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Keywords: Unsupervised anomaly detection in multivariate time series (MTS) plays a crucial role in
Multivariate time series ensuring the reliability and safety of complex industrial systems. However, existing MTS

Anomaly detection anomaly detection methods often fail to extract comprehensive features or explicitly model

directional predictive dependencies beyond static pairwise correlations. To address these chal-
lenges, this paper proposes TFCAD (Time-Frequency Causal Anomaly Detection for multivariate
time series), a novel framework designed to bridge time-frequency representation learning
with Granger causal discovery for robust anomaly detection. Specifically, TFCAD transforms
raw sequences into rich time-frequency representations, from which it dynamically uncovers
directed Granger causal relationships among variables. This learned Granger-based structure is
subsequently injected into the detection model via a graph convolutional network, serving as
a predictive prior that provides explicit guidance and substantially enhances the reconstruc-
tion fidelity of normal patterns. Crucially, by decoupling the Granger causal discovery from
the reconstruction task, TFCAD mitigates gradient conflicts between structural learning and
anomaly reconstruction and provides interpretable predictive priors. Extensive experiments on
6 benchmarks comprising over 3.4 million observations show that TFCAD outperforms 13 state-
of-the-art baselines by average margins of 23.87% in F1 score and 26.01% in AUC-ROC. The
source code is publicly available at https://github.com/Du-Team/TFCAD.

Granger causal discovery
Time-frequency domain

1. Introduction

The extensive integration of monitoring devices and advancements in smart digitization have resulted in a surge of multivariate
time series (MTS) data within both industrial landscapes and modern autonomous applications (Chen et al., 2025). Simultaneously,
unsupervised anomaly detection, as a powerful unsupervised learning technique, has attracted increasing attention from researchers
by revealing hidden patterns and detecting anomalies in unlabeled time series data (Egilmez et al., 2017). Notably, real-world MTS
inherently exhibit complex non-equilibrium dynamics, characterized by fundamental time irreversibility (Yao et al., 2021). This
temporal asymmetry suggests that inter-variable dependencies can exhibit directional and time-varying behavior. Consequently,
traditional static correlations or strictly time-domain representations are highly insufficient for capturing these evolving structural
dependencies, necessitating a dynamic time-frequency approach.
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Due to the exceptional efficacy of deep learning, these techniques have been increasingly adopted for anomaly detection in MTS
(Wu et al., 2023). Among these, Graph Neural Networks (GNNs) have emerged as an effective technique to model multivariate
dependencies by leveraging the inherent relationships between variables. Concurrently, frequency-domain analysis provides an
effective approach for extracting multi-scale temporal characteristics through spectral analysis. These approaches exhibit remarkable
efficacy in managing intricate, perturbed, and high-dimensional temporal sequences when contrasted with conventional paradigms.

Despite such progress, current MTS anomaly detection frameworks still face formidable hurdles, especially in capturing complex
patterns and inter-variable correlations during the feature learning stage. First, regarding feature extraction, recent SOTA methods
— such as AMFormer (Zhong et al., 2024) and DADA (Shentu et al., 2025) — predominantly rely on single-domain strategies,
focusing exclusively on temporal information or spectral patterns. This single-domain perspective overlooks complementary
information across both domains, resulting in an insufficient feature representation. To accurately identify anomalies within non-
equilibrium systems, it is crucial to separate transient anomalous signals from the complex, non-stationary structural background.
Drawing a cross-disciplinary analogy to background purification in hyperspectral anomaly detection (Huang et al., 2021) — where
multi-scale morphological profiles effectively isolate small targets from cluttered backgrounds — we recognize that robust MTS
anomaly detection requires a similar multi-scale time—frequency paradigm. To bridge this gap and realize such a mechanism, we
explicitly introduce our proposed Multi-scale Wavelet Encoder (MWE). By leveraging a lifting-scheme wavelet transform, the MWE
hierarchically decomposes the irreversible signals, effectively isolating high-frequency anomalous transients from low-frequency
background trends before causal discovery. Second, in terms of inter-variable modeling, even advanced graph-based approaches,
exemplified by MST-GAT (Ding et al., 2023) and MTGFLOW (Zhou et al., 2024), typically treat all variable pairs equally, without
explicitly modeling directional predictive dependencies among variables.

To overcome these challenges, this paper introduces TFCAD (time—frequency Causal Anomaly Detection for multivariate time
series), a novel framework designed to unify time—frequency representation learning with Granger causal structure learning for
robust anomaly detection. TFCAD adopts a two-phase architecture where causal discovery serves as an auxiliary module to provide
interpretable, structured guidance for the primary reconstruction-based anomaly detection process. In the first phase, the MWE is
employed to decompose raw signals into hierarchical time-frequency representations to capture both global trends and localized
fluctuations. These rich representations then feed into a dedicated Time-Frequency Causal AutoEncoder (TFCAE) module, which
discovers latent Granger causal relationships among variables by imposing structured constraints on the learned Granger-based
directed graph. In the second and primary phase, anomaly detection is formulated as a causality-guided reconstruction task. The
causal structure identified in the first phase is embedded into the reconstruction network via a Causality-Guided Graph Convolutional
Network (CGGCN). The entire framework is trained via a composite loss function with structurally decoupled gradient paths across
the two phases, allowing causal insights to guide detection without confounding the learning objectives.

In summary, the main contributions of this work are as follows:

+ We propose TFCAD, an unsupervised MTS anomaly detection framework that effectively integrates time—frequency feature
extraction and Granger-based structure learning to enhance detection performance.

+ We introduce the MWE module, which utilizes lifting-scheme-based wavelet transformations to capture time—frequency
characteristics of non-stationary time series across different temporal scales, providing rich information for downstream
modeling.

» We design the TFCAE module to discover interpretable Granger-based directed structures from time-frequency representations
and leverage them to dynamically guide GCN-based feature refinement, enabling the model to learn more discriminative
representations.

1.1. Research objectives

The primary goal of this research is to develop a robust and interpretable unsupervised anomaly detection framework for
MTS that overcomes the limitations of single-domain feature extraction and superficial correlation modeling. To achieve this, the
following specific objectives are defined:

+ To design a lifting-scheme-based mechanism that decomposes non-stationary MTS into hierarchical representations, capturing
both global trends and localized transient fluctuations that are typically obscured in purely temporal or spectral domains.

» To integrate the discovered Granger-based structural dependencies into a graph-based reconstruction model, constraining
feature aggregation to follow directed predictive dependencies to improve detection sensitivity and reduce false positives in
complex industrial systems.

+ To establish a decoupled training strategy that allows causal discovery to provide structural guidance to the anomaly detection
process without confounding the respective learning objectives, thereby mitigating gradient conflicts during graph structure
learning.

The remaining parts of the paper are organized as follows: Section 2 discusses the related work, Section 3 introduces the theoretical
background, Section 4 details the methodology, Section 5 presents the experimental evaluations, Section 6 provides discussions and
implications, and Section 7 concludes the paper.
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2. Related work
2.1. Deep multivariate time series anomaly detection

Deep learning methods have become central to MTS anomaly detection due to their strong data representation capabilities (He
et al., 2024; Wei et al., 2025). Among these methods, reconstruction-based approaches are widely adopted. They typically use an
encoder—-decoder architecture to model the underlying distribution of normal samples, flagging observations whose reconstruction
error exceeds a statistically defined threshold as anomalous (Tuli et al., 2022).

Early endeavors in this domain, exemplified by OmniAnomaly (Su et al., 2019), concentrate predominantly on modeling temporal
dependencies, yet afford limited consideration to the intricate cross-dimensional interactions among features. To bridge this lacuna,
subsequent methods — MSCRED (Zhang et al., 2019) and MST-GAT (Ding et al., 2023) — simultaneously model inter-variable and
temporal dynamics by integrating convolutional encoders with graph-attention mechanisms, thereby unifying spatial and temporal
representation learning within a single framework (He et al., 2026). However, a fundamental limitation pervades these methods:
their extreme dependence on a scalar, aggregated reconstruction error; this deficiency intrinsically precludes the discrimination of
distinct anomaly categories whose statistical error signatures are commensurate.

More recently, the field has evolved toward the integration of diverse learning paradigms to augment discriminative capacity. For
instance, MultiRC (Hu et al., 2024) integrates reconstruction learning with contrastive learning, while IGCL (Zhao et al., 2025) intro-
duces an importance-based generative contrastive framework. In parallel, Wang et al. (2025) develop a multi-granularity contrastive
zero-shot learning model based on attribute decomposition, highlighting the efficacy of hierarchical feature representation in zero-
shot and unsupervised learning contexts. Other methods leverage generative models, such as GLAD (Yao et al., 2024), which uses
a diffusion model, and DADA (Shentu et al., 2025), which employs dual adversarial decoders. Beyond these specific architectures,
the emergence of Large Language Models (LLMs), such as Time-LLM (Jin et al., 2024), has introduced a foundation-model paradigm
for sequence analysis.

Despite their novelty, these advanced paradigms face distinct hurdles. On one hand, hybrid architectures like MultiRC (Hu et al.,
2024) and IGCL (Zhao et al., 2025) often require exhaustive hyperparameter tuning to prevent gradient domination, while complex
generative priors in GLAD (Yao et al., 2024) can introduce high-dimensional instabilities that hinder convergence. On the other
hand, LLM-based approaches are frequently constrained by high computational latency and a lack of explicit, domain-specific causal
interpretability in industrial monitoring settings.

In contrast, our proposed TFCAD framework circumvents these optimization pitfalls through a synergistic yet gradient-decoupled
design. By utilizing a non-differentiable acyclic projection, TFCAD effectively isolates the causal discovery phase from downstream
reconstruction errors, preventing downstream reconstruction gradients from interfering with graph structure learning.

2.2. Time—frequency domain time series analysis

Frequency domain analysis has become a prominent approach in time series anomaly detection due to its ability to capture
multi-scale representations (Fang et al., 2024). In contrast to Fourier-based representations, wavelet transforms afford optimal time—
frequency localization, thereby enabling the exact isolation of transient characteristics. The classic Discrete Wavelet Transform
(DWT), employed by methods such as MEGA (J. Wang et al., 2023), effectively decomposes signals into distinct frequency sub-
bands. However, DWT is limited by its reliance on fixed wavelet basis functions, which may not optimally adapt to diverse data
characteristics. The Lifting Wavelet Transform (LWT) improves upon this with a more flexible spatial-domain construction, yet
traditional implementations still depend on hand-crafted prediction and update operators, limiting their full adaptive potential.

