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ABSTRACT

Developing foundation models for time series classification is of high practical
relevance, as such models can serve as universal feature extractors for diverse
downstream tasks. Despite the promise of this approach, a substantial performance
gap remained between frozen and fine-tuned encoders. In this work, we introduce
a methodology that significantly strengthen zero-shot feature extraction for time
series. Considering the Mantis architecture as a backbone, we pre-train it entirely
on synthetic time series, monitoring its performance in a layer by layer, epoch
by epoch fashion. We reveal that the model benefits from data scaling, but this
improvement is hidden in one of the intermediate transformer layers. In addition,
we show that the performance can be further improved by refining output-token
aggregation, self-ensembling and cross-model embedding fusion. Our experiments
on the UCR benchmark show that the improved version of Mantis achieves the
state-of-the-art zero-shot performance, being competitive to its fine-tuned version.

Track: Research

1 INTRODUCTION

Time series classification arise in various domains including human activity recognition (Chen et al.,
2025} [Li et al.} 2025b), power electronics (Liao et al.} 2025} |Li et al.| 2025a)), healthcare (Alchieri
et al., 20255 [Wong et al., 2025)), finance (Lee et al.l [2023), and neuroscience (Wang et al., [2024;
Gnassounou et al.,[2025). Nowadays, the development of time series foundation models (TSFMs) has
become an active research direction. These models aim to serve as universal feature extractors for
diverse downstream tasks, reducing the need for extensive labeled data and simplifying the process of
model selection and tuning.

Over the past three years, a wide variety of TSFMs have been introduced. Several approaches adopt
decoder-only architectures for forecasting (Cohen et al., 2025} |Auer et al., 2025b; |Ansari et al.| 2025),
while others rely on masked autoencoders (Goswami et al.| [2024), adapt large language (Zhou et al.
2023 /Ashok et al., [2025)) or vision models (Chen et al., 2024} [Roschmann et al., [2025). For TSFMs
designed specifically for classification, the main goal is to learn discriminative embeddings, thereby
making self-distillation (Lin et al.|[2024) and contrastive objectives prevail (Albelwi, [2022). Among
these, Mantis (Feofanov et al.,|2025) stands out for achieving strong feature-extraction performance
while remaining lightweight and operating in a purely frozen-encoder (zero-shot) regime.

Despite this progress, two important limitations remain: (1) the scaling benefits do not appear clear
for time series foundation models, (2) the performance gap between frozen and fine-tuned encoders
remain substantial. To address these issues, we introduce a new methodology built around two
key ideas: (a) following (Xie et al., |2025)), we pre-train Mantis on large-scale synthetic dataset to
cover a broad range of temporal patterns; by thoroughly monitoring the downstream performance
evolution, we find that intermediate-layers become more discriminative than the final layer during long
training while clearly benefiting from increasing the dataset size, (b) we propose a comprehensive
inference-time pipeline that enhances representation quality without any additional pre-training
by incorporating an improved output-token aggregation, input-perturbation self-ensembling, and
cross-model embedding fusion. Together, these components substantially improve the robustness and
expressiveness of the frozen encoder, allowing it to compete with the fine-tuned one.



Under review at the ICLR 2026 Workshop on Time Series in the Age of Large Models (TSALM)

UCR Performance

Stats Tabular FMs TS Forecasting FMs Vision FMs TS Classif. FMs Self-Ens Concatenation Finetune

0.85
0.8466 0.8494

Accuracy

e g g S <
S o o S e
O a X4 RS O\ eF X\
W W (’ex" \g (\\‘(‘ ‘,\zgwﬁ\e «®
<0

X A\Y v I\ ek gL < A+
b < o \2 & o' & e
X O D N\ < % N Y
<@ < WO o© <« < o

Figure 1: Final Performance on the UCR Benchmark.

2 PRELIMINARIES

In this section, we describe our foundation model pipeline. What concerns architecture and pre-
training process, we follow Mantis (Feofanov et al.} 2025). For pre-training data, we use CauKer
synthetic data generation algorithm (Xie et al.,|2025).

Pre-training Data. CauKer algorithm generates synthetic time-series as follows: (1) multiple
Gaussian process priors are generated with different mean functions and covariance kernels, (2) these
priors are used as root nodes of a structural causal graph with a non-linear activation at each node.
Extracting a subset of graph’s nodes and repeating the experiment multiple times results in a final
dataset. experimentally showed that this synthetic pre-training dataset yields the
performance comparable with the real corpus, also avoiding any potential data leakage and improving
sample efficiency. In addition, synthetic data are particularly useful for contrastive pre-training that
promotes uniformity, evenly distributing representations (Wang & TIsola, [2020). Achieving such
uniformity requires high data diversity, which CauKer provides in a scalable and controllable manner.

Architecture. Mantis adapts the Transformer architecture to time-series data through a dedicated
tokenization scheme that consists of three branches: (1) patch-level embeddings are extracted via
convolution and mean pooling from a normalized input, (2) in the same spirit, features are derived
from the first-order differential of the input to emphasize stationarity, (3) to preserve scale information,
embeddings of patch-wise means and standard deviations from the raw signal are generated via scalar
encoder 12024). The three views are concatenated and projected into 32 tokens that are
then fed to a Transformer consisting of six pre-normalized layers with multi-head self-attention. A
learnable classification token is used to aggregate global information, positional encoding provides
temporal order. During pre-training, a projection head is used for loss calculation, while a task-specific
head is appended for fine-tuning.

Contrastive Pre-training. We pre-train using a self-supervised contrastive objective that encour-
ages similar embeddings for two augmented versions of the same time series while pushing apart
representations from different series within a batch. Each input is transformed twice using randomly
sampled augmentations, passed through the encoder and a projection head, and compared via cosine
similarity. Training minimizes a temperature-scaled cross-entropy contrastive loss (He et al.}, 2020).
For augmentation, the model uses Random Crop Resize (RCR), which randomly removes a small
contiguous portion of a time series (up to 20 %) and resizes the remaining segment back to the original
length. This introduces moderate temporal distortions while preserving overall structure, encouraging
invariance to slight temporal stretching or compression.

3 KEY IMPROVEMENTS

In this section, we describe the proposed methodology. All experimental results indicate zero-shot

performance in average over 128 UCR datasets (Dau et al[2019).
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Figure 2: Layer by layer, epoch by epoch pre-training.

