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Abstract

Understanding user intent is essential for situational and context-aware decision-
making. Motivated by a real-world scenario, this work addresses intent predictions
of smart device users in the vicinity of vehicles by modeling sequential spatiotem-
poral data. However, in real-world scenarios, environmental factors and sensor
limitations can result in non-stationary and irregularly sampled data, posing signifi-
cant challenges. To address these issues, we propose STaRFormer, a Transformer-
based approach that can serve as a universal framework for sequential modeling.
STaRFormer utilizes a new dynamic attention-based regional masking scheme
combined with a novel semi-supervised contrastive learning paradigm to enhance
task-specific latent representations. Comprehensive experiments on 56 datasets
varying in types (including non-stationary and irregularly sampled), tasks, domains,
sequence lengths, training samples, and applications demonstrate the efficacy of
STaRFormer, achieving notable improvements over state-of-the-art approaches.

1 Introduction

Advancements in machine learning architectures, such as LSTM [1] and Transformer [2], have
enhanced the ability to model sequential data. However, these algorithms typically assume that the
data is fully observed, stationary, and sampled at regular intervals [3]. In reality, sensor technology and
external conditions often influence data collection, leading to non-stationary and irregularly sampled
time series. For instance, in the automotive industry, manufacturers have recently integrated Ultra-
Wideband (UWB) and Bluetooth Low-Energy (BLE) technologies to enhance the Digital Key (DK)
[4–8]. This integration ensures precise and secure vehicle access along with applications for connected
vehicles. Precise localization is achieved by performing time-of-flight calculations between each
UWB anchor in a vehicle and a smart device, leveraging UWB’s 2ns pulse duration [9]. Nonetheless,
the measuring algorithm for UWB ranging may yield irregularly recorded time-of-flight calculations,
resulting in irregularly sampled time series. Additionally, when recording real-world data using
UWB-capable ranging devices, external factors such as signal interference and device positioning can
introduce non-stationarity. These conditions may ultimately affect the overall performance of Machine
Learning (ML) algorithms. In the real-world Digital Key Trajectories (DKT) dataset provided by
the BMW Group (Appendix A and C.1.1), we confirmed, by Kwiatkowski–Phillips–Schmidt–Shin
(KPSS) and augmented Dickey-Fuller (ADF) tests, that approximately 79% of the sequences are
non-stationary. Based on the real-world trajectories generated from the DK, we focus on predicting
the smart device user’s intent, formulated as a specific classification task.
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Generally, trajectories involve variables such as latitude, longitude, altitude, and speed, which
are often irregular. Similarly, weather conditions, geographical barriers, sensor availability, and
device malfunctions [10] can result in non-stationary characteristics, aligning with the properties
found in the DKT dataset. Although several solutions exist to address these issues, they require
substantial prior knowledge and effort in model selection [11–20]. To address these challenges,
we propose a versatile framework, STaRFormer, designed to effectively model time series with
the aforementioned characteristics while maintaining applicability to standard time series data.
STaRFormer proposes dynamic regional masking to manipulate key task-speci�c regions within
an input sequence, introducing synthetic variations in statistical properties, such as mean, variance,
and sampling frequency. By incorporating this masking layer during the learning process of a
downstream task, STaRFormer generates masked and unmasked latent representations of the same
input sequence. Building on prior work, which highlighted that the task-speci�c importance of
elements within a sequence can vary in their in�uence on downstream tasks [21, 22], we extend this
approach by coupling representation learning with a downstream objective. This coupling allows
to incorporate context-speci�c information that may be overlooked in decoupled self-supervised
frameworks [23–27]. Through a novel combination of self-supervised and supervised contrastive
learning (CL), STaRFormer creates robust task-informed latent embeddings by maximizing agreement
between class-wise and batch-wise similarities of the masked and unmasked latent representation.
This technique is designed to enhance the model's robustness to irregularities in time series while
serving as an augmentation method to improve performance for various time series types and tasks.
In summary, our maincontributions are:

• We proposeSTaRFormer, a highly effective and robust approach boosting the performance of
downstream tasks for diverse types of time series and tasks.

• We develop a novelsemi-supervised CLapproach for time series analysis, leveraging batch-wise
and class-wise similarities by reconstructing latent representations from masked inputs.

• We design a novelDynamic Attention-based Regional Masking (DAReM)scheme that identi�es
task-speci�c important regions of a sequence, allowing to embed task-speci�c knowledge.

• We assess STaRFormer using56 public and non-public datasetsto validate its effectiveness
compared to state-of-the-art methods, highlighting its versatility for various types of time series.