Recent advancements have focused on making these transformations more adaptive. AdaWaveNet (Yu et al., 2024) represents
a significant leap, introducing a multi-scale wavelet transformation using a lifting scheme with neural networks. The model
automatically discovers the optimal wavelet bases for specific datasets, overcoming the limitations of fixed functions. To remedy
the spectral granularity limitation, CATCH (Wu et al., 2025) introduces a frequency-domain patching paradigm that tokenizes
narrow-band components, enabling precise anomaly localization within specific spectral slots.

To harness the theoretical strengths of the lifting scheme in time-frequency localization, we introduce the Multi-scale Wavelet
Encoder. Instead of relying on complex parameter-heavy transformations, MWE employs a streamlined lifting mechanism to
efficiently decompose non-stationary data into multi-scale representations that are highly amenable to downstream causal discovery,
creating a robust foundation for the overall framework.

2.3. Causal graph neural networks

Causal graph neural networks have emerged as a prominent paradigm for MTS analysis, which infer underlying causal
relationships to enhance learning. This paradigm encompasses a spectrum of methods. Based on how the causal structure is derived,
existing methods can be broadly categorized into two types: predefined graph methods that rely on a predefined, static graph
constructed prior to model training, and learned graph methods that jointly learn graph discovery and representation learning.
The predefined graph approach is limited because the static graph may not reflect dynamic Granger causal relationships, hindering
model adaptability.

Consequently, learned graph methods have become the focus of modern research. A significant breakthrough is NOTEARS (Zheng
et al., 2018), which recasts the combinatorial challenge of inferring a Directed Acyclic Graph (DAG) into a continuous optimization
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Summary of the reviewed state-of-the-art methods for multivariate time series anomaly detection.

Category Representative Characteristics Pros (Advantages) Cons (Limitations)
methods
Spatial-Temporal OmniAnomaly, Utilizes encoder-decoder Unifies spatial and temporal Extreme dependence on a scalar
reconstruction MSCRED, architectures with convolutional representation learning within a aggregated reconstruction error;
MST-GAT or graph-attention mechanisms to single framework. fails to discriminate distinct

model inter-variable and temporal
dynamics.

anomaly categories.

Hybrid contrastive MultiRC, IGCL,

Integrates diverse learning

Significantly augments the

Requires exhaustive

& Generative GLAD, DADA paradigms such as contrastive discriminative capacity and hyperparameter tuning; complex
models learning, diffusion models, or distribution modeling for generative priors often introduce
adversarial dual decoders. zero-shot and unsupervised high-dimensional instabilities
scenarios. hindering convergence.
LLM-based sequence Time-LLM Adapts Large Language Models Offers powerful generalizability Suffers from high computational
analysis (LLMs) to serve as foundation and leverages pre-trained latency and lacks explicit,
models for time series sequence foundation knowledge. domain-specific causal
analysis. interpretability for industrial
monitoring.
Time-frequency & MEGA, Decomposes non-stationary Provides optimal time-frequency Traditional methods rely on fixed
Wavelet analysis AdaWaveNet, signals into distinct frequency localization; excels at capturing basis functions, which limit
CATCH sub-bands or adaptive multi-scale transient characteristics and adaptability; heavy
representations using wavelet specific spectral anomalies. transformations can be
transforms. computationally complex.
Causal graph neural NOTEARS, Casts DAG structure learning into Enables fully data-driven causal Typically operates on raw time
networks DAG-GNN, a continuous optimization discovery; highly valuable for series rather than enriched
AERCA framework; utilizes Granger isolating structural dependencies time—frequency representations;

causality or variational
autoencoders to infer dynamic
dependencies.

and root cause analysis.

complex loss balancing can affect
stability.

framework by proposing a smooth characterization of acyclicity. Building on this, DAG-GNN (Yu et al., 2019) proposes a deep
generative model that learns DAG structures from complex nonlinear data by applying a variant of the acyclicity constraint within a
variational autoencoder parameterized by a GNN. This approach provides a principled basis for fully data-driven causal discovery.
Recently, the Agentic Stream of Thought (ASoT) framework (Meier et al., 2025) has been proposed for structured knowledge-based
causal discovery, which leverages agentic reasoning to integrate structural priors into complex system analysis.

A major application of causal discovery in time series is root cause analysis. AERCA (Han et al., 2025), for example, integrates
Granger causal discovery to model anomalies as interventions and explicitly learns causal relationships to pinpoint their origins.
This work, along with related research on quantifying causal influences (Janzing et al., 2013), demonstrates the value of using a
formal causal framework not only to detect anomalies but also to understand them.

While building upon the principles established by methods like DAG-GNN and AERCA, our proposed TFCAE module introduces a
distinct approach. The key innovation lies in performing causal discovery not on the raw time-series data, but on the rich, multi-scale
time—frequency representations generated by the MWE module. This strategic choice allows TFCAE to identify complex dependencies
that may be more prominent in the time—frequency domain. Furthermore, unlike AERCA, which primarily focuses on root cause
analysis, our framework utilizes the learned causal graph to directly guide the graph convolution operations in the downstream
anomaly detection model. This yields a synergistic learning framework in which rich time-frequency features support the learning
of directed predictive dependencies in the Granger sense, while the resulting graph serves as a structural prior for downstream
anomaly detection.

To provide a clear and structured comparison of the existing literature, the methodological characteristics, primary advantages,
and inherent limitations of these state-of-the-art approaches are comprehensively summarized in Table 1.

3. Theoretical background

Before introducing the proposed model, we briefly outline the theoretical foundations on which it is built. Specifically, we review
the wavelet transform via the lifting scheme and the formulation of Granger causality, as these concepts underpin our method to
time-frequency representation and causal structure detection.

3.1. Wavelet transform via lifting scheme

The wavelet transform is a powerful tool for the multi-scale analysis of signals, offering simultaneous localization in both
time and frequency domains. This capability is vital for processing non-stationary time series. For a given signal y(x), its wavelet
decomposition can be expressed as:

YO = D cupWas (), m

ab
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where y,,(x) are the wavelet basis functions at scale a and translation b, and c,, are the corresponding wavelet coefficients.
Traditional wavelet transforms depend on fixed, hand-crafted basis functions (e.g., Haar, Daubechies), which inherently restricts
their adaptability to signals with diverse characteristics.

To overcome this limitation, our work leverages the lifting scheme—a second-generation wavelet construction that is performed
entirely in the spatial domain. This approach provides the flexibility to design multi-scale, nonlinear wavelet transforms. The scheme
consists of three primary stages. First, in the split stage, the input signal is partitioned into two disjoint subsets, typically the even-
indexed samples (x¢"¢) and odd-indexed samples (x°44). Subsequently, the predict phase deploys a prediction operator P(-) to exploit
the inter-set correlation, enabling the estimation of one subset from its counterpart. The resultant prediction residual yields the detail
coefficients d, which encode the high-frequency content.

d= xodd _ P(xeve). (2)

Finally, the update stage applies an update operator U(-) to the derived detail coefficients d, refining the complementary subset so
that essential signal properties — e.g., moments — are preserved, yielding smoothed approximation coefficients c.

c=x¢4+U@). 3

Critically, by implementing the prediction and update operators as neural network modules, the lifting scheme evolves from a fixed
linear transformation into a flexible, nonlinear feature extraction mechanism. This design allows the model to effectively decompose
the signal into hierarchical components, capturing complex time—frequency characteristics through the deep stacking of these layers.
Consequently, it generates a rich, multi-scale representation that preserves the signal’s intrinsic geometry, constituting the nucleus
of our feature-extraction pipeline.

3.2. Granger causality

Granger causality serves as a fundamental statistical criterion for evaluating whether the historical observations of one time series
significantly enhance the predictive accuracy of another. In its classical formulation rooted in linear vector autoregressive models,
a time series X is defined to Granger-cause Y if the inclusion of lagged values of X results in a statistically significant reduction
in the forecasting error of Y, conditional on the past history of Y alone. While originally predicated on linear dependencies, this
framework has recently been extended to address nonlinear dynamics. Recent approaches leverage deep neural network architectures
to approximate complex, data-driven functional mappings, thereby generalizing the detection of causal structures beyond traditional
linear constraints.

Let a multivariate time series be denoted by X = (x,,...,xr), where x, € R™ is an M-dimensional vector at time ¢. The
data-generating process for the jth variable is formalized by the structural equation:

O 12 f0GD 0 ) @
2_1 represents the history of the ith variable up to time ¢ — 1, fU)(-) is a nonlinear function capturing the temporal
dependencies, and uij ) is an exogenous variable representing external, unmodeled influences at time . Within this framework,
variable i is defined to Granger-cause variable j if the predictive function fV)(-) depends explicitly on the history xﬁii - Accurately
identifying these directed dependencies is fundamental to elucidating the underlying dynamics of the multivariate system and forms
the foundational basis of our proposed causal discovery module. Accordingly, throughout this work, the Granger-based graph is
interpreted as a representation of directed predictive dependencies, where an edge denotes incremental predictive information from
one variable’s history to another rather than an interventionally identified physical relation.

where x

4. Methodology

The proposed TFCAD framework, illustrated in Fig. 1, consists of two synergistic phases: causal discovery and anomaly detection.
The first phase performs causal discovery in the time-frequency domain to capture the underlying data dependencies. In the
second phase, the learned Granger causal structure is incorporated into a reconstruction-based anomaly detection model through
a Causality-Guided Graph Convolutional Network (CGGCN), providing structural guidance for the reconstruction and detection
processes.

4.1. Multi-scale wavelet encoder

The initial stage of our model employs a multi-scale wavelet encoder, which is designed to transform the raw input time series into
a rich, multi-resolution time—frequency representation. This transformation is crucial for disentangling multi-scale representations
and augmenting the architecture’s capacity to resolve complex temporal dynamics. For an input window X € R"*M where W is
the window size and M is the number of variables, this process unfolds through the following conceptual steps.
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Fig. 1. The overall framework of TFCAD. The architecture consists of two main phases: (1) Causal Discovery (left, blue block), which extracts
multi-scale representations via MWE and infers directed dependencies using TFCAE; and (2) Anomaly Detection (right, green block), where the
discovered causal structure explicitly guides CGGCN for robust sequence reconstruction. The input data (top) flows into Phase 1 to generate
a causal graph, which provides predictive structural priors for Phase 2 via the dashed “Causal Guidance” line. Non-differentiable hard acyclic
projection acts as a gradient blocker, structurally decoupling the two phases and preventing downstream reconstruction gradients from propagating
back into graph structure learning. (For interpretation of the references to color in this figure legend, the reader is referred to the web version
of this article.)