3.1 LAYER BY LAYER, EPOCH BY EPOCH

Skean et al.|(2025) showed that intermediate layers of large language models may outperform final
layers on downstream tasks, while Roschmann et al.| (2025) showed the efficiency of intermediate
layers for cross-domain transfer. We extend this analysis further in the context of time series
classification. We experimentally show that intermediate representations improve the performance
of Mantis, keep a comparable performance yet reducing model size for MOMENT (Goswami et al.,
2024) and NuTime (Lin et al., 2024)), and enable classification for TiRex (Auer et al., 2025b)) and
Chronos2 (Ansari et al., 2025) (see more details in Appendix .

Motivated by this observation, we investigate the evolution of layer-wise representations during
pre-training. In Figure[2] we track the UCR classification performance of all six Transformer layers
across pre-training 100 epochs and vary the number of pre-training examples from 100K to 2M.
First, we find that the relative improvement of intermediate layers appears to be closely tied to the
total number of parameter updates. Longer pre-training leads to contrastive loss overfitting so the
performance of last layers does not improve (see more details in Appendix [B.2)).

Second, when we compare pre-training over different dataset sizes, we can observe that although
the final-layer performance remains largely unchanged (or may even degrade) as the pre-training
dataset grows, the best-performing intermediate layer improves consistently with increased data
scale. In other words, intermediate representations unlock the scaling benefits of pre-training.
By selecting the most informative layer, Mantis exhibits a clear and monotonic improvement in
performance as the number of pre-training samples increases. Based on these findings, we perform
the final pre-training using 2 million synthetic time series for 200 epochs. We provide the final layer
by layer, epoch by epoch performance curve in Appendix

3.2 TEST-TIME STRATEGIES

Apart from intermediate representations, we find other several ways to improve the performance at
inference-time. We briefly describe them below, deferring other details to Appendix

Output-token aggregation. Although using the hidden state of the classification token as the final
representation is a standard approach in Transformers, it can be suboptimal when intermediate-layer
representations are exploited. In this case, we have found that non-classification tokens remain still
important, so we propose a strategy that uses a concatenation of classification token with the mean of
remaining tokens as the output of the model. In Section [B.3] we show that the proposed aggregation
strategy leads to performance improvement.
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Table 1: Comparison of Model Sizes.

# of Params. \TabPFN TabICL MOMENT TiRex Chronos2 TiViT-H TiConvNext NuTime Mantis

Original 72M  27.1IM  3412M 353M 119.5M 630.8M  843.4M 24M  42M
After Pruning - - 1614M 16.5M 44M  276.6M  180.3M 2M 2.2M

Self-Ensembling (SE). We exploit the fact that interpolating a time series to different sequence
lengths changes the effective receptive field of each token, resulting in complementary representations
even for the same input. We therefore generate multiple interpolated versions of the same input,
encode each independently, and concatenate the resulting embeddings. We also extend this strategy to
first-order differences of the input signal and combine both representations. We refer to this strategy
as Self-Ensembling (SE), denoting the resulting model as SE-Mantis. In Section [B.4] we perform an
ablation study to demonstrate the benefit of all components of the proposed strategy.

Cross-model Embedding Fusion. Since foundation models can be pre-trained with different
objectives and architectures, their representations may capture complementary aspects of time series
data. Motivated by this, we investigate whether zero-shot performance can be further improved by
combining Mantis embeddings with those of competing models pretrained on other modalities and
dedicated to the forecasting task. In Section[B.3] we experimentally show that Mantis benefits the
most when combined with vision models.

4 EXPERIMENTAL RESULTS

In this section, we compare Mantis with the proposed improvements against the following baselines,
whose implementation details can be found in Appendix [A} (1) Catch22+, which is our modification
of Catch22 (Lubba et al.. 2019), (2) TabPFN (Hollmann et al., [2022), (3) TabICL (Qu et al., [2025)),
(4) MOMENT (Goswami et al., [2024), (5) TiRex (Auer et al., 2025b), (6) Chronos2 (Ansari et al.,
20253)), (7) TiViT-H, (8) TiConvNext (Roschmann et al,2025)), (9) NuTime (Lin et al.. [2024). When
relevant, we truncate model to the best intermediate layer (see Table [T] for model sizes). More details
on the experimental setup can be found in Appendix[A.T]

Figure |1| displays the performance of the considered models in average over 128 UCR datasets,
while the complete table with results is deferred to Appendix [B.6 From the results, we can see that
the improved version of Mantis outperforms all the models under consideration, though modern
forecasting models (TiRex, Chronos2) and adapted vision models (TiViT-H, TiConvNext) are very
competitive and establish strong baselines. Catch22+, which is a set of statistical features, also
establishes a good baseline, even outperforming NuTime. Tabular foundation models are competitive
as well: although their average performance is rather low, their win rate is high (see Appendix [B.6).
This indicates that a considerable portion of datasets in UCR are nearly tabular, so their sequential
nature can simply be ignored. In Figure|l} we also illustrate the performance of SE-Mantis, and
two best cross-model fusion results, namely, combination of Mantis with TiViT-H and TiConvNext.
Finally, we display the performance of Mantis when it is fine-tuned to each dataset (more details can
be found in Appendix[A.4). The obtained results are very encouraging: the combination of frozen
Mantis and TiConvNext encoders not only improves the performance of Mantis by 1.34 %, but also
reaches the fine-tuned Mantis, thereby closing the zero-shot gap been present before.

5 CONCLUSION

In this paper, we analyzed time series classification foundation model pre-training on synthetic
data and showed that by leveraging intermediate-layer representations, we do not only improve the
performance, but also unlock better data scaling laws. In addition, we proposed additional test-time
strategies that boost the zero-shot performance, allowing it to match the fine-tuning case. A promising
direction for future work could be to investigate strategies that unlock model scaling laws and allow
us to improve performance by training larger models.
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A EXPERIMENTAL SETUP

In this section, we provide more details on the evaluation setup and the chosen models. We also
experimentally justify Catch22+, a strong baseline that we have proposed.

