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Abstract
With the widespread adoption of IoT, wearable devices, and
sensors, time series data from human subjects are signifi-
cantly increasing in the healthcare domain. Due to the la-
borious nature of manual annotation in time series data and
the requirement for human experts, self-supervised learning
methods are attempted to alleviate the limited label situa-
tions. While existing self-supervised methods have been suc-
cessful to achieve comparable performance to the fully su-
pervised methods, there are still some limitations that need
to be addressed, considering the nature of time series data
from human subjects: In real-world clinical settings, data
labels (e.g., sleep stages) are usually annotated by subject-
level, and there is a substantial variation in patterns be-
tween subjects. Thus, a model should be designed to deal
with not only the label scarcity but also subject-wise na-
ture of data to ensure high performance in real-world sce-
narios. To mitigate these issues, we propose a novel self-
supervised learning framework for human subject time se-
ries data: Subject-Aware Time Series Clustering (SA-TSC).
In the unsupervised representation learning phase, SA-TSC
adopts a subject-wise learning strategy rather than instance-
wise learning which randomly samples data instances from
different subjects within the batch during training. Specifi-
cally, we generate subject-graphs with our graph construc-
tion method based on Gumbel-Softmax and perform graph
spectral clustering on each subject-graph. In addition, we uti-
lize graph neural networks to capture dependencies between
channels and design our own graph learning module moti-
vated from self-supervised loss. Experimental results show
the outstanding performance of our SA-TSC with the lim-
ited & subject-wise label setting, leading to its high appli-
cability to the healthcare industry. The code is available at:
https://github.com/DILAB-HYU/SA-TSC

Introduction
Time series data plays an important role in representing var-
ious real-life domains and situations (Lee, Park, and Chae
2023; Kim and Chae 2023). However, unlike images or
texts, time series data is less human-friendly, making manual
annotation significantly time-consuming, laborious, and re-
quires human experts (Eldele et al. 2021). Therefore, design-
ing a machine learning framework that considers the limited
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Figure 1: The necessity of subject-wise learning

labeled data on time series has gained great attention from
researchers recently. In this context, Self-Supervised Learn-
ing (SSL) methods have been widely adopted.

Especially, as time-series data from human subjects are
increasing due to the widespread adoption of wearable de-
vices and sensors (Mohammadi et al. 2018), self-supervised
models such as TS-TCC (Eldele et al. 2021) and CA-TCC
(Eldele et al. 2022) have gained prominence in areas like
human activity and sleep data research. Furthermore, some
studies (e.g., SleepDPC (Xiao et al. 2021), CoSleep (Ye
et al. 2021), SSLAPP (Lee, Seong, and Chae 2022)) specif-
ically focus on the sleep staging task. Self-supervised learn-
ing methods first learn a meaningful representation of data in
an unsupervised manner and then fine-tune the model using
only a few labels in its downstream task. Remarkably, these
strategies exhibit comparable performance to the supervised
methods even in the limited labeled settings.

Despite the significant achievements of such self-
supervised methods on time series data, there still exist lim-
itations that need to be addressed specifically for time series
data from human subjects1 which are vastly collected nowa-

1In a clinical setting, time series data is collected from various
subjects with multiple data instances (e.g., EEG, EOG, EMG), with
the collection/annotation process being conducted on a subject-by-
subject basis. Here, subjects typically refer to ‘patients’. Given the
constraints and complexities of such studies, it is often expected
that only a very limited number of subjects can be recruited.
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days in various domains such as healthcare (Chung et al.
2022; Kwon et al. 2021). Considering that data labels such
as sleep stages are typically annotated at the subject level,
and there exists a significant variation in patterns among dif-
ferent subjects, we claim that the learning strategy needs to
be re-designed into a subject-oriented manner. In the upper
part of Figure 1, we represent instances from the Human
Activity Recognition dataset, each with identical labels but
from different human subjects. This reveals that even with
consistent labels, time series patterns can be distinct depend-
ing on individuals. We thus emphasize the need for special
consideration to this domain, designating it as ‘human sub-
ject time series data’. Previous studies focus on the general
nature of time series, overlooking the specific characteris-
tics inherent to human subject time series data. These stud-
ies have focused on individual data instance units, without
the consideration of subject where such instances belong to.

