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Abstract

Gravitational-wave (GW) detection has become a significant area of research following the
first successful observation by the Laser Interferometer Gravitational-Wave Observatory
(LIGO). The detection of signals emerging from binary black hole (BBH) mergers have
challenges due to the presence of non-Gaussian and non-stationary noise in observational
data. Using traditional matched filtering techniques to detect BBH merging are compu-
tationally expensive and may not generalize well to unexpected GW events. As a result,
deep learning-based methods have emerged as powerful alternatives for robust GW signal
detection. In this study, we propose a novel Transformer-based architecture that introduces
energy-aware modulation into the attention mechanism through dual-energy attention
masks. In the proposed framework, Q-transform and discrete wavelet transform (DWT)
are employed to extract time—frequency energy representations from gravitational-wave
signals which are fused into energy masks that dynamically guide the Transformer encoder.
In parallel, the raw one-dimensional signal is used directly as input and segmented into
temporal patches, which enables the model to leverage both learned representations and
physically grounded priors. This proposed architecture allows the model to focus on
energy-rich and informative regions of the signal in order to enhance the robustness of the
model under realistic noise conditions. Experimental results on BBH datasets embedded in
real LIGO noise show that EDAT-BBH outperforms CNN-based and standard Transformer-
based approaches, achieving an accuracy of 0.9953, a recall of 0.9950, an F1-score of 0.9953,
and an AUC of 0.9999. These findings demonstrate the effectiveness of energy-modulated
attention in improving both the interpretability and performance of deep learning models
for gravitational-wave signal classification.

Keywords: deep learning; gravitational waves; transformers; attention; time—frequency
signal analysis; LIGO; Bayesian-optimized network

1. Introduction

Gravitational waves (GWs) were introduced by Albert Einstein within the framework
of the general theory of relativity [1]. He theorized that the gravitational waves are distur-
bances in space-time produced by the motion of extremely massive and accelerating objects
such as black holes or neutron stars. These waves often originate from dynamic cosmic
processes like collisions or explosions. The first successful observation of such waves was
associated with the GW150914 event, officially reported in September 2015 by the Laser
Interferometer Gravitational-Wave Observatory (LIGO) collaboration [2]. The analysis
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revealed that the waves originated from the merger of two black holes approximately
1.3 billion light-years away.

One of the systems that generates GWs is binary black holes (BBHs) and the study of
BBHs is interesting and important for gravitational-wave research. These cosmic systems
emit gravitational waves that offer critical information about their properties, origins, and
development. However, identifying these signals has a considerable challenge due to
their weakness compared to the dominant background noise caused by instrumental and
environmental noise [3-5]. In order to overcome this issue, scientists employed advanced
analytical techniques such as matched filtering and template matching, which help to detect
the weak signals within the data from gravitational-wave observatories [6,7]. However,
noises are non-Gaussian and non-stationary signals and these techniques are not always a
good method because of including high computational cost and unexpected GW events [8].
Therefore, machine learning and deep learning techniques become an alternative solution
for detection of gravitational waves. In [6,9], the researchers highlighted the efficiency of
deep filtering methods that extend the range of detectable gravitational-wave signals and
their method outperform traditional matched filtering techniques in real-time detection
scenarios, and the authors in [10] demonstrate that the deep learning methods can be an
alternative to traditional matched filtering techniques. Additionally, machine learning
algorithms can reduce the false alarms and improve the overall efficiency of detection [11].

In recent years, after it was understood that deep learning and machine learning tech-
niques could be used instead of traditional matched filtering methods, these approaches
have gained increasing attention in gravitational-wave research. Since then, many mod-
els have been developed to solve different problems in gravitational astronomy. These
problems can be categorized into glitch classification [12-16], GW denoising [17-20], BBH
detection [5,6,8,10,21-24], detection of signals from binary neutron stars [25-27], and classi-
fication of supernova gravitational waves [28-30].

Among these research areas, the detection of BBH signals using deep learning and
machine learning techniques has emerged as one of the most extensively studied topics in
the literature [7]. In this regard, neural networks [31] and CNN-based models are proposed
for parameter estimation [6] and detection of BBH mergers [6,32]. Moreover, combination
of multiple pre-trained DenseNet201 and XGBoost are proposed for BBH detection [23].
On the other hand, the recurrent autoencoder (AE) method is also studied and LSTM-AE
is compared to GRU-AE in the detection of gravitational waves from BBHs [24]. Early
deep learning studies on deep filtering demonstrated that CNNs can be trained to directly
detect gravitational waves from raw time-series data. For example, ref. [6] introduced
a deep filtering method that achieved real-time detection of GWs from BBH mergers,
outperforming classical matched filtering in sensitivity and speed. Similarly, refs. [9,10]
showed that deep CNNs can generalize across a wide range of simulated BBH parameters.

Despite their success, research on DL methods utilizing two-dimensional (2D) signal
representations, such as spectrograms or Q-transforms, remains sparse and very limited in
the literature [5]. Therefore, time—frequency representations (TFRs) of GW signals and their
use in enhancing DL-based GW detection are investigated in [5]. Researchers have also
employed Cohen’s class TFRs as input features for ResNet-101, Xception, and EfficientNet.
Additionally, [5] shows that utilizing TFRs in noisy, non-stationary real-world environments
can improve the detection accuracy, precision, and recall of models. Therefore, in this study,
we employed both 1D time-series signals and 2D Q-transforms in deep learning methods.

Existing deep learning approaches for BBH detection still face several key limitations
in spite of important progress. Most CNN-based methods rely on local receptive fields,
which restrict their ability to capture long-range temporal dependencies and often cause a
loss of phase-coherent information [8,33]. This is due to their reliance on fixed local recep-
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tive fields, which restricts their ability to model complex interactions across distant regions
of the input. On the other hand, approaches using 2D time-—frequency representations,
such as Q-transform spectrograms, are usually processed as standard images, which can
lead to suboptimal feature extraction because they ignore the underlying physical energy
structure of the signal. To address these limitations, Transformer-based architectures that
utilize self-attention mechanisms have emerged as a powerful alternative for modeling com-
prehensive dependencies across the input space. To overcome this problem, convolutional
Transformers (CoTs) have been proposed as a novel approach in recent gravitational-wave
detection research [8].