2 Related work

Regular time series modeling for classi�cation. Time series modeling for classi�cation seeks to
analyze and identify patterns in sequential data collected over consistent time intervals, with the goal of
assigning labels to entire sequences or per elements within the sequence. It is generally assumed that
the sequential data is stationary and uniformly sampled. Common ML baselines include dimension-
dependent dynamic time warping (DTWD) [28, 29] and WEASEL-MUSE [30]. Deep Learning
(DL) has proven powerful for time series classi�cation by automatically extracting complex features.
Unlike traditional methods that rely on handcrafted features, DL models such as RNN [31, 32], LSTM
[1] and GRU [14] learn hierarchical representations directly from the data. However, these models
often struggle with capturing long-term dependencies and spatiotemporal patterns. ROCKET [33]
and MiniROCKET [34], CNNs that have been effective in capturing local dependencies, have
achieved impressive results by learning features through diverse random convolutional kernels.
Transformer-based approaches have recently gained attention due to their ability to capture long-
range dependencies in sequential data. Various Transformer-based models have been proposed for
forecasting, classi�cation, and anomaly detection [3, 21, 23, 35–40]. Initial approaches utilized
a full encoder-decoder Transformer architecture for univariate time series forecasting [41], while
TST [23] generalized unsupervised representation learning for Transformers and time series, similarly
to BERT's Masked Language Modeling (MLM) [42]. TARNet [21] addresses the issue of decoupling
unsupervised pretraining from downstream tasks using dynamic masking and reconstruction. We
address the challenge of time series classi�cation by pairing a novel semi-supervised CL approach
with a proposed generalization of the dynamic masking approach from TARNet. In doing so, we
extend the proposition of coupling representation learning while learning a downstream task.

Non-stationary and irregularly sampled time series modeling. Non-stationary time series mod-
eling addresses the variability in statistical properties over time, i.e., changing means and covariances
[43, 44]. Traditional models often fail to capture these dynamics. While most research has focused
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on forecasting, some efforts have been directed towards non-stationary time series classi�cation.
Recent advancements include adaptive RNNs [45, 46], normalization-based approaches [47, 35], and
non-stationary Transformers, which incorporate non-stationary factors to improve accuracy while
addressing distribution shifts [48]. Irregularly sampled time series modeling addresses sequences
with varying time intervals between observations. A standard solution is converting continuous time
observations into �xed intervals [13, 15]. Several models have been proposed to capture dynamics
between observations such as GRU-D [16] and multi-directional RNN [49]. Attention-based models,
including Transformers, [2, 23] and ATTAIN [50], incorporate attention mechanisms to handle time
irregularity. Raindrop [20] uses graph neural networks to model irregular time series as graphs.
Meanwhile, TrajFormer [51] introduces a Transformer architecture that generates continuous point
embeddings to deal with irregularities of trajectories. Recently, ViTST [3] focused on time series
in the visual modality by transforming sequences into visualized line graphs, leveraging pretrained
Vision-Transformer backbones. To handle non-stationarity and sampling irregularity, we introduce a
dynamic regional masking strategy that perturbs input sequences by modifying their statistical and
sampling properties. Coupled with our CL scheme, this representation learning approach promotes
robustness to distributional shifts and irregular sampling, enhancing the latent space rather than
relying solely on input reconstruction.

Time series contrastive learning. CL has proven effective in extracting high-quality, discrimina-
tive features [52]. CL operates as a self-supervised learning paradigm, learning representations by
contrasting positive and negative pairs. The goal is to bring similar (positive) pairs closer and push
dissimilar (negative) pairs apart, typically using contrastive losses like NT-Xent [52], InfoNCE [53],
or triplet loss [54]. For sequential data, self-supervised CL aims to extract invariant representations
from augmented views of unlabeled data through carefully designed pretext tasks. Methods such as
TCL [55], and TNC [56] use subsequence-, neighborhood-based sampling assuming distant segments
as negative pairs and neighboring segments as positive pairs. InfoTS [26] emphasizes appropriate
augmentation selection using meta-learning, and TS2Vec [24] learns contextual representations
across semantic levels. CoST [25] uses model inductive biases to separate seasonal and trend patterns,
introducing a frequency-domain contrastive loss. However, these methods often suffer from �awed
augmentations, weak negative samples, and limited information use [27]. TimesURL [27] proposes a
self-supervised framework that combines CL, time reconstruction, and a frequency-temporal aug-
mentation with hard negative sampling to learn universal time series representations for diverse
downstream tasks. While prior work applies self-supervised CL to learn universal time series repre-
sentations, we propose a task-coupled approach that jointly optimizes representation learning with
the downstream objective, embedding task-speci�c information into the representations.

3 Approach

STaRFormer adopts a Siamese network architecture [57] consisting of two `towers' ofN encoder-
only Transformer blocks,f , that share a common set of model parameters. STaRFormer is illustrated
in Fig. 1. Without loss of generality, we consider classi�cation, anomaly detection and regression as
downstream tasks. For sequence-level classi�cation tasks, a special token is utilized to facilitate the
downstream predictions. The other downstream tasks utilize appropriate variations, such as pooling
operations or element-wise predictions, to facilitate the computation of the desired task predictions.
For detailed information, output head formulations, and related remarks, see Appendix B.

Notation. Let D = f (S( i ) ; y( i ) ) j i = 1 ; : : : ; M g denote a time series dataset containingM
samples. Each sequence,S( i ) 2 RN hasN elements and is assigned to a labely( i ) 2 f 1; : : : ; Cg,
whereC is the number of classes. Each data point in the sequence can have an associated timestamp.
Thus, thej -th data point inS( i ) can be represented ass( i )

j = ( x ( i )
j ; t ( i )

j ) 2 R2. Therefore,S( i ) =

f s( i )
j j j = 1 ; : : : ; N g 2 RN � 2 is formed by concatenating allN elements. For multivariate time

series, the dimensionality is not �xed to two; thusS( i ) 2 RN � D , whereN 2 N6=0 andD 2 N� 2. A
mini-batch of sizeB , whereB � M , is de�ned asX � D , whereX 2 RN � B � D .