4.1.1. Time series decomposition

The process commences by decomposing the input signal X into a low-frequency trend component, X'¢, and a high-frequency
seasonal component, X%, This initial step isolates the long-term progression of the series from its periodic and more volatile
fluctuations, allowing each to be processed more effectively:

X', X5 = SeriesDecomp(X). 5)

4.1.2. Component-wise normalization

Distribution shifts across different time series instances are a common challenge that can impede model generalization. To address
this, we apply Reversible Instance Normalization (RevIN). This normalization is performed independently on both the trend and
seasonal components. This dual-normalization strategy enhances robustness by standardizing the distinct statistical properties of both
long-term and short-term dynamics, while preserving the ability to reverse the transformation for accurate final reconstruction. This
step yields the normalized components X" and X*".

4.1.3. Multi-level wavelet analysis of seasonal component

The subsequent multi-level wavelet decomposition is strategically applied exclusively to the normalized seasonal component,
X**. This design choice focuses the analytical power of the wavelet transform on the seasonal component, which typically
encapsulates the more complex, non-stationary dynamics of the signal. The analysis is realized through a cascade of L lifting-scheme-
based wavelet blocks. At each level / € {1,..., L}, the approximation coefficients from the previous level, C,_; (with C, = f(sea),
are decomposed further. The detail coefficients D, and the next level’s approximation coefficients C; are computed by multi-scale
prediction P(-) and update U(-) operators, which are architecturally implemented as one-dimensional convolutional neural networks.
To preserve temporal coherence across all frequency scales, the detail coefficients D, produced at each level are up-sampled via

linear interpolation to match the original window size W'.

4.1.4. Feature recombination and integration
Finally, the comprehensive feature representation is constructed. The temporally-aligned detail coefficients from all levels,
{D,,D,,...,D,}, are first stacked to form a multi-resolution tensor, zdet & RMXLXW Tq ensure the final representation retains
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crucial low-frequency information, the normalized trend component X e is explicitly incorporated into the feature construction
process. In practice, this component is broadcast to match the spatial dimensions of the detail-coefficient tensor and then added
with a small, fixed weighting factor, which enriches the representation without overwhelming the fine-grained wavelet features. An
overall scaling factor « is applied to the combined output to calibrate its magnitude across the model.

Z=az% 5. 8", (6)

The MWE module culminates in a multi-scale tensor Z € RMXLXW that holistically captures scale-resolved dynamics of the input
window, furnishing a rich representation for subsequent tasks.

4.2. Time—frequency causal AutoEncoder

The TFCAE module is designed to learn a Granger-based directed dependency structure directly from the time—frequency repre-
sentations generated by the MWE module. Operating as an encoder—-decoder framework, it infers directed predictive dependencies,
translating time-frequency domain characteristics into a Granger-based structural representation. Subsequently, a hybrid constraint
strategy is employed to generate a sparse and acyclic directed graph, providing structural guidance for the downstream GCN.

4.2.1. Encoder—decoder framework for granger-based structure learning

The TFCAE operates as an encoder—decoder framework designed to simulate abductive and deductive reasoning, enabling the
model to infer directed predictive dependencies from the time-frequency domain.

Encoder (Abductive Reasoning). The encoder’s primary role is to infer the unobserved exogenous variables, u,, from the
observed data, x,. Given the multi-scale tensor Z produced by the MWE, a 2D-CNN first processes the time-frequency representation
of each variable to generate node embeddings. A multi-head self-attention mechanism then contextualizes these embeddings,
followed by an edge prediction network that computes a dynamic, weighted adjacency matrix A € RM*M Simultaneously, the
encoder predicts the value at the current time step ¢ based on historical context, Scfre. The exogenous variables are then inferred as
the prediction residuals transformed by the learned Granger causal structure:

u, = A(x, — 5°). (7)

This process follows an abductive-style mapping from the prediction error to the latent disturbance u,, which represents residual
information not explained by the historical predictor.

Decoder (Deductive Reasoning). The decoder’s function is to evaluate the learned Granger-based directed structure through
reconstruction of the observation x, from the inferred latent disturbance u,. A parallel 2D-CNN module generates a baseline
prediction &}’as from historical data, representing a baseline prediction from historical context before incorporating the latent
adjustment u,. The inferred exogenous variables u, are then processed by an adjustment predictor, f,(-), which computes an

adjustment term. The final reconstruction %7 is obtained by adding this adjustment to the baseline:
R = &P+ fou). ®

This step models deductive reasoning, using the feed-forward network f,(-) to predict the final observation. The module is
optimized by minimizing the reconstruction loss between the observation and its reconstruction:

tf srec 2
L5 = lx, = &[5 (9)

4.2.2. Multi-constraint causal regularization

To encourage the learned adjacency matrix to form a sparse and acyclic Granger-based structure, we employ a hybrid strategy
that integrates differentiable soft regularizations during optimization with a hard acyclicity projection applied post-inference.

Soft Constraints via Regularization. During training, we utilize two soft constraints, incorporated into a composite regulariza-
tion loss term, £, to guide the model toward learning a desirable sparse and acyclic graph structure.

Smooth Acyclicity Constraint. Since a causal graph is inherently defined as a DAG, guaranteeing acyclicity is a fundamental
requirement in learning causal relations. To guide the learned structure toward a DAG, we adopt the continuous, smooth, and
exact characterization of acyclicity introduced by Zheng et al. (2018). This constraint is formulated as:

£998 = tr(eA94) _ M =0, 10)

where ® denotes the Hadamard product, tr(-) is the matrix trace, M represents the number of variables (i.e., nodes in the causal
graph).

Let A = A © A be the non-negative weighted adjacency matrix. In graph theory, the trace of the kth power of a matrix, tr(;{k),
exactly quantifies the sum of weighted closed cycles of length k in the graph. By expanding the matrix exponential via its Taylor
series, we have:

B 0 ~k © ~k o ~k
tr(e?) =tr<z %) —th+ Y tr(}: ) _ v+ Y tr(k’? ). an
: = =

k=0
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Since the graph contains no cycles if and only if tr(ﬁk) =0 for all k > 1, the trace of the matrix exponential evaluates to exactly
M if and only if the graph is strictly acyclic.

This formulation offers a distinct advantage: it provides a differentiable function. The exact gradient can be efficiently computed
as V,£988 = (¢494)T 5 2 A, allowing for seamless integration into the gradient-based optimization process.

Sparsity Constraint. To avoid overly dense or noisy causal structures, we apply a penalty on the L, norm of the adjacency matrix:

L% = || A]l;. 12)
Consequently, the total regularization loss £ is defined as a weighted sum of these components:
Lo = Adagl:dag + ASPapspa 13)

Hard Acyclicity Projection. Although soft constraints guide the optimization toward a structurally sound graph, they cannot
guarantee a strictly acyclic structure because the model must simultaneously satisfy other learning objectives, such as reconstruction
error, which may push the adjacency matrix away from perfect acyclicity. To obtain a strictly acyclic DAG for guiding the graph
convolutional network, a hard acyclicity projection step is applied.

This algorithm first ranks all potential edges by their absolute weights in descending order. Starting with an empty graph, it
iteratively adds the edge (v;, v;) if and only if no path exists from v; to v;, thereby preventing cycle formation. This procedure serves
as a heuristic approximation for the NP-hard maximum weight acyclic subgraph problem. The resulting projected adjacency matrix
is denoted by A" = Proj(A).

The soft and hard constraints serve complementary purposes: the soft regularization shapes the adjacency matrix toward a near-
DAG form, enabling the projection to preserve high-weight directed edges. Without such preconditioning, the projection would
discard substantial information to maintain acyclicity. As the projection is non-differentiable, it breaks gradient flow, making the
TFCAE a causal-prior generator rather than a fully end-to-end component.

4.3. Causal-guided anomaly detection

This subsection presents the main anomaly detection architecture, which adopts a graph-based encoder-decoder paradigm and
integrates the learned Granger-based structural prior to guide representation learning for robust anomaly detection. The architecture
is composed of a causality-guided encoder, and a reconstruction decoder.

4.3.1. Causality-guided encoder

The input X is then mapped to a latent representation H by the encoder. This encoder is instantiated by the CGGCN. Crucially,
this module does not learn the graph structure from scratch; instead, it integrates the strictly acyclic Granger-based directed graph,
A derived from the multi-scale causal discovery module (Section 4.2). By using A®® as a structural prior, the encoder is
constrained to aggregate information primarily along directed predictive dependencies in the Granger sense. This guidance reduces
reliance on purely correlation-based connections and allows the learned latent variables to encode the inter-variable dependency
patterns represented by the structural prior.

4.3.2. Reconstruction decoder

The decoder mirrors the encoder structure, mapping the causality-guided latent representation H back to the original input
dimension to produce the reconstructed output %,. The network is trained by minimizing the reconstruction loss £¢. By enforcing
reconstruction based on structure-guided features, the model learns a high-fidelity representation of normal behavior. Anomalies are
then detected by identifying time points with large reconstruction errors, indicating deviations that violate the learned structural
and temporal patterns.

4.4. Training objective and anomaly score

This subsection details the formal objective functions used to train the proposed model and describes the mechanism for
computing the final anomaly score during inference.

4.4.1. Training objective

The model comprises two functionally distinct components: causal discovery and anomaly detection. The overall training
objective aggregates two primary loss terms corresponding to the core learning phases of the model.

Phase 1: Causal Discovery and Causal Reconstruction Loss. This component is dedicated to guiding the causal discovery
within the TFCAE module. It is formulated as the sum of the reconstruction loss of the TFCAE decoder (£!f) and a multi-constraint
causal regularization term (£), which is critical for ensuring the learned graph is a DAG:

f,pl — £tfr + Acrtcr’ 14)

where A% is a hyperparameter balancing the importance of the causal structure.
Phase 2: Anomaly Detection Loss. This objective drives the optimization of the main anomaly detection autoencoder to ensure
robust data reconstruction.
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The loss function is based on the standard reconstruction loss (£*¢), which measures the pixel-wise discrepancy between the
input and the reconstructed output.
The composite loss function for Phase 2 is thus defined as:

£P2 = prec, (15)
The final loss function is a weighted combination of these two objectives:
ot — pp2 4 jpl Epl, (16)

where AP! is a hyperparameter balancing the influence of the causal guidance and the core detection objective. It is important to
note that although both objectives are included in the overall training objective, their gradient paths are structurally decoupled.
Specifically, the introduction of the non-differentiable greedy acyclic projection in the TFCAE module acts as a gradient blocker
and therefore blocks gradient propagation from the anomaly detection loss to the TFCAE module. This design ensures that causal
discovery is driven by intrinsic time—frequency characteristics of the data rather than being influenced by reconstruction objectives,
while still allowing the learned Granger causal structure to provide dynamic guidance to the anomaly detection encoder.

