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Abstract

Recent work on time-series models has leveraged self-supervised training to learn mean-
ingful features and patterns in order to improve performance on downstream tasks and
generalize to unseen modalities. While these pretraining methods have shown great
promise in one-to-many scenarios, where a model is pre-trained on one dataset and
fine-tuned on a downstream dataset, they have struggled to generalize to new datasets
when more datasets are added during pre-training. This is a fundamental challenge
in building foundation models for time-series data, as it limits the ability to develop
models that can learn from a large variety of diverse datasets available. To address this
challenge, we present a new pre-training paradigm for time-series data called ADAPT, which
can efficiently align the physical properties of data in the time-series domain, enabling
mixed-batch pre-training despite the extreme discrepancies in the input sizes and channel
dimensions of pre-training data. We trained on 162 time-series classification datasets
and set new state-of-the-art performance for classification benchmarks. We successfully
train a model within the time-series domain on a wide range of datasets simultaneously,
which is a major building block for building generalist foundation models in time-series
domains.
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1. Introduction

Analysis of time-series data is critical in many real-life applications, including those in the
medical [1], financial [2], industrial [3], agricultural [4] and environmental domains [5], among
others [6, 7]. Pre-training and transfer learning have allowed for the application of large
models to diverse tasks even when there is limited task-specific data available. However, the
unique characteristics and variability of time-series data often make it challenging to develop
generalist models that can be successfully adapted to different downstream modalities after
pretraining. Previous research has mainly focused on custom modality-specific designs,
pre-trained on a singular dataset, to improve the inductive bias of model training. This
approach is in contrast to the dominant strategies used in other domains, such as natural
language processing (NLP) and computer vision (CV), which focus on training a single model
on many large datasets and has led to the creation of foundation models such as GPT4 [8],
Mixtral [9], LaMDA [10], wav2vec2.0 [11], DALLE-2 [12], T5 [13], among others.

These models have shown remarkable performance and ability to generalize to unseen data
and tasks. While pre-trained models have been applied to differing downstream modalities
via fine-tuning (one-to-many), no work has been able to successfully pre-train a time-series
model over a wide range of time-series types and modalities. The work performed in [14]
found that adding datasets during pre-training inhibited learning and rapidly degrade model
performance (a roughly 25% decrease in performance between the one-to-one and four-to-one
scenario). Each of the above foundation models illustrates a relatively simple correlation
between volume of data, model size, and performance; by training larger models on large
datasets, we can train powerful models with exceptional transfer learning capabilities.



Many-to-one training is very desirable as it may allow us to scale up the amount of
training data, model size, ease transferring to new domains and modalities and allow us to
train one large model for application on unseen time-series. Furthermore, there are many
negative future implications in failing to pre-train models in a many-to-one or many-to-many
setting. Refer to the Analysis and Limitations section for more details.

To address this challenge, we propose a new framework that achieves state-of-the-art
performance on time-series classification benchmarks. Our framework trains a single model
on 162 time-series datasets for classification, each with varying length, channel dimension,
and modality. To create an input-agnostic model, we propose the use of average adaptive
pooling during the data loading process, which facilitates mixed batch training for time-series
data. Our framework is also designed to be completely model agnostic, which allows us
to leverage future improvements in time-series-specific model architectures. Our proposed
framework addresses several key challenges in building foundation models for time-series
analysis: (i) The models must be able to process inputs of any dimension, modality, or
channel sizes. (ii) They need to be trained using modern parallel computing strategies.
Primarily we would like to train the models with large batch sizes in mixed batch training,
requiring all data be aligned in a way that it can be mixed within batches with the same
input length and modality size. (iii) A great deal of research has gone into creating powerful
time-series specific model architectures. We would like our training strategy to be completely
model agnostic to leverage possible future improvements in this research area.

By introducing the ADAPT framework, we brought forward the state-of-the-art performance
of pretrained models on diverse time-series sensor data, which will in turn contribute to
various real-life downstream tasks.