Considering these inherent individual characteristics in
human subject time series data, we propose a subject-wise
clustering strategy for representation learning. Fig 1. (a)
and (b) compare instance-wise clustering and subject-wise
clustering for representation learning. The instance-wise
method, adopted from prior works, performs representation
learning in the full data space which leads to incorporat-
ing inter-subject variance. In contrast, our proposed subject-
wise clustering strategy considers the subject characteristics
and reduces inter-subject variance for representation learn-
ing.

Furthermore, we argue that for optimal performance in
real-world scenarios, the model must address not only la-
bel scarcity but also subject-wise labels, since real-world
data annotations are typically performed subject-wise, not
instance-wise. Hence, we assert the importance of verifying
the model performance in limited & subject-wise label set-
ting configuration to confirm its applicability.

From this perspective, we propose Subject-Aware Time
Series Clustering (SA-TSC): a novel self-supervised frame-
work for human subject time series data based on a subject-
aware learning strategy. Our subject-wise learning is ex-
pected to enable the model to extract representations within
the subject context by reducing inter-subject variance,
which time series data from human subjects may have due to
individual human characteristics. This helps the model learn
discriminative representation in the subject space (the em-
bedding space of each subject graph representation obtained
by subject-wise learning; the space for learning robust repre-
sentations to inter-subject variance), which we expect results
in an outstanding performance in the limited & subject-wise
label setting.

Technically, SA-TSC is composed of a subject-wise clus-
tering framework for representation learning and a fine-
tuning model with few subject-level labels. The clustering
framework is composed of representation extraction from
each data instance within a subject, followed by represen-
tation graphs of each subject for spectral clustering. We de-
sign spatial graph neural networks to capture multi-channel
dependencies and use positive and negative pairs for spa-
tial graph representation learning. Here, we employ a posi-
tive pairwise loss with a graph augmentation technique that

leverages cross-domain information integrating both time
domain and frequency domain data. Furthermore, we pro-
pose an agreement loss with explicit positive and nega-
tive pairs within the batch. Then, to enable clustering for
each subject, we embed data within the same subject into a
graph structure and perform graph spectral clustering. To en-
sure that the subject graph is well-constructed, we propose
a graph construction method utilizing Gumbel-Softmax on
the Gaussian kernel adjacency matrix. Experiments on three
real-world datasets show that our SA-TSC outperforms the
previous self-supervised methods with few subject-level la-
bels given in the fine-tuning stage. Our extensive ablation
study highlights the effectiveness of each proposed idea.

Related Work
In recent years, self-supervised learning (Ericsson et al.
2022; Chen et al. 2020; Chen and He 2021; Gao, Yao,
and Chen 2021) has been widely introduced to solve lim-
ited labeled data issues. The self-supervised method learns
representation in an unsupervised manner and fine-tunes
the model in a downstream task using few labels. While
many of the studies focus on image and text data, there
are some studies focusing on the healthcare domain. Self-
supervised learning in the healthcare domain focuses on ex-
tracting well-learned representation of time series data since
healthcare data shows time series patterns collected from
human bio-signals. Among them, contrastive learning ap-
proach which employs positive and negative pair is one of
the most popular methods for representation learning. Sleep-
DPC (Xiao et al. 2021) utilizes segment-based contrasting
on an auto-regressive model to learn time-based representa-
tion from sleep signals. CoSleep (Ye et al. 2021) proposes
a co-training mechanism of multi-view (time view and fre-
quency view), and applies contrastive learning to top-K pos-
itive pairs based on the similarity between the two views.
SleepDPC and CoSleep are both for sleep dataset which
includes various bio-signals such as electroencephalogra-
phy (EEG), electrooculography (EOG), electromyography
(EMG), etc. TS-TCC (Eldele et al. 2021) learns discrimina-
tive representation by temporal and contextual contrasting.
CA-TCC (Eldele et al. 2022) adopts a class-aware contrast-
ing strategy on TS-TCC. TS-TCC and CA-TCC are devel-
oped for general time series data and they conduct experi-
ments also on human activity data and sleep data. While pre-
vious approaches learn representations in an instance-wise
manner, our method is specifically designed to learn class
discriminative representations in the subject space, which is
better suited for real-world scenarios.

Motivation
Time series data from human subjects has the potential to
include individual characteristics leading to distinct patterns
between subjects, which we refer to as inter-subject vari-
ance.

Figure 2 illustrates the distinct time series patterns be-
tween human subjects in sleep staging. For example, sub-
jects with insomnia exhibit a higher frequency of the
‘awake’ stage than healthy patients. To account for such
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Figure 2: Different time series patterns between individuals.