After training on normal data, the model is used for anomaly inference. Given a test observation x,, the anomaly score is computed
as the squared L, norm of the reconstruction error produced by the anomaly detection autoencoder:

Sx = ”xx - 5(',”%, (17)

where %, denotes the reconstructed output. A data point is flagged as anomalous if its score exceeds a threshold z.
4.5. Complexity analysis

Let T denote the raw sequence length, M the number of variables, W the sliding-window length, s the stride, B the batch size,

E the number of training epochs, and L the number of lifting-wavelet levels. The number of windows is N, = V’—J + 1. For

s

one training batch, the overall cost is composed of four parts: multi-scale spectral encoding, graph message passing, causal DAG
regularization, and reconstruction projection. Accordingly, the per-batch time complexity is O(B(MLW + M? W + M* + (MW)?)).
In practice, the dominant term is typically O(B(M W)?), while O(BM?) is the second-largest term due to the matrix-exponential-based
acyclicity constraint. Therefore, the per-epoch training complexity is O(N,,(MLW + M? W + M3 + (MW)?)), and the full training
complexity over E epochs is O(E N,,(MLW + M? W + M3 + (MW)?)). During inference, the causal-regularization branch is not
evaluated, so the complexity is reduced to O(N,,(M? W + (MW )?)).

For memory usage, the dominant activation terms are from multi-scale features and graph relation tensors, yielding
O(B(MLW + M?d, + MW)), where d, is the causal embedding dimension. The parameter complexity is mainly determined by
large projection layers and is approximately O((MW)?).

4.6. Theoretical analysis of multi-task gradient conflicts

Rather than jointly optimizing all modules under both the causal discovery and anomaly reconstruction objectives, TFCAD
adopts a structurally decoupled optimization strategy. In a fully end-to-end (E2E) setting, both objectives simultaneously affect
the continuous adjacency matrix A learned by the causal module. Since the two objectives optimize different functional targets,
their gradients with respect to A may exhibit inconsistent update directions, introducing interference into the learning of the graph
structure. The gradient-decoupling mechanism in TFCAD prevents the downstream reconstruction objective from directly perturbing
the causal structure learning process, while the hard acyclic projection further ensures that the structural prior delivered to the
anomaly detection module satisfies the required acyclicity constraint.

Let A € RM*M denote the continuous adjacency matrix learned by the causal module. Under E2E coupling, the training objective
can be written explicitly in terms of its dependence on the continuous adjacency matrix as a combination of the causal discovery
loss (Phase 1, £P1) and the downstream anomaly reconstruction loss (£™) driven by the CGGCN. The total objective is:

£ = JPLLPL(A) 4 L£T°¢(A, X) (18)
where P! is the balancing hyperparameter. Accordingly, the gradient acting on the shared adjacency matrix is:
VAL = PV, LP 4 v, prec (19

The potential interference between the two objectives can be characterized by their gradient directions in the adjacency space.
Specifically, we denote the gradients of the Phase-1 objective and the reconstruction objective with respect to the continuous
adjacency matrix as

1 1
g =v, oot
gI‘SC = VAEFCC. (20)
Their directional relationship can be measured by the cosine similarity
<gpl , grec (21)

p= i
llge |1 llgree i
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Table 2

Summary of the six benchmark datasets used for evaluation. The table details the
training and testing set sizes, the number of feature dimensions, and the overall
anomaly ratio for each dataset. These datasets encompass diverse real-world domains
(e.g., aerospace, server monitoring, and industrial control), providing a comprehensive
testbed for evaluating the robustness of the proposed framework.

Dataset Train set Test set Dimension Anomaly
name size size number ratio (%)
ASD 102331 51840 19 4.61
MSL 58317 73729 55 10.72
PSM 132481 87841 25 27.80
SMAP 135183 427617 25 13.13
SMD 708 405 748420 38 4.16
SWaT 475200 449919 51 11.98

When p < 0, the angle between the two gradients exceeds 90°, indicating that the two objectives impose conflicting update directions
on the shared adjacency matrix. In this case, the reconstruction gradient contains a component opposing the Phase-1 gradient, such
that the descent updates induced by the two objectives partially counteract each other, thereby introducing interference into graph
structure optimization. Such interference arises because the E2E formulation requires the same adjacency matrix to simultaneously
support structural learning and downstream reconstruction, while the optimization directions associated with these two objectives
are not necessarily aligned.

To avoid such cross-objective interference, TFCAD decouples the downstream reconstruction optimization from graph structure
learning. Specifically, the projected graph A* is used as a gradient-isolated structural prior for the CGGCN, and the stop-gradient
operator, denoted by sg(-), is applied before graph-based feature aggregation:

H =sg(A™) X"O. (22)

Consequently, the downstream reconstruction loss does not propagate gradients back to the continuous adjacency matrix through
the structural-prior path, i.e.,

VL™ = 0. (23)

The continuous adjacency matrix is therefore learned solely under the Phase-1 objective, while the parameters of the CGGCN
are optimized for reconstruction conditional on the projected structural prior. The two operations serve complementary purposes:
gradient blocking isolates graph structure learning from downstream reconstruction updates, whereas the hard projection guarantees
the strict acyclicity of the structural prior supplied to the anomaly detection module.

5. Experimental evaluation
5.1. Experimental settings

5.1.1. Datasets

We employ six datasets in the experimental phase: Application Server Dataset (ASD) (Li et al., 2021), Mars Science Laboratory
Rover (MSL) (Hundman et al., 2018), Pooled Server Metrics (PSM) (Abdulaal et al., 2021), Server Machine Dataset (SMD) (Su
et al., 2019), Soil Moisture Active Passive satellite (SMAP) (Hundman et al., 2018), and Secure Water Treatment (SWaT) (Mathur
& Tippenhauer, 2016). A summary of their detailed features is provided in Table 2.

ASD is collected from a prominent internet provider; this set is used to track operational telemetry from 12 server units over
45 days. It is comprised of 19 performance dimensions, with ground truth provided by system specialists based on incident
reports.

MSL is sourced from NASA and contains science laboratory telemetry from the Curiosity rover. It involves 55 signals from 27
distinct components, with anomalies expert-verified by aerospace engineers.

PSM is sourced from eBay’s cloud infrastructure; this dataset is used to capture 25 performance variables from a single unified
entity. It is widely utilized to evaluate detection models in high-traffic server environments.

SMAP is focused on environmental monitoring and is sourced from NASA. Moisture levels are tracked via 25 distinct features
across 55 entities, and it serves as a benchmark for the detection of transient satellite anomalies.

SMD is maintained as a 5-week record to monitor 38 metrics across 28 independent compute nodes. The sequences are split
into identical-sized training and testing sets, which are sampled at 1-minute intervals.

SWaT is obtained from a water purification testbed. Industrial control system behaviors are modeled under 51 sensor/actuator
points, and various simulated cyber-attack scenarios are incorporated for security analysis.

10



W. He et al. Information Processing and Management 64 (2027) 105120

5.1.2. Baselines

To comprehensively evaluate the performance of TFCAD, we conduct a comparative analysis against thirteen baseline models.
These baselines span diverse research lines, ranging from classical statistical time series models (PCA (Darban et al., 2025), ARIMA
(Schmidl et al., 2022)) and classic deep reconstruction and forecasting models (LSTM (Malhotra et al., 2015), VAE (Xu et al., 2018),
LSTM-VAE (Park et al., 2018), AMFormer (Zhong et al., 2024)), to adversarial and contrastive learning frameworks (USAD (Audibert
et al., 2020), DADA (Shentu et al., 2025), COCA (Wang et al., 2023), MGCLAD (Qin et al., 2023)), as well as structure-aware
approaches leveraging graphs, causality, or frequency analysis (MTGFLOW (Zhou et al., 2024), AERCA (Han et al., 2025), CATCH
(Wu et al., 2025)). Specifically, since ARIMA is inherently a univariate model, we independently build a model for each dimension
of the multivariate time series and aggregate the anomaly scores (e.g., by taking the maximum or average prediction error) to
determine whether the overall system is anomalous.

5.1.3. Metrics

The performance of all methods is evaluated using standard evaluation metrics: Precision (P), Recall (R), Fl-score (F1), and
Area Under the Receiver Operating Characteristic Curve (AUC-ROC). To ensure statistically rigorous comparisons, all experiments
are repeated using three distinct random seeds, and the results are reported as “mean + standard deviation”.

5.1.4. Implementation details

To ensure a fair and rigorous comparison, we adopt a standardized data preprocessing and evaluation protocol across all models.
Specifically, the Spectral Residual (SR) transform is applied independently to each channel to enhance temporal saliency, with
missing values replaced by zeros. All features are then Min—-Max normalized to [0, 1], chronologically split into training (70%) and
validation (30%) sets, and segmented into input sequences using a sliding window with a step size of 1. For training configurations,
unless otherwise specified in the original publications or official implementations, models are trained for up to 250 epochs with a
batch size of 128 using the Adam optimizer (Kingma & Ba, 2015) with an initial learning rate of 10~3. Regarding model-specific
configurations, we strictly follow the architectural designs and hyperparameter settings recommended in the original publications
or official implementations. By combining this unified experimental pipeline with faithful reproduction of the recommended
configurations, we ensure that each baseline is evaluated under uniform conditions while maintaining consistency with the original
experimental settings.

5.1.5. Hyperparameter settings

Regarding the model hyperparameters, our Multi-scale Wavelet Encoder builds upon the decomposition principles of AdaWaveNet
(Yu et al., 2024). However, while AdaWaveNet simply sums the separated components at the output layer, our MWE module
integrates them at the latent feature level to construct a comprehensive representation for downstream causal discovery. To prevent
the large-magnitude low-frequency trend component from overwhelming the fine-grained high-frequency wavelet details during this
fusion, we empirically set the scaling factors to « = 1 and g = 0.1. For the causal regularization parameters, we follow the standard
practices established in continuous DAG learning literature (Yu et al., 2019; Zheng et al., 2018). Specifically, the weights for the
smooth acyclicity constraint (1928), the sparsity constraint (1*?), and the overall causal regularization (1) are all uniformly set
to 1. Empirical observations (as validated in Section 5.7) confirm that this configuration consistently yields strictly acyclic DAG
structures across all benchmarks without the need for dataset-specific tuning. Finally, the trade-off parameter AP, which balances
the causal discovery and anomaly detection objectives, is set to 1 by default; its specific impact is further analyzed in Section 5.3.