2. Related Work

Foundation Models in Time-Series. Foundation models have been trained on vast datasets
for broad applicability across various tasks, as defined in [15]. However, some models, either
in full or in part, claim this designation in the time-series domain, such as those mentioned
in recent studies [16, 17], do not meet the CRFM’s criteria, not just because they lack
the extensive training datasets but also the appropriate pretrianing architectures that can
help counteract and solve the problem. These models’ primary limitation is the relative
scarcity of training data. The availability of diverse time-series data suggests that adopting a
many-to-one pre-training approach may overcome this hurdle, enabling effective adaptation
to different time-series applications.
Pre-Training Strategies. Foundation models have gained a significant status in the fields
of NLP and computer vision, exhibiting remarkable success in solving a wide range of
problems [18]. These models largely owe their success to self-supervised pretraining strategies
that utilize modern parallel computing techniques to train on massive amounts of data.
Recent research, such as [19], has found that, besides advancements in model architecture,
training on more data for longer periods is critical in building powerful foundation models.
Adding in more datasets for these models is simple since the underlying data in each of the
commonly studied domains (i.e., text or image) is consistent across datasets.

Some recent works have focused on skipping the pre-training phase of time-series models
by simply adopting pre-trained models from other domains [16, 20, 21]. The purpose is to
take large pre-trained language or vision models and finetune them for downstream tasks.
While we think this work is important, it still does not provide us with a solution for training
and scaling models on diverse time-series. Investigating time-series specific pre-training
strategies play a fundamental role in both building time-series specific models but also as
components in future multi-modality time-series models, for example in time-series specific
variants of CLIP [22].



Time-series are unique in terms of modality types, input lengths, modality dimensions,
sampling rates, and other factors. As a result, recent works have focused on learning universal
features for the time-series domain that transfer between time-series [23],[14]. One common
feature of these works is the emphasis on learning strategies in which the model only has
access to one dataset during pretraining and is fine-tuned on downstream domain data. Since
there is no effective solution for aligning different data during pretraining, this has been a
realistic scenario as the time-series domain comprises of a wide range of data modalities with
varying characteristics. Some recent examples of self-supervised frameworks for pre-training
within the time-series domain include ts2vec [23], TS-TCC [24], COST [25], CLOCS [26],
CLUDA [27] and TNC [28]. Each of these models represents important contributions to
acquiring universal representations from time-series datasets in the one-to-many scenario
using self-supervised learning.
Many-to-one Pre-training. Previous work in training models in the many-to-one setting for
time-series is limited, only explored very recently in TF-C [14]. This method focuses on
a contrastive objective between the time and frequency components of the input signal
to improve generalization from the pretraining dataset to the target modality. TF-C sets
a state-of-the-art performance for time-series classification; however when trained in the
many-to-one scenario, model performance degrades rapidly. In order to allow for many-to-one
training they merge four pre-training datasets into one (SleepEEG, FD-A, HAR, and ECG).
To address mismatch in dimensionalities, they limited each dataset to only one channel
dimension and truncated or padded each dataset 1,500 observations. Their experiment
demonstrated a 25% decrease in performance compared to pre-training on a singular dataset.

A comparable solution for implementing mixed-batch training across multiple modalities
is presented in GATO [29], which is a large foundation model trained on controls, text, and
image data. One key contribution is their embedding scheme which allows for proprioception
data, image, text, continuous actions and discrete agent actions to be represented in a
mixed batch form. They performed this by applying a separate embedding structure for
each modality and each embedding strategy matches the channel dimensions between the
modalities. While it may seem like this structure could work for the time-series domain,
there are far too many modalities to adapt this strategy (in our setup, it would require
over 150 different embedding strategies). Secondly, in the time-series domain, embedding
is incorporated into the structure of the model (usually as linear or convolutional layers),
meaning that in order to separate the model and embedding, we would first need to train a
small embedding model for each dataset in the database. Finally, while the relative lengths of
the input sequences in GATO were similar, data within the time-series domain significantly
differs in input length, meaning that aligning the channel dimensions is insufficient. Our
proposed solution, ADAPT, overcomes all these challenges and provides a basis for helping
construct foundation models in the time-series domains.

3. Our Approach

3.1. Model Overview

Within the time-series domains, it has been standard practice to pre-train models using
only a singular type of data and fine-tune them on a specific target task, which we call
the one-to-one setup. In general, the models for diverse time series yet struggle to learn
high-quality and transferable representations, under the many-to-one setting (refer to the
related work section for more discussion), when the properties of the pretraining database
are diverse or heterogeneous. Unlike the well-studied models that focus on homogeneous
data (e.g., the large language models), our approach targets the time-series data that are
made up of many diverse modalities and from different sources, such as smart home, human
motion, healthcare, and fault detection data. The diverse time-series data have varying
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Figure 1. An overview of the adapt process and time-frequency masking algorithm. Each
time-series is adaptive-pooled (in the [A] boxes) to a universal representation space and
enable mixed-batch training among different modality types. At training time we add
noise to the joint representation space in both the time and frequency space.

physical properties and channel dimensions, and no research yet has found an efficient way
of unifying these properties for pretraining. The lack of a universal method for performing
alignment across datasets prevents models in the time-series domain from building better
representations.