Problem 1 - Classi�cation. Given a datasetD = f (S( i ) ; y( i ) ) j i = 1 ; : : : ; M g whereS( i ) 2
RN � D can be multivariate, predict the classy( i ) 2 f 1; :::; Cg, for each sequenceS( i ) in D.
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Figure 1: Architecture of STaRFormer; (a) High level Siamese network architecture - the left tower
performs the downstream task while the right tower performs the reconstruction of the masked
sequence. (b) The DAReM scheme exempli�ed by a single batch from the DKT dataset with batch
size 16 for an encoder withN = 4 layers. ReM abbreviates regional mask.

Problem 2 - Anomaly detection. Given a datasetD = f (S( i ) ; y ( i ) ) j i = 1 ; : : : ; M g where
S( i ) 2 RN � D can be multivariate andy ( i ) 2 RN , predict for each element of sequenceS( i ) in D
whethery( i )

j 2 N = 0 (normal observation) ory( i )
j 2 N 2 f 1; : : : ; Cg (anomalous observation).

Problem 3 - Regression. Given a datasetD = f (S( i ) ; y ( i ) ) j i = 1 ; : : : ; M g, whereS( i ) 2 RN � D

can be multivariate, predict the continuous target valuey( i ) 2 R for each sequenceS( i ) in D.

3.1 Semi-supervised task informed representation learning

This section presents STaRFormer's components facilitating task-informed representation learning.

3.1.1 Dynamic attention-based regional masking (DAReM)

Prior work has shown that the task-speci�c importance of elements within a sequence varies w.r.t.
their impact on downstream tasks [21, 22]. STaRFormer adopts this characteristic by dynamically
masking regions around the features the model deems important. These masks force the model to learn
changes in statistical properties and irregular sampling induced by the masking. Our rationale is that
reconstructing key sequential regions ampli�es non-stationary and irregular sampling characteristics.
This enables the model to generate more effective latent representations for the downstream task. This
masking scheme, termed DAReM, can be seen as a generalization of the masking scheme proposed
in [21]. During training of a downstream task, STaRFormer dynamically gathers attention weights

A = softmax
�

QK T
p

dk

�
; A 2 RL � B � N � N (left tower, Fig. 1), whereL; B; N represent the number

of attention layers, the mini-batch size, and the number of elements in the sequences, respectively.
The attention weights, denoted asA , essentially indicate the importance of each sequential element
with respect to each other. The collected attention weights are then aggregated via attention rollout
[58], refer to Eq. (39), resulting in~A 2 RB � N � N . In order to determine the `global' importance of
speci�c elements within a sequence, we compute the attention scores,� i;k 0, refer to Eq. (40), as in
[21], where greater� i;k 0 values indicate a higher importance of a sequential element and vice versa.
The resulting attention scores,� i;k 0 2 RB � N , allow a distinct masking scheme for each element
in X , resulting inB masks perX . The creation of the regional mask,g : D ! R , requires three
hyperparameters:' , determines the maximum amount of elements that are masked;� , determines
the number of sequential elements that are masked based on the attention scores� (see Eq. (40)); and

 , which determines the bounds of the region to be masked. Further details of DAReM, including the
implementation, are provided in Appendix B.3.

3.1.2 Semi-supervised contrastive learning

Previous work has focused on pretraining techniques aimed at creating generalizable time series
representations applicable to a wide range of downstream tasks, as well as on learning sequence
reconstructions both during pretraining and during training of a downstream task [24, 27, 42, 23, 21].
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Instead, STaRFormer aims to enhance the latent space representation utilized by the model to perform
a downstream task. While training for a downstream task, DAReM allows the creation of two
correlated latent representations, i.e., masked (~Z ( i ) ) and unmasked (Z ( i ) ). It is well know that CL
can extract high-quality, discriminative features [52–54, 59, 55, 60]. Thus, with STaRFormer, we
aim to facilitate CL in optimizing the trade-off between these representations (Appendix B.3, Fig. 8)
leveraging unmasked and masked embeddings of the same input sequence asbatch-wiseand of
the same class asclass-wise positive pairs. This aims to: strengthen the model's robustness to
perturbations, enhance generalization, reduce over�tting, and improve resilience to challenges like
non-stationarity and irregular sampling. Based on these positive pairs, STaRFormer fuses two types
of CL tasks: (i)self-supervisedusing batch-wise, and (ii)supervisedusing class-wise similarities.
We propose three formulations: the �rst requiring a class label per sequence; the second requiring a
label for every sequential element; and the third requiring a scalar target value per sequence.

