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Abstract—Time series anomaly detection is a critical task in
various domains, including industrial monitoring, healthcare, and
finance. Existing time series anomaly detection methods typically
rely on discrete grid representations to store and process data,
which can lead to issues in capturing the true nature of contin-
uous time series signals. Recently, some researchers use Implicit
Neural Representation (INR) to model continuous functions,
offering a more natural approach for learning and representing
real-world continuous time series signals. However, current INR-
based anomaly detection methods suffer from limited general-
ization and suboptimal performance and efficiency. To address
these challenges, we propose M-TSINR, a novel framework that
leverages the strengths of INR to improve both the performance
and efficiency of time series anomaly detection. Specifically, we
design a form of multiscale INR continuous functions, utilizing
multiple neural networks to represent different temporal scales
of the data, enabling the model to extract hierarchical features
from fine-grained to coarse patterns. Additionally, we use a
Mamba encoder to generate INR parameters, which significantly
improves both the efficiency and the ability to capture complex
temporal dependencies. Extensive experiments conducted on five
real-world anomaly detection benchmark datasets demonstrate
that M-TSINR achieves superior performance compared to other
state-of-the-art anomaly detection methods.

Index Terms—time series anomaly detection, implicit neural
representations, unsupervised learning

I. INTRODUCTION

Time series anomaly detection involves recognizing unusual
points or patterns in temporal data that significantly diverge
from expected trends or normal behavior. Such anomalies of-
ten signal critical events, including equipment failures, fraud-
ulent activities, or emerging medical conditions. Its relevance
spans multiple sectors, such as industrial systems, healthcare,
financial services, and environmental monitoring [1]–[3]. Due
to the complex temporal dependencies inherent in time series
data, accurate anomaly detection is challenging, and traditional
methods often struggle to handle high-dimensional or noisy
data. As a result, more advanced techniques, such as machine
learning and deep learning, have become essential for effec-
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Fig. 1. The depiction of INR applied to time series. The input is timestamp
t, and the output is the value of variables corresponding to time series at t.

tively detecting anomalies and providing actionable insights in
real-world applications.

Many deep learning-based approaches have been proposed
for anomaly detection in time series data [4]–[6]. However,
these methods typically rely on discrete grid representations to
store and process the data. This discretization introduces sev-
eral notable challenges. Firstly, the continuous nature of time
series signals is compromised during the discretization pro-
cess, leading to the loss of fine-grained temporal information.
Consequently, subtle patterns or small deviations from normal
behavior may remain undetected. Additionally, discretizing the
data into fixed intervals can result in inefficiencies, as such
representations fail to capture the full spectrum of temporal
dependencies and smooth variations inherent in the signals.
This issue becomes particularly pronounced when dealing with
high-frequency or long-duration time series data, where the
granularity of the grid may not align with the underlying
temporal structure. These limitations underscore the need for
more flexible and efficient approaches that are better suited to
model the continuous characteristics of time series data.

In recent years, Implicit Neural Representation (INR) has
garnered significant attention from the research community.
INR is a powerful framework that utilizes neural networks
to represent continuous functions, offering a more flexible
and efficient approach to modeling complex data compared
to traditional discrete grid-based methods [7], [8]. Unlike
conventional methods that discretize signals into fixed inter-
vals, INR directly learns continuous representations, enabling
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it to model high-dimensional, continuous data with greater
precision. This ability to represent data as continuous functions
makes INR particularly well-suited for tasks involving real-
world signals, where capturing fine-grained temporal depen-
dencies and variations is crucial. Given the advantages of INR
in modeling continuous signals, we propose to leverage INR
for time series anomaly detection. By using INR, we aim to
overcome the limitations of traditional methods, such as the
loss of information due to discretization and the inability to
fully capture temporal dependencies. It has been proven that
INR-based methods can provide a more accurate and efficient
solution for detecting anomalies in time series data, enabling
better detection of subtle deviations and enhancing the overall
performance of anomaly detection systems [9].