The overall architecture of the proposed ADAPT approach is shown in Figure 1, which
aims to design an effective method for building a unified representation space in the many-
to-one training scenario by aligning physical properties for training and enabling different
combination of time-series datasets and modalities during pretraining and down-stream
finetuning. We believe that domain shift and adaptation can be mitigated by training
a model on large volumes of increasingly heterogeneous data. If successful, transferring
knowledge between domains should be easier as the model will have likely seen some related
data during training.

3.2. Adaptive Input Training

Time-Series data consists of widely different input lengths and channel dimensions. This
means that truncation or padding will may seriously degrade or dilute the inputs when
there are large discrepancies between the maximum and minimum input size. Difficulties in
aligning channel dimensions also put constraints on the model architecture requirements for
processing varying channel dimensions. The physical constraints mean that allowing mixed
batch training for time-series based models without seriously degrading model performance
was an open problem. We propose the use of average adaptive pooling applied during
data-loading in order to transform each input to the same representation space regardless of
size.

We recognize that adaptively pooling the data risks losing fine-grained information in the
data and may cause temporal distortions. However, the dimensional size of many popular
datasets and data types are often smaller than that of the target dimension for embedding.
This means that we are often up-sampling the data. We will show that any accuracy losses
caused by the temporal distortions are mitigated by the increase in model performance using
ADAPT.

Each input is adaptively pooled before batching to enable mixed batch pre-training. Refer
to Algorithm 2 for a summary of our data processing strategy. While adaptive pooling could
be applied for any pre-training strategy and any model architecture, the stability of the
model is not guaranteed. We have created a masked-language-modeling-inspired pretraining



strategy using span-masking which also considers the frequency components of the input
signal. Both the time and frequency input domains are embedded via separate time and
frequency encoders and then fed to a stacked transformer encoder model with two separate
MLP layers applied to the output to provide reconstruction loss in the time and frequency
domain. Motivated by [30], which found that noise can emulate realistic data shifts in EEG
data, we add random Gaussian noise to each sample during training.

Algorithm 1 Data processing for diverse time series. Data is loaded, normalized, and
converted to frequency representation via FFT before adaptive pooling. The processed data
from all datasets is then combined. Samples from the combined data undergo noise addition
(ADDNOISE) and span-masking (SPANMASK) for batching.
1: Initialize TrainingDataset← ∅
2: for each dataset do
3: data[time]← LoadData(dataset)
4: data[freq]← FFT(data[time])
5: AdaptPool(data[time], data[freq])
6: Append data to TrainingDataset
7: end for
8: while length(batch) < batchSize do
9: sample← Extract sample from TrainingDataset

10: sample← AddNoise(sample)
11: sample← SpanMask(sample)
12: Add current sample to batch
13: end while

Algorithm 2 Adaptive Pooling Procedure
1: x← input, output, D, Hin, Win, Hout, Wout, StrideD, StrideH , StrideW
2: function Start_Index(idx,O, I)
3: return floor((idx ∗ I)/O)
4: end function
5: function End_Index(idx,O, I)
6: return ceil(((idx+ 1) ∗ I)/O)
7: end function
8: function AverageAdaptivePool2d(x)
9: for d← 0 to D do

10: for h← 0 to Hout do
11: Hstart = Start_Index(h,Hout, Hin)
12: Hend = End_Index(h,Hout, Hin)
13: kH = Hend −Hstart

14: for w ← 0 to Wout do
15: Wstart = Start_Index(w,Wout,Win)
16: Wend = End_Index(w,Wout,Win)
17: kW = Wend −Wstart

18: output[d, h, w] = mean(input[d, h : h+ kH , w + kW ])
19: end for
20: end for
21: end for
22: end function

3.3. Masked Model Design

To properly implement masked language modeling for time-series data we use span
masking, first ued in [31] for text and then adapted by [32] for sensor data, to prevent the



trivialization of the MLM objective. One major concern is that when randomly masking input
values as typically performed in NLP, the model may be able to make accurate predictions
with trivial strategies such as simply taking the closest unmasked value or the average of
the unmasked values on either side, inhibiting the model’s ability to learn. Span masking
solves this by masking continuous spans within the input sequence. The model then needs
to learn how to predict entire spans of the input data, and the above strategies are unlikely
to provide accurate results.

