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Time Series Classification
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1. Cardiovascular Disease Diagnostic 2. Fault Detection of Electric Vehicle’s Battery
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3. Human Activity Recognition 4. Financial Sentiment Analysis



Forecasting vs Classification
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Forecasting. predict future patterns
based on previously seen ones.

Jittering is often somewhat arbitrary
=> smoothing may be a good thing.
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Forecasting vs Classification
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Forecasting. predict future patterns
based on previously seen ones.

Jittering is often somewhat arbitrary

=> smoothing may be a good thing.
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Classification. discriminate, detect
anomalies.

Some spikes are a very important
source of information!



Traditional Machine Learning
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Traditional machine learning pipeline:

1. Collect training data.
2. Train a new model.

3. Deploy it.



Traditional Machine Learning
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Traditional machine learning pipeline:

1. Collect training data. <—— Issue 1: it requires a large training set.
2. Train a new model. @ +<—— Issue 2: for every new task a new model is needed.

3. Deploy it.



Success of LLM and Pre-training

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

When the French revolution happened? Translate me this text: "Le chat est noir”.
N\ O e

P

Write me the lyrics to a new song (O 5 O) ™~ Summarize me this pdf document.
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Time Series Foundation Model (TSFM)

The goal of a TSFM is to learn a projector
©0 using a large corpus of various datasets.
%‘ Advantages:

\ 1. Versatility: one model for different problems.

/7

2. Knowledge alignment with a new task.
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Mantis: Framework
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Time Series Foundation Model (TSFM)

The goal of a TSFM is to learn a projector
%E ©0 using a large corpus of various datasets.

Step 0: Data Preparation

\ a. Scale to same units.

b. Fix the context size.
c. Univariate dataset.
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Pre-training Dataset Preparation

1. Instance-Wise Normalization
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Pre-training Dataset Preparation

1. Instance-Wise Normalization
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2. Resize by Interpolation
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Time Series Foundation Model (TSFM)

Step 1: Pre-training

o B——
P

\ / Pre-train a projector using one of the

‘ é two options:
1. Unsupervised (self-supervised):
a. Contrastive learning.
b. Masked reconstruction.

CHeXe)
/ _ \ 2. Supervised (multi-task).




Pre-training by Contrastive Learning

4 Y
T Y TR Tt « Make positive pairs close to each other,
MI M} negative pairs — far away from each other.
‘ ‘ « Positive pair: 2 augmentations of the
s AP sdifsaaad T same time series.
input 1 N o input2 - Augmentation: random-crop-resize.
¢
4 Y
embedding 1 embedding 2
should
be similar
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Pre-training by Contrastive Learning

W\
input 1 "\ N  input2
¢
4 Y
embedding 1 embedding 2
should be

6 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



Time Series Foundation Model (TSFM)

Step 1: Pre-training Step 2: Fitting to a New Task
b 1 t n s ol “AM AN VAN
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Time Series Foundation Model (TSFM)

Step 1: Pre-training Step 2: Fine-tuning to New Task
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Mantis: Architecture
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Architecture

Token Generator Unit
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1. Token Generator Unit: converts time series into meaningful tokens.
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Tokenization is key to unlock the power of the transformer.

2. Transformer: projects tokens to a new representation space.
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Token Generator Unit

1. 32 X'patCheS: Token Generator Unit
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Token Generator Unit

1. 32 x-patches:

Token Generator Unit
* norm X — conv — mean pooling. t
- e R
2. 32 diff-x-patches: T
« norm x — diff = conv — mean pooling. new
« diff: x[t]-x[t-1], makes time series stationary. ( ” @
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Token Generator Unit

1_ 32 X—patche5: Token Generator Unit
* norm X — conv — mean pooling. t
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Token Generator Unit

1 32 X'DatCheS' Token Generator Unit
* norm X — conv — mean pooling. t
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2. 32 dlff—X-DatCheSI 159-D Avg Performance !
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3. Scalar encoder (Lin et al., 2024): Version of Mantis | C J J )

« split time series into 32 non-overlapping patches.
« compute u and o for each patch.
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Token Generator Unit

1. 32 X'DatCheS' Token Generator Unit
« norm x — conv — mean pooling. t
A B
layer

2. 32 diff-x-patches: uorin

159-D Avg Performance

« norm x — diff = conv = mean pooling. linear

« diff: x[t]-x[t-1], makes time series stationary. % 0.7816 e = 0
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3. Scalar encoder (Lin et al., 2024): Version of Mantis | C )
« split time series into 32 non-overlapping patches.
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Mantis: Experimental Results
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Comparison with Other Methods
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Model name | Multivar Support | Zero-shot | HuggingFace Support | Model Size
Mantis v v v ©0o0
UniTS v X X ®@00
NuTime v v X ®@0O0
GPT4TS v X X X Xe
MOMENT X v v XX

Mantis: 8M parameters pre-trained on 1.8M samples.