A.1 PRE-TRAINING AND INFERENCE

We follow the official Mantis pipeline (Feofanov et all, 2025) and use their lcode] for contrastive
pre-training. We also use Mantis architecture as a backbone. Before the final pre-training, we ablate
some parameters of the architecture. We vary kernel size within 9, 17, 25, 33, 41, 49 and observe
that performance improves monotonically up to a kernel size of 41 (Figure[3a). In addition, we tried
different configurations of Transformer. Originally, Feofanov et al.|(2025) used the standard sinusoidal
position encoding, layer norm, GELU in the feedforward layers. We found that a Transformer with
Rotary Positional Encoding (RoPE; |Su et al., 2024), RMS Layer Normalization (Zhang & Sennrich,
and SwiGLU activations 2020) in the feedforward layers perform slightly better

(Figure 3b).

UCR Performance
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(a) Ablation on convolution kernel size. (b) Different transformer configurations.

Figure 3: Ablation on Mantis architecture.

Our zero-shot feature extraction experiment is performed as follows. For each downstream dataset,
we keep the encoder frozen and use the produced embeddings together with the training labels to
learn a classifier, which is then evaluated on a test set. For the choice of the classifier, there are
multiple candidates: [Goswami et al.| (2024) used a SVM, [Feofanov et al| (2025)) used a Random
Forest, while Roschmann et al.|(2025) used Logistic Regression. We experimented with all three
classifiers and found two observations. First, the best performing classifier is a combination of the
Standard Scaler and Logistic Regression from the scikit-learn package (Pedregosa et al.l 2011)). We
set the maximum number of iterations to 500 and leave the other hyperparameters to the default ones,
including the solver, which is L-BFGS-B [1997; Morales & Nocedal, 2011). This classifier
is used to produce the final results illustrated in Figure|l| However, Logistic Regression is practically
slow which hinders extensive evaluation. This is why for our ablation experiments (Section [3|and all
other experiments in Appendix) are run with Random Forest with 200 trees and maximal tree depth
that is significantly faster. Overall, we have found that this choice doesn’t alter the
relative ranking of the studied methods.

A.2 BASELINES
In this section, we give more implementation details of all baselines.

¢ Catch22 (Lubba et all,[2019) is a set of statistical features powerful for time series clas-
sification. In this paper, we have significantly improved this baseline by incorporating
also patched statistics. We name this modification as Catch22+ and refer to Appendix
[A73] for more details and the corresponding ablation study. We use the official python
implementation pycatch22==0.4.5.



https://github.com/vfeofanov/mantis/blob/main/getting_started/pretrain.py
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¢ TabPFN (Hollmann et al.,[2022)) and TabICL (Qu et al., 2025) are tabular foundation models.
In this case, we treat each timestamp as a feature and ignore the sequential nature of data. We
use the default version of TabPFNClassifier from tabpfn==2.2.1. As TabPFN
does not support more than 10 classes, we use the ManyClassClassifier wrapper
from TabPFN Extensions (Ye et al.,[2025). For TabICL, we use the official implementation
with default parameters from tabicl==0.1.3.

* MOMENT (Goswami et al., [2024) is a T5-based auto-encoder (Raffel et al., |2020) pre-
trained in a self-supervised way on 1.13 billion samples. Following Section 3.1 we use
the output of its 10th transformer layer, which shrinks the model size from 341.2 to 161.4
million parameters. We follow Feofanov et al.[(2025), using the MOMENT-large/ model
(d-mode1=1024) and interpolate sequences to 512 instead of zero-padding as done in the
original paper.

* TiRex (Auer et al.,|2025b) a time series forecasting foundation model based on the xXLSTM
architecture (Beck et al.| 2024). We use its 5th layer for the output, reducing the model
size from 35.3 to 16.5 million parameters. We use the official implementation with default
parameters from tirex-ts==1.1.1.

* Chronos2 (Ansari et al.l 2025) is a transformer-based time series forecasting foundation
model. We use the output of its 4th layer, shrinking the model size from 119.5 to 44
million parameters. We use the official implementation with default parameters from
chronos—-forecasting==2.0.0.

» TiViT-H is the approach proposed by (Roschmann et al.| [2025) to leverage a pre-trained
vision model for time series classification. We follow their recommendations and use the
14th layer of CLIP ViT-H leading to 276.6 million parameters. TiConvNext leverages the
pre-trained CLIP ConvNext in the same spirit. We use its 15th layer which results in 180.3
million parameters. We use the official implementation available at (GitHub. For CLIP
ViT-H, we use this checkpoint, while CLIP ConvNext’s checkpoint can be found here (Wolf
et al., 2020; Radford et al., [2021; [lharco et al., 2021} |[Liu et al., [2022; |Schuhmann et al.,
2022).

¢ NuTime (Lin et al., 2024) is a classification TSFM based on the BYOL self-distillation
pre-training (Grill et al., 2020). Their pre-training dataset is similar to the one used for
pre-training of the original Mantis (1.89 million time series examples). We use its 5th layer
to get embeddings, which reduces the model size from 2.4 to 2 million parameters. What it
concerns implementation, we use their offical GitHub| repository and follow |[Feofanov et al.
(2025) regarding the zero-shot experiment.

As we explained in Section[A.T] for all models, except TabPFN and TabICL, we use Logistic egression
to perform zero-shot feature extraction.

A.3 CATCH22+

Catch22 (Lubba et al.l 2019) is a manually selected set of UCR Performance

time series statistics with a high discriminative power. De- 07960
spite the authors later proposed an improvement by adding
the global mean and standard deviation to the set (so-called
Catch24), we have found that it can be further improved
by splitting the input into non-overlapping patches (we
follow [Auer et al.|(2025al) and set their number to 8) and 0742
computing the mean and standard deviation for each of
them. Using these means and standard deviations as fea- .
tures for classification we further refer by Stats. Figure 4] < @ et
illustrates the average accuracy of different configurations el
across UCR datasets. One can notice that the combination

of Catch22 with Stats yields a big improvement by 3.58%, Figure 4: Catch22+ ablation study.
while the improvement from adding global mean and stan-

dard deviation (Catch24) is more modest (0.75%). For this

reason, we have considered Catch22+ (concatenation of Catch22 and Stats) as a baseline in the main
part of our paper.