Notation Description

X time series input data
H Spatial representation of X
S Class assignment of X
G Spatial Graph G = (V, E ,A)
V Multi-channel node set
E Edge connection between node set V
A Adjacency matrix of G
G̃ Positive pair G̃ = (Ṽ, E ,A)

Ṽ Multi-channel cross-domain node set
G Subject Graph
W Adjacency matrix of G

Table 1: List of notations defined in the paper.

inter-subject variance within a dataset, we design the
subject-wise learning strategy. Its main idea is to form
batches with only instances belonging to the same subject,
whereas prior works form batches with randomly sampled
instances from various subjects. In addition, in real-world
scenarios, labels are very scarce and likely exist on a per-
subject (patient) basis since annotation is performed in a per-
subject manner. For example, sleep experts label each epoch
(30 seconds) into a sleep stage considering the comprehen-
sive trend of the sleep cycle during the patient’s entire sleep
recordings. However, prior works do not address this real-
world scenario and just randomly sample instances from var-
ious subjects for model finetuning. We argue that the fine-
tuning setting must be re-designed to be subject-oriented,
to demonstrate the model’s generalization to new subjects
given limited & subject-wise labeled data for real-world ap-
plication.

Proposed Method
We propose a graph-based time series clustering framework
for subject-wise representation learning, which we refer to
as SA-TSC. The overall architecture of SA-TSC is illus-
trated in Figure 4. We describe our proposed method across
two primary sections. In the first section, we define and out-
line the model structure, and in the second section, we delve
into the specifics of the training process.

Model Statement
Our model is composed of two distinct modules: 1) Spa-
tial Graph, which is designed to capture multi-channel de-
pendencies of individual data instance units, and 2) Subject
Graph, in which individual data instances are represented

Spatial graph 𝒢1 Spatial graph 𝒢2 Spatial graph 𝒢3 Spatial graph 𝒢𝑁

…

1 2 3 4 N
EEG …

SleepEDF data from 1 subject
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(1) Spatial graph learning

Figure 3: (1) The spatial graph G acting as a feature extrac-
tor to capture the intrinsic relationship among multi-channel
sensor data. (2) The subject graph G for subject-wise repre-
sentation learning avoiding inter-subject variance.

in a subject-wise graph structure. Our full framework can
be viewed as a hierarchical graph structure: each subject
graph contains nodes of data instances, and each data in-
stance node represents a graph of multi-channel time series
data, where each node corresponds to an individual channel.
Figure 3 illustrates the concept of the spatial graph and the
subject graph. The notations used in the paper are summa-
rized in Table 1.

1) Spatial Graph We employ graph structure to charac-
terize multi-channel data. Specifically, we represent multi-
channel time series data as an undirected unweighted graph
G = (V , E ,A), where V denotes the set of multi-channel
nodes (e.g., EEG Fpz-Cz, EEG Pz-Oz, EOG horizontal,
EMG submental). A graph G has m = |V| nodes and each
node {v1 . . . vm} ∈ V consists of node feature X ∈ Rm×t,
where t is the length of each data. The edge set E represents
the relationship between the channels based on topologi-
cal geometry. The connection between channels are repre-
sented by the adjacency matrix A ∈ Rm×m, where Ai,j = 1
iff(i, j) ∈ E . Here, since each dataset has a different topo-
logical characteristic, we carefully design a spatial graph
based on the specific characteristics of each dataset. For in-
stance, in the case of the activity recognition dataset which
comprises 3 triaxial sensors, we establish connections for
each sensor (e.g., x, y, z axis of accelerometer) and each axis
(e.g., x-axis of accelerometer, gyroscope)

Spatial representation H ∈ Rm×d is extracted from graph
G through the utilization of a spatial GNN. This spatial GNN
employs a 1D convolutional layer (CONV) to encode se-
quential patterns of the time series data, and a Message Pass-
ing (MP) layer to embed channel-wise relationships and cap-
ture multi-channel dependencies.
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Figure 4: The overall framework of SA-TSC, composed of two components: 1) Spatial representation learning to extract multi-
channel time series representation and 2) subject-wise clustering which performs graph spectral clustering on the subject space.
Note that the inputs to the model are individual subject’s data.

