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Scope

1. (Feofanov et al., 2026) Mantis: Lightweight foundation model for time series classification 
(ICML’26).

2. (Xie et al., 2026) CauKer: classification time series foundation models can be pretrained on synthetic data 
only. (ICLR’26 oral).

3. (Moakher et al., 2026) UTICA: Multi-Objective Self-Distillation Foundation Model Pretraining for Time Series 
Classification (ICLR’26 TSALM workshop).

4. (Odonnat et al., 2026) Layer by layer, module by module: Choose both for optimal OOD probing of ViT (ICLR’26 CAO 
workshop).

5. (Roschmann et al., 2025) Time Series Representations for Classification Lie Hidden in Pretrained Vision Transformers  
(NeurIPS’25 BERT2S workshop)

6. (Gnassounou et al., 2025) Leveraging Generic Time Series Foundation Models for EEG Classification  (NeurIPS’25 
BERT2S workshop)

7. (Chen et al., 2025). Comodo: Cross-modal video-to-imu distillation for efficient egocentric human activity recognition.
8. (Ilbert et al., 2024) SAMFormer: Unlocking the potential of transformers in time series forecasting with sharpness-aware 

minimization and channel-wise attention (ICML’24).
9. (Lin et al., 2024) Nutime: Numerically multi-scaled embedding for large-scale time-series pretraining (TMLR).

10. (Ansari et al., 2024) Chronos: Learning the language of time series.
11. (Nie et al., 2023) A time series is worth 64 words: Long-term forecasting with transformers (ICLR’23).
12. (Zeng et al. 2022) Are transformers effective for time series forecasting? (AAAI’22).
13. (Kim et al., 2022) Reversible Instance Normalization for Accurate Time-Series Forecasting against Distribution Shift 

(ICLR’22)
14. (Tsai et al., 2019) Transformer Dissection: A Unified Understanding of Transformer's Attention via the Lens of Kernel.



            Mantis: Available Models

● Mantis: original version (8M params) pre-trained on a collection of real datasets.

● Mantis+: new checkpoint when pre-training on synthetic data. 

● MantisV2: architecture refinement (4M params) + synthetic pre-training.

GitHub



Time Series Classification: Examples

1. Cardiovascular disease diagnostic by electrocardiogram (ECG)  

Class 0: Normal ECG

Class 1: Abnormal ECG



Time Series Classification: Examples

2. Fault detection of electric vehicle’s battery.

Class 0: No Fault

Class 1: Fault



Time Series Classification: Examples

3. Human Activity Recognition

Class “Drinking”



Time Series Classification: Examples

4. Finance: Prediction of Sentiment or Direction.

(a) Sentiment: mood of investors (confusion, anxiety, disgust, etc. )

(b) Direction: price goes up, down or stay neutral?



Forecasting vs Classification

Forecasting: predict future patterns 
based on previously seen ones. 

Jittering is often somewhat arbitrary 
=> smoothing may be a good thing.

Classification: discriminate, detect 
anomalies.

Some spikes are a very important 
source of information!



Traditional Machine Learning

Normal ECG

Abnormal ECG

Traditional machine learning pipeline:

1. Collect training data.

2. Train a new model.

3. Deploy it.

Issue 1: it requires a large training set.

Issue 2: for every new task a new model is needed.



Success of LLM and Pre-training

1. In Computer Vision, models are pre-trained on ImageNet and applied for new problems.

2. Large Language Models are versatile and able to solve different problems.

Translate me this text: "Le chat est noir".

Summarize me this pdf document.

When the French revolution happened?

 Write me the lyrics to a new song



Time Series Foundation Model (TSFM)

The goal of a TSFM is to learn a projector using 

a large corpus of various datasets.

1. Versatility: one model for different problems.

2. Knowledge alignment with a new task.

Advantages:



High-Level View on a TSFM



Notations

❏ t timestamps (sequence length).

❏ d features (channels): for example, current, voltage, …

❏ d = 1 is called univariate.

❏ d > 1 is called multivariate.



Data Preparation

Step 0: Data Preparation

a. Scale to same units.
b. Fix the context size.
c. Univariate dataset.

The goal of a TSFM is to learn a projector using 

a large corpus of various datasets.