0.7686
0.7611

Accuracy



https://huggingface.co/AutonLab/MOMENT-1-large
https://github.com/ExplainableML/TiViT/tree/main
https://huggingface.co/laion/CLIP-ViT-H-14-laion2B-s32B-b79K
https://huggingface.co/laion/CLIP-convnext_xxlarge-laion2B-s34B-b82K-augreg
https://github.com/chenguolin/NuTime/blob/main/ckpt/checkpoint_bias9.pth

Under review at the ICLR 2026 Workshop on Time Series in the Age of Large Models (TSALM)

NuTime MOMENT
0.78]
>0.76 |
I 0.76
o}
o
|9}
< 0.741
0.741
1 2 3 4 5 6 2 4 6 8 10 12 14 16 18 20 22 24
TiRex Chronos2
0.80] 0.80]
> 0.781
& 0.781
o}
ot 0.761
<
0.761
0.741
1 2 3 4 5 6 7 8 9 10 11 12 1 2 3 4 5 6 7 8 9 10 11 12
Layer Layer

Figure 6: Layer-by-Layer for other models.

A.4 FINE-TUNING

We follow [Feofanov et al.|(2025) and append a prediction head after an encoder, fine-tune all layers
on the training data of a dataset. The prediction head is a layer normalization step followed by a
linear layer. We fix a fine-tuning scheme: we minimize the cross-entropy loss for 500 epochs with a
fixed batch size equal to 128, using an AdamW optimizer (Loshchilov et al.|[2017) with a learning
rate of 2 - 10~* and a weight decay of 0.05. We report the performance of a model at the last epoch
in average over 3 experimental runs.

B ADDITIONAL EXPERIMENTS

In this section, we extend our experiments by showing how we can push the zero-shot feature
extraction performance further. We introduce two simple strategies, namely, self-ensembling and
cross-model fusion, and show the importance of the choice of the classification method.

B.1 LAYER BY LAYER FOR OTHER MODELS

We have analyzed the performance of original Man-

tis in the layer by layer fashion and found that its 0.800 1
performance can be significantly improved by tak-

ing embeddings from the third Transformer layer 07951
(Figure[5). In addition, for a more comprehensive
comparison with baselines, we conduct a layer-by-
layer analysis of most of the considered foundation
models, including NuTime (Lin et all 2024), MO-  °7®]
MENT (Goswami et al.| [2024), TiRex (Auer et al.|
20254), and Chronos?2 (Ansari et al.| [2025). Figure@
summarizes the results. TiRex and Chronos2 exhibit ! ‘ ‘ ‘ ‘ ‘
strong discriminative power in early layers, while ! 2 3 Layer 4 5 6
their final layers appear to be more specialized for

forecasting. MOMENT’s performance plateaus af- Fjgure 5: Mantis, layer by layer performance.
ter approximately the 10th layer, suggesting that the

model could be significantly compressed by truncating its final layers. NuTime benefits the least from
intermediate representations, with its best-performing layer located immediately before the final one.

Accuracy
°
S
o
o

0.780
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B.2 LAYER BY LAYER, EPOCH BY EPOCH

We revisit Figure 2] In our training setup, each epoch processes the full dataset, so increasing the
dataset size directly increases the number of updates. With 100K samples, the final layer remains the
strongest throughout training. In contrast, for larger datasets, intermediate layers steadily improve
over time and eventually surpass the final layer. To test whether this behavior is indeed driven by the
number of updates rather than dataset size per se, we pre-train Mantis on 100K samples for 1,000
epochs, matching the number of updates used for 1M samples over 100 epochs. The corresponding
results (Figure [/) show an interesting pattern where the intermediate layers start to dominate in
performance when increasing the number of updates. This suggests that the final layer may overfit
the contrastive objective, so intermediate layers start to generalize better. However, increasing the
number of epochs for the 100K dataset does not lead to further gains in overall performance. Instead,
performance follows a double-descent—like behavior and converges to the same level achieved during
the first 100 epochs.

100K Pre-training Samples

Layer
—1
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—3

Accuracy
© o o o o o
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o
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—_— 4
5
6
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TP RPN E P PP
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Figure 7: Layer-by-layer downstream performance (UCR) over 1000 epochs with 100K pre-training
samples.

In Figure [8] we show the layer-by-layer downstream performance on UCR over 200 pre-training
epochs with 2 million synthetic time series samples. These curves are used to derive final checkpoint.

Mantis
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Figure 8: Final pre-training. 200 epochs with 2M pre-training samples.
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B.3 AGGREGATION OF OUTPUT TOKENS

As we leverage intermediate-layer representations, we have proposed a new output-token aggregation
strategy, which we validate in this section. Specifically, we evaluate three approaches to generate the
final embedding:

* using only the classification token (as in the original Mantis),
» computing the mean of all tokens except the classification token,
* concatenating the classification token with the mean of the remaining tokens.

FigurePalreports the corresponding results on the UCR benchmark. We observe that non-classification
tokens encode complementary and discriminative information and should not be discarded. Moreover,
concatenating the classification token with the mean token consistently yields the best performance,
improving accuracy by 0.8 %.

UCR Performance UCR Performance
Mantis (3rd Layer) Mantis (Last Layer)
0.8195
0.7882
> >
g| osu3 0.8115 g 07859
c e
3 3
o o
) o
< <
0.7731
N N S N N S
SO O & S O o
(e o [ o} o o
(a) Intermediate layer. (b) Last layer.

Figure 9: Ablation study on output-token aggregation.

We note that the effectiveness of this combined aggregation strategy may depend on the depth of the
Transformer, as the number of layers determines how effectively the classification token aggregates
information from the remaining tokens. We have performed the same experiment for the last layer of
Mantis (Figure[9b) and confirm this argument: the strategy is not beneficial anymore in this case, and
the classification token is the most discriminative alone.

B.4 SELF-ENSEMBLING

Interpolation Size 128

—_
mean pooling

|

token

Interpolation Size 256

_
mean pooling

|

|
|
|
|
|
|
|
|
|
1 token
1

Figure 10: Motivation to look at different interpolation sizes that, in the context of our architecture,
imply different degree of overlap between tokens.

First let us give more details on why different interpolation sizes lead to a different overlap between
patches. In Figure[I0} we illustrate how convolution + mean pooling generate one token for the same
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example but interpolated to two different sizes. Since the number of tokens in our architecture is
fixed, the pooling size increases with interpolation size, but not linearly. In this particular example,
when the kernel size is set to 41, the receptive field of one token with interpolation sizes 128 and
256 will be (41 4 (128/32 — 1))/128 = 34% and (41 + (256/32 — 1)) /256 ~ 19%, respectively.
This implies that with different interpolation sizes the overlap between tokens will be different. As
sequence length goes to infinity, the receptive field converges to 1/32, i.e., to the case when the
tokens are non-overlapping. Conversely, decreasing the sequence length makes tokens more and
more overlapped.