Formulation 1 - Sequence-level prediction tasks. During training, the latent spacesZ; ~Z 2
RN � B � F become three-dimensional tensor representations, whereZ = f (X ), ~Z = f (g('; 
; �; X ))
andF is the latent embedding dimension. To extract the similarity scores, by computing the inter-
sequence cosine similarity (sim(u; v ) = uT v=kuk kvk) between the sequences in a batch, we
average the latent representations along their �rst dimension, i.e.,Ẑ i;j = 1

N

P N
n =1 Zn;i;j j 2 RB � F ,

reducing each sequence to a single vector representation. This allows us to formulate the NT-Xent [52]
inspired batch-wise contrastive loss for a single positive batch-wise sample as:

l ( i )
bw = � log

exp
�

sim
�

ẑ( i ) ; ~̂z( i )
�

=�
�

P B
k=1 I [k6= i ] exp

�
sim

�
ẑ( i ) ; ~̂z(k )

�
=�

� (1)

and the class-wise contrastive loss for a single positive class-wise sample as:

l ( i )
cw = � log

P B
j =1 I [Cj = Ci ] exp

�
sim

�
ẑ( i ) ; ~̂z( j )

�
=�

�

P B
k=1 I [Ck 6= Ci ] exp

�
sim

�
ẑ( i ) ; ~̂z(k )

�
=�

� : (2)

The indicator function differs in the two cases:I [k6= i ] for batch-wise, which is 1 iffk 6= i , I [Ck 6= Ci ]
for class-wise, which is 1 if the class ofi is different from the class ofk, and vice versa forI [Ck = Ci ].
The complete loss is the sum over all sequences in a batch, where the batch-wise and class-wise
components are de�ned asLbw = 1

B

P B
i =1 l ( i )

bw andL cw = 1
B

P B
i =1 l ( i )

cw respectively.

Formulation 2 - Sequence element-level prediction tasks.The previous formulation is insuf�cient
for element-wise prediction tasks. To address this, we introduce modi�cations that enable the
application of our contrastive loss compositions in such settings. To create element-wise positive
pairs per batch element, the �rst two dimensions ofZ are collapsed to formZ 
at ; ~Z 
at 2 RN � B � F .
Thus, at each position wherei = j , the element originates from the same sequential input element.
Consequently, the element-wise contrastive loss for a single sequential element becomes:

l ( i )
bw = � log

exp
�

sim
�

z( i )

at ; ~z( i )


at

�
=�

�

P N � B
k=1 I [k6= i ] exp

�
sim

�
z( i )


at ; ~z(k )

at

�
=�

� : (3)

In the element-wise formulation, the class-wise positive pairs allowintra- andinter-classformulations,
whereas, in Formulation 1, onlyinter-classformulations are possible. To compute the positive pairs,
we need to de�ne a left,Y l 2 RB � N � 1, and a right,Y r 2 R1� B � N , label tensor as well as a sequence
indicator tensor,S = b i

N � B c, wherei = f 0; 1; :::; N � (B � 1)g. Thus, theinter-classelement-wise
contrastive loss for a single sequential element becomes:

l ( i )
cw-inter = � log

P N � B
j =1 I ( i;j )

inter ;
h
Y ( i;j )

l = Y ( i;j )
r

i exp
�

sim
�

z( i )

at ; ~z( j )


at

�
=�

�

P N � B
k=1 I ( i;k )

inter ;
h
Y ( i;k )

l 6= Y ( i;k )
r

i exp
�

sim
�

z( i )

at ; ~z(k )


at

�
=�

� (4)

whereI ( i;j )

inter ;
h
Y ( i;j )

l = Y ( i;j )
r

i is 1 iff S i 6= S j ^ Y ( i;j )
l = Y ( i;j )

r ^ Y ( i;j )
l > � 1 ^ Y ( i;j )

r > � 1,

refer to Eq. (41). Theintra-classformulation requires the cosine similarity computation between
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each element of a sequence,simintra . We use a batch-wise matrix multiplication operator
N

bmm :
RB � N � M � RB � M � P ! RB � N � P to compute the three-dimensional similarity matrix (Eq. (42)).
Zperm and~Zperm are permuted equivalents ofZ and~Z �tted to the required shapes for

N
bmm . Thus,

theintra-classelement-wise contrastive loss for a single sequential element becomes:

l ( i;j )
cw-intra = � log

I ( i;j )

intra ;
h
Y ( i;j )

l = Y ( i;j )
r

i exp
�

simintra

�
z( i )

perm ; ~z( j )
perm

�
=�

�

P N
k=1 I ( i;k )

intra ;
h
Y ( i;k )

l 6= Y ( i;k )
r

i exp
�

simintra

�
z( i )

perm ; ~z(k )
perm

�
=�

� (5)

whereI ( i;j )

intra ;
h
Y ( i;j )

l = Y ( i;j )
r

i is 1 iff i 6= j ^ Y ( i;j )
l = Y ( i;j )

r ^ Y ( i;j )
l > � 1 ^ Y ( i;j )

r > � 1 (Eq. (43)).

For the element-wise formulation, the total batch-wise loss isLbw = 1
N � B

P N � B
i =1 l ( i )

bw , whereas the

total class-wise loss isL cw = 1
N � B

P N � B
i =1 l ( i )

cw� inter + 1
B

P B
i =1

1
N

P N
j =1 l ( i;j )

cw� intra .

Formulation 3 - Sequence-level regression tasks.This section outlines the formulation for the
regression task, which necessitates scalar predictions rather than categorical classes. Consequently,
only the self-supervised component, speci�cally the batch-wise formulation presented in the sequence-
level prediction task (Eq. (1)), can be computed directly. To incorporate the supervised CL component,
we generate pseudo labels by clustering the predictive target values intoK clusters. The parameter
k is a hyperparameter requiring optimization. Once the targets are clustered, each target within a
clusterk 2 K is assigned the same pseudo-labelk, which is subsequently employed as supervision in
Eq. (2). The clustering of target values intok clusters is achieved using the k-means algorithm [61].