X′ = CONV(X; ΘCONV) (1)

H = MP(X′,A; ΘMP) (2)

We use multi-layer perceptron (MLP) on node represen-
tation H to derive cluster assignment S:

S = MLP(H; ΘMLP) (3)

2) Subject Graph In order to perform effective repre-
sentation learning in the subject space, we introduce a
subject-wise graph. The construction of the subject-graph G
is specifically oriented to differentiate subjects, preventing
data intermixing from distinct subjects, so that the model en-
sures learning discriminative representations within the des-
ignated subject space.

Graph construction is crucial when embedding real-world
data into a graph structure as emphasized by (Qiao et al.
2018). Since the model performance highly depends on the
quality of constructed graph, graph construction should be
performed carefully. Within this context, we utilize the spa-
tial representation H to represent individual data instances
in subject-graph G.

To be more specific, within total N data instances from
individual subjects, we construct a subject-wise graph G =
(H,W) as a weighted graph with the spatial representation
node feature H ∈ RB×d, where B is batch size controlling
the size of the graph. The adjacency matrix W represents
the edge weight between nodes. In detail, N/B graphs are
derived for each subject, which may differ between subjects

depending on N because each subject can have different to-
tal instances.

Here, we propose a graph construction method based on
Gumbel-Softmax and adjacency normalization in order to
construct a more representative graph structure. First, we
construct the initial adjacency matrix Wij using the Gaus-
sian kernel (Babaud et al. 1986), a non-linear function of
the Euclidean distance. Wij = exp

(
− ||Hi−Hj ||2

σ

)
repre-

sents the edge weight between node Hi and Hj , where σ
is the length scale parameter for the Gaussian kernel. Then,
Gumbel-Softmax distribution is computed to determine the
probability of edge existence. Let π1

ij be the initial logit of
edge existence derived from Wij , and π0

ij = 1 − π1
ij be its

opposite probability. The probability y1ij of edge existence is
calculated by:

y1ij =
exp((log(π1

ij) + g1ij)/τ)

Σ1
p=0exp((log(πp

ij) + gpij)/τ)
, (4)

where gp are samples drawn from Gumbel(0, 1). Finally, we
generate Wij by incorporating both the similarity and the
probability of edge existence:

Wij = Wij ⊗ y1ij , (5)

where ⊗ stands for element-wise multiplication.
We execute spectral clustering on individual subject-wise

graphs G, which we provide detailed information in the
‘training procedure’ section.
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Training Procedure
In the following section, we detail the training procedure
to optimize our model defined in the previous section. The
training process pursues two key objectives. First, the spa-
tial Graph Neural Network (GNN) (Scarselli et al. 2008) is
optimized to effectively represent individual multi-channel
time series data instances, which is achieved through a self-
supervised loss with positive and negative pairs. Secondly,
we apply spectral clustering on the subject graph G to gen-
erate a more comprehensive latent representation in the sub-
ject space.

Spatial Graph Learning Module We design our spatial
graph learning module to capture class-discriminant repre-
sentations in unlabeled graphs motivated by self-supervised
learning. The loss term for spatial graph learning is com-
posed of two objectives LBT , positive pairwise loss and LA,
agreement loss.

First, for positive pairwise loss LBT , we apply a simple
but efficient graph augmentation technique for positive pair
generation. Based on our initial spatial graph G = (V , E ,A)

we generate G̃ = (Ṽ, E ,A) by utilizing ‘cross-domain’ (e.g.,
frequency domain for time domain, and vice versa) knowl-
edge to integrate both time and frequency domain knowl-
edge of time series data. The node Ṽ = {ṽ1, . . . , ṽm} is
generated by ṽm = f(Xm), where f(·) transforms the input
data into the cross-domain view.

Based on the spatial representation H and H̃ from G and
G̃, we apply the positive pairwise loss for spatial representa-
tion learning inspired by (Zbontar et al. 2021):

H = MP(CONV(X,A; ΘCONV); ΘMP)

H̃ = MP(CONV(f(X),A; ΘCONV); ΘMP)
(6)

Then, we compute the cross-correlation matrix C ∈
Rm×m, which represents the cross-correlation between the
spatial representation features:

Cij =
Σmzm,iΣmz̃m,j√

Σm(zm,i)2
√

Σm(z̃m,i)2
(7)

where z and z̃ are the normalized vectors of H and H̃, re-
spectively. The normalization sets the mean to zero and the
standard deviation to one.