We perform an ablation study over self-ensembling

comparing the 4 following methods: (a) interpolate UCR Performance
time series solely to 512 as we did before, (b) create
4 series by interpolating the input to 128, 256, 512 0.8279
and 1024, pass all of them through the encoder and :
then concatenate all the embeddings, (c) perform the
same multiple interpolations but for the first-order
difference of the input, (d) concatenate the embed-
dings of (b) and (c). In Figure[TT] the experimental
results are displayed. One can see that multiple inter-
polations improve the performance Mantis by 0.55%
on the UCR benchmark. Although the embeddings
of the first-order difference are individually weak,
their incorporation further improve the performance
by 0.29%. It is an interesting observation since the
feature extraction from the first-order differential is
already incorporated to the architecture of Mantis,
yet we can still benefit from this strategy. Figure 11: Self-Ensembling Ablation Study.

Accuracy

B.5 CROSS-MODEL EMBEDDING FUSION

The experimental results for combining the embeddings of different pretrained models are reported in
Figure[T2] Similar to (Roschmann et al., 2025), we observe that model combination is consistently
beneficial, even when Mantis is combined with hand-crafted statistical features (Catch22+). The
smallest gains are obtained when combining Mantis with MOMENT and NuTime, which may
be explained by limited representational complementarity in the case of NuTime, or by lower
standalone performance. The highest overall performance is achieved when Mantis is combined with
TiConvNeXt.

UCR Performance
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Figure 12: Combination of Mantis with other models.

B.6 COMPLETE RESULTS

Below we provide the complete results for Figure [T}
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Table 2: Performance Comparison on UCR benchmark. First Part.
Catch22+ TabPFN  TabICL. MOMENT TiRex Chronos2 TiViT-H TiConvNext NuTime Mantis | SE-Mantis | Mantis Mantis Mantis-FT
‘ TiViT-H  TiConvNext

