0.986 0.792 0.944
DuckDuckGeese 0.480 0.360 0.380 0.420 0.500 - 0.180
Eigen Worms 0.763 0.695 0.679 0.725 0.786 0.565 0.672
Epilepsy 1.000 0.993 0.993 0.993 1.000 0.957 0.833
ERing 0.933 0.878 0.870 0.956 0.952 0.878 0.874
EthanolConcentration 0.354 0.308 0.331 0.259 0.395 0.278 0.262
Face Detection - - - - - 0.537 -
FingerMovements 0.590 0.610 0.530 0.580 0.530 0.550 0.550
HandMovementDirection 0.216 0.162 0.243 0.297 0.243 0.392 0.311
Handwriting 0.208 0.235 0.201 0.328 0.289 0.169 0.115
Heartbeat 0.737 0.727 0.742 0.785 0.815 0.717 0.717
Japanese Vowels 0.927 0.935 0.916 0.962 0.951 0.811 0.765
Libras 0.883 0.883 0.861 0.883 0.872 0.683 0.778
LSST 0.559 0.580 0.590 0.608 0.633 0.446 0.393
MotorImagery 0.520 0.470 0.490 0.530 0.560 0.540 0.510
NATOPS 0.878 0.878 0.883 0.922 0.878 0.633 0.644
PenDigits 0.942 0.948 0.962 0.940 0.943 0.957 -
PEMS-SF - - - - - - -
PhonemeSpectra 0.198 0.205 0.195 0.275 0.281 0.101 0.100
RacketSports 0.763 0.836 0.789 0.914 0.882 0.651 0.711
SelfRegulationSCP1 0.826 0.823 0.826 0.802 0.778 0.816 0.833
SelfRegulationSCP2 0.472 0.456 0.511 0.500 0.533 0.533 0.528
SpokenArabicDigits 0.919 0.915 0.856 0.930 0.795 0.913 0.819
StandWalkJump 0.467 0.400 0.600 0.400 0.333 0.667 0.600
UWaveGestureLibrary 0.866 0.853 0.912 0.856 0.738 0.791 0.884
Mean 0.688 0.676 0.682 0.704 0.692 0.644 0.611

D Time-series-specific baseline results

Table |16 reports classification accuracy for ROCKET, Quant, and Hydra on all 30 UEA datasets.
These methods provide external time-series-specific reference points and are not architecture-matched
controls for the foundation models.

E Controlled CPU diagnostic

We report a controlled single-thread CPU diagnostic using synthetic standard-normal f1oat32 input
of shape [B, C,T] = [1, 3, 512] and batch size one. Measurements are performed on an Intel Core
Ultra 7 265H CPU using Windows 11 Pro, Python 3.11.16, and PyTorch 2.5.1+cpu. Since pretrained
and randomly initialized variants share the same architecture and inference path, each architecture is
measured only once.

For MOMENT and Mantis, latency covers the frozen encoder and its aggregation operation. For
ROCKET, Hydra, and Quant, latency covers the already-fitted feature transformation, including
scaling where applicable. All measurements exclude model loading, input generation, disk I/O, and
final classifier prediction. The aeon methods use aeon 1.3.0 and scikit-learn 1.7.2; their fit time is
reported separately on 100 balanced synthetic training cases.

Unless otherwise stated, we use 20 warm-up calls followed by 100 timed calls. NuTime and UniTS
are omitted because their released multivariate inference paths are not directly compatible with the
common [1, 3, 512] input protocol. The measurements below cover different pipeline components
and should therefore be interpreted as implementation-level diagnostics rather than an end-to-end
cross-method ranking.

For the compatible neural models, we additionally count registered matrix-multiplication and con-
volution operations using torch.utils.flop_counter.FlopCounterMode, with each multiply—
accumulate counted as two operations. The counter does not include normalization, softmax, activa-
tions, interpolation, indexing, allocation, or non-Torch operations. The reported values are therefore
partial operation counts rather than total FLOPs. We do not report corresponding values for ROCKET,
Hydra, or Quant because substantial parts of their implementations are not covered by the counter.
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Table 16: Per-dataset classification accuracy of the time-series-specific reference methods on all 30
UEA datasets.