While convolutional Transformers (CoTs) have introduced attention mechanisms into
GW detection, they do not incorporate physically meaningful constraints such as energy
distributions. These limitations highlight the need for a more physically grounded attention
strategy. Incorporating energy distributions from both time—frequency and multi-resolution
domains can provide a meaningful and interpretable guide for directing attention to the
most informative regions of the signal.

To address this gap, we propose a novel Transformer-based architecture in which
the self-attention mechanism is explicitly modulated by dual energy vectors extracted
from Q-transform and DWT representations. In our proposed method, Q-transform is
used because of the chirp-like structure of BBH signals. It is particularly effective for
extracting global energy patterns in the time—frequency domain. Additionally, the DWT
captures transient features across multiple scales. The model also processes raw time-
series data through patch embeddings. Therefore, energy vectors are first normalized and
resized to match the patch embedding size and then fused to construct a combined energy
attention mask. This mask is used to modulate attention scores dynamically and allow the
model to focus on regions of the signal that are both spectrally and temporally informative.
Thus, the proposed method leverages spectral and multi-resolution energy features to
effectively guide attention towards discriminative signal regions. We call to this model as
the Energy-Modulated Dual-Attention Transformer for Binary Black Hole classification
(EDAT-BBH).

The objective of this study is to develop a novel deep learning framework for de-
tecting gravitational-wave signals generated from BBH mergers. Unlike conventional
Transformer-based approaches, EDAT-BBH introduces fundamental innovations in the
attention mechanism to improve model sensitivity in non-stationary signal environments.
On the other hand, EDAT-BBH is trained using real LIGO background noise to ensure
robustness under real-world non-stationary conditions. In contrast to studies relying on
simulated Gaussian noise, we utilize actual detector recordings. Additionally, to ensure effi-
cient convergence and model generalization, the architecture and training parameters of the
proposed model are optimized using Bayesian hyperparameter search. Key contributions
of the proposed method can be listed as follows.

(1) Development of a Transformer architecture with energy-modulated attention and raw
signal patching: This study introduces a modified Transformer framework in which
the attention mechanism is guided by physically meaningful energy information
extracted from the detector signal. For this purpose, energy vectors obtained from Q-
transform and wavelet-based vectors are combined into dual-energy attention masks
which dynamically modulate the attention scores in the encoder. This energy-aware
attention mechanism allows the model to focus on the regions of the input signal
that are rich in discriminative features, enhancing its ability to capture transient and
non-Gaussian characteristics typical of gravitational-wave signals. Unlike prior works,
we do not treat energy vectors as auxiliary inputs but embed them directly into the
Transformer’s attention operation, which results in improved interpretability and
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enhanced robustness to noise. Additionally, the raw time-series gravitational-wave
signal is divided into patches and embedded as the main input sequence in order to
allow the model to preserve detailed temporal features.

(2) Integration of Q-transform and wavelet-based energy representations: The EDAT-
BBH model benefits from a combined view of global and local signal structures by
leveraging both Q-transform and wavelet coefficients to derive complementary energy
representations. This dual-energy strategy facilitates a comprehensive representation
that is particularly effective for the complex temporal and spectral patterns found in
gravitational-wave data.

(8) Training with realistic, non-stationary noise from LIGO detectors: In contrast to many
prior studies that rely on simulated noise, our model is trained and validated on
data incorporating real non-stationary and non-Gaussian background noise sourced
directly from LIGO detectors. This ensures that the model can generalize to real-world
detection scenarios.

(4) Optimization of model architecture and training parameters via Bayesian optimiza-
tion: To maximize classification performance and computational efficiency, Bayesian
optimization is employed to fine-tune the hyperparameters of the EDAT-BBH model.
Experimental results show that the proposed model outperforms baseline Trans-
former architectures and conventional classifiers in terms of performance metrics for
detecting binary black hole gravitational-wave signals.

The organization of the rest of the paper is as follows: Section 2 presents the back-
ground and methods, including the methodology, Q transform, analysis of wavelet coeffi-
cients, Bayesian optimized architecture, and the architectural components of the proposed
model. In Section 3, the dataset used in the study and simulation results are presented
with respect to the performance of recent studies. Section 4 provides a detailed discus-
sion of the results and Section 5 concludes the paper with final comments and potential
future directions.

Notation: In this manuscript, vectors are denoted by bold lowercase letters and matrices
by bold uppercase letters. (-) " and (-)* represent the transpose operation and the complex
conjugate, respectively. On the other hand, © denotes the Hadamard product and the space
Rk denotes the set of real-valued matrices with n rows and k columns.

2. Background and Methods
2.1. Methodology

In this study, we propose a method to fuse physically interpretable energy representa-
tions of GW signals derived from Q-transform and DWT and integrate into a Transformer-
based neural network via an energy-guided attention mechanism. In addition to leveraging
energy information, the model also processes raw time-series data by dividing it into
non-overlapping patches, which enables the Transformer to learn temporal features directly
from the signal.

First, the raw gravitational-wave signal of length 2048 is subjected to preprocessing
and subsequently transformed into a time—frequency representation using Q-transform.
The Q-transform spectrogram, with a size of 224 x 224, is processed to compute a one-
dimensional energy vector, E,(t), by averaging the squared magnitudes across all frequency
bins for each time frame.

Moreover, the same signal is decomposed using DWT up to five levels to obtain
wavelet coefficient arrays {ck};z:l. Each coefficient vector is squared, normalized, and
resized to length 224 via interpolation to match the temporal scale of E;(t). The Q-transform
and DWT-based energy vectors are then fused into a single combined energy vector,
Efuse (), by averaging all six vectors. This combined energy vector is used to compute a
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two-dimensional attention mask M by taking the outer product of Egs(f) with itself. This
mask is used to encode the pairwise temporal relevance of signal segments and modulates
the attention weights in the Transformer.

On the other hand, the raw input signal is partitioned into 224 non-overlapping
patches, each of length nine. These patches are passed through a 1D convolutional layer
with ReLU activation, followed by average pooling, resulting in patch embeddings of di-
mension 128. These embeddings are given as input into the Transformer encoder including
multi-head self-attention layers and feedforward networks. Unlike standard self-attention,
the dot-product similarity matrix in EDAT-BBH is modulated by the energy mask M before
applying the softmax operation. This ensures that the model focuses on signal regions
that contain significant energy and contain meaningful information. Finally, the output
corresponding to the first patch is passed through a dense layer with a sigmoid activation.