Although several INR-based methods have been proposed
for time series anomaly detection [9], [10], they still face
challenges in terms of generalization and efficiency, limiting
their practical applicability. These methods use simplistic INR
continuous functions, such as a single Multilayer Perceptron
(MLP) to represent the entire time series or rely on monotonic
and periodic functions to separately model trend and seasonal-
ity. While these approaches may be effective for certain types
of data, they are limited in their ability to capture the complex,
non-linear interactions and long-range dependencies present in
real-world time series. As a result, they struggle to generalize
to more complex or irregular temporal patterns. Additional,
the continuity represented in INR functions involves numerous
parameters, which leads to high memory and computational
demands. Training these models can require significant time
and resources, especially when dealing with time series data
that spans long periods or has high dimensionality.

In this paper, we propose M-TSINR, a time series anomaly
detection method based on multiscale INR continuous func-
tions via Mamba encoder. The core of our approach lies in the
design of multiscale INR continuous functions, which enable
the model to learn hierarchical representations of the time se-
ries across multiple temporal scales. By capturing fine-grained
temporal patterns at different scales, our method enhances the
model’s ability to generalize across diverse datasets, especially
those with varying levels of noise, complexity, and seasonality.
This multiscale representation allows the model to capture
both global trends and local anomalies more effectively, ad-
dressing the limitations of existing approaches that rely on
simplistic, single-scale functions. In addition, we incorporate
a Mamba encoder to generate the INR parameters, optimizing
the overall computational efficiency. The Mamba encoder
significantly reduces the model’s training time and memory
requirements by generating efficient, compact representations
of the time series data, without compromising the quality of
the learned features. The major contributions of this paper are
summarized as follows:

• We propose M-TSINR, a time series anomaly detection
method that leverages INR to learn continuous functions,
thereby overcoming the information loss inherent in grid-
based representations. By utilizing INR, M-TSINR is able
to preserve the underlying continuity of the time series

data, improving the accuracy and robustness of anomaly
detection in real-world scenarios.

• We design a novel form for multiscale INR continuous
functions, which allows M-TSINR to capture hierarchical
temporal patterns across different scales. This multiscale
strategy enhances the ability to detect anomalies at vari-
ous granularities by leveraging different temporal scales.

• We incorporate the Mamba encoder to efficiently generate
INR parameters. It significantly decreases memory usage
and training time, making the model more practical for
large-scale and high-dimensional datasets.

• Extensive experiments conducted on five benchmark time
series anomaly detection datasets verify that M-TSINR
achieves superior performance, demonstrating its effec-
tiveness and scalability for real-world applications in time
series anomaly detection.

II. RELATED WORK

A. Time Series Anomaly Detection

Time series anomaly detection has emerged as an essential
task in multiple fields. Early approaches were primarily rooted
in statistical models, often relying on assumptions about the
underlying data distribution. Representative examples include
z-score–based techniques [11], moving average methods [12],
[13], and autoregressive models [14], [15]. While simple and
interpretable, these approaches often fall short when dealing
with complex or high-dimensional time series [16].

The advent of machine learning has led to the development
of more sophisticated techniques for anomaly detection. Un-
like traditional statistical approaches, these methods generally
avoid strict distributional assumptions and instead leverage
mathematical models or heuristic strategies to identify outliers.
Representative categories include clustering-based methods
[17], [18], distance-based approaches [19], [20], and isolation
forest algorithms [21]. Despite their effectiveness, these tech-
niques often face challenges in capturing subtle anomalies and
typically rely on extensive feature engineering.