Finally, the positive pairwise loss LBT is composed of the
two terms: one for making the spatial representation invari-
ant to the augmentation and the other for reducing redun-
dancy between its features:

LBT =
∑
i

(1−Cii)
2 + λ

∑
i

∑
j ̸=i

Cij
2 (8)

where λ is a positive constant controlling the importance be-
tween loss terms.

Following the positive pairwise loss, the agreement loss
LA is introduced to enhance the prior loss with explicitly de-
fined positive and negative pairs. While augmentation is ap-
plied previously for positive pair generation, here we lever-
age the utilization of variable y1ij derived by Eq. (4) to de-
fine contrastive pairs. Based on the probability of edge ex-
istence y1ij between data points, we assign a binary value

Algorithm 1: Training procedure for SA-TSC.
Input: Time series input data X = {X}Ni=1, Adjacency
matrix A, Message passing network MP, 1D Convolutional
layer CONV, multi-layer perceptron MLP, agreement loss
weight λagree, spectral clustering loss weight λSP , batch size
B

1: for #epoch do
2: {# Spatial Graph Learning}
3: for sampled batch {Xi}Bi=1 do
4: Construct positive pair:
5: Hi = MP(CONV(Xi,A; ΘCONV); ΘMP)

6: H̃i = MP(CONV(f(Xi),A; ΘCONV); ΘMP)
7: Compute Positive Pairwise loss LBT (Eq.8)
8: end for
9: Compute edge existence (Eq.4)

10: for sampled batch {Xi}Bi=1 do
11: Specify positive and negative pairs (Eq.9)
12: Compute cluster assignment:
13: Si = MLP(Hi; ΘMLP)
14: Compute Agreement loss LA (Eq.10)
15: end for
16: {# Subject Graph Learning}
17: Given H = {H1,H2, . . . ,HB},
18: Compute adjacency matrix W (Eq.5)
19: Construct Subject graph G = (H,W)
20: Compute spectral clustering loss LSP (Eq. 12)
21: if epoch ≤ t then
22: L = LBT + λagree · LA
23: else
24: L = LBT + λagree · LA + λspectral · LSP
25: end if
26: end for

yij ∈ {0, 1} to specify positive and negative pairs.

yij =

{
1, if y1ij ≥ 0.5

0, if y1ij < 0.5
(9)

Based on Eq. (9), if yij is 1, indicating that the probability of
edge existence is greater than its non-existence, yij is 1, Hi

and Hj are assigned as positive pairs; otherwise, negative
pairs.

To achieve the fundamental essence of the agreement loss,
which aims to maximize the alignment among positive pairs
while simultaneously mitigating the alignment among nega-
tive pairs, the agreement loss LA is derived by,

LA =
∑
i

Σj11(yij)(Si − Sj)(sg(Hi)− sg(Hj))

Σj10(yij)(Si − Sj)(sg(Hi)− sg(Hj))
. (10)

Here, sg denotes for ‘stop-gradient’ operator which re-
stricts gradient flow, thereby maintaining the model param-
eter from being updated. We apply stop-gradient on spatial
representation H so that the model enforces the learning of
cluster assignment S based on H.

Finally, the spatial graph module is optimized by a com-
bined loss function given by,

L = LBT + λagree · LA, (11)
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where hyperparameter λagree controls the importance of the
agreement loss term.

Subject Graph Clustering Module In order to perform
our learning strategy in the subject space, we adopt spec-
tral clustering approach, which is known to be effective in
finding distinguishable cluster in the subspace (Von Luxburg
2007; Von Luxburg et al. 2010). We apply the spectral clus-
tering loss LSP based on cluster assignment S so that the
inter-cluster distance is maximized and the intra-cluster dis-
tance is minimized. Designed from the minCUT problem
(Bianchi, Grattarola, and Alippi 2020), LSP is defined as:

LSP = −Tr(STWS)

Tr(STDS)
+

∥∥∥∥ STS

∥STS∥F
− IK√

K

∥∥∥∥
F

, (12)

where D is the degree of G and ∥·∥F stands for the Frobe-
nius norm.

Finally, our final loss L is minimized with additional hy-
perparameter λspectral to control the importance of the spec-
tral loss:

L =

{
LBT + λagree · LA , if epoch ≤ t

LBT + λagree · LA + λspectral · LSP , otherwise
(13)

In the early training phase, the model is optimized solely
by the spatial graph learning module, and after a specific
epoch t, it is jointly optimized with the spectral clustering
loss LSP . This strategy ensures that a well-learned spatial
graph representation is embedded into the subject graph, and
the clustering module enforces the model to extract discrim-
inative representation in the subject space considering indi-
vidual characteristics.