ACSF1 0.823310021 0.8 0.81 0.75 075 086 0.83 0.83 0.7 076 | 0.77 0.81 0.82 0.770.01
Adiac 0.73410.007 0.8031 0.8031  0.7775 0.7826  0.8286 0.7187 0.7059 0.8005 0.8363 | 0.8465 0.7519 0.7749 0.8321+0.007
AllGestureWiimoteX 0.595T1001 06229 05043  0.6614 07014 0.6843 0.67 0.6943 06071 073 | 0.6871 07229 07357 0.779_0.006
AllGestureWiimote Y 0.6319:0.016  0.6329 0.5114  0.7029 07314 0.7043 0.7371 0.7229 0.6529 0.7471 | 0.7271 0.7557 0.7486 0.7905..0.004
AllGestureWiimoteZ 0.5462:0.005 0.5329 0.4529  0.6057 0.6343  0.66 0.6771 0.6586 0.5414 0.6814 | 0.6357 0.6886 0.7043 0.7505.0.017
ArrowHead 0.74140.012 0.7543 0.7429  0.7771 0.7829 0.8514 0.8229 0.8229 0.7257 0.8514 | 0.8514 0.88 0.8457 0.8457+0.006
BME 10500 1.0 0.98 0.9933 0.9933 1.0 1.0 1.0 0.9667 1.0 1.0 1.0 1.0 0.9933+0.007
Beef 0.6889:0.051 0.8 0.7667 0.8 09333 0.7 0.7667 0.8333 0.7333 0.7333 | 0.8 0.7667 0.8333 0.7778+0.069
BeetleFly 0.7833+0.020 0.9 0.8 0.95 0.9 0.8 0.85 0.95 0.7 0.85 0.95 0.95 0.95 0.8833+0.020
BirdChicken 0.8540.0 0.85 0.75 1.0 0.9 0.9 0.9 0.95 1.0 0.9 0.9 0.9 0.9 09100
CBF 0.9763 10,002 0.9133 0.9244  0.9889 0.9967 1.0 0.9989 0.9989 0.99 0.9967 | 0.9944 0.9989 1.0 0.9959+0.003
Car 0.755640025 07833 08167 0.9 0.8 0.85 08167 085 07333 0.8167 | 0.9 0.9 0.9 0.8667 0.0
Chinatown 0.9796+0.003 0.9854 0.9796  0.9825 0.9825  0.9854 0.9679 0.9388 0.9621 0.9621 | 0.9534 0.9592 0.9504 0.9738+0.008
ChlorineConcentration 0.668210001 095 0.9773  0.7789 0.8018 0.7672 07622 07771 0.6086 07115 | 0.7867 07914 0.8026 0.8180.000
CinCECGTorso 0.887240.015 0.8341 0.8225  0.7681 0.9565  0.8986 0.9355 0.942 0.8551 0.8507 | 0.9268 0.9507 0.9449 0.83.£0.007
Coffee 0.988150021 09643 1.0 0.9643 10 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 10200
Computers 0.7347+0.006  0.62 0.656 0.612 0.8 0.768 0.764 0.828 0.788 0.704 | 0.724 0.756 0.804 0.71610.011
CricketX 0.697440.01 0.6667 0.6641 0.7436 0.7 0.7564 0.759 0.7487 0.7051 0.7821 | 0.8 0.7769 0.7718 0.8256..0.003
CricketY 0.6923.:0.00s 0.7 0.6333  0.7077 0.7538  0.7359 0.7872 0.7462 0.6897 0.8154 | 0.8179 0.8231 0.8026 0.8427 .0.006
CricketZ 0.742740.00s  0.6718 0.6692  0.7436 0.7333  0.7231 0.7974 0.759 0.659 0.8128 | 0.8179 0.8103 0.7846 0.8556..0.013
Crop 0.7523+0.001  0.7989 0.812 0.7234 0.7029  0.7163 0.6867 0.6737 0.6895 0.7348 | 0.732 0.7231 0.7171 0.7634+0.004
DiatomSizeReduction 0.940119.008  0.9608 0.951 0.9412 0.9281  0.9477 0.9673 0.9673 0.915 0.9281 | 0.9281 0.9575 0.9706 0.941250.018
DistalPhalanxOutlineAgeGroup | 0.71710.004 0.7626 0.7626  0.6691 07482 0.741 0.7122 0.7266 0.705 0.777 | 0.7122 0.705 0.7338 0.7362+0.018
DistalPhalanxOutlineCorrect 0791110002 0.7826 0.7754  0.7536 0.75 0.7645 0.7536 0.7681 0.7428 0.7681 | 0.7536 0.75 0.7681 0.7899+0.016
DistalPhalanxTW 0.647510010 0.6978  0.6835  0.6259 06547 0.6547 06691  0.6547 0.6835  0.6835 | 0.705 06691 0.6763 0.6547 10,010
DodgerLoopDay 0.641740.052  0.6125 0.725 0.4375 0.55 0.525 0.5 0.5625 0.55 0.5 0.525 0.5125 0.55 0.5333+0.007
DodgerLoopGame 0.833310.007  0.7899 0.7971  0.8406 0.7899  0.8913 0.8406 0.8406 0.8188 0.8623 | 0.8551 0.8188 0.8841 0.901 1,022
DodgerLoopWeekend 098550 0.9855 09783 0.9855 0.9565  0.9638 0.9493 0913 0.9638 0.971 0.971 0.9855 0.9565 0.9758.+0.004
ECG200 0.85+0.017 0.89 0.88 0.9 0.83 0.84 0.86 0.86 0.85 0.88 0.87 0.85 0.87 0.8840.017
ECG5000 0.9398.:0.001 0.942 0.9447 09333 0.9391  0.9342 0.9378 0.9311 0.9193 0.9353 | 0.9329 0.9371 0.9289 0.9404.40.002
ECGFiveDays 0.7975+0.m3  0.9245 0.9826  0.9698 0.9756  0.9907 0.9791 0.9895 0.899 0.993 0.9977 0.9895 0.9895 0.9853+0.007
EOGHorizontalSignal 0.594840.004 0.5276 0.5 0.5635 0.5718  0.5884 0.5967 0.5746 0.5331 0.5691 | 0.605 0.6381 0.605 0.6464.. 022
EOG VerticalSignal 0.509249.002 0489 04337 05 04171 0.4392 0.4724 0.4254 0.3315 0.5138 | 0.4807 0.489 0.4448 0.54510.008