5.2. Comparison experiments

Table 3 tabulates the comparative performance of the proposed method against the baselines, where we utilize bold font to
indicate the best results and underlining for the second-best values.

As indicated by the results in Table 3, TFCAD exhibits robust performance superiority, outperforming other methods across all
six benchmark datasets. Specifically, on the challenging SMD dataset, our model achieves a remarkable F1-score of 0.8852, verifying
its effectiveness in complex multivariate server monitoring scenarios. TFCAD secures the highest AUC-ROC values across all datasets
(e.g., 0.8759 on ASD and 0.8509 on SMD), demonstrating its exceptional capability in distinguishing anomalous events from normal
patterns. Beyond the aggregate metrics, it is worth noting that while some baselines achieve exceptionally high Precision or Recall
on specific tasks (e.g., USAD achieving a Recall of 1.0000 on MSL but yielding a very low Fl-score of 0.2235), they often fail to
maintain a reasonable trade-off, resulting in suboptimal F1-scores and lower AUC-ROC. In contrast, TFCAD avoids such bias by
effectively harmonizing Precision and Recall, ensuring comprehensive and reliable detection capabilities.

Notably, on the PSM dataset, the Fl-score gain over the second-best baseline (AMFormer) is relatively marginal (a 1.0%
improvement). The fundamental reason for this variance is twofold. First, this dataset is dominated by relatively simple, isolated
point anomalies, causing advanced baselines to approach an F1 performance ceiling (e.g., F1 > 0.95), leaving limited room for
substantial gains. Second, the Granger-based structural prior in TFCAD is designed to encode directed predictive dependencies
during GCN aggregation. Its contribution is therefore less pronounced in the observed isolated-anomaly setting of PSM, whereas
larger gains are observed on ASD and SMD, where TFCAD outperforms the runner-up by 4.4% and 3.8% in F1, respectively. These
results are consistent with the role of the learned structural prior in providing informative inter-variable context for downstream
representation learning.
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Table 3

Overall anomaly detection performance comparison on six benchmark datasets (mean + std). Bold and underlined values indicate the best and
second-best results, respectively. Proposed TFCAD outperforms all baseline methods, highlighting the superior discriminative capability achieved
by integrating time-frequency analysis with dynamic causal guidance.

Methods ASD MSL

P R F1 AUC-ROC P R F1 AUC-ROC
ARIMA 0.7086 + 0.0000 0.5400 + 0.0000 0.5645 + 0.0000 0.5708 + 0.0000 0.8215 + 0.0000 0.9622 + 0.0000 0.8556 + 0.0000 0.5627 + 0.0000
PCA 0.8820 + 0.0000 0.8578 + 0.0000 0.8596 + 0.0000 0.7569 + 0.0000 0.8260 + 0.0000 0.9630 + 0.0000 0.8670 + 0.0000 0.5828 + 0.0000
VAE 0.6329 + 0.0083 0.8679 + 0.0010 0.6923 + 0.0034 0.4974 + 0.0001 0.8532 + 0.0086 0.9579 + 0.0000 0.8714 + 0.0069 0.5248 + 0.0003
LSTM 0.7789 + 0.0260 0.8829 + 0.0057 0.8115 + 0.0192 0.7958 + 0.0068 0.8515 + 0.0042 0.9579 + 0.0000 0.8697 + 0.0030 0.5248 + 0.0002
LSTM-VAE 0.2142 + 0.0218 0.5759 + 0.0466 0.2795 + 0.0166 0.7138 + 0.0062 0.6377 + 0.0018 0.9157 + 0.0123 0.6774 + 0.0025 0.6029 + 0.0100
AMFormer 0.6458 + 0.0203 0.6381 + 0.0264 0.6046 + 0.0325 0.5745 + 0.0276 0.8490 + 0.0161 0.9903 + 0.0137 0.8821 + 0.0234 0.5454 + 0.0180
DADA 0.6164 + 0.0126 0.6975 + 0.0850 0.6135 + 0.0291 0.6793 + 0.0006 0.8151 + 0.0020 0.9198 + 0.0051 0.8246 + 0.0028 0.6125 + 0.0147
COCA 0.3677 + 0.0049 0.5315 + 0.0324 0.3968 + 0.0018 0.7240 + 0.0034 0.4883 + 0.0250 0.9610 + 0.0292 0.5824 + 0.0156 0.5230 + 0.0120
USAD 0.5785 + 0.0249 0.8010 + 0.0477 0.6289 + 0.0052 0.4760 + 0.0006 0.1387 + 0.0000 1.0000 + 0.0000 0.2235 + 0.0000 0.4415 + 0.0039
MTGFLOW 0.8660 + 0.0485 0.9354 + 0.0037 0.8928 + 0.0228 0.8401 + 0.0328 0.7886 + 0.0291 0.9713 + 0.0000 0.8347 + 0.0206 0.6154 + 0.0134
MGCLAD 0.6462 + 0.0177 0.8978 + 0.0019 0.7265 + 0.0112 0.5439 + 0.0103 0.8516 + 0.0074 0.9498 + 0.0115 0.8642 + 0.0018 0.6026 + 0.0028
AERCA 0.8228 + 0.0036 0.9295 + 0.0000 0.8617 + 0.0035 0.5070 + 0.0021 0.8086 + 0.0150 0.9816 + 0.0064 0.8650 + 0.0168 0.5243 + 0.0102
CATCH 0.8531 + 0.0029 0.8811 + 0.0065 0.8547 + 0.0076 0.6384 + 0.0072 0.8373 + 0.0153 0.9382 + 0.0115 0.8379 + 0.0078 0.4556 + 0.0013
TFCAD 0.9395 + 0.0027 0.9365 + 0.0060 0.9325 + 0.0030 0.8759 + 0.0031 0.8628 + 0.0108 0.9835 + 0.0099 0.8973 + 0.0041 0.6327 + 0.0001
Methods PSM SMAP

P R F1 AUC-ROC P R F1 AUC-ROC
ARIMA 0.2790 + 0.0000 0.9999 + 0.0000 0.4363 + 0.0000 0.6403 + 0.0000 0.6759 + 0.0000 1.0000 + 0.0000 0.7513 + 0.0000 0.4938 + 0.0000
PCA 0.2790 + 0.0000 0.9998 + 0.0000 0.4363 + 0.0000 0.7151 + 0.0000 0.5938 + 0.0000 0.7649 + 0.0000 0.6233 + 0.0000 0.4589 + 0.0000
VAE 0.9485 + 0.0012 0.8969 + 0.0000 0.9220 + 0.0006 0.6772 + 0.0027 0.6757 + 0.0027 0.9827 + 0.0012 0.7362 + 0.0045 0.5336 + 0.0008
LSTM 0.9804 + 0.0044 0.8381 + 0.0037 0.9037 + 0.0040 0.6537 + 0.0593 0.6885 + 0.0040 0.9632 + 0.0051 0.7259 + 0.0022 0.5259 + 0.0003
LSTM-VAE 0.9130 + 0.0331 0.8512 + 0.0313 0.8810 + 0.0322 0.7243 + 0.0168 0.3934 + 0.0250 0.8909 + 0.0167 0.4413 + 0.0203 0.5195 + 0.0074
AMFormer 0.9782 + 0.0156 0.9409 + 0.0004 0.9592 + 0.0073 0.6807 + 0.0112 0.6452 + 0.0016 0.9715 + 0.0221 0.6940 + 0.0091 0.5392 + 0.0077
DADA 0.9993 + 0.0004 0.8213 + 0.0861 0.9003 + 0.0520 0.6950 + 0.0215 0.7249 + 0.0195 0.9354 + 0.0134 0.7455 + 0.0111 0.5389 + 0.0244
COCA 0.8508 + 0.2111 0.8505 + 0.1401 0.8325 + 0.0361 0.6082 + 0.0287 0.5403 + 0.0013 0.9719 + 0.0000 0.6036 + 0.0006 0.5006 + 0.0047
USAD 0.9359 + 0.0045 0.9053 + 0.0118 0.9204 + 0.0083 0.6364 + 0.0153 0.3081 + 0.0024 0.9927 + 0.0000 0.3757 + 0.0028 0.5312 + 0.0008
MTGFLOW 0.9357 + 0.0466 0.9733 + 0.0315 0.9533 + 0.0091 0.6216 + 0.0153 0.6357 + 0.0137 0.9563 + 0.0093 0.6913 + 0.0206 0.5156 + 0.0309
MGCLAD 0.9553 + 0.0631 0.7907 + 0.1058 0.8610 + 0.0375 0.5252 + 0.0150 0.6668 + 0.0155 0.9698 + 0.0000 0.7098 + 0.0134 0.5232 + 0.0043
AERCA 0.9693 + 0.0017 0.8925 + 0.0000 0.9294 + 0.0008 0.6009 + 0.0038 0.7010 + 0.0030 0.9858 + 0.0134 0.7570 + 0.0005 0.5264 + 0.0003
CATCH 0.9926 + 0.0003 0.8943 + 0.0000 0.9409 + 0.0001 0.7006 + 0.0017 0.6879 + 0.0028 0.9884 + 0.0043 0.7608 + 0.0092 0.4922 + 0.0001
TFCAD 0.9559 + 0.0018 0.9827 + 0.0001 0.9691 + 0.0009 0.7346 + 0.0036 0.7173 + 0.0023 0.9798 + 0.0044 0.7801 + 0.0006 0.5805 + 0.0044
Methods SMD SWaT