Independent of the formulation used, we de�ne the fused contrastive loss as the weighted sum of the
batch-wise and class-wise contrastive losses:

LSTaR-CL = � fuse-CLLbw + (1 � � fuse-CL)L cw : (6)

Finally, STaRFormer's loss is de�ned as the weighted sum ofLTask and the fused contrastive loss,
L STaR-CL: LSTaRFormer = LTask + � CL LSTaR-CL; (7)

where� CL is a tunable hyperparameter. In our experiments, we set� fuse-CL = 0 :5 to equally weigh
batch and class-wise similarities. For further insights, see Appendix B.3 and Figures 10 and 11.

4 Experiments

This work is motivated by the challenge of predicting user intent (a classi�cation task) from non-
stationary, spatiotemporal, and irregularly sampled time series. This problem can present signi�cant
dif�culties for conventional modeling techniques. Our main focus is to evaluate model performance
under these conditions. To ensure a robust and comprehensive assessment, we additionally employ an
irregular sampled and a regular sampled time series benchmark. To demonstrate broader applicability,
we extend the evaluation to additional downstream tasks, i.e., anomaly detection and regression.
We compare against state-of-the-art methods to evaluate STaRFormer's effectiveness and perform
exhaustive ablation studies to verify the performance gains. In [62], we present a comprehensive
large-scale evaluation conducted within a federated environment.

4.1 Classi�cation results

This section reports the classi�cation results obtained across various time series domains.

4.1.1 Non-stationary and spatiotemporal time series

First, we evaluate the performance on non-stationary spatiotemporal data using the DKT and Geolife
(GL) [63] datasets. The DKT dataset consists of a mixture of non-stationary, spatiotemporal, and
irregularly sampled time series, encompassing 559,709 labeled and anonymized customer trajectories.
These trajectories were recorded from vehicles in the BMW Group's �eet over a three-month period.
The associated task is intent prediction, which is framed as a binary classi�cation problem. The DKT
results in Table 1 are averaged over �ve seeds. We additionally use a public dataset (GL) similar to the
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Table 1: Results for spatiotemporal,
non-stationary time series.

DKT GL

Accuracy" F0:5 " Accuracy"

RNN 0.754� 0.010 0.754� 0.010 0.643++

TrajFormer++ - - 0.855
SVM�� - - 0.861
LSTM 0.844� 0.003 0.843� 0.002 0.884��

GRU 0.840� 0.003 0.840� 0.003 0.898��

ST-GRU�� - - 0.913
Transformer 0.849� 0:002 0.849� 0:002 0.881
TARNet 0.781� 0:011 0.782� 0:012 0.880
TimesURL 0.724� 0:003 - 0.751

STaRFormer 0.852� 0.003 0.852� 0.003 0.932

Table 2: Results for irregular sampled time series (in %).

P19 P12 PAM

AUROC" AUPRC" AUROC " AUPRC" Accuracy" Precision" Recall" F1-Score"

Transformery 80:7 � 3:8 42:7 � 7:7 83:3 � 0:7 47:9 � 3:6 83:5 � 1:5 84:8 � 1:5 86:0 � 1:2 85:0 � 1:3
Trans-meany 83:7 � 1:8 45:8 � 3:2 82:6 � 2:0 46:3 � 4:0 83:7 � 2:3 84:9 � 2:6 86:4 � 2:1 85:1 � 2:4
GRU-Dy 83:9 � 1:7 46:9 � 2:1 81:9 � 2:1 46:1 � 4:7 83:3 � 1:6 84:6 � 1:2 85:2 � 1:6 84:8 � 1:2
SeFTy 81:2 � 2:3 41:9 � 3:1 73:9 � 2:5 31:1 � 4:1 67:1 � 2:2 70:0 � 2:4 68:2 � 1:5 68:5 � 1:8
mTANDy 84:4 � 1:3 50:6 � 2:0 84:2 � 0:8 48:2 � 3:4 74:6 � 4:3 74:3 � 4:0 79:5 � 2:8 76:8 � 3:4
IP-Nety 84:6 � 1:3 38:1 � 3:7 82:6 � 1:4 47:6 � 3:1 74:3 � 3:8 75:6 � 2:1 77:9 � 2:2 76:6 � 2:8
DGM2-Oy 86:7 � 3:4 44:7 � 11:7 84:4 � 1:6 47:3 � 3:6 82:4 � 2:3 85:2 � 1:2 83:9 � 2:3 84:3 � 1:8
MTGNNy 81:9 � 6:2 39:9 � 8:9 74:4 � 6:7 35:5 � 6:0 83:4 � 1:9 85:2 � 1:7 86:1 � 1:9 85:9 � 2:4
Raindropy 87:0 � 2:3 51:8 � 5:5 82:8 � 1:7 44:0 � 3:0 88:5 � 1:5 89:9 � 1:5 89:9 � 0:6 89:8 � 1:0
ViTSTy 89:2 � 2:0 53:1 � 3:4 85:1 � 0:8 51:1 � 4:1 95.8� 1:3 96.2� 1:3 96.1� 1:1 96.5� 1:2

STaRFormer 89.4� 1:3 61.3� 3:4 85.3� 1:2 52.0� 1:7 97.6� 0:9 97.3� 0:4 97.6� 0:3 97.4� 0:3

The model results marked with ** are taken from [17],++ from [51] andy from [3].