Earthquakes 0750610008 0.7482 07482 0.705 0.6906  0.7482 0705 0.6978 07338 07194 | 0.7122 06978 07122 0.68350.010
ElectricDevices 0.7396:0.003 0.7025 0.6614  0.7404 0.6709  0.7168 0.7635 0.7764 0.6786 0.7175 | 0.7257 0.7636 0.7679 0.7505+0.0090
EthanolLevel 0.3840.013 0.848 0.694 0.682 0.508  0.654 0.584 0.58 0.52 0.592 0.542 0.592 0.574 0.7947 10,005
FaceAll 0.768240.028 0.8077 0.771 0.7787 0.7876  0.7533 0.7521 0.7367 0.7207 0.7574 | 0.7568 0.7562 0.7444 0.7964+0.003
FaceFour 0.8977+0.02  0.9091 0.8864  0.875 0.9545  0.9091 0.875 0.9205 0.9659 0.9886 | 0.9432 0.9659 0.9659 0.9697+0.013
FacesUCR 0.855840.004 0.8766 0.8771  0.8912 0.8776  0.8576 0.8751 0.8561 0.8195 0.9117 | 0.9083 0.9088 0.898 0.9416...004
FiftyWords 0.72610.006 0.7385 0.7165  0.7758 0.7231  0.7956 0.7868 0.7714 0.7165 0.8198 | 0.8088 0.8264 0.8088 0.8432. .01
Fish 0.7619:0.013 0.88 0.8857  0.96 0.9029  0.9429 0.9486 09714 0.9143 0.96 09714 0.9657 0.9829 0.9829..¢
FordA 0.9101+0.004 0.897 0.8758  0.9061 0.947  0.928 0.9136 0.9227 0.9061 0.9432 | 0.9462 0.9242 0.9318 0.95+0.005
FordB 0.729240.007  0.7556 0.7136  0.7556 0816 0.8074 0.7963 0.779 0.7654 0.8099 | 0.8259 0.8136 0.8111 0.8358..0.002
FreezerRegularTrain 0.9996-+.0 0.9986 0.9877  0.9881 09912 0.9951 0.9965 0.9975 0.994 0.9961 | 0.9954 0.9972 0.9982 0.9946+0.0
FreezerSmallTrain 0925110002 0.8933 0.8098  0.8186 0.8912  0.9688 0.9839 0.9902 0.9863 0.9849 | 0.9905 0.9891 0.9895 0.947340.023
Fungi 2910041 0.8656 0.7849 1.0 0.9516  0.9462 0.9785 0.9946 0.7473 0.9731 | 0.9946 0.9839 1.0 0.9409+0.023
GestureMidAirD1 0.6795+0.036  0.6231 0.6769  0.6846 0.6923  0.7308 0.7538 0.7615 0.6846 0.7769 | 0.7692 0.7769 0.7538 0.7846...013
GestureMidAirD2 0.6205:0.016  0.5615 0.5846  0.5769 0.6154 0.7 0.6615 0.6769 0.5615 0.6462 | 0.6231 0.7 0.6923 0.7026..0.025
GestureMidAirD3 0.3923:0.031  0.3692 03615 0.3692 0.4077  0.3538 0.4692 0.4923 0.4462 0.4462 | 0.4308 0.4385 0.5 0.4641 40,012
GesturePebbleZ1 0.877940.012 0.8488 0.8779  0.8953 0.8837  0.9012 0.907 0.8547 0.8953 0.9302 | 0.9302 0.936 0.9302 0.9457 +..000
GesturePebbleZ2 0.738440.004 0.7848 0.7532  0.8924 0.8418  0.8671 0.8544 0.8165 0.7722 0.9051 | 0.8924 09114 0.8797 0.8903+0.007
GunPoint 0946710018 0.9667 09533 1.0 0.98 0.9933 0.9933 0.9933 0.9733 0.98 0.98 1.0 0.9933 0.9933+0.007
‘GunPointAgeSpan 0.988410.002  0.9905 0.9842 09778 0.9905  0.9905 0.9937 0.9873 0.9684 0.9937 | 0.9937 0.9968 0.9905 0.9968...
‘GunPointMale VersusFemale 0.993710.0 0.9968 1.0 0.9968 0.9937  0.9937 1.0 0.9968 0.9873 1.0 1.0 1.0 1.0 0.9968+0.0
GunPointOldVersus Young 10500 10 1.0 0.927 0.9651 0.9778 0.9873 0.9937 1.0 0.9968 | 0.9968 0.9968 0.9968 0.9968+0.0
Ham 0.6063+0.005 0.7429 0.7238  0.6571 0.7048  0.6952 0.7429 0.7238 0.7333 0.7048 | 0.6667 0.7429 0.7333 0.6635+0.02
HandOutlines 0.903610.0014 09162 0.927 0.9405 0.8757 0.9378 0.9432 0.9216 0.8865 0.9297 | 0.9108 .9378 0.9135 0.9306+0.004
Haptics 0.4838.0.015 0.4708 0.461 0.4903 04773 0.5032 0.4935 0.5227 0.4253 0.5032 | 0.5195 0.5325 0.5519 0.5714.0.017
Herring 0.520840.024  0.5938 0.6406  0.6406 0.6094  0.5156 0.5312 0.6094 0.5312 0.6875 | 0.6562 0.6562 0.6406 0.6198.+0.000
HouseTwenty 0.969250005 0.8487 07563  0.9328 09832 0.9748 09832  0.9832 0.8992  0.9328 | 0.9748 09748 0.9748 0.9552-0.005
InlineSkate 0.3891:0.005 0.3345 0.3436  0.3636 04382 0.4364 0.3982 0.4473 0.3564 0.3909 | 0.4309 0.4255 0.46 0.447340.026
InsectEPGRegularTrain 10500 1.0 1.0 0.9478 0.996 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 10400
InsectEPGSmallTrain 10200 1.0 1.0 0.8353 0.9558  0.9197 0.988 0.988 1.0 1.0 1.0 1.0 1.0 10400
InsectWingbeatSound 0.629-10.003 0.6672 0.6556  0.6212 0.6253  0.6313 0.551 0.5652 0.5101 0.596 | 0.5793 0.5899 0.6081 0.6032+0.008
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Table 3: Performance Comparison on UCR benchmark. Second Part.