Formally, span masking works by sampling the lengths, l, of each span mask from a
geometric distribution which is restricted to a maximum sequence length, lmax of 10. We
skew the geometric distribution by a factor p as shown in Equation 1. When the p value is
lowered, the sequence lengths trend towards lmax.

P (l = k) = p(1− p)k−1ϵ(1, lmax) (3.1)

We select random starting points and apply the span masks of length l until we have reached
the desired masking ratio. We want our final model to perform well in pretraining with the
masked data, but also during supervised training on the downstream tasks. To train the
model to accept both masked and unmasked data we stipulate the masking is successful with
a probability of pm and that the masks are replaced by random values with a probability of
pr. If the input is masked, all masked values are replaced by zeros.

3.4. Training Objective

Given an input sample time series s ∈ Ri×j , where i and j are positive real numbers, we
define the tuple x = (A(s), A(FFT (s))), where A represents the adaptive pooling algorithm
and FFT is the normalized Fast-Fourier-Transform function. We apply span masking as
described above and then the time and frequency components of x are projected separately
to transformer dimension d using two fully-connected neural networks Lt and Lf :

Ei = Lt(span(A(s))) + Lf (span(A(FFT (s)))) (3.2)

We then pass our input embeddings Ei to our stacked transformer encoder model M to
obtain output embeddings Eo. To reconstruct the masked portions of each input signal, Tp

and Fp, we apply two fully-connected neural networks. The reconstruction loss is then given
by:

L =
1

n

qn∑
i=q1

(Tpi
− Tmi

)2 +
1

n

qn∑
i=q1

(Fpi
− Fmi

)2 (3.3)

where Tm and Fm are the original inputs, and qi ∈ Q are the masked indices of the sequence.

4. Experiment Setup

Datasets. ADAPT is trained on 162 different datasets used for classification, their properties
are summarized in Table 2. Of the total 162 datasets, 158 come from the UEA and UCR
time-series archive [33]. We also include time-series datasets SleepEEG [34], FD-A [35],
HAR [36] and ECG [37]. The data was split by [14]. All data is normalized the data at the
channel level by subtracting the mean and dividing by the standard deviation. In total our
training datasets consist of almost 550,000 samples.

We test ADAPT on several popular classification benchmarks within the time series domain.
These datasets are described in Table 1. Each dataset has a small amount of data for training
and validation in order to challenge the limits of each self-supervised learning method.
Baselines. We compare our model with the state-of-the-art models: TS-SD [38], TS2vec [23],
CLOCS [26], MIXING-UP [39], TS-TCC [24], SimCLR [40] and TF-C [14]. Each of these
methods is pre-trained on the SleepEEG dataset as it presents complicated temporal dynamics
and the largest dataset for pre-training. We report baselines results from [14] for comparison.



Table 1. Testing datasets and
their respective data size.

Dataset Len. Train/Val/Test Ch. Cls.

Epilepsy 178 60 / 20 / 11 420 1 2
FD-B 5 120 60 / 21 / 13 559 1 3
Gesture 315 320 / 120 / 120 3 8
EMG 1500 122 / 41 / 41 1 3

Table 2. Datasets used during pre-
training.

Dataset Len. Samples Ch. Cls.

UEA/UCR 8–17 984 12–30 000 1–1345 2–60
SleepEEG 200 371 055 1 5
FD-A 5 120 8 184 1 3
HAR 128 10 299 9 6
ECG 1 500 43 673 1 4

Each model is fine-tuned five times with varying random seeds and we take the average
across all trails.

To disentangle the performance gains due to improvements in our pre-training algorithm
via the time and frequency span masking, compared to the benefits of mixed-batch, many-
to-one pre-training, we train a model called ADAPT(EEG). This model is identical to ADAPT,
including the use of adaptive pooling to the same input dimensions, except that it is trained
on only the SleepEEG dataset (as with the state-of-the-art baselines).
Implementation Details. Our model is trained for 1000 epochs with a batch size of 1024
on two NVIDIA A40 GPU’s. We use a base learning rate of 5e− 4 following a cosine loss
schedule. Our chosen optimizer is AdamW [41] using β1 = 0.9, β2 = 0.999 and warmup for
40 epochs. We clip the gradients at max_norm = 1.

Our core architecture consists of six stacked transformer encoders [42] with a hidden
dimensional size of 128. For the span-masking algorithm applied to the time and frequency
representations we use lmax = 10, p = 0.2, pm = 0.8 and pr = 0.2.