In contrast to traditional machine learning approaches, deep
learning-based anomaly detection methods leverage neural
networks to learn complex hierarchical representations of data
automatically. Techniques such as Auto-Encoder (AE) [4],
[22], Recurrent Neural Network (RNN) [23], Long Short-Term
Memory (LSTM) [24], [25], Convolutional Neural Network
(CNN) [5], [26], MLP [27], and Transformer [6], [28] can
model intricate patterns in sequential and high-dimensional
data, making them more effective at detecting subtle and
context-dependent anomalies. These methods can capture
long-range dependencies and nonlinear relationships, which
are often challenging for traditional machine learning methods.

However, current time series anomaly detection methods
often rely on discretized grid representations, where time
is divided into fixed intervals. This approach can lead to
information loss and fail to capture continuous dynamics and
subtle anomalies that occur between discrete time steps.
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B. Implicit Neural Representations

In recent years, INRs have gained significant attention as
a versatile framework for modeling complex data modalities,
including images [29], [30], videos [31], [32], time series [9],
[33], and 3D objects [8], [34]. INRs encode data as continuous
functions parameterized by neural networks, enabling flexible
and efficient modeling of high-dimensional signals. The core
principle is to use a neural network to map input coordinates
directly to signal values, bypassing the limitations of discrete
grids or fixed basis functions.

Currently, INRs have also been explored in the context
of time series anomaly detection. INRAD [10] employs INR
to mitigate the complexities and numerous hyperparameters
(e.g., sliding windows) typically required by deep learning
models. Nonetheless, its deployment in real-world scenarios
is hindered by several limitations. Specifically, INRAD relies
on a relatively simple MLP structure to encode time series
as continuous functions, which may fall short in capturing
intricate temporal patterns. In addition, its meta-learning strat-
egy requires training a fresh INR network for each unseen
sequence during testing, leading to increased computational
cost and reduced practicality. To address some of these issues,
TSINR [9] exploits the spectral bias of INRs to preferentially
fit normal patterns while highlighting anomalies. However,
its design of INR continuous functions, based on monotonic
and periodic formulations to model trend and seasonality, can
restrict adaptability to more complex data. Moreover, the adop-
tion of a Transformer encoder for generating INR parameters
introduces additional complexity and computational overhead.
Overall, while the use of INRs in time series anomaly detection
shows promise, their potential remains underexplored and calls
for deeper investigation.

C. Mamba

The Transformer architecture has achieved remarkable suc-
cess across multiple domains, such as natural language pro-
cessing [35], [36], computer vision [37], [38], and time series
analysis [39], [40]. However, its computational efficiency re-
mains a significant bottleneck when modeling long sequences.
To address this issue, several improvements have been pro-
posed, including linear attention and structured state space
model (SSM), which reduce computational complexity but still
face limitations when dealing with complex modalities.

Mamba [41] is proposed to address these challenges. It
treats SSM parameters as functions of the input, allowing
selective propagation or forgetting of information based on
the current token, which enhances efficiency in long-sequence
modeling. Additionally, Mamba integrates a hardware-aware
parallel algorithm to accelerate computation. This simplified
architecture achieves 5x higher throughput than Transformers
and scales linearly with sequence length. With its excep-
tional efficiency and ability to model long-range dependencies,
Mamba is emerging as a promising architecture that has the
potential to outperform Transformer-based models in various
domains [42]–[44].

However, to the best of our knowledge, no prior research
has explored the use of Mamba for generating INR parameters.
This gap presents an opportunity for us to investigate the
potential of leveraging Mamba in the context of INR, leading
to more effective solutions for time series anomaly detection.

III. PRELIMINARIES

Structured State Space Model (SSM) [45] is designed for
sequence modeling, offering a structured approach to capture
dynamic relationships in sequential data. By modeling state
transitions and observations explicitly, SSM provides an effi-
cient alternative to attention-based models like Transformer,
balancing expressiveness with computational efficiency. Un-
like Transformer, which involves dense interactions across
all time steps, SSM uses a more compact representation of
state evolution, reducing complexity while capturing long-
range dependencies. This makes SSM well-suited for resource-
constrained or real-time applications, offering a promising
direction for advancing sequence modeling in deep learning.