DKT dataset to evaluate STaRFormer. Due to the environmental in�uences while recording GPS data,
we expected some degree of non-stationary in GL [10]. KPSS and ADF tests [64, 65] con�rmed that
93%of the data used for training and validation is non-stationary. Across both datasets, STaRFormer
consistently outperforms state-of-the-art approaches, including TimesURL and other Transformer-
based methods such as TARNet. The results are documented in Table 1. Additionally, we perform
a robustness analysis with baseline models that achieve very similar performance to STaRFormer
on the DKT dataset. To investigate the sensitivity of the predictions to potential sensor noise, we
add noise to the last 10 and 30 elements of longer sequences in the test set of DKT and evaluate
the coef�cient of variation (CV). The analysis reveals that all models exhibit reduced robustness as
noise increases. However, STaRFormer demonstrates superior robustness by maintaining the lowest
CV and moderate MAE values, indicating minimal sensitivity to noise. In contrast, the Transformer
model exhibits the most signi�cant performance degradation, underscoring the effectiveness of our
approach in learning robust latent representations that enhance downstream task performance. Refer
to Appendix D.2 and Table 14 for an extended analysis.

4.1.2 Irregularly sampled time series

We compare STaRFormer against state-of-the-art methods designed for irregularly sampled time
series on the PhysioNet Sepsis Early Prediction Challenge 2019 (P19) [66], the PhysioNet Mortality
Prediction Challenge 2012 (P12) [67], and the Physical Activity Monitoring (PAM) [68] datasets. In
real-world applications, particularly in healthcare, the times series data is often accompanied with
static attributes. Following prior baseline methods, such as ViTST, we convert these static attributes
into sentences and encode them using RoBERTa [69]. The resulting embeddings are concatenated
with the latent embeddings from STaRFormer before being passed to the output head. For consistency,
static features are also used in all baseline models. The results are averaged over �ve data splits.
Across all models, STaRFormer consistently and signi�cantly outperforms state-of-the-art baseline
models on all datasets. Furthermore, STaRFormer yields predictions with signi�cantly smaller
standard deviations across all metrics than other methods, indicating greater consistency, reliability,
and reduced performance variability. The results validate that our approach works particularly well
for irregularly sampled time series. These �ndings are summarized in Table 2.

4.1.3 Regular time series

We evaluate STaRFormer using the UEA benchmark [70] to assess its performance on regular time
series. The datasets covers a variety of domains, sensor types, sampling frequencies, number of
samples, time series lengths, feature counts, and target classes for comprehensive evaluation. For the
evaluation in Table 3, as not all models have reported results on the complete benchmark, we consider

Table 3: Classi�cation results on the multivariate time series UEA benchmark (30 datasets) [70].

ViTSTy DTWD� Weasel-
Muse�

TST
(TimesURL)+ T-Loss+ TS-TCC+ TNC+ TS2Vec+ InfoTS++ Rocket�

Mini-
Rocket�

TST
(TARNet)� InfoTSs

++ TimesURL+ TARNet�
STaR-

Former

Avg. Accuracy" 0.790 0.608 0.691 0.617 0.658 0.668 0.670 0.704 0.714 0.715 0.719 0.729 0.730 0.752 0.7550.795
Rank# - - - 13 12 11 10 9 8 7 6 5 4 3 2 1
Avg. Rank# - - - 10.6 8.6 9.2 9.9 7.4 6.8 5.5 5.7 6.5 5.3 3.9 4.9 2.8
Top Scores" 1 0 5 1 1 1 0 1 1 5 4 6 3 4 7 9
1-v-1 " 8 28 20 29 27 27 29 25 27 19 22 23 23 19 21 -
DS Count 10 29 28 30 30 30 30 30 30 30 30 30 30 30 30 30

Accuracy 28" - 0.604 0.691 0.631 0.675 0.680 0.677 0.713 0.722 0.730 0.733 0.724 0.738 0.760 0.7700.793
Rank 28# - 15 10 14 13 11 12 9 8 6 5 7 4 3 2 1
Avg. Rank 28# - 11.2 7.8 11.7 9.1 10.3 11.0 8.1 7.5 5.8 6.0 7.5 5.8 4.1 5.2 3.1

Accuracy 9" 0.776 0.702 0.737 0.674 0.717 0.708 0.715 0.734 0.727 0.756 0.751 0.771 0.736 0.770 0.7170.793
Rank 9# 2 15 7 16 12 14 13 9 10 5 6 3 8 4 11 1
Avg. Rank 9# 6.4 11.8 9.0 12.3 11.1 11.3 10.8 9.0 10.0 6.7 7.4 3.9 8.4 5.3 6.3 3.3

The model results marked with * are taken from the [21],+ from [27], ++ from [26] andy from [3].
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three splits of the benchmark depending on the results available in literature (UEA, UEA 28 and
UEA 9). The summarized scores of the complete results (Table 30) across the UEA benchmark are
displayed in Table 3. STaRFormer achieves the highest accuracy in all three splits (0:795), improving
the state-of-the-art on the complete benchmark by4.0percentage points; the largest number of top
scores(9); and the best average rank (2.8). Furthermore, STaRFormer performs better on UEA
datasets with only a few samples, achieving top scores for DDK, NT, PS, SCP2 and SWJ for example.
This suggests its capability as an augmentation technique, especially for lower data regimes.

