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Abstract

Premature atrial contraction (PAC) and premature ventricular contraction (PVC)

are two predominant subtypes of cardiac arrhythmias characterized by ectopic

electrical impulses. Conventional diagnostic approaches for PAC and PVC de-

tection primarily rely on manual visual inspection of electrocardiograms, which

is inherently labor-intensive, time-consuming and prone to diagnostic variabil-

ity due to subjective interpretation. To this end, we develop a novel Density-

Adaptive model based on Motif Matrix (NDAMM) that contains Adaptive Spa-

tial Interaction block and Adaptive Temporal Interaction block for automated

PAC and PVC classification. Specifically, a multi-scale feature fusion strategy

is utilized to adaptively select an optimal scope of neighbors participating in

information interaction in spatial dimension and an atrous pyramidal pooling

mechanism is exploited to generate the interaction probability for each agent in

temporal dimension. The effectiveness of our NDAMM is evaluated across the

two public databases. The results achieve stable improvements over the existing

approaches and strike a trade-off between performance and complexity. Visual-

ization analysis further confirms the interpretability thus exhibiting application

potential in several areas such as epilepsy prediction.

Keywords: Electrocardiogram classification, Motif matrix, Interaction

information
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1. Introduction

Premature cardiac contractions, resulting from premature electrical impulses

originating at ectopic pacemaker sites, represent the most prevalent form of

cardiac arrhythmia in clinical practice [1, 2]. These ectopic beats mainly mani-

fest as two distinct types: premature atrial contraction (PAC) originating from

the atria and premature ventricular contraction (PVC) arising from ventricu-

lar tissue. Clinically significant arrhythmias including ventricular tachycardia

and sudden cardiac death have been associated with these premature beats,

particularly in severe cases. Current diagnostic protocols predominantly rely on

manual visual inspection of electrocardiograms (ECG) by clinicians-an approach10

that is inherently labor-intensive, time-consuming and prone to diagnostic vari-

ability [2]. These limitations emphasize the critical requirement for developing

automated detection systems that demonstrate clinical generalizability, compu-

tational intelligence and operational efficiency to boost diagnostic accuracy and

patient outcomes.

Machine learning (ML) approaches have demonstrated substantial progress

in automated ECG analysis, exhibiting exceptional discriminative capacity for

various cardiac arrhythmias. The design of feature extraction systems remains a

critical determinant of algorithmic performance with established methodologies

spanning statistical analyses, wavelet transformations and information-theoretic20

measures [3]. Nevertheless, the conventional ML implementations for ECG sig-

nal analysis present three persistent technical challenges: inherent limitations in

algorithmic robustness under clinical variability, susceptibility to high-frequency

overfitting issue in non-stationary physiological signals and the absence of stan-

dardized feature selection protocols across heterogeneous datasets [4, 5]. These

fundamental constraints significantly impede the clinical translation of conven-

tional ML strategies, particularly in real-world diagnostic applications requiring

consistent performance across diverse patient populations.

Deep learning models (DLMs) have emerged as promising alternatives to

conventional ML approaches, demonstrating superior generalizability and repre-30
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sentational capacity across several domains. This paradigm shift has redirected

research focus from manual feature engineering to sophisticated architectural de-

sign, particularly through convolutional neural networks (CNN) that leverage

inherent self-learning capabilities. DLMs enable automated hierarchical feature

extraction while maintaining robust performance across heterogeneous data dis-

tributions. Contemporary architectures predominantly adopt either CNN-based

frameworks (e.g., ConvNet [6]) or transformer-based designs (e.g.,V̇ision Trans-

former [7], Swin Transformer [8]). However, the existing architectures often fail

to explicitly incorporate domain-specific knowledge regarding spatial-temporal

information interaction inherent in ECGs [9].40

Based on this, we develop a novel Density-Adaptive network based on Mo-

tif Matrix (NDAMM) model that contains Adaptive Spatial Interaction (ASI)

block and Adaptive Temporal Interaction (ATI) block. Our NDAMM is capable

of distilling interaction information from the perspectives of Spatial and Tempo-

ral dimensions. Specifically, a multi-scale feature fusion strategy is exploited to

adaptively select an optimal scope of neighbors participating into information

interaction in spatial dimension; temporal interaction features are extracted and

also an atrous pyramidal pooling mechanism is leveraged to generate the inter-

action probability for each agent in temporal dimension. Further, we conduct a

series of ablation studies to confirm the effectiveness of NDAMM for PAC and50

PVC detection across both China Physiological Signal Challenge 2018 database

(CPSCDB) and MIT-BIH arrhythmia database (MITDB).

Our contributions include several aspects:

• Novel Spatiotemporal Interaction Modeling We develop NDAMM,

a density-adaptive framework integrating Adaptive Spatial and Tempo-

ral Interaction blocks, to explicitly model information interactions across

spatial and temporal dimensions for cardiac arrhythmia detection.

• Superior Performance with Lower Complexity Extensive validation

across CPSCDB and MITDB demonstrates better accuracy in PAC/PVC

detection achieving optimal performance-complexity tradeoffs than several60
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existing strategies.