Mathematically, SSM transforms a 1-D input signal u(t)
into an d-D latent state x(t), which is then projected to a 1-D
output signal y(t). SSM is defined as follows:

x′(t) = Ax(t) +Bu(t), (1)

y(t) = Cx(t) +Du(t), (2)

where A ∈ Rd×d, B ∈ Rd×1, C ∈ R1×d, and D ∈ R1 are
the weighting parameters. To integrate continuous-time SSM
into deep models, they must first be discretized. Specifically,
for the time interval [ta, tb], the analytic solution of the hidden
state variable x(t) at t = tb can be expressed as follows:

xt = Axt−1 +But, (3)

yt = C ∗ xt, (4)

where A, B, and C denote discretized SSM matrices defined
with a step size ∆:

A = (I−∆/2 ·A)−1(I+∆/2 ·A), (5)

B = (I−∆/2 ·A)−1∆B, (6)

C = C. (7)

The discrete-time SSM typically consists of a state transition
model and an observation model, both defined for discrete time
steps. These models are commonly used in applications where
the data is available in discrete time intervals. The discretiza-
tion process transforms the continuous-time dynamics into a
form that can be efficiently handled by computational models,
facilitating their integration into deep learning frameworks.

IV. METHODOLOGY

More specifically, we design a novel form of multiscale INR
continuous functions that captures fine-grained information
and enhances generalization ability by learning hierarchical
representations across multiple temporal scales. Additionally,
we employ a Mamba encoder to generate INR parameters,
effectively optimizing computational resources. In this section,
we first present the problem statement and provide an overview
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Fig. 2. The overall workflow of the proposed M-TSINR method. The INR tokens generated by the Mamba encoder serve as the parameters for the multiscale
INR continuous functions. The input to these multiscale INR continuous functions is the timestamp t. The red box area indicates that the abnormal data
present in the input time series data disappears in the reconstructed data, leading to an increase in reconstruction loss, which in turn allows for the precise
identification of anomalies.

of the proposed methodology. Subsequently, we introduce the
Mamba encoder, which is employed to generate the INR
parameters, and describe the novel form of multiscale INR
continuous functions that we design to enhance the ability to
capture hierarchical temporal representations.

A. Problem Statement

Let X = {x1,x2, . . . ,xT } denote a time-series data
sequence of length T , where each observation xt ∈ RN

represents a vector of N -dimensional features at time t. The
goal of anomaly detection is to identify a subset of time points
A ⊆ {1, 2, . . . , T}, where each index t ∈ A corresponds to
an abnormal observation. More specifically, the identification
of anomalies is based on the quality of the reconstruction
performance. The mean squared error (MSE) loss function is
used as the reconstruction error, which is defined as follows:

L =
∥∥∥X− X̂

∥∥∥2
2
, (8)

where X̂ denotes the reconstructed time series. The points
with higher reconstruction errors compared to normal patterns
are flagged as anomalies, indicating that their characteristics
deviate from the expected behavior modeled by the system.

B. Overview

Fig. 2 illustrates the overall workflow of the proposed M-
TSINR method. The input time series data is normalized and
divided into patches to obtain the corresponding data tokens
D. Next, we introduce a set of learnable parameters in the
form of INR tokens Iinit, which are randomly initialized
as continuous vector representations. These INR tokens are
integrated with the data tokens by concatenation, creating
a combined input X′ that is passed through the Mamba

encoder. Within the Mamba encoder, the knowledge interacts
with data tokens and INR tokens. The learned INR tokens I
serve as the network parameters for the designed multiscale
INR continuous functions. These continuous functions take
timestamps {t}Ti=1 as input and implicitly learn the multiscale
temporal dynamics. It then reconstructs the input signal based
on these learned representations, allowing the model to capture
long-range dependencies and variations in the time series.
The details of the Mamba encoder and the multiscale INR
continuous functions are discussed in Sections IV-C and IV-D.