P R F1 AUC-ROC P R F1 AUC-ROC
ARIMA 0.7957 + 0.0000 0.7445 + 0.0000 0.7596 + 0.0000 0.6307 + 0.0000 0.9613 + 0.0000 0.7567 + 0.0000 0.8468 + 0.0000 0.6471 + 0.0000
PCA 0.8427 + 0.0000 0.9098 + 0.0000 0.8528 + 0.0000 0.6919 + 0.0000 0.5122 + 0.0000 0.8962 + 0.0000 0.6518 + 0.0000 0.2129 + 0.0000
VAE 0.7111 + 0.0134 0.6406 + 0.0024 0.6349 + 0.0049 0.7071 + 0.0007 0.9639 + 0.0016 0.7519 + 0.0000 0.8448 + 0.0006 0.5989 + 0.0038
LSTM 0.7825 + 0.0260 0.6577 + 0.0323 0.6786 + 0.0115 0.7524 + 0.0071 0.3404 + 0.0588 0.8874 + 0.0404 0.4897 + 0.0553 0.2046 + 0.0016
LSTM-VAE 0.7549 + 0.0070 0.6578 + 0.0158 0.6521 + 0.0124 0.7913 + 0.0145 0.8385 + 0.0723 0.8120 + 0.0272 0.8236 + 0.0211 0.2393 + 0.0048
AMFormer 0.8543 + 0.0279 0.8010 + 0.0083 0.8052 + 0.0256 0.6934 + 0.0046 0.3812 + 0.0012 0.7586 + 0.0000 0.5074 + 0.0010 0.3364 + 0.0030
DADA 0.9367 + 0.0083 0.6354 + 0.0050 0.6842 + 0.0011 0.8090 + 0.0050 0.9928 + 0.0003 0.7118 + 0.0000 0.8292 + 0.0001 0.6161 + 0.0030
COCA 0.5360 + 0.0683 0.6319 + 0.0137 0.4489 + 0.0312 0.5188 + 0.0059 0.9592 + 0.0117 0.7427 + 0.0391 0.8367 + 0.0204 0.6067 + 0.0040
USAD 0.2245 + 0.0029 0.6064 + 0.0023 0.2360 + 0.0003 0.3933 + 0.0001 0.9630 + 0.0505 0.6618 + 0.0238 0.7838 + 0.0001 0.6104 + 0.0056
MTGFLOW 0.8375 + 0.0179 0.8114 + 0.0175 0.7980 + 0.0272 0.7468 + 0.0971 0.9690 + 0.0292 0.6944 + 0.0324 0.8090 + 0.0321 0.6269 + 0.0107
MGCLAD 0.7799 + 0.0009 0.6434 + 0.0390 0.6636 + 0.0270 0.7463 + 0.0082 0.6820 + 0.3359 0.8280 + 0.0693 0.7167 + 0.1793 0.2259 + 0.0017
AERCA 0.8118 + 0.0662 0.7104 + 0.0427 0.7146 + 0.0174 0.6328 + 0.0018 0.2315 + 0.0066 0.8977 + 0.0096 0.3680 + 0.0076 0.2141 + 0.0054
CATCH 0.9439 + 0.0006 0.7449 + 0.0071 0.7852 + 0.0038 0.8218 + 0.0006 0.9848 + 0.0098 0.8385 + 0.0029 0.9058 + 0.0025 0.2270 + 0.0003
TFCAD 0.8982 + 0.0036 0.8861 + 0.0086 0.8852 + 0.0050 0.8509 + 0.0009 0.9315 + 0.0199 0.9006 + 0.0131 0.9156 + 0.0028 0.6792 + 0.0060

To evaluate the statistical significance of our results, we perform the Nemenyi test based on Fl-scores at a 0.05 significance
level (Critical Difference, CD = 8.1). As illustrated in Fig. 2, TFCAD achieves the highest average rank (1.0000), statistically
outperforming several competitive baselines, including LSTM-VAE (11.1671), USAD (11.1671), and COCA (11.3329). These results
clearly demonstrate the superior performance and stability of our model.

This superior performance is fundamentally rooted in TFCAD’s dual focus on multi-scale feature extraction and Granger-based
structure learning. The lifting-based wavelet transform plays a crucial role in capturing complex, multi-scale temporal patterns
and transient features in the time—frequency domain, offering a more discriminative representation of the time series compared to
methods that operate solely in the time domain or rely on fixed transformations. More importantly, the causality-guided convolution
module enables TFCAD to identify and leverage Granger-based directed predictive dependencies between variables. By incorporating
these directional dependencies rather than relying solely on symmetric pairwise correlations, TFCAD obtains a more informative
structural representation of normal multivariate behavior. This, in turn, enhances the reconstruction process, resulting in improved
sensitivity to anomalous events and more effective anomaly discrimination.

5.3. Parameter sensitivity

Our experimental analysis scrutinizes the role of essential hyperparameters, specifically isolating the effects of window size,
causal guidance frequency, and the Phase 1 loss weight on the final results.

Window Size. To rigorously evaluate the model’s capacity to capture temporal contexts, we analyze the impact of standard
large window sizes ranging from 32 to 128, with results illustrated in Fig. 3(a). The optimal window size exhibits dataset-specific
characteristics, closely tied to the nature of the underlying anomalies. For datasets characterized by transient, short-lived anomalies
(such as MSL, PSM, SMD, and SWaT), the model achieves its peak F1-score at a smaller window size of 32. As the window expands,
the performance gradually declines due to the “dilution effect”, where excessive normal patterns smooth out short anomalous spikes.
Conversely, datasets characterized by complex contextual dependencies or strong periodic trends, such as ASD and SMAP, benefit
from broader temporal receptive fields, achieving their peak performance at window sizes of 96 and 128, respectively. Crucially,
despite the natural dilution effect in extended windows, the overall performance degradation remains notably slow and stable across
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Fig. 2. Statistical significance evaluation using the Nemenyi test based on Fl-scores. The horizontal axis represents the average rank, while
models connected by the same thick line show no statistically significant difference. TFCAD achieves the best average rank and statistically
outperforms multiple competitive baselines, confirming its robust performance.
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(a) Window size vs. performance. (b) Causal guidance frequency vs. performance. (c) Phase 1 loss weight vs. performance.

Fig. 3. Parameter sensitivity analysis evaluating the impact of three key hyperparameters on the model’s F1l-score across diverse datasets: (a)
Window size; (b) Causal guidance frequency; and (c) Phase 1 loss weight. The relatively flat curves indicate that TFCAD maintains robust and
stable detection across a wide range of configurations, minimizing the need for exhaustive hyperparameter tuning.

all datasets. We attribute this robustness directly to the Multi-scale Wavelet Encoder. By leveraging the multi-scale lifting scheme,
MWE effectively disentangles high-frequency anomalous details from large-magnitude, low-frequency trends, allowing TFCAD to
maintain sensitivity to local anomalies even within prolonged observation windows.

Causal Guidance Frequency. This parameter determines the batch interval at which the causal graph discovered by TFCAE
is used to update the GCN during training. As illustrated in Fig. 3(b), the model remains stable across a wide range of guidance
frequencies, reflecting strong robustness overall. A closer examination of the trends shows that datasets such as MSL, SMD, and SWaT
display relatively flat curves with only minor fluctuations, whereas ASD, PSM, and SMAP exhibit more pronounced improvements
when the guidance frequency is set to 5. This pattern reflects a fundamental trade-off: if the guidance is too infrequent, the GCN
may rely on outdated causal structures; if it is applied too frequently, the rapid updates may disrupt the GCN’s internal learning
dynamics. Setting the guidance frequency to 5 provides an effective balance, enabling the model to incorporate evolving causal
information while maintaining stable and efficient learning.

Phase 1 Loss Weight (AP1). The hyperparameter AP acts as a trade-off parameter that governs the balance between the causal
discovery objective (Phase 1) and the primary anomaly detection reconstruction (Phase 2). As depicted in Fig. 3(c), we evaluate its
impact across the range {0.1,0.5,1,2,5,10}. When APL is exceptionally small (e.g., 0.1), datasets like SMAP suffer from insufficient
structural guidance, preventing GCN from effectively modeling inter-variable dependencies. Conversely, an excessively large AP!
(e.g., 5 or 10) overly penalizes the model, overshadowing the primary reconstruction task and causing severe performance drops
in datasets like PSM and SMD. Overall, the model demonstrates strong robustness and consistency when P! € [0.5,2]. Within this
stable optimal range, AP' = 1 serves as a robust, dataset-agnostic default configuration.

5.4. Ablation experiments

To assess the individual contributions of the major components in TFCAD, we construct five model variants by selectively
removing or replacing specific modules.

w/o0 MWE & TFCAE. This variant removes both the Multi-scale Wavelet Encoder and Time-Frequency Causal AutoEncoder
modules, allowing the GCN to operate directly on raw time-series inputs; this setting isolates the overall benefit brought by the
time-frequency feature extraction and the causal guidance.

w/0 MWE & w/ MLP. This variant substitutes the Multi-scale Wavelet Encoder with a pure MLP-based feature extractor of
comparable parameter size. This confirms the improvements are driven by the time—frequency decomposition itself, not just an
increase in model capacity.
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Table 4

Ablation study evaluating the effectiveness of key model components (mean =+ std). Bold and underlined values indicate the best and second-best
results. The consistent superiority of the full TFCAD framework supports the contributions of both multi-scale time-frequency extraction and
learned structural guidance to anomaly detection performance.