Pre-training Dataset Preparation

Instance-Wise Normalization

❏ For each time series, compute mean and std over the window.



Pre-training Dataset Preparation

Instance-Wise Normalization

❏ For each time series, compute mean and std over the window.

❏ For time series forecasting, we also want to denormalize the prediction => RevIN.



Pre-training Dataset Preparation

Instance-Wise Normalization

❏ For each time series, compute mean and std over the window.

❏ For time series forecasting, we also want to denormalize the prediction => RevIN.

❏ Cons:



Pre-training Dataset Preparation

Instance-Wise Normalization

❏ For each time series, compute mean and std over the window.

❏ For time series forecasting, we also want to denormalize the prediction => RevIN.

❏ Cons:

➔ Noise amplification, if a time series has no signal.

➔ Bad for classification: absolute values might be important to distinguish two time series.



Fit the context length requirements

1. Padding

2. Resize by Interpolation
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Fit the context length requirements

1. Padding

2. Resize by Interpolation

Padding Interpolation

Cons Ambiguity: 
missing or signal?

Frequency 
spectrum shift

Forecasting or 
Classification? Forecasting Classification



Time Series Foundation Model (TSFM)

Step 1: Pre-training

Pre-train a projector using one of the two 
options:

1. Unsupervised (self-supervised):
a. Contrastive learning.
b. Masked reconstruction.
c. Self-distillation.

2. Supervised (multi-task).



Time Series Foundation Model (TSFM)

Step 1: Pre-training Step 2: Fitting to a New Task

Random Forest

prediction

Option 1:



Time Series Foundation Model (TSFM)

Step 1: Pre-training Step 2: Fitting to a New Task

Option 2:

Random Forest

prediction

Option 1:

prediction

Head

+



Transformers



Self-Attention is Kernel Smoothing

1. Queries, Keys, Values: linear transformations.

2. Quadratic expression inside of softmax.



Self-Attention is Kernel Smoothing

Attention 

Matrix

1. Queries, Keys, Values: linear transformations.

2. Quadratic expression inside of softmax.

3. Softmax gives non-linearity + interpretability.

4. Attention matrix: relationship between 

tokens.



Self-Attention is Kernel Smoothing



Transformer

1. 1 transformer layer = 

Pre-norm + Att + Skip + Pre-norm + MLP + Skip.

2. Class token is appended to the input tokens:

• learnable vector,

• aggregates information from the entire input,

• its embedding is the final output.

3.  Positional encoding: 

• incorporates the order of tokens,

• encodes position into a high-dimensional vector.



Positional Encoding

Sinusoidal Positional Encoding

● Additive to the input.

● Absolute position.

● Simple, easy to try.



Positional Encoding

Sinusoidal Positional Encoding Rotary Positional Encoding

● Additive to the input.

● Absolute position.

● Simple, easy to try.

● Rotates keys and queries.

● Absolute rotation = relative distance.

● Standard for modern architectures.



Tokenization in LLMs

● 1 word is approx. 1-2 tokens.

● For each token ID, we learn a dense vector.

● These token embeddings are fed to Transformer.



What About Transformers for Time Series?



Time Series Transformers: Timeline

2017 2022 2024 now

● Informer (AAAI 2021)

● Autoformer (NeuIPS 2021)

● Pyraformer (ICLR 2022)

● FEDformer (ICML 2022)

First TS Transformers What’s Going On? Foundation Models Era

❏ Outperform a Vanilla Transformer,

❏ Roughly speaking, point-wise tokenization,

❏ Did not compare with baselines…
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● Informer (AAAI 2021)

● Autoformer (NeuIPS 2021)

● Pyraformer (ICLR 2022)

● FEDformer (ICML 2022)

● DLinear (AAAI 2022)

❏ DLinear: linear forecasters easily beat all these transformers…

2017 2022 2024 now
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Time Series Transformers: Timeline

● Informer (AAAI 2021)

● Autoformer (NeuIPS 2021)

● Pyraformer (ICLR 2022)

● FEDformer (ICML 2022)

● DLinear (AAAI 2022)

● PatchTST (ICLR 2023)

● SAMFormer (ICML 2024)

❏ SAMFormer:

➔ Sharpness-aware minimization helps.