C. Mamba Encoder

We use a Mamba encoder to generate INR parameters
instead of the Transformer encoder. Mamba is more compu-
tationally efficient for long-sequence modeling, as it scales
linearly with sequence length, unlike Transformers, which
suffer from quadratic complexity. This results in faster training
and inference, as well as reduced memory usage.

Theoretically, it takes the concatenation of data tokens D
and the randomly initialized INR tokens Iinit as input:

X′ = [D, Iinit] . (9)

Then layer normalization is applied to the input X′ and the
normalized input is passed through two parallel projection
layers, producing the intermediate representations X1 and X2:

X1 = Projection1 (LayerNorm (X′)) , (10)

X2 = Projection2 (LayerNorm (X′)) . (11)

The projection output X1 undergoes a forward convolution and
a subsequent forward SSM operation, while X2 interacts with
X1 through element-wise multiplication. The resulting product
is further passed through another projection layer. Finally, the
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original input X′ is added to the output of this projection layer,
resulting in the learned INR tokens I, which serve as the final
output of the encoder. The entire process can be defined as
follows:

I = X′ + Projection3 (X2 ⊙ SSM(Conv (X1))) . (12)

D. Multiscale INR Continuous Functions

We design a novel form of multiscale INR continuous
functions to implicitly capture both fine-grained and global
temporal patterns, thereby improving generalization and ro-
bustness to varying data dynamics. More specifically, the goal
is to represent the time series data as a form of continuous
functions f(t) using multiscale representations.

In this multiscale strategy, a hyperparameter M denotes
the multiscale factor, which determines the number of scales
used in the INR continuous functions. For each scale m ∈
{1, 2, . . . ,M}, a different continuous function f (m)(t) is
learned to represent the time series data at that scale. Here, the
data is modeled at different granularities, which are determined
by how the time steps are sampled at each scale. For example,
m = 1 represents the original time series, while m = 2
represents a downsampled version of the time series with a
step size of 2, and so on.

Mathematically, for each scale m, the function f (m)(t) is
represented by an MLP parameterized by θm, which encodes
the time series data at that scale:

f (m) (t; θm) = MLPm (t; θm) , (13)

where θm represents the parameters of the MLP at the mth

scale and θm is derived from the INR tokens I. Then the
outputs from all M scales are combined using a weighted sum-
mation to reconstruct the data. This yields the reconstructed
feature at timestamp t, which is computed as follows:

f(t) =
M∑

m=1

αm · f (m) (t; θm) , (14)

where αm represents the learnable weight assigned to the mth

scale. At this point, we obtain the reconstructed data.

V. EXPERIMENTS

A. Datasets

To evaluate the performance of the proposed M-TSINR
method, we use five publicly available multivariate anomaly
detection datasets: PSM [46], MSL [47], SMAP [47], PTB-XL
[48], and SKAB [49]. These datasets are all openly accessible
for download and have been pre-divided into training and test
sets. Each dataset presents distinct challenges for anomaly
detection in time series data, spanning various domains such
as mechanical systems, predictive maintenance, environmen-
tal monitoring, healthcare, and industrial applications. The
inclusion of diverse data sources ensures a comprehensive
evaluation of the robustness and generalization capability of
our M-TSINR method.

B. Baseline Methods

To validate the performance of the proposed method, we
compare it with 12 state-of-the-art methods. These methods
include both approaches specifically designed for time series
anomaly detection as well as general time series modeling
methods. The selected baselines encompass a variety of archi-
tectures, including CNN, Transformer, MLP, and INR. The
12 baseline methods are as follows: TSINR [9], FPT [6],
TimesNet [5], ETSformer [39], FEDformer [40], LightTS [50],
DLinear [27], Autoformer [51], Pyraformer [52], Anomaly-
Transformer [28], Informer [53] and Transformer [54]. The
comparison allows us to assess the effectiveness of our method
across different domains and model architectures.