5. Experimental Results

5.1. Classification Performance

For comparison we train two versions of the ADAPT architecture, one that is trained on
all of the datasets in Table 2 and one that is only trained on the SleepEEG dataset as
with the other baselines. The performances of ADAPT and other models on the classification
benchmarks are shown in Table 3. As noted in previous work [14], pretraining time-series
models on many datasets can degrade the quality of the model. We compare the performance
of our model to other state-of-the-art models on in-domain pretraining on the Epilepsy
dataset. For in-domain classification ADAPT is competitive with the other state of the art
base-lines. Interestingly, ADAPT outperforms ADAPT(EEG) which indicates that our pretraining
architecture benefits from mixed batch pretraining and that including datasets from outside
the target domain can increase the performance of our model.

As previously stated, the focus within the time-series domain has been on training models
which can generalize to unseen domains. This importance has been exacerbated by the
limitations of pre-trained time-series models to singular datasets. ADAPT outperforms other
state-of-the-art models across the generalization datasets on average, particularly within
the FD-B and EMG datasets where both ADAPT models greatly improve the state-of-the-
art performance. Interestingly the ADAPT(EEG) model outperforms ADAPT on the FD-B
benchmark. Considering that ADAPT(EEG) provided worse performance than ADAPT on the
Epilepsy (in-domain) benchmark, it is not clear why it it achieves close to perfect classification
accuracy on this benchmark. We believe this may be a result of vastly increasing the diversity
of the training data between the two models without proportionally increasing the amount
of training data, resulting in some instabilities in model performance. ADAPT outperforms
ADAPT(EEG) on all the other generalization benchmarks.



Table 3. Overall classification accuracy of ADAPT compared to other state-of-the-art pre-
trained models for time-series classification. Baseline implementations are from [14] and
are pretrained on the SleepEEG dataset. We pre-train two models, ADAPT(EEG) which
is only pre-trained on the SleepEEG datasets, and ADAPT which is trained on all of the
pretraining datasets in Section 5.2. The subscripts are standard deviations.

Dataset: Epilepsy Dataset: FD-B

Model Acc Prec Rec F1

TS-SD 89.55.2 80.222.4 76.514.9 77.718.6
TS2vec 94.00.4 90.61.2 90.41.2 90.50.7
CLOCS 95.10.3 93.00.7 91.31.7 92.10.7
Mixing-up 80.20.0 40.10.0 50.00.0 44.50.0
TS-TCC 92.51.0 94.50.5 81.82.6 86.32.2
SimCLR 90.73.4 92.21.7 78.610.7 81.810.0
TF-C 94.92.5 94.61.1 89.12.2 91.55.3
ADAPT(EEG) 88.63.5 82.24.2 91.11.6 84.83.9
ADAPT 93.62.9 90.14.9 91.70.9 88.54.6

Model Acc Prec Rec F1

TS-SD 55.72.1 57.15.4 60.52.7 57.03.3
TS2vec 47.91.1 43.40.9 48.42.0 43.91.1
CLOCS 49.33.1 48.23.2 58.73.9 47.54.9
Mixing-up 67.92.5 71.53.4 76.12.0 72.72.3
TS-TCC 55.02.2 52.82.9 64.01.8 54.23.4
SimCLR 49.24.4 54.510.2 47.68.9 42.211.4
TF-C 69.42.3 75.63.5 72.02.6 74.92.7
ADAPT(EEG) 97.32.8 98.21.8 98.02.0 98.02.0
ADAPT 91.24.2 91.04.1 91.84.2 88.85.7

Dataset: Gesture Dataset: EMG

Model Acc Prec Rec F1

TS-SD 69.24.4 67.04.7 68.74.9 66.64.4
TS2vec 69.23.3 65.53.6 68.53.5 65.73.9
CLOCS 44.35.2 42.47.9 44.35.2 40.16.0
Mixing-up 69.32.3 67.22.3 69.32.3 65.03.1
TS-TCC 71.93.5 71.43.5 71.73.7 69.83.6
SimCLR 48.05.9 59.516.2 54.119.5 49.618.7
TF-C 76.42.0 77.33.6 74.32.7 75.73.1
ADAPT(EEG) 72.51.2 70.80.8 72.51.2 70.70.7
ADAPT 77.02.5 74.93.7 77.02.5 75.12.9