4.2 Anomaly detection results

In this setting, we adopt the stream-
ing evaluation protocol proposed
in [71] and utilized by [24, 27]. The
model performance is evaluated on
the KPI [71] and Yahoo [72] bench-
mark datasets and compared against
several state-of-the-art approaches,
such as TimesURL and TS2Vec.

Table 4: Anomaly detection results (univariate).

Yahoo KPI

F1 " Precision" Recall" F1 " Precision" Recall"

SPOT 0.338 0.269 0.454 0.217 0.786 0.126
DSPOT 0.316 0.241 0.458 0.521 0.623 0.447
DONUT 0.026 0.013 0.825 0.347 0.371 0.326
SR 0.563 0.451 0.747 0.622 0.647 0.598
TS2Vec 0.745 0.729 0.762 0.677 0.929 0.533
TimesURL 0.749 0.748 0.750 0.688 0.925 0.546

STaRFormer 0.789 0.772 0.807 0.830 0.852 0.811

Each time series is split chronologically, where the �rst half is used for training and the second
for evaluation. To facilitate ef�cient computation, we choose to segment sequences into �xed-size
windows, allowing overlap between these segments during training. STaRFormer demonstrates
superior performance across both datasets in the benchmark, as shown in Table 4.

4.3 Time series extrinsic regression results

Table 5: Regression results on the TSR benchmark (19 datasets) [73] reported in RMSE.

FPCR�
SVR

Optimised�
Random
Forest�

XG-
Boost�

5-NN-
ED�

5-NN-
DTWD� Rocket� FCN�

Res-
Net� Inception�

TAR-
Net

STaR-
Former

Avg. Rel. Mean
Difference# 0.028 0.208 -0.121 -0.132 0.051 -0.034 -0.245 -0.160 -0.119 -0.220 0.170-0.254

Avg. Rel. Mean
Difference Rank# 9 12 6 5 10 8 2 4 7 3 11 1

Top Scores" 1 0 0 4 0 0 7 0 0 3 0 9

The model results marked with * are taken from the of�cial benchmark (http://tseregression.org/ ).

The results of the Time Series Extrinsic Regression (TSR) benchmark are summarized in Table 5.
The complete results can be found in Table 33. The results present the Root Mean Squared Error
(RMSE) of scalar regression predictions produced by each model. In order to facilitate a comparative
analysis of the models within this benchmark, we adhere to the evaluation metric established in [23],
referred to as the average relative mean difference (Eq. (48)). This metric quantitatively evaluates
the deviation of each model from the mean RMSE for each dataset. Therefore, superior model
performance is indicated by increasingly negative values of the metric, whereas inferior performance
corresponds to less negative and positive values. We implemented TARNet and utilize the model
con�gurations provided by the authors, where available, for the respective datasets. Across the entirety
of the benchmark, STaRFormer consistently achieves the greatest relative mean difference among all
models, alongside the largest number of top scores.

4.4 What contributes to STaRFormer's performance?

This section investigates the source of STaRFormer's performance gains through empirical validation.

4.4.1 STaRFormer architecture ablation

To demonstrate the performance gains achieved by DAReM paired with the semi-supervised CL
in STaRFormer, we train two ablations of STaRFormer: an encoder-only Transformer (Base), and
STaRFormer with Random Masking (RM). We select the datasets from Sections 4.1.1, 4.1.2, and
4.2, in addition to a representative set from the UEA benchmark (see Appendix C.1.3), for a total of
19 datasets. STaRFormer outperforms STaRFormer-RM in 16 out of the 19 selected datasets, while
STaRFormer-RM outperforms STaRFormer only in one dataset, verifying that DAReM signi�cantly
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Table 6: STaRFormer archi-
tecture ablation results on 19
datasets.

Base STaRFormer-RM STaRFormer

Avg. Acc. 0.824 0.826 0.841
Rank 3 2 1

Avg Rank 2.1 2.5 1.2
Top Scores 5 2 15

1-v-1
Base - 12 3
RM 6 - 1

STaRFormer 14 16 -

Table 7: Ablation results for semi-supervised CL and DAReM.

CL Method DKT (� CL � 0:796) GL (� CL � 0:773) PAM (� CL � 0:567)

Accuracy" F0:5 " Accuracy" F0:5 " Accuracy" Precision" Recall" F1 "

semi1 85.2� 0:3 85.2� 0:3 90:4 � 1:6 88:3 � 1:9 97.6� 0:9 97:3 � 0:4 97.6� 0:3 97:4 � 0:3

w/o self1 84:8 � 0:2 84:8 � 0:2 90:0 � 1:4 87:7 � 1:5 96:2 � 2:1 97:1 � 0:7 97:0 � 0:7 97:0 � 0:7
w/o sup1 84:8 � 0:1 84:7 � 0:2 89:5 � 1:6 87:7 � 1:4 96:5 � 1:6 97:5 � 0:3 97:4 � 0:5 97:4 � 0:3

semi1:
� CL = 0 :1 84:8 � 0:1 84:6 � 0:4 90:0 � 1:8 87:9 � 2:1 96:2 � 1:4 96:6 � 0:6 96:8 � 1:0 96:7 � 0:8
� CL = 1 85:1 � 0:2 85:1 � 0:2 90:2 � 1:3 88:0 � 1:5 97:2 � 0:7 97:4 � 0:3 97:2 � 0:7 97:3 � 0:4
� CL = 5 84:9 � 0:2 84:9 � 0:2 90.8� 1:3 88.7� 1:6 96:7 � 2:3 97:5 � 1:2 97:0 � 1:7 97:2 � 1:5
� CL = 10 84:6 � 0:3 84:6 � 0:3 90:6 � 1:0 88:5 � 1:3 97:0 � 1:6 97.7� 0:7 97.6� 0:7 97.6� 0:7