Experimental Setup
Datasets We evaluate our model on three datasets: UCI
Human Activity Recognition (UCI-HAR) (Anguita et al.
2013), ISRUC (Khalighi et al. 2016), and SleepEDF (Gold-
berger et al. 2000). UCI-HAR contains sensor data from 30
subjects performing 6 activities: walking, walking upstairs,
downstairs, sitting, standing, and laying, collected from a
smartphone consisting of total 9 channels (triaxial acceler-
ation, estimated body acceleration, and angular velocity).
ISRUC and Sleep-EDF are polysomnographic (PSG) sleep
datasets which we classify into 5 classes: Wake, N1, N2, N3,
and REM. ISRUC is consisted of 10 subjects with 6 brain
signals (EEG C3-A2, C4-A1, F3-A2, F4-A1, O1-A2, O2-
A1), and SleepEDF contains 20 subject with total 39 night
recordings from 4 channels (EEG Fpz—Cz, EEG Pz-Oz,
EOG, and EMG). Table 2 summarizes the statistics of the
datasets used in our paper.

Evaluation Scenarios Each full dataset is split into
80%/20% designated as training and testing datasets respec-
tively. Then, we first perform unsupervised representation
learning with the full training dataset, and then conduct fine-
tuning by using the labeled instances belonging to the same
one or two subjects by randomly choosing ‘1 subject’ or ‘2
subjects’ labels from all the subjects involved. For the clas-
sification task, the cluster assignment S from spectral clus-

Dataset # Recordings # Instances # Classes # Channels

HAR 30 10,299 6 9
ISRUC 10 8,589 5 6
SleepEDF 39 42,308 5 4

Table 2: Statistics of the datasets used in the experiment. In
HAR and ISRUC datasets, the number of subjects is equal
to ‘# Recordings’, and in SleepEDF, it is 20 (19 subjects
with 2 recordings each, and the rest 1 subject with 1 record-
ing). ‘# Instances’ stands for the number of total instances
which eventually represents the total number of nodes that
construct the subject-graphs. ‘# Channels’ denotes the num-
ber of nodes in the spatial graph.

tering is used as the class prediction label. We report clas-
sification accuracy (ACC) and F1-score for each dataset.
Standard normalization is applied to each channel for pre-
processing.

Baselines We compare the performance of our SA-
TSC with several baselines: 1) Random Initialization, 2)
CoSleep (Ye et al. 2021), 3) Time Series Representation
Learning via Temporal and Contextual Contrasting (TS-
TCC) (Eldele et al. 2021), and 4) Class-Aware TS-TCC
(CA-TCC) (Eldele et al. 2022). The random initialization
baseline trains a linear classifier on a frozen and randomly
initialized weighted model, representing the lower bound
of our learning strategy. Among the baselines, CoSleep is
tested on ISRUC and SleepEDF, as its performance is not
on a par with the HAR dataset because it is specifically de-
signed for sleep datasets. We fine-tune and compare all the
methods using the aforementioned ‘1 subject’ or ‘2 subjects’
labels.

Results and Analysis
Performance Comparisons
In Table 3, we compare the accuracy and F1-score of our
SA-TSC and the baselines on each dataset. SA-TSC outper-
forms the baselines in the majority of evaluations. Although
it slightly trails the baseline on the ISRUC ‘2 subjects’ set-
ting, it demonstrates higher stability with a smaller standard
deviation. The overall result shows the superiority of our
model in the limited & subject-level label setting, which is
closer to a real-world scenario. The outperformance is be-
cause SA-TSC learns class-discriminative representations in
the subject space based on subject-wise learning. In contrast,
the baselines learn instance-specific representation, which
turns out to be less effective when the subject-level labels
are scarce and not easily transferable to other subjects.