• Enhanced Interpretability and Potential Visualization analysis con-

firms the interpretability and exhibits potential for broader applications

such as epilepsy prediction.

2. Recent work

In this section, we review the research on PAC and PVC detection in recent

years and they are mainly divided into two categories: machine learning-Based

methods (MLM) and deep learning-Based models (DLM).

• Machine learning −Based methods: Zhu et al. [10] introduced a pat-

tern recognition mechanism with ECG features and support vector ma-70

chine (SVM) classifier to discriminate various ECG types including PAC

and PVC. Oliveira et al. [11] developed a methodology based on analytic

hierarchy process and an SVM classifier for the identification of PAC and

PVC episodes. Sangaiah et al. [12] proposed an authentication system

based on wavelet coefficient features and hidden Markov model (HMM) for

PAC and PVC identification. Jha et al. [13] constructed an ML approach

technique applying wavelet features of ECG fragments and an SVM clas-

sifier to distinguish PAC, PVC and normal sinus rhythm (NSR) signals.

Rahul et al. [14] investigated a robust strategy to utilize RR intervals and

statistical features with various classifier for the recognition of PAC and80

PVC. Besides, Nahak et al. [15] exploited an ML approach that integrates

wavelet scattering features and an SVM classifier for the analysis of PAC

and PVC fragments. Despite demonstrating feasibility, conventional MLM

exhibit several inherent limitations. Their reliance on handcrafted feature

extraction introduces subjectivity, compromises robustness under clinical

variability and hinders generalizability across diverse datasets. Thus, their

clinical translation for reliable PAC/PVC detection remains challenging,

motivating the adoption of DLM capable of automated, hierarchical fea-

ture learning.
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• Deep learning −Based models: Bouny et al. [16] come up with a multi-90

level wavelet convolutional neural networks (ML-WCNN) for PAC and

PVC detection. Ge et al. [17] introduced an Squeeze-and-Excitation (SE)

model for automatic detection of several arrhythmias. Zhang et al. [18]

displayed an attention U-net framework for the identification of PAC and

PVC segments. Zahid et al. [19] proposed a DLM approach based on self-

operational neural network to discriminate PAC and PVC signals. Park

et al. [20] investigated a PAC and PVC recognition scheme using fully

convolutional network (FCN) and long short-term memory (LSTM). Liu

et al. [21] exploited an optimized module replacement method with pure

CNN-based architecture for the recognition of PAC and PVC. Cheng et100

al. [22] constructed a lead feature guide network (LFG-Net) for automatic

detection of PAC and PVC fragments. Sarankumar et al. [23] implemented

a DLM detection strategy based on bidirectional gated recurrent unit with

auto encoder to distinguish PAC and PVC episodes. Yang et al. [24] pro-

posed an ECG classification framework that integrates parallel-based U-

net and Transformer with Pearson related beats. While the existing DLMs

offer superior representational capacity over ML methods, a critical gap

persists: existing architectures often fail to explicitly incorporate domain-

specific knowledge regarding spatial-temporal information interaction in-

herent in ECGs. To address this, we propose NDAMM, explicitly designed110

to distill adaptive interaction features across both spatial and temporal

dimensions.

3. Methods and materials

3.1. Database

To validate the NDAMM module’s generalizability, we conducted compre-

hensive evaluations using two publicly available ECG datasets:

• MIT-BIH Arrhythmia Database (MITDB) [25]: contains 48 dual-channel

recordings from 47 subjects, each spanning 30 min at 360 Hz sampling rate.
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• China Physiological Signal Challenge 2018 Database (CPSCDB) [26]:

comprises 6,877 12-lead recordings (6-60 s duration, 500 Hz sampling rate)120

collected across 11 clinical centers.

For robust model training, we implemented a systematic preprocessing pipeline:

• Resampling: downsampled all signals to 250 Hz with anti-aliasing filters

to ensure Nyquist compliance.

• Denoising: applied wavelet thresholding and bandpass filtering to sup-

press baseline wander and high-frequency noise.

• Segmentation: divided continuous recordings into 2 s clinically inter-

pretable fragments.

• Normalization: performed channel-wise Z-score standardization to mit-

igate outlier effects.130

The dataset composition and representative waveforms of PAC, PVC and NSR

are summarized in Table 1.

Table 1: The particulars of ECG fragments in this work.