Model Acc Prec Rec F1

TS-SD 46.10.0 15.50.0 33.30.0 21.10.0
TS2vec 78.53.2 80.47.5 67.94.0 67.75.0
CLOCS 69.93.2 53.17.5 53.52.9 51.44.1
Mixing-up 30.25.3 11.01.3 25.84.6 15.42.0
TS-TCC 78.91.9 58.59.7 63.19.9 59.09.5
SimCLR 61.55.8 53.617.2 49.912.1 47.114.9
TF-C 81.72.9 72.73.5 81.62.9 76.83.1
ADAPT(EEG) 96.64.5 94.46.1 97.33.6 95.06.2
ADAPT 98.51.2 96.72.7 98.81.0 97.62.0

A key contribution is that contrary to what has been observed in previous literature,
ADAPT does not rapidly regrade performance in the many-to-one scenario. ADAPT
sets several new state-of-the-art performances for domain adaptation and generalization. It
is also easily amenable to any model architecture. Our results justify both the effectiveness
of mixed-batch pretraining in certain key downstream generalization scenarios and also the
effectiveness of our time-frequency masking strategy during pretraining.

5.2. Performance Compared to Dataset Properties

So far we have demonstrated that ADAPT is an effective pretraining method with allows
many-to-one pretraining without degrading the accuracy of the pre-trained model as noted in
previous works [14]. We compare the model performance across the UCR and UEA archives
with several key dataset properties in order to elucidate some insights on the effectiveness of
adaptive input training. We compare the accuracy with the number of channel dimensions,
input length, number of classes and the ratio of training and testing data available during
finetuning in Table 2. Along with each comparison we show the Pearson correlation between
accuracy and the corresponding dataset property. Interestingly, the correlations between the
length and channel complexity of the input and the accuracy of the model are extremely
weak. We further explore the performance of ADAPT with respect to total dimensional size.
Total dimensional size is given by dataset length multiplied by the number of channels. We
chose a model embedding size of (256,32). Any dataset that is significantly below this total
dimensional size will be up-sampled and those above this threshold will be down-sampled
in order to meet these requirements. These results indicate that the model accuracy is not
strongly correlated with the up-sampling or down-sampling of the dataset. This leads us to
the conclusion that the model accuracy is more dependant on the specific task type rather



than a specific dataset property. The accuracy was slightly correlated to the number of
distinct classes within the dataset which futher supports this claim. These findings are highly
encouraging as it shows that ADAPT can be a general embedding strategy for time-series data
and can be used universally independent of dataset properties. For details regarding the
model accuracy on each of the 158 datasets in the UCR and UEA archives.
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Figure 2. Model accuracy on UCR and UEA datasets compared to basic dataset properties.
The “Length” and “Channel Dimension” corresponds to the dimensionality of the data
or the total length of the input and number of channels at each time period. “Number
of Classes” corresponds to the number of classes for classification in the downstream
dataset, and “Total Dimensional Size” refers to length of the input multiplied by the
number of channel dimensions. Overall, we can see that the performance is not strongly
linked to the physical properties of the datasets. The number of classes of a dataset
could represent an increase in dataset complexity and the model has a weak negative
correlation as expected.

5.3. Representation Visualization for Classification

One potential concern is that adaptive pooling could significantly distort the input space.
We use T-SNE [43] to visualize the change in put in both the time and frequency domain
caused by adaptive pooling. Figure 3 shows the T-SNE analysis for the Gesture dataset,
chosen for its diverse number of classes and channels. While there are small differences
between the raw and adaptive inputs, the clustering of the classes and their relation to
one-another remains largely intact.

6. Conclusion

In this paper we introduce ADAPT to investigate many-to-one pre-training strategies for
time-series analysis. Our adaptive pooling embedding strategy allows for training a time-
series model using over 150 datasets and establishing a new state of the art on different
classification benchmarks. We demonstrate that adaptive pooling can be applied as a time-
series embedding strategies which can handle data over a wide range of physical properties,
input lengths and modalities, as well as dataset complexity with diverse classes. ADAPT only
changes the physical properties of the dataset and does not make any special considerations
for the modality, showing that it was the diversity of the physical dataset properties (input
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Figure 3. T-SNE visualisation of the time and frequency inputs before and after adaptive
pooling on the Gesture dataset. We note that there is no discernible drop in the quality
of inputs after they are transformed. The relative groupings and distributions between
the 8 different classes remain largely intact.

length and channel dimension) that have prevent time-series models from learning quality
representations in the many-to-one training scenario. We hope our work will help enable
the creation of capable foundation models for the time-series and sensor data and bring the
advancements in these areas in line with other domains.
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