➔ The more shallow transformer, the better.

➔ Channel-wise attention is better.

2017 2022 2024 now

First TS Transformers What’s Going On? Foundation Models Era



Time Series Transformers: Timeline

● Informer (AAAI 2021)

● Autoformer (NeuIPS 2021)

● Pyraformer (ICLR 2022)

● FEDformer (ICML 2022)

● DLinear (AAAI 2022)

● PatchTST (ICLR 2023)

● SAMFormer (ICML 2024)

● Quantization (LLMTime, Chronos)

● Patching (Most of TSFMs) 

2017 2022 2024 now

First TS Transformers What’s Going On? Foundation Models Era



Quantization

❏ Say all normalized time series live within [-5, 5].

❏ Vocabulary: bins that cover the range of values.

❏ A value fall into a bin i => token i.

❏ You can then use any LLM you want!



Patching

❏ Patch time series (non-overlapping or overlapping windows).

❏ 1 patch = 1 token.

❏ Each patch is projected to a dense vector (typically, by a linear layer).



Quantization vs Patching

Quantization Patching

Space complexity



Quantization vs Patching

Quantization Patching

Space complexity Higher Lower

Robustness to noise



Quantization vs Patching

Quantization Patching

Space complexity Higher Lower

Robustness to noise Lower Higher

Input: Text + Time Series



Quantization vs Patching

Quantization Patching

Space complexity Higher Lower

Robustness to noise Lower Higher

Input: Text + Time Series Yes No

Leverage a pre-trained FM 
from another modality Yes: LLM



Quantization vs Patching

Quantization Patching

Space complexity Higher Lower

Robustness to noise Lower Higher

Input: Text + Time Series Yes No

Leverage a pre-trained FM 
from another modality Yes: LLM Yes: ViT



Mantis: Architecture



Architecture

1.  Token Generator Unit: converts time series into meaningful tokens.
2.  Transformer: projects tokens to a new representation space.

Tokenization is key to unlock the power of the transformer.



Token Generator Unit

1. 32 x-patches:
• norm x → conv → mean pooling.
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Token Generator Unit

1.   32 x-patches:
• norm x → conv → mean pooling.

2.   32 diff-x-patches:
• norm x → diff → conv → mean pooling.
• diff: x[t]-x[t-1], makes time series stationary.

• ablation study: diff improves performance.

3.   Scalar encoder (Lin et al., 2024):
• split time series into 32 non-overlapping patches.
• compute mean and std for each patch.
• encode each scalar by a high-dimensional vector.



Token Generator Unit: Ablation Study

Ablation study validates the proposed scheme.



Transformer: Ablation Study

Some ablations:

● Normalization: LayerNorm vs RMSNorm

● Activation: GELU vs SwiGLU

● Sin PE vs ROPE



Pre-training



Types of Pre-training

Task 1 Task 2 Task 3

1. Supervised: use both features and targets for pre-training.
a. Multi-task learning.  ← hard to pre-train with many tasks.



Types of Pre-training

1. Supervised: use both features and targets for pre-training.
a. Multi-task learning.  ← hard to pre-train with many tasks.
b. In-context learning.  ← requires hard-fixing max. number of classes and features.

Task 1 Task 2 Task 3
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Types of Pre-training

1. Supervised: use both features and targets for pre-training.
a. Multi-task learning.
b. In-context learning.

2. Unsupervised (self-supervised) pre-training: use only features
a. Masked reconstruction (auto-encoder).
b. Next-toke prediction (decoder-only).
c. Contrastive learning and self-distillation (encoder-only).



Pre-training by Contrastive Learning

input 1 input 2

should be     
similar

• Make positive pairs close to each other, negative 
pairs – far away from each other.

• Positive pair: 2 augmentations of the same time 
series.

• Augmentation: random-crop-resize.

embedding 1 embedding 2



Pre-training by Contrastive Learning

embedding 1 embedding 2

input 1 input 2

should be 
dissimilar

• Make positive pairs close to each other, negative 
pairs – far away from each other.

• Positive pair: 2 augmentations of the same time 
series.

• Augmentation: random-crop-resize.