This methodology enables the EDAT-BBH model to exploit both global and local
signal characteristics while embedding domain-specific priors directly into its attention
mechanism, resulting in robust performance under noisy observational conditions.

Figure 1 shows the overall architecture of the proposed EDAT-BBH model. As shown
in the figure, the pipeline consists of three main stages. Figure 1a shows the signal gen-
eration and pre-processing. Simulated BBH signals are injected into real LIGO noise and
undergo whitening and patchification. Figure 1b illustrates energy mask construction
using DWT and Q-transform. Independent energy representations are extracted from both
wavelet and time—frequency domains and fused to construct an attention-guiding energy
mask. This mask is then applied in a modified scaled dot-product attention mechanism
in order to allow the model to focus on important temporal regions. Figure 1c shows the
Transformer encoder with energy-modulated attention.

2.2. Q-Transform

Q-transform is a widely used technique in time—frequency analysis, demonstrating
exceptional performance in signal processing. This method enables high-resolution repre-
sentation of signals in both time and frequency domains, offering significant advantages
in analyzing transient and localized events. Q-transform is a signal processing technique
closely related to the short-time Fourier transform (STFT). It facilitates the conversion of a
signal from the time domain to a time-—frequency representation. Despite the similarity
between Q-transform and STFT, a key distinction lies in the geometric spacing of the center
frequencies in Q-transform frequency bins. The Q-transform of a signal is mathematically
expressed as follows [34]:

n+% ' . Nk
Qr(kn) =Y q()a <]—”+2>- 1)
j=n—=*

Here, q(j) represents a discrete-time signal, and k = 1,2, ..., K corresponds to the frequency
bins. In the above equation, aj (1) represents a basis function, commonly referred to as
time—frequency atoms. The asterisk symbol (*) denotes the complex conjugation operation,
where aj (1) is the complex conjugate of a;(n). The formulation of time—frequency atoms
ax(n) is expressed as follows

_ L (N —i2mnfi/f,
() = (5 ), @

where f; stands for the center frequency corresponding to the k-th frequency bin, while f;
denotes the sampling frequency. Finally, the term w(t) represents a window function.
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In practice, the constant Q parameter ensures that the transform adapts to the features
of the signal. This property provides finer resolution where needed. For example, in high-
frequency regions, the transform uses short-duration wavelets, capturing rapid changes in
time. On the other hand, in low-frequency regions, the transform employs longer wavelets,
capturing detailed spectral variations. For instance, in gravitational-wave analysis, Q-
transform effectively characterizes transient features of gravitational waves near the event
horizon in both time and frequency domains.
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Figure 1. Overview of the proposed EDAT-BBH architecture. (a) Signal generation and pre-processing.
The resulting signal is partitioned into 224 non-overlapping patches. (b) Energy mask construction.
The preprocessed signal is independently passed through DWT and Q-transform operations. Energy
representations are computed and fused to generate the energy mask M € R?24x224_ () Energy-
modulated attention mechanism. The input patches are embedded via 1D convolution and average
pooling and then multi-head self-attention is modulated by the fused energy mask.

2.3. Wavelet Coefficients

Wavelet transform is a representation and analysis of signals in both the time and
frequency domains simultaneously. Unlike Fourier transforms, which decompose a signal
into infinite-duration sinusoids, wavelet transform uses short and finite-length wavelets.
Additionally, wavelet transforms analyze signals at multiple scales using localized wave-
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forms. This multi-resolution property makes wavelet transforms particularly effective for
analyzing non-stationary signals.

The wavelet transform represents a signal s() as a series of scaled and translated
versions of a chosen mother wavelet function. Let ¢(t) be a wavelet function; then the
continuous wavelet transform (CWT) of a signal s(t) is defined as

e}

Wiab) = [ sty )

S
—o0

where a is scale parameter using to control the dilation or compression of the wavelet and
b is the translation parameter which determines the location of the wavelet in time. In (3),
(+)* denotes the complex conjugation operation. On the other hand, ¢, ; (t) represents the
scaled and translated wavelet and given by

vosl) = =9 (7)) @

As seen from the equation above, the scale parameter a inversely relates to frequency.

This parameter allows the wavelet transform to adapt its resolution dynamically. At
low frequencies, the wavelet captures broad, smooth features of the signal, while at high
frequencies, it detects sharp and localized details. On the other hand, the DWT samples the
scale and translation parameters in discrete time and the DWT is expressed as

wn = [ s(0) () d, ®

where P, (t) = 27"/2%((1/2™)(t — 2"n)), and m and n are integers representing the
scale and translation indices, respectively. In addition, ¢, , denotes the wavelet coefficients
which represents the projection of the signal onto the wavelet basis functions at different
scales and translations. They can be categorized into approximation and detail coefficients,
which are represented as c4 and cp, respectively. Approximation coefficients represent the
low-frequency components of the signal. These coefficients capture the overall structure
or trend of the signal. On the other hand, detail coefficients of the signal denote the high-
frequency, small-scale components which capture localized variations or sharp transitions
in the signal.

2.4. Transformer Architecture and Multi-Head Attention

The Transformer architecture, introduced in [35], has become a fundamental frame-
work in deep learning due to its ability to model long-range dependencies without relying
on recurrence. Therefore, the properties of Transformers make them widely successful in
natural language processing [36,37], speech analysis [38], and, more recently, computer
vision [39].

Transformers were initially designed for sequence-based tasks such as natural lan-
guage processing, and they have been successfully adapted for other research areas. The
key innovation of the Transformer is its self-attention mechanism, which provides the
ability to capture relationships within sequential or spatial data. In [38], the authors
demonstrated that self-attention could replace recurrent neural networks for efficient
sequence-to-sequence modeling and [39] have shown that Transformers can outperform
CNNs in image recognition tasks by applying self-attention over image patches. Therefore,
the self-attention mechanism forms the backbone of Transformer architectures. It computes
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a weighted representation of input features by measuring the relationships between all
elements of a sequence. Attention in Transformers is defined as

Attention(Q, K, V) = softmax QKT % (6)
7 4 \/a 7

where Q, K, and V are query, key, and value matrices, respectively. On the other hand,
V/dy is the scaling factor that prevents vanishing or exploding gradients when Q and K are
high-dimensional matrices.