UniTS: multi-task model with 1M params pre-trained in a supervised way on 0.3M samples.

NuTime: classification TSFM with 2M params pre-trained on 1.8M samples.

GPTA4TS: 6 pre-trained layers from GPT2 + some layers to fine-tune, 80M params.

MOMENT: based on T5 architecture, 385M params, 1.13B samples.



Zero-shot Feature Extraction Results

28
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Random Forest

For each dataset:
« Extract features for train and test sets
« Learn a Random Forest on train set

« Evaluate accuracy on test set

- =P prediction

Accuracy (TSFM + RF)

159-D Avg Performance

0.7639

0.7663

NuTime

MOMENT

0.7816

Mantis

Foundation Model
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Zero-shot with Synthetic Pre-training Data

m Synth etl C d ata Selected Combined Generate with SCM with selected Generated
g eneration a I g o I’Ith m that yleld S kernels kernels selected mean activation functions time series

« Large data diversity.
« Sample efficiency. . ) ,w) |
 Similar performance to real ‘h \W W

pre-training data.

" Pre-train Data  Size UCR Included? UCR acc. (%)
Real 100K No 78.29
3 CAUKER 100K No 78.81
s CAUKER IM No 78.98
” Real 1.89M Yes 79.21
29 S. Xie et al. (2025). Cauker: classification time series foundation models can be pretrained on synthetic data | S’A

only. arXiv:2508.02879. v w



Fine-tuning Results

—4

For each dataset:

« Start from the pre-trained model

« Fine-tune it on train set

« Choose best learning rate on validation

« Evaluate accuracy on test set

30
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i) % + : =P prediction
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Accuracy

131-D Avg Performance

0.7201

UniTsS

0.8224

0.7205

GPT4TS NuTime

0.7924

MOMENT

Foundation Model

0.8408

Mantis
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Influence of Pre-training and Fine-tuning

31

RF: pre-trained frozen encoder +
random forest for classification.

Head: pre-trained frozen encoder
+ linear probing.

Scratch: randomly initialized
encoder, full fine-tuning.

Accuracy

Full: pre-trained encoder, full fine-
tuning.

Mantis, Last Epoch 151-D Avg Performance

0.8436

RF Head Scratch Full
Fine-Tuning Method

Best performance is achieved with pre-training + fine-tuning.
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Application to EEG Sleep Staging

Daitsiset EEGNet CBraMod Mantis
Random  EEG Pretrain Random  Real Pretrain  Synth Pretrain

ABC 67.9’11-(;_52 70.61-{-3.29 74.90-1—4.89 72.82-]_—3_89 75.5()+5_(;2 75.74+4_32
CCSHS 83.131-()_1() 87.01+0.27 88.()/1-}-_()‘59 88.55-{-().39 88.85-*-0,48 88.80-{-().3()
CFS 78.60+1.31 83.4840.23 84.3040.08 84.964+0.43 85.3540.35 85.0640.75
CHAT 789140.16 84.1140.8 85.0140.42 NaN 85.9410.18 85.7240.29
HOMEPAP 69434008 70.3741.90 72.56 45 35 71.264 93 73.144 5 09 73.53 12 00
MASS 79854197 T77.4049.18 81.1245.97 79.064+189 84.0940385 82.494 1 99
PhySiONC[ 75-73+0.38 77. 19+0.94 78.97-{-0'43 77.98-]»0,89 79.82-{-1,63 78.83-}-1.60
SOF 78.744181 82.6140.35 83.3940.67 83.704+1.01 84.694¢73 84.3140.57

Mantis outperforms EEG foundation model

on sleep stage prediction task!

32

Wake

NREM Sleep
Stage 1
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Stage 3

REM Sleep



Application to HAR

Mantis is a good student from a

33

video teacher. (— ») '
Zero-shot after distillation matches O ;? %
the fine-tuning performance.
Video Teacher Time Series Student
Model Egodd EgoExo4D MMEA
acc@] acc@3 acc@3 | acc@]1 acc@3 acc@3 | acc@] acc@3 acc@3
Moment-Small 39.70 64.47 75.32 68.14 03.55 08.43 83.66 05.52 97.42
Zero-Shot Mantis 47.49 71.63 81.24 76.47 06.98 99.21 90.96 08.56 99.39
TSFormer— Mantis | 59.13 78.79 85.65 84.92 98.28 99.59 02 .48 99.01 99.77
Fine-Tuned Moment-Small 57.59 75.91 82.94 79.26 97.04 09.33 84.27 94.76 96.88
Mantis 58.36 76.98 83.76 84.22 97.95 9941 93.01 08.25 99.01

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



Challenge 1: Multivariate Time Series

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

i channels independently.
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Challenge 1: Multivariate Time Series
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Mantis and other TSFMs are pre-trained
on univariate time series data => treat
channels independently.