 DKT (' � 0:427; � = 0 :2) GL (' � 0:472; � = 0 :3) PAM (' � 0:207; � = 0 :3)

Accuracy" F0:5 " Accuracy" F0:5 " Accuracy" Precision" Recall" F1 "

0.00 85:0 � 0:2 85:0 � 0:2 89:8 � 1:9 87:9 � 1:8 97:0 � 0:7 97:4 � 0:2 97:3 � 0:6 97:3 � 0:3
0.05 85:0 � 0:3 84:8 � 0:3 90.4� 1:6 88:3 � 1:9 95:8 � 1:6 96:8 � 0:8 96:8 � 0:7 96:7 � 0:7
0.10 84:9 � 0:3 84:9 � 0:2 90:3 � 1:2 88:2 � 1:3 97.6� 0:9 97:3 � 0:4 97.6� 0:3 97:4 � 0:3
0.15 85:0 � 0:2 85:0 � 0:2 90:3 � 1:5 88:2 � 1:7 97:1 � 1:1 97.5� 0:6 97:5 � 1:0 97.5� 0:8
0.20 85:1 � 0:1 85:1 � 0:1 90:1 � 1:1 87:9 � 1:0 96:2 � 0:8 96:7 � 0:5 96:6 � 0:6 96:6 � 0:4
0.25 85.2� 0:3 85.2� 0:3 90:1 � 1:6 88.4� 1:4 96:4 � 1:1 96:9 � 0:7 96:5 � 0:6 96:7 � 0:5
0.30 85:0 � 0:1 85:0 � 0:1 90:3 � 1:3 88:2 � 1:4 96:3 � 0:9 96:7 � 0:5 96:4 � 0:5 96:5 � 0:4

enhances the robustness of the model compared to RM, see Table 6. STaRFormer achieves the highest
average accuracy (0:841), surpassing the two ablation variants by1:5 and1:7 percentage points
respectively; the highest number of top scores (15); and best average rank (1:2).

4.4.2 Impact of semi-supervised contrastive learning and regional masking

Impact of semi-supervised CL. We examine the effect of different components of the semi-
supervised CL in STaRFormer by removing the respective components from the loss function. The
results in Table 7 show the advantages of maximizing agreement between both batch-wise and
class-wise representations in CL. The downstream task performance (accuracy) declined by0:4 to
1:4 percentage points when these representations were not fused in the CL approach. There is no
consistent trend favoring one representation over the other; e.g., in GL, supervised CL outperformed
self-supervised CL, while the opposite holds for PAM. In DKT, both methods yield comparable
results. Additionally, we study the impact of combining the contrastive lossLSTaR-CL and the task
lossLTask via � CL , Eq. (7). The scale difference betweenLTask andLSTaR-CL is approximately a factor
of 10 across all datasets. Consequently, values of� CL > 0:1 assign greater weight toLSTaR-CL, thus
increasing its impact on the overall loss and the model updates during backpropagation. Our results
indicate that higher values of� CL lead to improved performance, with all top scores achieved at
� CL > 0:1 (in some cases, large weights of 5 and 10 yielded best results). These results indicate
that emphasizing context-aware representation learning during the training of a downstream task can
enhance the overall performance on this task, supporting our approach.

Impact of regional masking. To examine the impact and bene�t of masking regions with DAReM,
we perform an one-at-a-time analysis (OAT), where we iteratively change the region de�ning pa-
rameter,
 , while keeping all other parameters �xed. We expect better performance when using
larger masking regions (
 > 0) around the top-k compared to only masking the top-k important
sequential elements (
 = 0 ), which is essentially the masking approach in TARNet. However,
excessively large masked regions may degrade performance by limiting the informative context for
reconstruction. The observed trend indicates on a macro scale that masking larger regions enhances
the performance of STaRFormer. Masking regions larger or equal to10%of the global sequence
length around the selected elements achieves top scores for 7 out of 8 metrics (Table 7 bottom section).
On a micro-scale, performance peaks were observed at different optimal con�gurations with the best
performance for DKT at
 = 0 :25, whereas for GL and PAM, the performance peaks were found for
smaller region masks. Further increasing or decreasing the masked regions gradually deteriorated the
results, supporting our initial hypothesis.

4.4.3 Latent space analysis

To evaluate the hypothesis that enhancing the latent space embedding improves prediction perfor-
mance, we analyzed t-SNE visualizations [74] of four datasets (test sets only) where STaRFormer
outperforms the Base ablation. Thus, we compare the latent space representation of Base and STaR-
Former. As shown in Fig. 2, the t-SNE visualizations reveal that while Base achieves some degree
of class separation, STaRFormer consistently produces distinct and well-separated clusters for each

1semi = semi-supervised, self = self-supervised and sup = supervised
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