The self-attention mechanism can be extended to the multi-head attention mechanism.
In this mechanism, each head independently applies the scaled dot product attention and
projects the outputs back into the feature space. This process can be explained as follows:

MultiHead(Q, K, V) = Concat(head;, head,, . . .,headh)Wo, @)
where each attention head is given by
- i Q K 14
head; = Attention(QW;*, KW;", VW/). (8)

Here, WZQ e R<dk, WZI< e R"<d  and WIV € R"*4v are learnable projection matrices for
the i-th head, and WO € R"*"*4 is the output projection matrix. On the other hand, 1
represents the dimension of input and dj is the dimensionality of the query and key vectors.
By attending to multiple aspects of the input sequence in parallel, multi-head attention
enables the model to capture complex dependencies [35].

2.5. Bayesian-Optimized Energy-Modulated Transformer

In this study, we utilized Bayesian optimization to find the optimum architecture
and hyperparameters of an EDAT-BBH model for a binary classification task. Bayesian
optimization leverages a probabilistic model to predict the performance of a machine
learning algorithm given specific hyperparameters. This approach has the advantage of
optimizing high-dimensional objective functions in deep learning models. Additionally, it
also allows us to systematically explore the hyperparameter space and find an architecture
that achieves an optimal trade-off between model complexity and generalization.

The idea behind Bayesian optimization is to find the optimum value of a black-box
objective function, f(x), where x represents the hyperparameters. Hence, the global
optimization problem can be expressed as follows.

*

x* = arg r){lea%f(x), )
where x = [x1,x2,...,x¢] and x* denote the optimum values. Let D = {x, f(x) } represent
the previous observation and {x;.1, f(x;11)} denote the new observation taken from the
same sample space, where x, is the next sample point. According to the properties of
Gaussian process, f(x) and f(x;11) are jointly Gaussian. Then, the predictive distribution
can be expressed as [40]

P(fi1 | Dty Xe41) = N(}lt(xt+1)/f7t2(xt+1))- (10)
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Here i¢(x;41) and 07 (x;, 1) are predictive mean and variance, respectively. Let k(x,, x,,)
represent the covariance function and K denote the covariance matrix as follows:

k(xl,xl) cee k(xl,xt)
K= : : . (11)
k(xr,x1) -+ k(xg, xp)

Then, the predictive mean and variance are written by

pe(xp1) = kT Ky,
0F (xp41) = k(xp41,x011) —k 'K 'k, (12)

where k = [k(xtﬂ, x1), k(X1 x2), -, k(X Xt)] :

Bayesian optimizations utilize the acquisition functions, a(-), to find the best x;1. For
this purpose, several acquisition functions exist. However, in this study, we employ the
Upper Confidence Bound (UCB) acquisition function which is given as follows:

aycp(x) = p(x) +xo(x), (13)

where o (x) is the standard deviation. After acquisition function is calculated, then the next
point can be found by the using following optimization problem:

X¢41 = argmax aycp(x). (14)
xeX

In this study, Bayesian optimization was applied to determine the number of attention
heads, the size of the feedforward layers, and the learning rate, resulting in a highly
effective model configuration.

2.6. Proposed Method

In this study, we propose an Energy-Modulated Dual-Attention Transformer which is
a novel Transformer-based architecture that utilizes physically interpretable energy repre-
sentations to enhance the detection of GW signals. Unlike the conventional Transformer
models, the EDAT-BBH method proposed in this study introduces domain-specific infor-
mation extracted from time-frequency and multi-resolution analyses in order to modulate
the attention mechanism.

In this study, real noise signals are obtained from the LIGO detector and all signals are
sampled at a rate of 2048 Hz. In our simulations, we utilize 1 s long segments. Therefore,
each signal used in this study has 2048 samples. Let s denote a single signal sample, and §
is a filtered and whitened signal obtained for reducing non-physical artifacts. Then, the
pre-processed signal can be expressed as a sequence of discrete time-domain values as

8 = {81,%,...,80s}. Alternatively, this signal can be represented in a more compact form

2048
n=1’/

First of all, in order to compute the time—frequency representation of the signal §,

as {5, where 71 represents the total number of time-domain samples in the signal.
Q-transform is employed by using Equation (1). In this way, 2D images are obtained with
a resolution of 224 x 224, and these images are represented as Qr(t, f) € R??4*224 After
that, Q-transform images of signals are used to extract one-dimensional energy vector by
averaging the squared magnitude of each time-frequency pixel across all frequency bins
as follows:

F
E4(t) = ;fZ Qr(t )2, (15)
=1
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where F = 224 is the number of frequency bins and E,(t) € R?* represents the energy
vector. Then, the resulting vector E;(t) is normalized to the range [0, 1].

Secondly, in order to obtain high-energy DWT features, the signal § is first decomposed
into four-level DWT coefficients. A four-level decomposition produces four sets of detail
coefficients (D1—D,) and one set of approximation coefficients (A), which form a total of
L = 5 sub-bands represented as {c,}?_,. For each level k, the energy vector is computed
by squaring the coefficients as E, () = c,(t)?. Then, E, is normalized as

Ec, (t) — min(E, (1))

N —
ECk(t) B maX(ECk(t)) - min(Eck(t)) .

(16)

After normalization, Ea{ (t) is resized to length 224 using interpolation to obtain the DWT
energy vector, E (t). This ensures alignment between all energy vectors in the time
dimension. Then, the energy vectors obtained by Q-transform given in (15) and the DWT
given in (16) are combined to form dual-energy vector as follows:

L
Eruelt) = - (zxa,a) H1-w ) Ecku)), 17)

where L = 5 and a represent the weighting factor between the Q-transform and DWT
energy vectors. To construct the attention mask, the outer product of the combined vector
is calculated as

M(l/]) = Efuse<i)Efuse(j)' (18)

In this way, the mask matrix M € R?24*224 j5 obtained for masking the embedding matrix
in the attention mechanism, where M(i, j) denotes the element of M at the i-th row and
j-th column. As shown in Figure 1, after constructing the energy mask matrix M, the
attention mechanism is modified by element-wise multiplication of attention scores with
the mask M. This modification allows the model to emphasize the important regions of the
signal. The masked attention outputs are then passed through residual connections, layer
normalization, and feedforward networks within the Transformer encoder blocks.