C. Evaluation Metrics

To evaluate the performance of the proposed method, we
employ three evaluation metrics: F1 score, ROC-AUC score,
and VUS score [55]. The F1 score is widely regarded as
the most commonly used metric for anomaly detection, as it
provides a harmonic balance between precision and recall and
is threshold-dependent, meaning its value varies with different
decision thresholds. In contrast, both ROC-AUC score and
VUS score are threshold-independent metrics, that evaluate
model performance across all possible decision thresholds,
thus offering a more comprehensive assessment of the model’s
ability to identify anomalies.

D. Experimental Settings

To ensure a fair comparison, we employ the classical
reconstruction error consistently across all baseline models.
Additionally, we exclude the pre-trained large model encoder
from the TSINR method for this evaluation. Data processing
is performed using uniform methods and parameter config-
urations for all experiments, and these settings align with
those used in previous works [6], [9], [28]. Specifically, we
apply a fixed sliding window size of 100 across all datasets.
To compute F1 score, the threshold is determined by the
hyper-parameter γ, which represents the proportion of test
data considered as anomalies. For the SKAB dataset, γ is
set to 10, while for all other datasets, it is set to 1. These
settings follow those adopted in previous works [6], [9], [28].
For main results, our M-TSINR model utilizes 5 layers for
each MLP architecture within the multiscale INR continuous
functions, with a hidden dimension of 64. The Mamba encoder
is configured with 3 blocks and the hidden state dimension is
set to 256. All experiments are conducted using the ADAM
optimizer [56] with an initial learning rate of 10−3. Each
dataset is processed using a single NVIDIA RTX 3090 GPU
with 24GB.

E. Main Results

Shown in Table I, we compare our M-TSINR method with
12 state-of-the-art approaches across 5 multivariate anomaly
detection datasets. Our method consistently outperforms all
baselines on all datasets, demonstrating superior anomaly
detection performance. Although our method does not achieve
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TABLE I
THE OVERALL RESULTS ON 5 REAL-WORLD MULTIVARIATE DATASETS. THE F1 SCORE, ROC-AUC SCORE, AND VUS SCORE ARE REPORTED. THE BEST

RESULTS ARE IN BOLD AND THE SECOND BEST RESULTS ARE UNDERLINED.

Dataset Metric Trans. FED. Anomaly. Auto. Pyra. In. ETS. LightTS DLinear TimesNet FPT TSINR Ours

PSM
F1 0.682 0.900 0.904 0.883 0.937 0.908 0.946 0.959 0.966 0.974 0.972 0.927 0.934

AUC 0.721 0.662 0.666 0.661 0.704 0.712 0.622 0.585 0.565 0.590 0.578 0.720 0.725
VUS 0.667 0.563 0.608 0.556 0.657 0.670 0.609 0.570 0.543 0.575 0.568 0.671 0.674

MSL
F1 0.819 0.824 0.809 0.822 0.819 0.821 0.762 0.807 0.819 0.818 0.820 0.833 0.834

AUC 0.624 0.550 0.532 0.550 0.602 0.613 0.596 0.601 0.615 0.623 0.590 0.654 0.725
VUS 0.607 0.525 0.518 0.525 0.569 0.599 0.555 0.569 0.580 0.591 0.552 0.632 0.704

SMAP
F1 0.733 0.690 0.675 0.741 0.678 0.734 0.682 0.674 0.675 0.694 0.730 0.794 0.868

AUC 0.526 0.450 0.456 0.450 0.452 0.490 0.401 0.380 0.397 0.455 0.474 0.556 0.571
VUS 0.502 0.418 0.450 0.415 0.438 0.482 0.363 0.343 0.373 0.412 0.444 0.541 0.548