Dataset ROCKET Quant Hydra
Articulary WordRecognition 0.9933 0.9800 0.9933
Atrial Fibrillation 0.0667 0.2000  0.1333
BasicMotions 1.0000 1.0000  1.0000
Character Trajectories 0.9923 0.9833  0.9861
Cricket 1.0000 0.9722 0.9861
DuckDuckGeese 0.5400 0.4600  0.7000
Eigen Worms 0.9008 0.8931  0.9695
Epilepsy 0.9855 1.0000  1.0000
ERing 0.9815 0.9778  0.9852
EthanolConcentration 0.4183 0.6882  0.5209
Face Detection 0.5965 0.6285 0.5287
FingerMovements 0.5700 0.5700  0.5300
HandMovementDirection 0.5270 0.4730 0.2432
Handwriting 0.5847 0.3106  0.4729
Heartbeat 0.7756 0.7512  0.7610
Insect Wingbeat 0.4016 0.7272  0.6780
Japanese Vowels 0.8595 0.9622  0.9838
Libras 0.9056 0.8889  0.9389
LSST 0.6444 0.6464 0.6123
MotorImagery 0.5100 0.5200  0.5000
NATOPS 0.8778 0.8722  0.8556
PEMS-SF 0.8497 0.9884 0.8150
PenDigits 0.9840 0.9740  0.9605
PhonemeSpectra 0.2708 0.2726  0.3269
Racket Sports 0.9079 0.8882 0.8947
SelfRegulationSCP1 0.8532 0.8225 0.8703
SelfRegulationSCP2 0.5389 0.5056  0.5889
Spoken Arabic Digits 0.9984 0.9818  0.9891
StandWalk Jump 0.4667 0.2667 0.3333
UWaveGestureLibrary 0.9315 0.8875  0.9000
Mean 0.7311 0.7364  0.7353

Table 17: Controlled single-thread CPU diagnostic on synthetic float32 [1, 3, 512] input. n denotes
the number of timed calls. The aeon fit time is measured separately on 100 synthetic training cases
and is not comparable to TSFM pretraining.

Method Median latency (ms) n  aeon fit (s)Jr
Frozen TSFM encoder and aggregation

MantisV2 15.88 100 -
Mantis 18.61 100 -
MOMENT-Small 82.48 100 -
MOMENT-Base! 35491 50 -
MOMENT-Large* 1354.18 5 -
Already-fitted aeon feature transformation

Hydra (transform + sparse scale) 14.26 100 1.64
Quant (transform) 28.99 100 1.75
ROCKET (transform + scale) 46.83 100 448

T Separate fit phase on 100 synthetic training cases. 10 warm-up calls. *Two warm-up calls and five timed calls.
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Table 18: Registered matrix-multiplication and convolution operations for one frozen neural-encoder
forward pass on synthetic [1, 3, 512] input. Values are partial instrumented counts rather than total
FLOPs.

Neural encoder Registered operations (GFLOPs)

MantisV2 0.482
Mantis 0.874
MOMENT-Small 7.400
MOMENT-Base 33.070
MOMENT-Large 119.591

Within the MOMENT family, median latency increases from 82.48 ms for Small to 354.91 ms for
Base and 1354.18 ms for Large, together with an increase in registered operations from 7.400 to
119.591 GFLOPs. MantisV2 and Mantis record substantially lower encoder-forward latencies of
15.88 and 18.61 ms, respectively. Under the separate fitted-aeon-transform scope, Hydra, Quant, and
ROCKET record median latencies of 14.26, 28.99, and 46.83 ms.

Because the two groups measure different pipeline components, these values should not be used as a
direct end-to-end efficiency ranking. They provide controlled context for the specified synthetic input
and should not be extrapolated to native UEA sequence lengths, channel counts, batching strategies,
hardware platforms, or complete deployment pipelines. These diagnostics measure latency and partial
operation counts only; memory usage is not measured, so no conclusions are drawn about memory
efficiency across methods.
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