2.7. Signal Patch Embedding and Attention Modulation

The filtered and whitened signal § € R?48*1 is partitioned into 224 non-overlapping
patches of length 10. Each patch is processed by a one-dimensional convolutional layer with
ReLU activation. Then, average pooling is applied to the output of the convolution layer
to yield a patch embedding matrix Z € R?*4*4 where d = 128. These patch embeddings
are passed to a Transformer encoder. Unlike standard Transformers, proposed model in
this study incorporates an energy-based modulation mechanism. Specifically, the scaled
dot-product attention is element-wise modulated using an attention mask M derived
from physical signal energy distributions. The resulting modified attention formulation is
defined as follows

. QKT
Attention(Q, K, V') = Softmax oOM |V (19)
Q&) (% om)

where ® denotes the Hadamard (element-wise) product.

We call this algorithm EDAT-BBH (Energy-Modulated Dual-Attention Transformer
for Binary Black Hole classification). A generic pseudocode that has been proposed for the
classification of a binary black hole signal can be found in Algorithm 1.
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Algorithm 1 EDAT-BBH: Energy-Modulated Dual-Attention Transformer for Binary Black
Hole classification
1: Filter and whiten the BBH signal s and obtain §
Step 1: Energy Extraction from Q-transform

Nk
n+—-

2 Qrln) = £ s(hag(j—n+ ).
j=n—"k

3 Eq(t) = ¢ Ly Qr(k,n)?
~ _ E4(t)—min(Ey)
4 Eq(t) = max(Ey)—min(Ey)
Step 2: Energy Extraction from DWT Coefficients
5: for each level k = 1to L do
6 Eq(t) =ci(t)?
Nion  Ec (t)—min(Ec (£))
7: Ifck(t) = (b, () —min(Es, (1)
8: E.(t) = Interpolation(EﬁZ(t))
9: end for
Step 3: Energy Mask Construction
10: Egse(t) = 7 (€Bg () + (1 — @) T B (1))
11: M(i,j) = (Efuse (7)) (Efuse ()
Step 4: Signal Patchification and Embedding
12: Split 8 € R2M8x1 into 224 patches of size 9
13: Apply ConvlD + AveragePooling1D for embedding
Step 5: Transformer Encoder with Energy Modulation
14: for each attention layer do

15: Attention(Q, K, V) = Softmax QKT@M)V
(QKV) (2%

16: Apply residual connection + LayerNorm
17: Apply fully connected network + residual connection + LayerNorm
18: end for

Step 6: Classification Head
19: § = o(W-CLS+b)
Step 7: Loss and Optimization
20: Compute binary crossentropy loss
21: Update model parameters using Adam optimizer

2.8. Classification Output

Finally, the processed feature representations are passed through a classification layer
to produce the final classification output and distinguish gravitational-wave signals from
noise. Moreover, in order to optimize the proposed performance of the model, Bayesian
optimization is employed to find the optimum hyperparameters, such as the number
of transformer heads, learning rates, and dropout rates, ensuring efficient and robust
detection of BBH signals from LIGO data. Following the Transformer blocks, the embedding
corresponding to the first patch position (CLS token) is extracted and passed through a
dense output layer with sigmoid activation to produce a binary prediction as

7=0(Wzp+D), (20)
where zj is the embedding at index 0.

3. Results

In this study, all simulations are employed using the Google Colaboratory (Google
Colab) platform, which provides cloud-based computational resources. On this platform,
an NVIDIA A100 Tensor Core GPU (NVIDIA, Santa Clara, CA, USA) was utilized to
accelerate the computations with a memory of 80 GB. It enables efficient processing of
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large-scale datasets and deep learning models. Additionally, the platform provides access
to RAM with a memory of 83.5 GB.

Dataset

In this study, we aim to detect gravitational signals collected from a noisy environment.
Therefore, the problem we are interested in is a kind of classification problem where the sig-
nals are classified into signal and noise. As the first step of collecting data, we use real data
obtained from the LIGO recordings instead of using synthetic Gaussian noise. For this pur-
pose, noise signals are extracted from observing run O1 in the LIGO detector. This dataset is
publicly available in the Gravitational Wave Open Science Center (GWOSC) [41,42]. On the
other hand, for positive samples, GW signals from black hole mergers were simulated using
the PyCBC library by employing the SEOBNRv4_opt waveform model, which accurately
represents the time-domain evolution of the signals during the merger. The masses of the
two black holes were randomly chosen from the uniform distribution within the range of 10
to 80 solar masses, which provides a broad parameter space. This mass range was designed
to align with the observed data and increase the diversity of the simulated signals. On
the other hand, the dimensionless spin components along the z-axis were also randomly
selected within the range of 0 to 0.998. For filtering, a lower frequency cutoff of 20 Hz was
applied to filter out components below this threshold. After that, each signal was generated
to be 1 s in duration and was processed at a sampling rate of 2048 Hz. Therefore, each
signal in our generated dataset has 2048 samples.

To create a realistic dataset, these signals were injected into background noise obtained
from LIGO observations. All simulated BBH signals were injected into real LIGO detector
noise in order to preserve the non-stationary and non-Gaussian features of the background,
including instrumental and environmental noise, thereby ensuring that the performance
evaluation reflects realistic observational conditions. Let n1(#) be a detector noise and h(t)
denotes the GW signals. Then, the GW strain can be represented as

s(t) = h(t) +n(t) (21)

Each h(t) signal is obtained by scaling the template signal to a specific signal-to-noise ratio
(SNR) and injected into the LIGO background noise. The optimal SNR value can be written
as follows [43]:

0o 2
o= [0 ar, @2)

where S, (f) and H(f) represent the estimated power spectral density of noise and the
Fourier transform of h(t), respectively. In order to obtain the injected signals, the SNR
values are selected randomly from the uniformly distributed range of 8 to 30. Then, the
scaled signal is injected into the background noise in order to simulate realistic gravitational
waves. This method enhanced the diversity and physical realism of the GW signals
while enabling the construction of a balanced and realistic dataset for training machine
learning models. After signals injected into background noise, final signals are whitened
by employing the estimated power spectral density of signal. Then, whitened signal
is filtered using bandpass filter between 30 and 512 Hz. Specifically, the raw detector
strain is dominated by strong low-frequency noise. In the time domain, this appears as
large, slow oscillations that obscure the gravitational-wave signal. To mitigate this, we
first apply whitening using a local estimate of the power spectral density. The whitening
process flattens the noise spectrum and equalizes the contribution of different frequency
bins. This suppresses regions with excess noise and allows the subsequent time—frequency
representation to reflect the intrinsic signal content more faithfully. Without whitening
and filtering, any time—frequency or wavelet transform applied to the raw strain would
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be dominated by the strong noise background, causing the true GW signal content to be
heavily masked. Therefore, whitening and preprocessing are essential to obtain energy
vectors that faithfully represent the physical properties of the underlying signals. In
this way, 20,000 one-second signals are obtained and classification was performed using
10,000 signal samples and 10,000 noise samples.