Representation Visualization
We represent the t-SNE (Van der Maaten and Hinton 2008)
visualization of the learned representations obtained by SA-
TSC, TS-TCC, and CA-TCC in Figure 5. Specifically, we
plot the representation output of the SleepEDF dataset, with
distinct colors signifying the respective ground-truth classes.
The result clearly reveals the superiority of SA-TSC, show-
ing a more distinguishable representation.
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HAR ISRUC SleepEDF
# Sub Dataset ACC F1 ACC F1 ACC F1

Random Init 45.90 ± 0.09 34.80 ± 0.02 30.90 ± 0.08 16.00 ± 0.10 55.20 ± 0.02 29.40 ± 0.05
CoSleep - - 45.30 ± 1.60 37.40 ± 5.10 60.00 ± 5.40 45.70 ± 9.40
TS-TCC 85.07 ± 0.77 84.80 ± 0.87 61.50 ± 0.68 57.96 ± 0.80 70.90 ± 0.52 63.93 ± 0.88
CA-TCC 87.14 ± 0.63 86.97 ± 0.71 69.27 ± 0.74 65.90 ± 0.70 70.51 ± 0.99 63.20 ± 1.60

1sub

Ours 91.32 ± 0.90 91.17 ± 0.90 69.63 ± 0.36 67.13 ± 2.43 73.11 ± 0.41 65.43 ± 0.45
Random Init 49.60 ± 0.10 40.10 ± 0.30 31.50 ± 0.10 16.60 ± 0.10 55.60 ± 0.48 30.60 ± 0.14
CoSleep - - 51.20 ± 0.30 49.20 ± 2.10 57.50 ± 4.60 47.20 ± 6.40
TS-TCC 83.56 ± 0.82 82.73 ± 0.97 64.44 ± 0.99 61.91 ± 1.06 74.27 ± 0.95 66.81 ± 0.71
CA-TCC 83.85 ± 1.66 82.72 ± 2.19 73.03 ± 0.96 69.94 ± 0.38 74.92 ± 0.47 65.51 ± 0.34

2sub

Ours 93.11 ± 1.82 93.18 ± 1.90 72.69 ± 0.41 69.54 ± 0.10 76.01 ± 0.01 69.72 ± 0.02

Table 3: Performance comparison of SA-TSC and baseline methods on HAR, ISRUC, and SleepEDF. The accuracy and F1 score
of the finetuned model are reported for both the ‘1 subject’ and ‘2 subjects’ finetuning scenarios. All models were executed five
times, and the results present the mean values and standard deviation.

Figure 5: t-SNE visualization of the representations obtained
by each model. 0: Wake, 1: N1, 2: N2, 3: N3, and 4: REM.

Ablation Study
To show the effectiveness of the strategies taken in SA-
TSC, we conduct two ablation studies. We test the efficacy
of our augmentation technique in the spatial GNN module,
as well as the individual effectiveness of each module in
SA-TSC. Due to the space limitation, we report the results
on SleepEDF under the ‘2 subject’ fine-tuning setting. The
other cases show very similar trend.

Graph Augmentation We conduct a comparative analysis
with other widely-used graph augmentation methods (Mar-
rium and Mahmood 2022; Liu et al. 2022; Zhao et al. 2022).
• Node Feature Augmentation: Add noise (Noise), which

adds Gaussian noise to node features; Feature Drop (FD),
which randomly drops node features;

• Edge Augmentation: Linear kernel, which constructs
edges based on the linear kernel; Cosine kernel, which
constructs edges by using the cosine kernel; Edge Drop
(ED), which randomly drops edges.

Figure 6 shows the compared result and proves that
our graph augmentation technique which integrates cross-
domain information from both time and frequency domains
is simple yet efficient in time series data.

Model Analysis Table 4 shows the ablation study on
SA-TSC, which evaluates the performance impact of each
specific loss component, by sequentially adding individ-
ual modules. Three model variants are compared, differing

Noise
F.D
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Cosine
E.D

Ours

50

54

58

62

66

70

74

F1-Score

Node Aug. 

Edge Aug. 

59

63

67

71

75

79

Accuracy

Figure 6: Results on various graph-augmentations.

based on their loss components for model optimization. Ad-
ditionally, we also examine the variations of graph construc-
tion on our full framework. ‘Gaussian’ refers to the initial
graph construction based on the Gaussian Kernel and ‘Gum-
bel’ denotes the adjacency matrix which represents the edge
existence. ‘Gaussian & Gumbel’ stands for our construction
method. The result shows the effectiveness of our represen-
tation learning module and the graph construction method.

Component ACC F1

Positive Pairwise Loss LBT 69.68 63.11
+ Agreement Loss LA 73.21 67.03
+ Clustering Loss LSP

Gaussian 70.11 63.69
Gumbel 71.32 65.67
Gaussian & Gumbel 75.24 66.82

Table 4: Ablation analysis of Component Contributions

Impact of the ‘stop-gradient’ Operator Table 5 illus-
trates the impact of the ‘stop-gradient’ operator introduced
in Eq. (10). This operator acts to ensure that during the opti-
mization, only S can be updated and H remains fixed and is
not updated through backpropagation. As a result, the model
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is forced to learn the cluster assignment S based on H.