X
m==lp /CUDA Out-of-Memory!

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



Adapters for Multivariate Classification

36
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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.

37

d No Adapter
ArticularyWordRecognition | 9 0.9933_ ¢
BasicMotions 6 1.040.0
CharacterTrajectories 3 0.9928_10.0004
Cricket 6 | B | P
DuckDuckGeese 1345 || NaN
ERing 4 0.9926...0074
EigenWorms 6 0.837240.0044
Epilepsy 3 10100
EthanolConcentration 3 0.4208_.0.0195
FaceDetection 144 NaN
FingerMovements 28 NaN
HandMovementDirection 10 0.4009 10,0206
Handwriting 3 0.48240.0157
Heartbeat 61 NaN
InsectWingbeatSubset 200 NaN
Japanese Vowels 12 0.9811 4 054
LSST 6 0.7109+0.0015
Libras 2 0.938910.0
Motorlmagery 64 NaN
NATOPS 24 0.93710.0116
PEMS-SF 963 NaN
PhonemeSpectra 11 0.3421 +9.0023
RacketSports 6 0.9408_. ¢
SelfRegulationSCPl 6 0.9135.}_()1)()71
SelfRegulationSCP2 i 0.5389*()_“()95
SpokenArabicDigits 13 0.987 +0.0000
UWaveGestureLibrary 3 0.9438... 0108




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,

Mantis, Best Epoch
UEA-27 Avg Accuracy

0.7941

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

Accuracy

RF Full (Best)
38 Fine-Tuning Method

d No Adapter
ArticularyWordRecognition | 9 0.9933_ ¢
BasicMotions 6 1.0.00
CharacterTrajectories 3 0.9928_10.0004
Cricket 6 10400
DuckDuckGeese 1345 || NaN
ERing 4 0.9926.0.0074
EigenWorms 6 0.837240.0044
Epilepsy 3 10100
EthanolConcentration 3 0.4208 0. 0195
FaceDetection 144 NaN
FingerMovements 28 NaN
HandMovementDirection 10 0.4009 190206
Handwriting 3 0.482..9.0157
Heartbeat 61 NaN
InsectWingbeatSubset 200 NaN
Japanese Vowels 12 0.9811 4 054
LSST 6 0.71091..0015
Libras 2 0.9389.40.0
MotorImagery 64 NaN
NATOPS 24 0.93710.0116
PEMS-SF 963 NaN
PhonemeSpectra 11 0.3421 19.0023
RacketSports 6 0.9408.. ¢
SelfRegulationSCP1 6 0.91354.0.0071
SelfRegulationSCP2 i 0.53891()_()()96
SpokenArabicDigits 13 0.987.&(”)()()9
UWaveGestureLibrary 3 0.9438.0.0108




Challenge 2: Uncertainty Quantification

O@Eg -

V/VWW'\ —
(o 0 0

| |

Test data Are they calibrated?

output
probs

)



Challenge 2: Uncertainty Quantification
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Test data Are they calibrated?

output
probs

P(Y =g|conf(X) =a)=a, Vae]|0,1]
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Calibration Experimental Results

Avg Calibration Avg Calibration after Isotonic Regression Avg Calibration after Temperature Scaling

ECE

0.0797 0.0811
0.0755
0.0691
S 0.0673
UniTS GPT4TS NuTime MOMENT Mantis UniTs GPT4TS NuTime MOMENT Mantis UniTS GPT4TS NuTime MOMENT Mantis
Foundation Model Foundation Model Foundation Model

Mantis is the most calibrated time series classification foundation model
(Before and after post-hoc calibration).

41
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Python Package

Installation

pip install mantis-tsfm
Init model / load pre-training weights
from mantis.architecture import Mantis8M

network = Mantis8M(device="cuda"')
network = network.from pretrained("paris-noah/Mantis-8M")

Extract features Or directly fine-tune the model
from mantis.trainer import MantisTrainer from mantis.trainer import MantisTrainer
model = MantisTrainer(device="cuda’', network=network) model = MantisTrainer({device="cuda', network=network)

Z = model.transform(X) # X is your time series dataset model .fit(X, y) # y 1is a vector
probs = model.predict proba(X)

y_pred = model.predict(X)




Future Work

1. Ensure scaling law.
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131-D Avg Performance
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No clear relationship between the model /data size and overall performance!
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Future Work

2. Performance prediction.

0@

AN N VA — %i% =P output
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Never seen data (OOD) Is it reliable?
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BERT2S NeurIPS Workshop

Have we reached the BERT Moment?

Location: San Diego Convention Center, Upper Level Room 24ABC
Date: Sunday 7™ December 2025

Second Call for Papers

« Not peer-reviewed.
« Just for a poster presentation.

« Submission deadline: Oct 19, 2025 (11:59 pm AoE)
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! Thank you for your attention!

Mantis My LinkedIn
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