Figure 2a,b show the real noise segment obtained from LIGO and simulated gravi-
tational GW signal, respectively. As seen from Figure 2a, real noise consists of random
fluctuations caused by environmental and instrumental reasons. On the other hand, the
GW waveform given in Figure 2b represents the expected signal from a BBH event. This
signal is a short-duration, chirp-like waveform, characterized by an increasing frequency
and amplitude over time, which is a signature feature of compact binary coalescence events.
However, the short duration of the GW signal poses a challenge for its detection within long
stretches of noisy data. On the other hand, Figure 2c,d demonstrate the noise after filtering
and overlay the filtered and whitened noise with the simulated GW signal, respectively.

x10-18 x107%
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-05 1
c ] £
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= 4+
n -15 @ 14
-2.0
-2 1
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—4
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Time (sec) Time (sec)
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x101° = Noisy GW (s(0=h(D+n(t)) === GW Signal (h(t})
100+
2 4
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Figure 2. Time-series noise and GW data. (a) Real noise segment obtained from LIGO. (b) Simulated
GW signal. (c) Filtered noise. (d) Filtered and whitened noisy GW signal and GW data with SNR = 8.18.

In this study, the data is divided into 1 s segments. During the generation of simulated
data, the GW signal is randomly placed around the center of each 1 s noise segment within
£0.3 s of the center. This random placement introduces variability in the training data to
improve their generalization ability across different noise conditions and signal properties.
Figure 3 shows an example of the 1 s long filtered and whitened noise and GW data used
to train the deep learning model.
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The dataset used in this study consists of time series signals. Let D = {(su, ¥n) |
sp € RX2048 € 10,1}} denote the dataset where each s, is an individual time series
data point of dimension 1 x 2048 with a corresponding binary label. Here,n =1,...,N,
and N represent the total number of samples which have a 1 x 2048 sequence. Since the
dataset utilized in this study includes a total of 20,000 samples, N = 20,000. These samples
are divided between two distinct categories. The first subset consists of 10,000 samples
containing generated BBH merger signals that have been injected with different SNR values
into real noise samples collected from LIGO detectors. In this way, these injections are
generated to mimic astrophysical sources with parameters representative of realistic BBH
systems. The second subset includes 10,000 samples of real detector noise obtained from
the LIGO. This real noise ensures a realistic evaluation of signal detection methodologies.

The effect of varying SNR values on the time—frequency representation of gravitational-
wave signals can be seen in Figure 4. At low SNR, the signal is visually indistinguishable
from background noise, as given in Figure 4a,b. However, as shown in Figure 4c,d, a
chirp-like GW signal emerges and becomes clearly visible with increasing SNR values.

= Noisy GW (s(t)=h(t)+n(t)) GW Signal (h{t))
60 -
40 -
204 |“||II .
E 0 | A o Ry N A A
= MM
—20- | I
i
740 4
|
_60 4
0.0 02 0.4 0.6 0.8 1.0
Time (sec)

Figure 3. One-second-long filtered and whitened noise and GW data with SNR = 8.18.

(a) (b) (0 (d)

Figure 4. Q-transform of injected signals for varying SNR values. (a) SNR = 8.41, (b) SNR = 9.93,
(c) SNR = 16.87, and (d) SNR = 25.93.

In our simulations, the dataset is divided into batches and the batch size is selected
as 32. To train and evaluate the performance of the model, the dataset was split into
training, validation, and test sets, with 70% (14,000 samples) allocated for training, 10%
(2000 samples) for validation, and the remaining 20% (4000 samples) for testing, and the
epoch number is chosen as 100. Additionally, the Bayesian optimization method is utilized
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in order to find the optimum model architecture. The training parameters determined by
Bayesian optimization are given in Table 1.

Bayesian hyperparameter optimization was employed to tune both the Transformer
and CNN components of the proposed architecture. In the search space, the number of
attention heads was varied between two and eight, the dimensionality of each attention
head was selected among 32, 64, and 128, and the size of the feedforward network was
searched within the range of 64 to 256 with increments of 32. The number of Transformer
encoder blocks was allowed to vary between one and four. For the convolutional layers,
the number of stacked layers was set between one and four, with the number of filters in
each layer selected from 16 to 128 in increments of 16. The kernel size was fixed at 3 x 3
across all convolutional layers. Additionally, dropout rates were sampled in the range 0.1
to 0.5 with a step size of 0.1, while the learning rate was searched on a logarithmic scale
between 1 x 10~* and 1 x 10~2. The optimization process was carried out with 60 trials
and each candidate configuration was trained for 100 epochs using early stopping criteria.

As a result of Bayesian optimization, the model was configured with four attention
heads, two transformer encoder layers, a dropout rate of 0.2, and a learning rate of 10~4.
Moreover, in the model, each patch is processed through convolutional layers with a kernel
size of three and 128 filters, followed by an average pooling operation.

Table 1. The hyperparameters used for the proposed model.

Parameter Value
Number of attention heads 4
Number of attention layers 2
Feedforward network size 128
Dropout rate 0.2
Learning rate 1x1074
Input signal length 2048
Number of patches 224

To evaluate the classification performance, the EDAT-BBH model was benchmarked
against several state-of-the-art methods using several performance metrics such as accuracy,
precision, Fl-score, recall, ROC AUC, and PR AUC. Table 2 presents a comperative analysis
between the proposed model and the prior models given in [5,6]. The results indicate that
the proposed model outperforms all competing models in terms of performance metrics.
Proposed method achieves the best overall classification accuracy of 0.9953. Additionally, it
achieves the highest recall and F1-score. Moreover, in terms of metrics for area under the
curve, the proposed model achieves the best scores in both ROC AUC and PR AUC.

Table 2. Performance of the models in terms of precision, recall, F1-score, accuracy, ROC AUC, and
PR AUC.