Catch22+ TabPFN  TabICL. MOMENT TiRex Chronos2 TiViT-H TiConvNext NuTime Mantis | SE-Mantis | Mantis Mantis Mantis-FT
TiViT-H  TiConvNext

ItalyPowerDemand 095372000, 0.9699 09631  0.9543 09602 0964 09407 09378 09116 0.9456 | 0.9475 09427 09446 0.95170.001
LargeKitchenAppliances 0.816950.000 0.6373 0696  0.76 08293 08613  0.872  0.8933 07707 0816 | 0.816 08507 0.888 0.85960.008
Lightning2 0732250000 0.6721 07049 0.7869 07377 07869 08197  0.8361 07377 0.7869 | 0.7705 08525 0.8033 084740025
Lightning7 076710014 0.6986 07397  0.7397 08082 07945 0.8493  0.7671 0.7808  0.863 | 0.8219 08767 0.7945 0.7717 0,032
Mallat 095550000 0.9689 09484  0.9186 09548 09467 09765  0.9642 08486 0.9198 | 0.9663 0974 09697 o1
Meat 09222001 09833 09333 14 09 09333 08167 085 09333 0.8833 08833 0.8833 0.0
Medicallmages 0.773740.005  0.7947 0.8079  0.7461 0.725 0.7474 0.7316 0.7513 0.7092 0.7592 0.7566 0.7711 0.8224.. 003
MelbourncPedestrian 0.9597:00 09803 09803  0.8954 08938 09049 08626  0.87 09332 09537 09377 09426 0.9641 0,003
MiddlePhalanxOutlineAgeGroup | 0595240004 06234  0.6299  0.5065 0487 05519 05584  0.526 0.5519 04675 0539 0539 0.5498 0,023
MiddlePhalanxOutlineCorrect 081140012 0.8522 08351  0.8076 08076 08351 07938  0.8179 0.7491 0811 08007 08144 0.819.40.025
MiddlePhalanxTW 0584450005 0.6169  0.6234  0.5455 05 05 05195 04805 04416 0513 05195 05 0.4935
MixedShapesRegularTrain 0930650005 0.9344 09299  0.9357 09699 09666  0.9781  0.9781 0.9365 0974 09781 09802
MixedShapesSmallTrain 0882750000 0.8293  0.8767  0.8899 09365 0939 09501 09542 0.9208 0.9625 09567 09579
MoteStrain 0881850015 0.889  0.879%  0.905 09241 09257 09161  0.9065 0.9553 09545 09481 09497
NonlnvasiveFetalECGThorax | 0887720001 0941 09272 09237 08992 08845 09003  0.8911 0.8545 09379 09298 09196 094350001
NonlnvasiveFetal ECGThorax2 0909100 0.9476 09405  0.9369 09033 0913 09237 09226 0.9028 0.9481 09344 09293 0.953.0 001
OSULeaf 0.6832:0.000 0.5661 0595  0.7934 0938 0938 09835 09917 0.8595 09835 09876 09835 0.9807 0,002
OliveOil 0844450019 09333 09 09 09333 08333 07333 09 0.7667 08333 038 0.9 ¢
PLAID 0875240000 0.7896 05661  0.7858 08696 08864 09181  0.9311 0.7561 08417 09385 09348 .914340.005
PhalangesOutlinesCorrect 0.825240.003 0.8403 0.8613  0.8135 0.7925  0.8228 0.7995 0.7832 0.7471 0.8054 0.7995 0.7972 0.8287+0.008
Phoneme 0321650005 0.1097  0.1361  0.3001 03898 04167 03956  0.3972 0.2758 04109 04088 04014 0.355720.006
PickupGestureWiimoteZ 0.6933:0.012 076 074 07 084 066 092 088 0.64 084 092 0.86 0.780.02
PigAirwayPressure 0.2372:0005 0.0192 01538  0.1106 04183 04183 0.6298  0.7452 04519 0.5625 06731 07452 0.70830.02
PigArtPressur 089150007  0.0337 02548  0.5481 08894 08413 0.8894 09327 0.9423 09327 09471 09663
PigCVP 0.5128.0011 0.0192 01731 0.5337 08654 07885 07933 0.8317 0.8846 09231 08798 09038
Plane 10400 09905 09905 1. 1.0 1.0 1.0 1.0 X 1.0 1.0 1.0 10400
PowerCons 0994400 1.0 1.0 09556 09389 09333 09056  0.9222 09722 09556 09667 09556 0.9648.20.01
ProximalPhalanxOutlineAgeGroup | 0.847250.007 0.8585  0.839  0.8293 08488 08341 0.8293  0.8293 0.8537 0.8341 08293 08293 0.8439.0,01
ProximalPhalanxOutlineCorrect 0.864840.012  0.9038 0.9244  0.8866 0.8866  0.8832 0.8729 0.8625 0.8385 0.9107 0.8729 0.8557 9049+0.002
ProximalPhalanxTW 0.8033:0.00r 0.8098 08293  0.7951 0761 07561 0761  0.7463 0.7854 0.7561 07561 0761 o012
RefrigerationDevices 0549350023 0.504 04933 05147 05413 0568 0576 05973 0.5627 0.56 0584 03813 055250019
Rock 0622000 076 064 09 88 09 0.96 092 0.76 09 092 0.92 0.8933.0,012
SereenType 052710007 04187 04107 0392 0528 05387 0536 04987 0.4693 0496 0544 05253
SemgHandGenderCh2 0927250005 0.9467  0.8867  0.765 08583 08883 09017 091 0.8617 093 09217 09317
SemgHandMovementCh2 0861550007 07711 0.5689  0.4444 052 05756  0.56 05911 0.6244 06133 06467 06578
SemgHandSubjectCh2 0.8837:0007 09356 08333  0.7089 08133 08444  0.8644  0.8489 0.7556 0.88 08933 09022 0.0
ShakeGestureWiimoteZ 0.8467 0,031 0.82 074 084 088 092 084 0.86 09 09 088 0.88 0.9533.0.031
ShapeletSim 0970450008 04778 05056  0.9667 09667 1.0 1.0 1.0 09278 09944 1.0 1.0 0.98150.014
ShapesAll 0820650000 08017 07917  0.8483 08633 08967 09117  0.8967 08717 09167 0925 09167 0.913940.01
SmallKitchenAppliances 083020008 0.7867 0.7627  0.6107 0.8133  0.8107 0.8213 0.8267 0.8293 0.7893 0.8 0.8267 0.81640.003
SmoothSubspace 0.98670.007 1.0 1.0 0.98 09667 09667 09667  0.98 0.9467 096 09667 09667 097330,
SonyAIBORobotSurfacel 0839750000 0772 06722 0.8253 09368 08236  0.8636  0.8502 0.8153 0.8952 08652 08552
SonyAIBORobotSurface2 0.8835.0021 0.809 08279  0.8909 08909 08846 09381  0.9454 0.8835 0.9507 09486 09496
StarLightCurves 0970210001 09732 09718  0.9641 09739 09745 0974 09716 0.9745 09734 09751 09726
Strawberry 093330005 09811 09838  0.9622 09649 0973 09568 09541 0.9595 09622 09676 09541
SwedishLeaf 0911550000 09504 09456  0.9312 09536 09472 09584  0.9456 0.9392 0.9664 0968 09584
Symbols 0961820005 0.8824  0.8945  0.9558 09668 09839 09859  0.9859 0.9688 0.9839 09879 09889
SyntheticControl 0.9922.0.002  0.99 09833 09767 09933 09967 1.0 1.0 09733 09867 1.0 1.0 20002
ToeSegmentation 085530015 0.5746  0.6667  0.9474 09693 09167 09386  0.9035 0.8421 09737 09561 09693 10013
ToeSegmentation2 0.7846.0.013 0.6538 08154  0.9077 09154 08615 0.9 0.8769 0.8692 09231 09154 09231 0.91790.012
Trace 10500 091 098 099 10 10 10 1.0 X 1.0 1.0 1.0 10400
TwoLeadECG 0858450015 09508 09254  0.9921 09851 0993 1.0 0993 0.9622 0.9982 1.0 0.9956 0.9988.20.001
TwoPatterns 0993550001 0.995 09032  0.9918 0996 09948 0998 0999 0.9415 09992 09995 0.9992 10500
UMD 093984003 1.0 09375 09931 09583 09931 09931  0.9931 09722 09931 09931 09931 09931400
UWaveGestureLibraryAll 0945450001 0.9665 09629  0.9595 09428 09587 09436 09375 0.9319 09573 09559 0952 0.96890.003
UWaveGestureLibraryX 0806250005 0.8079 07984  0.7931 07998 0821 08314 08417 0.8004 0.8495 08431 0.8498 0.8664..0.001
UWaveGestureLibraryY 0724850000 0715 07164  0.7144 07074 07387 07741 0.7744 0.6957 0.7834 07783 0.787 0.8135.0.005
UWaveGestureLibraryZ 0751940000 07513 07379 0.7401 07328 07552 07739 0.7744 0.7554 0.7956 07887 07859 0.8113.0.001
Wafer 09988500 09953 09959  0.994 09992 09977 09992  0.9998 0.9961 0.9995 09995 09995 0.997 40,00
Wine Sio0s 07778 07222 0.8333 08704 08519 0.6667  0.8333 0.7778 08148 08333 0.8889 0.72840.057
WordSynonyms 063950008  0.6442 05972 0.685 05987 06677  0.6771  0.6771 0.6003 0.7194 0732 0721 07435001
‘Worms 0.722940.015 0.5714 0.5584  0.6883 0.7922  0.7792 0.7792 0.8571 0.7662 0.7922 0.8052 0.8312 0.7922+0.030
WormsTwoClass 08182:0013 0.6104 05714 0.7532 08052 08052 08182  0.8442 0.6753 08312 08182 0.8831 0.818220.013
Yoga 082891000, 08603  0.8653 0.8507 07947 0819 08403 08793 07493 0.8557 | 0.887 08713 0.901 0.893.50.012
Average 0.7969 07806 0.7707  0.7984 08202 08244  0.8288  0.8347 07905 0.836 | 0.8397 08466 0.8494 0.85
Best Counts 12 20 18 9 8 1 15 17 8 13 15 24 2 36
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