PTB-XL
F1 0.393 0.351 0.403 0.353 0.323 0.353 0.392 0.264 0.228 0.238 0.366 0.400 0.405

AUC 0.604 0.485 0.583 0.485 0.536 0.560 0.589 0.545 0.516 0.618 0.627 0.639 0.644
VUS 0.456 0.339 0.436 0.339 0.386 0.417 0.453 0.401 0.365 0.471 0.486 0.510 0.514

SKAB
F1 0.871 0.820 0.934 0.893 0.933 0.928 0.921 0.829 0.925 0.923 0.922 0.939 0.941

AUC 0.536 0.429 0.493 0.440 0.570 0.496 0.482 0.480 0.504 0.496 0.496 0.575 0.582
VUS 0.535 0.421 0.492 0.434 0.569 0.495 0.482 0.474 0.504 0.496 0.496 0.575 0.583

Average
F1 0.700 0.717 0.745 0.738 0.738 0.749 0.741 0.707 0.723 0.729 0.762 0.779 0.796

AUC 0.602 0.515 0.546 0.517 0.573 0.574 0.538 0.518 0.519 0.556 0.553 0.629 0.649
VUS 0.554 0.453 0.501 0.454 0.524 0.533 0.493 0.472 0.473 0.509 0.509 0.586 0.605

TABLE II
ABLATION STUDIES ON THE MAMBA ENCODER. THE F1 SCORE IS

REPORTED AND THE BEST RESULTS ARE IN BOLD.

Mamba Encoder PSM MSL SMAP PTB-XL SKAB
✗ 0.926 0.822 0.816 0.354 0.938
✓ 0.934 0.834 0.868 0.405 0.941

the highest F1 score on the PSM dataset, it attains the
highest ROC-AUC and VUS scores, indicating that it excels in
distinguishing between normal and abnormal points even when
threshold values are varied. The ROC-AUC and VUS metrics,
being threshold-free, provide a more comprehensive evaluation
of model performance by considering all possible decision
thresholds. In contrast to F1 score, which can be sensitive to
a particular threshold choice, these metrics assess the overall
ability of the model to discriminate between classes across a
broad range of thresholds. Our method’s superior performance
in both ROC-AUC and VUS scores reflects its robustness and
versatility, as it is able to consistently differentiate abnormal
data without relying on a specific threshold. This makes
it particularly advantageous in real-world anomaly detection
tasks, where thresholds are often difficult to determine and
may vary across different applications or datasets.

F. Ablation Studies

1) Analysis of the Mamba Encoder: In this section, we
conduct an ablation analysis to evaluate the effectiveness of
the Mamba encoder in generating INR parameters for anomaly
detection tasks, compared to the conventional Transformer
encoder. The performance is evaluated using the F1 score, a
commonly used metric for assessing the accuracy of anomaly
detection models. The results, presented in Table II, clearly
indicate that the Mamba encoder consistently outperforms
the Transformer encoder. he enhanced performance of the
Mamba encoder can be attributed to its superior ability to
capture intricate temporal patterns and generate more accurate
INR parameters, making it a more effective choice. These

TABLE III
ABLATION STUDIES ON THE MULTISCALE FACTOR M OF THE

MULTISCALE INR CONTINUOUS FUNCTIONS. THE F1 SCORE IS REPORTED
AND THE BEST RESULTS ARE IN BOLD.

Dataset PSM MSL SMAP PTB-XL SKAB
M=1 0.929 0.831 0.803 0.391 0.937
M=2 0.934 0.834 0.831 0.405 0.941
M=3 0.930 0.825 0.868 0.397 0.940

findings validate the advantage of the Mamba encoder over
conventional Transformer-based architectures, particularly in
applications where high-fidelity anomaly detection is essential.
In addition to performance improvements, we further analyze
the efficiency gains offered by the proposed method, as dis-
cussed in Section V-G.