.. F1- ROC PR
Model Accuracy Precision Recall Score AUC AUC
Base Model [6] 0.9315 0.9720 0.8885 0.9284 0.9679 0.9772

TFR-ResNet-101 [5] 0.9695 0.9933 0.9553 0.9688 0.9881 0.9916
TFR—Xception [5] 0.9704 0.9951 0.9587 0.9698 0.9881 0.9916
TFR-EfficientNet [5]  0.9710 0.9945 0.9553 0.9703 0.9885 0.9920
EDAT-BBH 0.9953 0.9956 0.9950 0.9953 0.9999 0.9998

Table 3 presents the performance of the EDAT-BBH compared to CoT-temporal and
CoT-spectral in terms of Fl-score and AUC as evaluation metrics as given in [8]. CoT-
temporal and CoT-spectral are also Transformer-based models proposed for classificaiton
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of GW signals. EDAT-BBH significantly outperforms both CoT-temporal and CoT-spectral
models in both metrics. CoT-temporal and CoT-spectral models achieve Fl-scores of
0.9140 and 0.9160, with AUC values of 0.9350 and 0.9380, respectively. On the other hand,
EDAT-BBH achieves an F1-score of 0.9953 and AUC of 0.9999.

Table 3. Performance of the proposed model and CoT models in terms of F1-score and AUC.

Model F1-Score AUC
CoT-temporal [8] 0.9140 0.9350
CoT-spectral [8] 0.9160 0.9380
EDAT-BBH 0.9953 0.9999

Figure 5 presents the ROC curve and t-SNE projection to illustrate the classification
performance of the model. As shown in the figure, the proposed EDAT-BBH model demon-
strates effective binary classification performance. The ROC curve given in Figure 5a shows
an area under the curve (AUC) of 0.9998. Additionally, the t-SNE projection demonstrated
in Figure 5b visualizes the learned high-dimensional representations. Separation between
background noise and BBH signal using the EDAT-BBH model can be seen in Figure 5b.

Table 4 demonstrates the systematic comparison of Q-transform and DWT fusion
across different weighting factors («) to quantify both central performance (accuracy, pre-
cision, recall, F1, ROC-AUC) and robustness (standard deviation and %95 confidence
intervals) and to contrast fusion against single-modality baselines (only Q-transform and
only DWT). By presenting these variants side by side, the table is intended to reveal whether
balanced fusion improves performance and stability and to inform a sensible default choice
of « for practical use.

Table 4. Performance comparison of dual-energy fusion models with varying weighting factors.

Metric ~ Stat a=1 « =08 x=0.2 x=0 a =05
(Only Q-Transform) (1—a) =02 (1—«a)=10.8 (OnlyDWT) (1—a)=0.5
9 Mean 99.15 99.36 99.34 99.32 99.53
=~ Std 0.68 0.23 0.32 0.15 0.09
& Min 97.95 99.10 98.78 99.10 99.45
g Max 99.65 99.60 99.58 99.48 99.63
3 CI Lower 98.30 99.07 98.94 99.13 99.38
< CI Upper 99.99 99.65 99.73 99.50 99.68
Mean 0.9882 0.9901 0.9911 0.9934 0.9956
g Std 0.0144 0.0057 0.0076 0.0049 0.0022
ko) Min 0.9633 0.9833 0.9775 0.9871 0.9925
9] Max 0.9980 0.9970 0.9950 1.0000 0.9980
£ CI Lower 0.9703 0.9830 0.9816 0.9840 0.9920
CI Upper 1.0000 0.9972 1.0000 1.0000 0.9992
Mean 0.9950 0.9972 0.9957 0.9929 0.9950
= Std 0.0040 0.0021 0.0022 0.0063 0.0024
< Min 0.9885 0.9945 0.9925 0.9820 0.9915
& Max 0.9990 0.9995 0.9985 0.9975 0.9975
CI Lower 0.9901 0.9946 0.9930 0.9851 0.9920
CI Upper 0.9999 0.9998 0.9984 1.0000 0.9988
Mean 0.9915 0.9936 0.9934 0.9931 0.9953
£ Std 0.0066 0.0023 0.0032 0.0015 0.0009
3 Min 0.9799 0.9911 0.9879 0.9909 0.9945
2 Max 0.9965 0.9960 0.9958 0.9947 0.9963
= CI Lower 0.9833 0.9908 0.9895 0.9912 0.9938
CI Upper 0.9998 0.9965 0.9973 0.9950 0.9965
U Mean 0.9998 0.9998 0.9997 0.9998 0.9999
=) Std 0.0002 0.0002 0.0002 0.0001 0.0001
< Min 0.9995 0.9994 0.9995 0.9997 0.9998
9} Max 0.9999 0.9999 0.9999 0.9999 0.9999
8 CI Lower 0.9995 0.9995 0.9995 0.9997 0.9998

CI Upper 1.0000 1.0000 0.9999 0.9999 1.0000
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Figure 5. (a) ROC curve of the proposed EDAT-BBH model. (b) The 2D t-SNE projection.

4. Discussion

The results, as given in Tables 2 and 3 and Figures 5 and 6, demonstrate the advantages
of energy-guided attention over traditional and recent Transformer-based approaches.

As shown in Table 2, the EDAT-BBH model outperforms all comparative baselines,
including well-known CNN-based models such as EfficientNet and Xception. It achieves
the highest accuracy, Fl-score, and AUC metrics. In Table 3, the proposed model is
compared against CoT-temporal and CoT-spectral Transformers. The performance of
CoT-based models remains significantly below that of EDAT-BBH. This shows that using
physical energy distributions to guide attention helps the model find important time regions
more effectively than using fixed rules based only on time or frequency.

Table 4 indicates that fusing Q-transform and DWT features yields better and more
stable performance than either modality alone. As the fusion weight moves toward « = 0.5,
accuracy and Fl-score reach their highest levels. Moreover, precision is also peaking at this
weighting value. The low standard deviations and narrow CI reflects consistent behavior
of models across folds. According to the results, DWT only is closer to fusion than using
only Q-transform, yet it still falls short of the stability and performance achieved at a = 0.5.

The performance metrics and visualizations provided in Figure 5 show the effective-
ness of the EDAT-BBH model. Moreover, the t-SNE projection of the learned CLS token
embeddings provides an interpretable representation of how well the model separates
different classes in space. This separability can be attributed to the energy-aware attention
mechanism, which adaptively emphasizes important regions during learning. These results
confirm not only the predictive performance of the model but also its internal representation
for gravitational-wave detection.