Methods

ASD

MSL

P

R

F1

P

R

F1

w/o MWE & TFCAE
w/o MWE & w/ MLP
w/o CG & w/ Rand
w/o CG & w/ Corr
w/ E2E

TFCAD

0.9017 + 0.0099
0.9258 + 0.0072
0.6968 + 0.0021
0.8926 + 0.0051
0.8703 + 0.0125
0.9395 + 0.0027

0.6344 + 0.0000
0.8317 + 0.0075
0.5964 + 0.0000
0.8264 + 0.0000
0.9189 + 0.0103
0.9365 + 0.0060

+
+

0.7237 + 0.0041
0.8667 + 0.0002
0.5489 + 0.0008
0.8483 + 0.0025
0.8866 + 0.0004
0.9325 + 0.0030

0.7809 + 0.0033
0.8270 + 0.0010
0.7151 + 0.0281
0.8245 + 0.0011
0.8148 + 0.0041
0.8628 + 0.0108

0.9656 + 0.0000
0.9524 + 0.0000
0.9275 + 0.0048
0.9524 + 0.0000
0.9792 + 0.0000
0.9835 + 0.0099

0.8268 + 0.0020
0.8515 + 0.0010
0.7391 + 0.0178
0.8490 + 0.0006
0.8550 + 0.0018
0.8973 + 0.0041

Methods

PSM

SMAP

P

R

F1

P

R

F1

w/0 MWE & TFCAE
w/o MWE & w/ MLP

0.9670 + 0.0360
0.9415 + 0.0013

0.8639 + 0.0593
0.9058 + 0.0000

0.9113 + 0.0170
0.9233 + 0.0006

0.6752 + 0.0057
0.6560 + 0.0006

0.9633 + 0.0000
0.9633 + 0.0000

0.7193 + 0.0045
0.7073 + 0.0012

w/o CG & w/ Rand 0.9268 + 0.0027 0.9165 + 0.0148 0.9216 + 0.0062 0.6666 + 0.0169 0.9499 + 0.0035 0.7033 + 0.0149
w/o CG & w/ Corr 0.9405 + 0.0030 0.9058 + 0.0000 0.9229 + 0.0015 0.6546 + 0.0004 0.9633 + 0.0000 0.7080 + 0.0001
w/ E2E 0.9148 + 0.0102 0.9629 + 0.0060 0.9382 + 0.0082 0.6914 + 0.0028 0.9802 + 0.0128 0.7419 + 0.0061
TFCAD 0.9559 + 0.0018 0.9827 + 0.0001 0.9691 + 0.0009 0.7173 + 0.0023 0.9798 + 0.0044 0.7801 + 0.0006
Methods SMD SWaT

P R F1 P R F1
w/0 MWE & TFCAE 0.8944 + 0.0025 0.7761 + 0.0017 0.8059 + 0.0000 0.9108 + 0.0012 0.8691 + 0.0000 0.8894 + 0.0006

w/o MWE & w/ MLP
w/o CG & w/ Rand
w/o CG & w/ Corr
w/ E2E

TFCAD

+
0.8882 + 0.0100
0.7964 + 0.0030
0.8889 + 0.0101
0.8659 + 0.0021
0.8982 + 0.0036

+
0.8519 + 0.0049
0.7708 + 0.0005
0.8495 + 0.0044
0.8323 + 0.0130
0.8861 + 0.0086

0.8573 + 0.0002
0.7365 + 0.0013
0.8564 + 0.0001
0.8341 + 0.0018
0.8852 + 0.0050

0.9218 + 0.0226
0.8875 + 0.0272
0.9069 + 0.0003
0.9261 + 0.0258
0.9315 + 0.0199

0.8676 + 0.0146
0.8700 + 0.0303
0.8779 + 0.0000
0.8627 + 0.0216
0.9006 + 0.0131

0.8937 + 0.0030
0.8782 + 0.0021
0.8922 + 0.0001
0.8929 + 0.0004
0.9156 + 0.0028

w/o CG & w/ Rand. This variant replaces the learned Causal Graph (CG) with a randomly generated adjacency matrix. This
baseline evaluates whether the performance gains are associated with the learned structural dependencies rather than merely
introducing arbitrary graph structures into the GCN.

w/0 CG & w/ Corr. This variant retains the main architecture but replaces the dynamically learned Causal Graph with a
static correlation graph built from Pearson correlation coefficients, enabling a controlled comparison between the learned directed
predictive structure and a conventional symmetric correlation-based prior.

w/ E2E. This variant removes the gradient-decoupling mechanism and the non-differentiable hard acyclic projection, allowing
the causal discovery and anomaly reconstruction objectives to be optimized in a fully end-to-end manner. This setting is used to
examine whether allowing both objectives to jointly influence the continuous adjacency matrix induces gradient conflicts during
graph structure learning, and to evaluate the resulting effect on anomaly detection performance.

The results presented in Table 4 clearly demonstrate the effectiveness of each core component in TFCAD through a progressive
comparison of model variants.

The w/o MWE & TFCAE variant shows the most substantial performance degradation across datasets. For example, its F1 score
drops sharply from 0.9325 to 0.7237 on ASD, and from 0.8973 to 0.8268 on MSL. Operating the GCN directly on raw time-series
inputs — without multi-scale time-frequency features or causal guidance — leads to a substantial loss in detection capability. It
underscores the indispensable value of the proposed two modules for effectively capturing the complex patterns required for accurate
anomaly detection.

A finer-grained validation is provided by the w/o MWE & w/ MLP variant. Although replacing the MWE with a pure MLP-
based feature extractor maintains a comparable parameter capacity, it still performs worse than the full model (e.g., 0.7073 vs.
0.7801 on SMAP, and 0.9233 vs. 0.9691 on PSM). This significant difference rigorously proves that the performance improvements
are inherently driven by the time—frequency decomposition architecture itself, rather than merely an increase in neural network
capacity.

To explicitly investigate the sensitivity of the causality-guided GCN to arbitrary graph structures, we introduce the w/o CG & w/
Rand variant. This variant suffers a significant performance drop, with its F1 score plummeting to 0.5489 on ASD and 0.7365 on
SMD. These results indicate that the GCN is sensitive to arbitrary graph structures and that simply introducing graph connectivity
is insufficient to reproduce the performance gains provided by the learned structural prior.

Furthermore, the w/o CG & w/ Corr variant also exhibits noticeable performance loss (e.g., an F1 score of 0.8490 on MSL and
0.8564 on SMD, falling short of TFCAD’s 0.8973 and 0.8852, respectively). Unlike the learned directed structure, the static Pearson
correlation graph is symmetric and does not encode directional predictive dependencies. The observed performance gap indicates
that the learned directed predictive structure provides a more effective structural prior for downstream anomaly detection than the
conventional correlation-based graph.

Finally, the results of the w/ E2E variant reveal a distinct performance degradation compared to the full TFCAD model, with
the F1 score dropping to 0.8866 on ASD and 0.8341 on SMD (versus TFCAD’s 0.9325 and 0.8852). Notably, on the SMAP dataset,
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Table 5

Gradient interaction diagnostics for the E2E variant across six benchmark datasets.
p measures the directional alignment between the Phase-1 structural gradient and
the reconstruction gradient with respect to the continuous adjacency matrix, while «
denotes the percentage of sampled mini-batches with p < 0.

Dataset P k (%)
ASD —0.3887 56.45
MSL -0.1765 47.40
PSM —-0.0524 53.60
SMAP —-0.3282 48.04
SMD —-0.3032 62.71
SWaT —-0.0340 45.39

although the end-to-end optimization yields a marginally higher Recall (0.9802), it causes a noticeable decrease in Precision (0.6914
vs. TFCAD’s 0.7173), leading to a lower overall F1-score (0.7419 vs. 0.7801). These results show that directly coupling the structural
and reconstruction objectives can adversely affect anomaly detection performance. However, performance degradation alone does
not reveal whether this effect arises from gradient conflict; therefore, we further examine the interaction between the two objectives
directly in the adjacency space.

5.5. gradient conflict diagnostics

To directly examine the optimization interaction observed in the E2E setting, we further analyze the gradients of the Phase-
1 structural objective and the reconstruction objective with respect to the continuous adjacency matrix A during E2E training.
Following the gradient definitions in Section 4.6, every 10 mini-batches we separately obtain gP' and g™ before the standard
backward pass and compute their cosine similarity, p. This diagnostic procedure does not alter the forward computation, loss
functions, optimizer, or parameter updates of the original E2E training process. In addition to the mean p, we quantify how frequently
conflicting gradient directions occur using

N
1
K=N;H(pq<0), (24)

where N denotes the number of sampled mini-batches, g indexes the sampled mini-batches, and I(-) is the indicator function. A
negative p, indicates that the angle between the two objective gradients exceeds 90°, such that their descent directions partially
oppose each other in the adjacency space. The diagnostic experiment is repeated over three independent runs, and the reported
values are averaged across runs.

As shown in Table 5, the mean p is negative on all six datasets, while x ranges from 45.39% to 62.71%. The degree of directional
opposition varies across datasets: ASD and SMD exhibit more pronounced negative alignment, whereas the mean p values on PSM
and SWaT are closer to zero. Nevertheless, conflicting gradient directions occur repeatedly across all benchmarks. These observations
provide direct optimization-level evidence that the Phase-1 structural objective and the downstream reconstruction objective are
not consistently aligned in the adjacency space. Together with the performance degradation of the E2E variant, the results support
the gradient-decoupling design as a means of preventing downstream reconstruction updates from interfering with graph structure
learning.

5.6. Visual analysis of structure learning

To further investigate the effectiveness of TFCAD in capturing the underlying inter-dependencies among multivariate time series,
we provide a qualitative visualization by contrasting the Granger-based DAG learned by TFCAD (Fig. 4(a)) with the static correlation
graph derived from the w/o CG & w/ Corr variant in Section 5.4 (Fig. 4(b)). This controlled visual analysis is conducted on the
SWaT dataset under the same experimental settings, utilizing the exact same data split and random seed for both methods. The two
visualized graphs correspond to the final graph priors extracted from their respective trained checkpoints. Specifically, nodes denote
the SWaT sensor/actuator variables, while edges encode the dependency structure used by each method (directed edges in TFCAD
and undirected edges in the Pearson correlation-based graph of w/o CG & w/ Corr). Additionally, the spatial layout in our graph
visualization is generated using a force-directed layout to improve readability, rather than for physical or causal interpretation.
Geometric proximity and edge lengths are optimization artifacts of the drawing algorithm and do not represent the strength of
causality, physical coupling, or propagation delay. Therefore, our visual analysis focuses on node identity, edge direction, and
overall connectivity statistics, rather than their spatial distribution.

From the resulting structures, TFCAD generates a graph with 663 directed edges and 0 isolated nodes, whereas the Pearson-based
correlation graph of the w/o CG & w/ Corr variant produces only 12 undirected edges alongside 40 isolated nodes. We observe
that TFCAD produces a significantly richer and more connected topology. This indicates that TFCAD provides a more informative
structural prior with directed predictive dependencies in the Granger sense, whereas the Pearson-based correlation captures only
symmetric pairwise co-variation and cannot represent directionality. Consequently, the GCN can leverage these directed predictive
dependencies to better distinguish normal operational patterns from anomalous deviations.
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® @ @

(b) Static correlation graph (Edges: 12, Isolated: 40).

Fig. 4. Topological comparison of extracted dependencies on the SWaT dataset: (a) the Granger-based DAG learned by TFCAD, and (b) the static
correlation graph. Nodes represent sensor/actuator variables, while edges denote the extracted dependencies. The denser and directed topology
in (a) provides a richer structural prior than the sparse, symmetric correlation graph in (b), offering more detailed dependency information for
downstream representation learning.

Table 6

Dataset-wise acyclicity statistics on learned directed graphs. The 100% DAG rate across
all benchmarks demonstrates that the proposed hybrid constraint strategy consistently
enforces strict acyclicity in the structural priors supplied to the downstream GCN.