HAR ISRUC SleepEDF

ACC F1 ACC F1 ACC F1

w/ stop-grad 96.24 96.37 72.69 69.54 75.91 70.77
w/o stop-grad 93.73 94.06 66.32 63.87 72.75 65.44

Table 5: Performance according to the ‘stop-gradient’ oper-
ator.

Hyperparamter Effects
In this section, we analyze the influence of the hyperparam-
eters on the model’s performance. The reported results cor-
respond to the evaluation under ‘2 subjects’ fine-tuning sce-
nario.

Loss Term Weight Table 6 reports the results on varying
hyperparameters λagree, λspectral which controls the impor-
tance of each loss term. In the table, only specific values of
the hyperparameters are listed; any value not explicitly men-
tioned is set as the default value 1.

Hyperparameter HAR ISRUC SleepEDF

ACC F1 ACC F1 ACC F1

λagree

0.25 94.55 94.66 72.56 69.34 74.28 69.08
0.50 86.27 85.82 71.42 68.73 65.30 54.42
0.75 95.13 95.24 69.84 67.48 73.69 67.31

λspectral

0.25 90.17 89.84 70.91 67.85 73.54 65.09
0.50 94.07 94.20 75.39 72.17 75.66 69.64
0.75 93.83 93.95 67.68 65.21 68.64 58.41

Table 6: Performance variations based on loss term weights
λagree, λspectral.

Length Scale Parameter of Gaussian Kernel Table 7 il-
lustrates how variations in σ influence the graph sparsity and
the resultant performance measures. This relationship em-
phasizes that careful selection of σ can lead to more mean-
ingful results in graph-based learning.

σ

25 50 75 100

HAR
Sparsity 0.51 0.75 0.94 0.94
ACC 90.75 95.42 93.01 96.24
F1 90.50 95.62 92.99 96.37

ISRUC
Sparsity 0.67 0.67 0.67 0.84
ACC 65.13 64.62 67.91 72.69
F1 63.22 63.25 62.73 69.54

SleepEDF
Sparsity 0.67 0.67 0.67 0.84
ACC 75.61 77.86 75.42 75.91
F1 69.83 72.24 68.87 70.77

Table 7: Performance according to Gaussian kernel length
scale parameter σ.

Discussion
Social Impact Time series data from human subjects is
increasing significantly from wearable devices and sensors
to effectively record human behaviors. However, according
to the difference between subjects, inter-subject variance is
inevitable since humans are diverse in many aspects (e.g.,
age, gender, body composition). Our work, which success-
fully demonstrated its effectiveness on the limited & subject-
wise label situation, will be applicable in various real-world
healthcare problems, such as EEG-based tasks (e.g., sleep
staging, seizure detection, emotion recognition), and multi-
channel bio-signal data analysis from wearable sensors or
IoT devices (e.g., activity recognition, stress detection). We
believe that real-world data is much more scarce and diffi-
cult to annotate, making our solution important in tackling
practical problems.

Limitations Our full framework is based on graph struc-
ture, effectively representing multi-channel dependencies
and performing spectral clustering. However, several chal-
lenges related to the graph structure leave some discussions.
First, although our graph construction method is significant
with promising results, the parameter setting that controls
the graph sparsity is vital and needs careful consideration.
Secondly, as the number of nodes in the graph expands, the
computation cost becomes expensive. Future work includes
the development of robust models to address graph sparsity
and methods that optimize computational efficiency.

Conclusions
Our work is motivated by a typical clinical setting where
time series data is collected from various subjects but an-
notated on a subject-by-subject basis, and very few subjects
can be recruited in practice. We propose SA-TSC, a self-
supervised framework for human subject time series data
in a subject-oriented manner. SA-TSC comprises a spatial
graph to consider multi-channel dependencies and a subject
graph to conduct the learning strategy in the subject space.
We apply positive pairwise loss and agreement loss for the
spatial graph learning module and employ spectral cluster-
ing for subject-wise clustering in the subject space. Qual-
itative results demonstrate the superiority of our proposed
framework and also show the effectiveness of each module
on our framework with the ablation studies.
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