In order to show the effect of applying modulation masks, we present Figures 6 and 7
using a sample of input signals. Figure 6a illustrates a sample of the input signal, Figure 6b
shows the Q-transform representation of the input signal, and Figure 6c—e illustrate the
DWT decompositions of the signal. Finally, in Figure 6f the fused energy mask is given. The
energy mask preserves the temporal locality and frequency sensitivity of the signal, which
enables the Transformer to focus on important regions for candidate events. Moreover,
Figure 7 provides a comparison of attention maps with and without energy masking.
Figure 7a—d depict the attention map from each of the four heads in the absence of masking.
As seen in these figures, there is a lack of clear localization. In contrast, Figure 7e—h show
attention maps after energy modulation. Here, attention is concentrated on specific regions
associated with high energy. These figures show how the energy mask effectively guides the
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model toward the most relevant parts of the signal. Additionally, masking also suppresses
the irrelevant attention regions.
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Figure 6. (a) A sample gravitational wave. (b) The Q-transform representation. (c—e) DWT levels A,
D1, and D2, respectively, and (f) energy mask constructed from both Q-transform and DWT-based
energy to modulate attention.
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Figure 7. Attention maps from the four heads of the Transformer (a-d) without masking (e-h) and

employing energy-based mask.

Table 5 presents a paired comparison between Transformer models with and with-
out energy masking across attention-SNR correlation, IoU, and entropy. Additionally,
paired Wilcoxon signed-rank p-values are given to assess statistical significance. In order
to compute the attention-SNR metrics, we first min—-max normalize the attention map
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A € R2424 and the corresponding Q-transform Qr € R?24*224 t0 [0,1]. The atten-
tion—SNR correlation is then computed as the Spearman rank correlation between vec(A)
and vec(Qr). To measure spatial overlap, we binarize A by keeping its top 5% values and
Qr by keeping its top 5% energy, and we compute the IoU. Finally, attention entropy is
computed as H(A) = —}; pjlog p; with p; = A;/ ¥ Ay. As seen from the table, energy
masking yields consistent and statistically reliable improvements. The attention-SNR cor-
relation, which is negative without masking, becomes positive with energy masking. This
result indicates a realignment of attention toward high-SNR regions. IoU also increases with
the use of an energy mask, demonstrating improved spatial overlap with target regions.
Although the increase in IoU seems small, it corresponds to a relative improvement of
approximately 37% compared to the no-masking condition. On the other hand, a reduction
in entropy indicates sharper and more concentrated attention distributions. In addition, as
shown in the table, all paired differences are significant according to the p-values.

Table 5. Comparison of attention interpretability metrics with and without energy masking.

Metric No Mask (Mean) Mask (Mean) A p-Value (Wilcoxon)
Attention-SNR corr —-0.0778 0.3567 +0.4345 <107300

IoU 0.0378 0.0519 +0.0141 7.37 x 107274
Entropy 10.8071 10.7901 —0.0169 <103%

The computational performance results presented in Table 6 highlight substantial dif-
ferences in computational efficiency, model complexity, and inference performance among
the evaluated architectures. ResNet101, Xception, and EfficientNetB0 exhibit significantly
higher parameter counts (42.7 M, 20.9 M, and 4.1 M, respectively) and floating-point op-
eration requirements (15.2 G, 9.1 G, and 0.8 G, respectively) compared to the proposed
EDAT-based models (0.216 M parameters, 0.154 G FLOPs). Moreover, in terms of latency
(ms/sample), the EDAT models achieved low inference times of approximately 4142 ms
for a batch size of 1 and 3.8-5.3 ms for a batch size of 32. Therefore, the EDAT model
outperforms the baseline CNNs. This improvement translated into substantially higher
throughput. While the standard backbones reached between 2.2 and 7.6 samples/s at
batch size 1, the EDAT models attained 23.5-23.8 samples/s. At batch size 32, the through-
put advantage became even more pronounced, with EDAT achieving 417-513 samples/s
compared to 40-90 samples/s for the CNN models. The inclusion of the proposed energy-
based attention mask in EDAT incurred only a marginal increase in latency (=0.6 ms at
bs = 1). According to the Table 6, the EDAT architecture not only delivers competitive
predictive performance but also it is highly suitable for real-time or resource-constrained
gravitational-wave detection scenarios where low latency and high throughput are critical.

Table 6. Computational complexity and efficiency comparison of the proposed EDAT model (with
and without energy masks) against standard CNN backbones.

Params FLOPs Inference Latency Std Throughput Inference Latency Throughput
Model M) G) (ms) (bs=1) (ms)(bs=1) (samp/s) (bs=1) (ms)(bs=32) Std (ms)(bs=32) (samp/s) (bs =32)
ResNet101 42.660 15.195 458.012 8.76 22 54.505 63.32 40.7
Xception 20.864 9.134 130.520 2.77 7.6 24.247 29.29 89.9
EfficientNetB0O 4.051 0.800 291.348 6.25 3.4 29.459 33.42 71.1
EDAT (No Mask) 0.216 0.154 41.500 1.01 23.8 5.303 6.32 417.7
EDAT (With Mask) 0.216 0.154 42.114 1.93 235 3.827 4.16 512.6

5. Conclusions

In this study, we introduce EDAT-BBH, a novel Transformer-based architecture that
leverages energy-driven attention modulation for binary black hole gravitational-wave
signal classification. By integrating Q-transform and DWT-based energy representations
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into a unified attention mask, the model selectively focuses on high-information regions of
the input signal while suppressing noise-dominated segments.

Simulation results demonstrate the superiority of EDAT-BBH over conventional CNN-
based and Transformer-based baselines across all performance metrics. Beyond its strong
classification performance, the model enhances interpretability by aligning attention distri-
butions with physically meaningful energy patterns. The illustrated figures of the attention
maps confirm the impact of energy masking in concentrating the focus of the model.

One of the primary advantages of energy-aware attention is its alignment with physi-
cally meaningful signal attributes. Unlike conventional attention mechanisms, the proposed
approach incorporates energy as an inductive prior which results in more interpretable
attention maps that correspond with known GW signal characteristics.

The success of EDAT-BBH highlights the potential of physics-informed attention
modulation in deep learning architectures, especially for domains like gravitational-wave
astrophysics where noise exhibits a non-stationary structure [44,45]. This approach can be
further applied to areas such as multi-detector signal fusion.
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