• Negative pair: different examples



Pre-training by Contrastive Learning

Batch

Augment. funcs

Foundation model

Projector

❏ Notations:
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Pre-training by Contrastive Learning

❏ Notations:

❏ Cosine Distance:

❏ Logits: cosine distances to all examples from the batch.

❏ The true class for example       is i (i.e., the closest 

example to   g is itself).

❏ Minimize cross-entropy loss:

Batch

Augment. funcs

Foundation model

Projector



Pre-training Data



Pre-training Data: Criteria

Good pre-training sata should be

1. Relevant, reflecting the downstream applications.

‣ Just periodic data without spikes might be not enough for classification.

2. Diverse to be robust to out-of-distribution data.

‣ Extracting many windows with stride=1 generate highly correlated data => useless.

3. Of reasonable quality.

‣ If some time series have very low signal-to-noise ratios, they may disturb pre-training.



Mantis V1 Dataset

We concatenated 3 collections of publicly available datasets:

1. UCR – 128 univariate datasets,

2. UEA – 28/30 multivariate datasets,

3. + 8 datasets from (Zhang et al., 2022),

which results in 1.89 million samples.
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Mantis V1 Dataset

We concatenated 3 collections of publicly available datasets:

1. UCR – 128 univariate datasets,

2. UEA – 28/30 multivariate datasets,

3. + 8 datasets from (Zhang et al., 2022),

which results in 1.89 million samples.

There were some issues: 

❏ Overlap with test benchmarks.

❏ Imbalanced: some datasets dominate.

Idea: generate synthetic data!



Synthetic Pre-training Data

S. Xie et al. (2026). CauKer: classification time series foundation models can be pretrained on synthetic data only. (ICLR’26 oral).

CauKer: synthetic data generation 
algorithm.

(1) Priors: multiple Gaussian processes with different mean functions and 
covariance kernels.

(2) Causal graph: priors are root nodes of a structural causal graph with a non-linear 
activation at each node.



Synthetic Pre-training Data

CauKer: synthetic data generation 
algorithm that yields

• Large data diversity.
• Sample efficiency.
• Similar performance to real 

pre-training data.

S. Xie et al. (2026). CauKer: classification time series foundation models can be pretrained on synthetic data only. (ICLR’26).



First Experimental Results



Application to EEG Sleep Staging

Mantis outperforms EEG foundation model 

on sleep stage prediction task!

T. Gnassounou et al. (2025). Leveraging Generic Time Series Foundation Models for EEG Classification. arXiv:2510.27522.



Application to HAR

• Mantis is a good student from a video 

teacher.

• Zero-shot after distillation matches the 

fine-tuning performance.

Video Teacher Time Series Student

B. Chen et al. (2025). Comodo: Cross-modal video-to-imu distillation for efficient egocentric human activity 
recognition. arXiv:2503.07259.



Influence of Pre-training and Fine-tuning

Best performance is achieved with 
pre-training + fine-tuning.

Pre-training
+ Probing

Training 
from Scratch

Pre-training +
Full Fine-tuning



Influence of Pre-training and Fine-tuning

• Issue: A big gap in performance between 

frozen and fine-tuned Mantis. 

• Question: Are we able to mitigate this gap?

5.5%

Pre-training
+ Probing

Training 
from Scratch

Pre-training +
Full Fine-tuning



Leveraging Intermediate Layers



Strong Intermediate Representations

● Skean et al. (2025) showed that intermediate representations of LLMs may outperform the final one.

O. Skean et al. (2025). Layer by Layer: Uncovering Hidden Representations in Language Models.

Performance of 32 embedding tasks 
from the Massive Text Embedding
Benchmark (MTEB).



Strong Intermediate Representations

● Skean et al. (2025) showed that intermediate representations of LLMs may outperform the final one.

● Roschmann et al. (2025) showed a cross-domain transfer: intermediate layers of pre-trained ViT are strong 
embeddings for time series classification!

O. Skean et al. (2025). Layer by Layer: Uncovering Hidden Representations in Language Models.
M. Chen et al. (2025). VisionTS: Visual Masked Autoencoders Are Free-Lunch Zero-Shot Time Series Forecasters.
Roschmann et al. (2025). Time Series Representations for Classification Lie Hidden in Pretrained Vision Transformers.