Dataset Avg. Number of edges DAG rate (%) Avg. In/Out degree
ASD 91.3 100.0 4.81/4.81

MSL 763.0 100.0 13.87/13.87

PSM 160.0 100.0 6.40/6.40

SMAP 157.6 100.0 6.30/6.30

SMD 367.9 100.0 9.68/9.68

SWaT 663.0 100.0 13.00/13.00

5.7. Empirical validation of causal graph acyclicity

Moving beyond the topological connectivity discussed in the previous section, we now focus on the acyclicity requirement
imposed on the learned directed predictive structure. This section examines the hybrid constraint strategy from Section 4.2.2 and
evaluates whether the resulting structural priors satisfy the required DAG constraint.
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Table 7

Training time comparison on six benchmark datasets (measured in minutes). The results demonstrate that despite incorporating complex multi-
scale time—frequency extraction and dynamic causal discovery, TFCAD maintains practical time efficiency comparable to standard deep learning
baselines, achieving a highly favorable balance between superior detection performance and computational cost.

Model

ASD

MSL

PSM

SMAP

SMD

SWaT

VAE 24.0000 + 0.0000 28.5000 + 0.7071 178.5000 + 27.1823  53.0000 + 0.0000 430.0000 + 4.9533 310.0000 + 7.0711
LSTM 55.8650 + 12.1537 55.4600 + 7.4499 105.5000 + 8.3883 137.0750 + 4.4458 371.5300 + 29.1300 29.3500 + 26.4458
LSTM-VAE 54.5000 + 2.6066 43.0000 + 5.4558 43.5000 + 0.7071 96.0000 + 8.0955 271.5000 + 22.1356 2.5000 + 0.7071
AMFormer  51.5000 + 13.1335 53.0000 + 8.3848 47.5000 + 2.5772 41.0000 + 10.7990 363.5000 + 13.8148 302.5000 + 26.4788
DADA 0.0108 + 0.0000 0.0100 + 0.0000 0.0600 + 0.0000 0.0101 + 0.0001 0.0145 + 0.0002 0.1750 + 0.0212
USAD 122.0000 + 7.0711 688.5000 + 2.1213  107.5000 + 7.5772 447.0000 + 16.7990  1321.0000 + 90.5097  45.5000 + 0.7071
COCA 248.5000 + 20.4056  111.5000 + 2.1213  109.5000 + 10.8148  210.0000 + 4.2426 1129.0000 + 98.9949  21.5000 + 6.3640
MGCLAD 26.5000 + 3.3345 8.5000 + 4.9497 88.0000 + 4.0416 37.0000 + 3.9411 111.0000 + 9.9239 36.0000 + 5.4558
MTGFLOW  69.0000 + 13.2548 47.5000 + 16.2635  31.5000 + 0.7071 91.5000 + 35.8614 447.0000 + 67.2864 214.0000 + 24.4508
AERCA 26.5000 + 3.5355 47.5000 + 2.1213 10.0000 + 0.0000 24.0000 + 2.8284 173.0000 + 8.4853 510.0000 + 18.3848
CATCH 11.5000 + 2.1213 98.5000 + 7.7782 72.5000 + 9.7021 6.5000 + 3.5355 509.0000 + 16.8772 228.5000 + 7.4767
ARIMA 0.4331 + 0.2431 0.4534 + 0.2454 18.4491 + 4.8010 0.2790 + 0.1910 14.3211 + 0.2705 60.0891 + 3.9149
PCA 0.0001 + 0.0000 0.0006 + 0.0001 0.0017 + 0.0007 0.0002 + 0.0001 0.0094 + 0.0004 0.0509 + 0.0066
TFCAD 15.0000 + 1.4142 56.0000 + 7.0711 9.0000 + 0.0000 43.5000 + 0.7071 107.0000 + 4.2426 79.5000 + 23.3345

Table 8
Performance of root cause analysis on the SMD dataset. The results compare the
effectiveness of different structural priors for node-level anomaly localization under
the same evaluation protocol.

Method AC@1

w/0 CG & w/ Rand 0.6942 + 0.0000

w/o CG & w/ Corr 0.7238 + 0.0018
TFCAD 0.7500 + 0.0039

AC@3

0.7967 + 0.0022
0.8369 + 0.0017
0.8945 + 0.0058

AC@5

0.8395 + 0.0022
0.8695 + 0.0018
0.9167 + 0.0029

Consistent with the visual analysis in Section 5.6, our validation approach involves extracting the final learned adjacency matrix
from the fully trained TFCAD checkpoint. To reconstruct the precise topological structure utilized by the downstream GCN, we
apply a standard noise-filtering threshold (0.01) to eliminate negligible connection weights and exclude self-loops. An automated
topological cycle check using NetworkX is then performed on each resulting directed graph.

Table 6 summarizes the outcomes of this rigorous analysis across all six benchmark datasets. The results show that our method
generates an acyclic directed graph in 100% of the evaluated cases. This perfect acyclicity score provides strong empirical evidence
for the robustness of our method in ensuring structural integrity.

This robustness directly follows from the two-stage constraint mechanism. The soft constraints guide the optimization process
toward structures that closely approximate a DAG, reducing the structural discrepancy introduced during post-processing. The
subsequent hard acyclic projection then enforces a strict DAG structure. As a unified mechanism, the soft regularization and hard
projection ensure that the structural prior supplied to the downstream GCN satisfies the required sparsity and acyclicity constraints.

5.8. Time-efficiency analysis

To empirically validate this theoretical complexity, we summarize the total training time of all models across the six benchmark
datasets in Table 7.

Overall, the measured runtime is strictly bounded by the number of variables M and window size W, fully aligning with our
theoretical estimations. The empirical results demonstrate that despite integrating multi-scale wavelet lifting and graph-based causal
discovery, the time efficiency of TFCAD remains acceptable and comparable to that of standard baselines. This confirms that TFCAD
maintains an elegant balance between superior anomaly detection performance and practical time efficiency.

5.9. Root cause analysis

The learned directed structural prior can support Root Cause Analysis (RCA) by providing dependency-aware guidance for
identifying anomalous variables associated with detected system-level anomalies. To quantitatively evaluate this capability, we
conduct an experiment on the SMD dataset using its official node-level interpretation labels. When a system-level anomaly is
detected, variables are ranked according to their node-level reconstruction errors under the guidance of the learned projected graph
A, Performance is evaluated using the Recall at Top-K (AC@K) metric, which measures whether the labeled anomalous variables
are retrieved among the top-ranked candidates.

As shown in Table 8, TFCAD achieves the best RCA performance among the three evaluated variants, reaching an AC@5 of
0.9167. Replacing the learned graph with random connectivity reduces AC@1 from 0.7500 to 0.6942, while the correlation-based
variant obtains an AC@3 of 0.8369 compared with 0.8945 for TFCAD. These results indicate that the learned directed predictive
structure provides more effective guidance for ranking anomalous variables than either arbitrary connectivity or a symmetric
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correlation-based prior. The improved AC@K performance further demonstrates the practical value of the learned structural prior
for node-level anomaly localization and downstream RCA.

6. Discussion and implications

This section discusses the broader significance of TFCAD from both theoretical and practical perspectives, highlighting how it
diverges from existing MTS anomaly detection paradigms.

6.1. Theoretical implications

The theoretical contribution of TFCAD lies in its integration of non-linear time—frequency analysis with Granger-based structural
learning. Unlike traditional single-domain methods that rely solely on temporal or spectral information, TFCAD demonstrates
that learning directed predictive dependencies in the time-frequency domain can effectively capture latent inter-variable relation-
ships that are often obscured in raw signals. By leveraging lifting-scheme-based wavelet transformations, the model transforms
non-stationary data into a representation that is more amenable to structured dependency learning.

Crucially, the architecture of TFCAD extends beyond a mere engineering combination of existing modules. Conceptually, our
framework combines time-frequency representation learning and Granger-based structural learning through a gradient-decoupled
architecture. In a fully end-to-end configuration, the causal discovery and reconstruction objectives can impose conflicting update
directions on the shared continuous adjacency matrix, introducing interference into graph structure optimization. TFCAD addresses
this interaction through gradient decoupling and hard acyclicity projection, which isolate graph structure learning from downstream
reconstruction updates while providing a strictly acyclic structural prior to the anomaly detection module. Therefore, the core
conceptual novelty lies in how structural priors are extracted from non-stationary signals and incorporated into downstream
reconstruction without cross-objective interference.

6.2. Practical implications

From a practical standpoint, TFCAD offers a promising perspective for addressing the industry need for more robust and
interpretable anomaly detection in complex systems. In real-world environments like server monitoring (SMD) or water treatment
(SWaT), operators are often overwhelmed by false positives triggered by spurious correlations. TFCAD helps mitigate this by utilizing
the learned graphs to filter out non-essential interactions, ensuring that the detection focus remains on violations of valid predictive
dependencies. Furthermore, the discovered DAGs can serve as a valuable structural reference for downstream root-cause analysis,
assisting engineers in narrowing down potential source metrics rather than treating the system as a complete black box.

7. Conclusion

In this paper, we present TFCAD, an unsupervised anomaly detection framework for multivariate time series. By decomposing
non-stationary signals into multi-scale time—frequency representations and leveraging the learned Granger-based directed predictive
structure, the proposed framework captures structurally meaningful inter-variable interactions. The integration of structure-guided
graph convolution with reconstruction-based learning enables the model to achieve improved sensitivity to anomalous patterns,
resulting in more discriminative and stable anomaly scores in complex multivariate settings. Extensive evaluations on six benchmark
datasets demonstrate that TFCAD outperforms thirteen baselines across multiple evaluation metrics.

Despite its promising performance, several limitations warrant further investigation. First, the matrix-exponential-based acyclicity
constraint imposes a non-trivial computational overhead during joint optimization, particularly as the variable dimensionality
scales. Second, the current architecture assumes strictly synchronous time series, which may limit its direct applicability to
asynchronously sampled industrial systems. Third, the benchmark datasets used in this study do not provide ground-truth causal
DAGs, interventional observations, or complete physical system topologies. Accordingly, the learned graphs are interpreted as
directed predictive dependencies in the Granger sense rather than as directly verified physical causal structures. Future work will
investigate datasets with explicit structural annotations or interventional information to enable more direct evaluation of causal
graph recovery. Addressing these constraints to improve scalability, flexibility, and structural validation remains a vital direction
for our future research.
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