2) Analysis of the Multiscale INR Continuous Functions:
Further, we investigate the impact of the designed multiscale
INR continuous functions on the model’s anomaly detection
performance across various datasets. The results of the ablation
experiments, as shown in III, indicate that the multiscale strat-
egy significantly enhances the anomaly detection performance.
Notably, for the PSM, MSL, PTB-XL, and SKAB datasets,
M = 2 yields the best performance in terms of F1 score,
demonstrating that incorporating two scales effectively cap-
tures both fine-grained and coarse temporal patterns in these
datasets. In contrast, the results for the SMAP dataset show
that M = 3 produces the best performance. This suggests that
the SMAP dataset may require a finer-grained representation,
likely due to the presence of more point anomalies, which are
often more challenging to detect and require more detailed
temporal information. The third scale provides additional
resolution that allows the model to better identify such point
anomalies, which may be more difficult to capture with fewer
temporal scales. The variation in the optimal value of M across
datasets reflects the diverse characteristics of the data. These
findings verify the effectiveness of the multiscale INR strategy,
showing its potential to improve anomaly detection in time
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Fig. 3. The efficiency of M-TSINR on the data with 128 batch size compared
to TSINR. It is evident that M-TSINR significantly outperforms TSINR in
terms of training time, testing time, and learnable parameters, demonstrating
its superior efficiency.

series data by providing a more flexible and detailed feature
extraction framework.

G. Efficiency Analysis

In this section, we provide a comparative analysis of the
efficiency of M-TSINR against the current state-of-the-art
INR-based time series anomaly detection method, TSINR.
The results, illustrated in the Fig. 3, highlight the significant
efficiency improvements achieved by M-TSINR, particularly
in terms of both training and testing time, as well as the
number of learnable model parameters. Specifically, M-TSINR
demonstrates a 50% reduction in training time compared
to TSINR, and its testing time is reduced to just one-
quarter of that required by TSINR. Additionally, M-TSINR
has a considerably smaller model size, with only 1.7 million
learnable parameters, compared to 8.3 million parameters in
TSINR. These substantial reductions in computational time
and model size underscores the efficiency advantage of M-
TSINR, making it a more suitable choice for real-time or
resource-constrained applications.

The efficiency improvements can be attributed to the com-
bined contributions of the Mamba encoder and the multiscale
INR continuous functions. The Mamba encoder, by design,
improves the representation of temporal dependencies, leading
to more compact and efficient learning of the INR parameters.
Furthermore, the multiscale INR approach, by leveraging
multiple MLPs at different scales, enables the model to capture
the most relevant temporal patterns with fewer parameters
and reduced computational overhead. Together, these inno-
vations result in a more efficient model without sacrificing
performance, demonstrating the potential of M-TSINR for
both improved anomaly detection and enhanced computational
efficiency in time series analysis.

VI. CONCLUSION

Time series anomaly detection is crucial for identifying
irregularities in various fields. However, the existing meth-
ods face challenges due to the reliance on discrete grid-
based representations, which can result in information loss
and inadequate modeling of complex temporal patterns. In
this paper, we address these challenges by proposing M-
TSINR, a time series anomaly detection method that utilizes

INR to model continuous functions. Unlike traditional grid-
based methods, INR enables us to learn a continuous repre-
sentation of the time series, preserving fine-grained tempo-
ral information and enhancing the model’s ability to detect
anomalies. To further improve performance, we introduce a
multiscale INR framework, allowing the model to capture
temporal patterns at different scales. Additionally, we employ
the Mamba encoder to efficiently generate INR parameters,
optimizing both computational efficiency and memory usage.
Experiments show that M-TSINR achieves the superior results
across five time series anomaly detection benchmark datasets.
Ablation studies further demonstrate the effectiveness of both
the Mamba encoder and multiscale INR continuous functions.
Efficiency analysis confirms that our method significantly
outperforms the current state-of-the-art INR-based anomaly
detection methods, making it a more practical and scalable
solution for real-world applications.
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