Layer by Layer for Mantis

Observation 1: Intermediate layers of transformers generalize better!



Layer by Layer, Epoch by Epoch

Observation 2: Intermediate layers unlock the data scaling law!



Layer by Layer for Other Methods

Observation 3: Intermediate layers make time series forecasting models relevant for time series 
classification.



Layer by Layer Epoch by Epoch

Final pre-training that gives Mantis+ and MantisV2.



Layer by Layer Module by Module

For image classification, Odonnat et al. (2026) showed that even better representations are found by 
looking after each module of a transformer layer!

A. Odonnat et al. (2026). Layer by layer, module by module: Choose both for optimal OOD probing of ViT (ICLR’26 CAO workshop)



Output-Token Aggregation

Usually, a transformer encoder outputs classification token’s embedding as the final one.
• Not optimal for intermediate layers.
• Concatenation of cls token and the mean of all other tokens improves performance.



Main Experimental Results.



Baselines

• Catch22+: Manually curated statistical features.

• 2 tabular FMs: TabPFN and TabICL.

• MOMENT: T5-based masked auto-encoder.

• 2 forecasting foundation models: TiRex and Chronos2.

• Adaptation of vision-based models to time series: TiViT-H and TiConvNext.

• NuTime: classification TSFM based on BYOL self-distillation.

• Our models: Mantis+ and MantisV2.



UCR Performance (128 Univ. Datasets)



UEA Performance (27 Multivar. Datasets)



Performance on Human Activity Recognition Datasets

Lightweight models like MantisV2, Mantis+ and NuTime are the most appropriate ones for human 

activity recognition on device with highest performance and lowest complexity.



Performance on EEG Datasets

• Big datasets => Tabular FMs do not pass the scale.

• Complex data, small performance difference between models.



Running Time



Choice of a Classifier for Probing

❏ Self-supervised features are not uniformly scaled.
◆ Contrastive loss does not impose identical variance for all 

dimensions.
◆ Architecture contains layer norms, not batch norms.
◆ ⇒ We should normalize for linear probing.

❏ Random forest: not the best, but faster than logistic regression!



Cross-model Embedding Fusion

❏ Embeddings of different models are complementary to each other 
⇒ we can combine them.

❏ More complimentary, bigger the boost.



Self-Ensembling (SE)

❏ By perturbing the input, we can generate different embeddings.

❏ Perturbation No. 1: interpolate a time series to different lengths and get embedding for each of them. 

❏ Perturbation No. 2: do the same for the first-order difference of the input.

❏ Concatenation of all these embeddings boosts performance on some datasets.



Reaching the Fine-tuning Performance

Proof-of-concept: frozen encoders can reach the fine-tuning performance!



More Ideas: Self-distillation Loss

● Teacher and Student are identical encoders:

● DINO V2 Self-distillation Loss is a composition of:
○ DINO loss: local and global views give similar 

embeddings.
○ iBOT loss: masked and global views give similar 

embeddings.
○ KoLeo regularizer: prevent feature collapse.

Moakher et al. (2026) UTICA: Multi-Objective Self-Distillation Foundation Model Pretraining for Time Series Classification (ICLR’26 TSALM workshop).



Challenge: Multivariate Time Series

Mantis and other TSFMs are pre-trained on 
univariate time series data => treat channels 
independently.



Challenge: Multivariate Time Series

Mantis and other TSFMs are pre-trained on 
univariate time series data => treat channels 
independently.

Problem: computationally costly, when number 
of channels is large when full fine-tuning is 
needed.



Adapters for Multivariate Classification

Adapter

H
e
a
d

D → D’



Adapters for Multivariate Classification

• Number of channels ≥28, full fine-tuning with batch size 256 is 
not possible on a single V100 without an adapter.



Adapters for Multivariate Classification

• Number of channels ≥28, full fine-tuning with batch size 256 is 
not possible on a single V100 without an adapter.

• With adapters, we can fit the 
computation budget,

• Making full fine-tuning possible on 
large-dimensional dataset.



Python Package

Installation

Init model / load pre-training weights

Extract features Or directly fine-tune the model



Thank you.

Thank you for your attention!

GitHub Paper My LinkedIn