Database ECG type Quantity

China Physiological Signal Challenge NSR 9384

2018 database (CPSCDB) PAC 6520

PVC 7213

MIT-BIH arrhythmia database NSR 6257

(MITDB) PAC 3564

PVC 4083

3.2. NDAMM

In an ECG signal episode with N agents as sample points Si for i ∈ Λ =

{1, ..., N}, the previous point trajectoryX of Si across the time steps t ∈ [−t−, 0]
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is determined as Xi = (q
−t

−

i , ..., q0i ) and the next point trajectory Y over the

time steps t ∈ [0, t+] is determined as Yi = (q0i ..., q
t+
i ). We aim to predict the

distribution of next point trajectories P (Y |X,Z) with previous point trajectory

X and feature representation Z. For the next behavior of each agent, we use a

series of latent variables of agent i as Ψ = {Ψi}i∈Λ and the next point trajectory140

distribution is described:





P (Y |X,Z) =
∑

i

[P (Y |Ψi, X, Z) · P (Ψi|X,Z)]

≜
∑

i

PD · Pθ

with [Ψi = Ψsi ∪Ψti ] ∧ [Ψsi ∩Ψti ̸= ∅]

(1)

where Ψsi represents spatial features and Ψti represents temporal features. We

Fig. 1. Architecture overview of novel Density-Adaptive framework based on Motif Matrix

(NDAMM). This models the interaction procedure between target agent and its neighbors

with density adaptation, ASI describes the range for multi-scale neighbors selection and ATI

describes the dynamic interaction analysis (where numbers are interaction probabilities). ECG

features from ASI and ATI are combined by attention architecture to discriminate diverse

trajectories (where number represents generation probability).

use Conditional Variational AutoEncoder (CVAE) architecture for accuracy and
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generalization [27]. With the help of Motif Matrix [28], our NDAMM consists

of both Adaptive Spatial Interaction (ASI) block and Adaptive Temporal Inter-

action (ATI) block in Fig.1. Each agent i is sequentially treated as the target

agent in the scenes and so we focus the interaction between sample points Si

and its neighbors {Sj}
N
j ̸=i.

3.2.1. Adaptive Spatial Interaction

In an ASI block in Fig.2, it is essential to determine which neighbors interact150

with the target agent within the scopes. To this end, we capture fusion features

ξ from both Motif Matrix and agent, simultaneously integrating them with each

agent feature ψi. Also, we obtain the Motif Matrix Ms,t in the spatial dimension

Ms,∗. Further, a motif matrix for each radius by erasing the temporal dimension

can be obtained:

M̃s =
∑

t

Ms,t(s = s1, ..., S) (2)

where s denotes the scope for selecting neighbors with s1 to S, thus the motif

matrices in spatial dimension are obtained as M̃s1 , ..., M̃S .

To acquire the primary features ψM̃
s from motif matrix M̃s, we make use of

Atrous Spatial Pyramid Pooling (ASPP) network [29] to aggregate the features

from each M̃s into a unified dimension:160

ψM̃
s = LN

{
FC

[
ASPP (M̃s)

]}
(3)

where FC is Fully-Connected layer and LN is Layer Normalization. To fuse

features from both agents and motif matrices, a multi-head attention mechanism

is utilized within each agent i by Queries Q concatenating agents feature and

Keys K and Values V capturing representation from different motif matrices as

follows:

MultiHead(Qi,Ks, Vs) (4)

=
[
WQ(ψi;ψG),W

KψM̃
s ,WV ψM̃

s

]

where i ∈ Λ, WQ,WK ,WV are learnable weight matrices, semicolon indicates

concatenation and comma indicates components of a vector.
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Further, we can obtain the features of both each agent ψi and global feature

ψG in Eq.(4): 



ψi = GRU
[
MLP (Xi)

]

ψG =MLP
[
PointNet+(X1; ...;XN )

] (5)

where GRU and MLP indicate Gated Recurrent Unit and Multi-Layer Percep-170

tron respectively. PointNet+ [30] is applied to remain consistent dimensions for

agents within diverse scenes. To alleviate the effect of large dot product values,

scaled dot-product attention is utilized as follows:




ξi,s =MultiHead(Qi,Ks, Vs)

= (head1; ...;headh)W
O

with headk = Attention(QiW
A
k ,KsW

A
k , VsW

A
k )

(6)

To alleviate the information loss issue of motif matrix feature owing to ASPP

in Eq.(5), three statistics maximum, minimum and mean are leveraged to ξi de-

rived from {ξi,s1 ,...,ξi,S} and we integrate these original features with statistical

features via:

ξM̃i =MLP (ξi,s1 ; ...; ξi,S ; ξi,max; ξi,min; ξi,mea) (7)

The decomposed features of agent i in the spatial dimension can be determined:

Ψsi = ξM̃i ⊙ ψi (8)

where ⊙ indicates Hadamard product

3.2.2. Adaptive Temporal Interaction180

To discriminate the neighbors that produce the significant influences on the

target agent from ASI block, an optimal coefficient η is derived via feature fusion

to aggregate matrices M̂∗ as
∑
ηM̂∗. In ATI block, we aim to acquire temporal

features from motif matrix Ms,t and M̂t at each step with a strategy analogous

to that in Eq.(2) is described:

M̂t =
∑

s

Ms,t(t = t1, ..., T ) (9)
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Fig. 2. Architecture overview of Adaptive Spatial Interaction.
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where T represents the horizon of trajectory sequence with t1 of initial step. We

further combine the features of M̂∗:

ψM̂ = LN
{
FC

[
ASPP (M̂t1); ...;ASPP (M̂T )

]}
(10)

we aggregate ψM̂ and statistical functions as Eq.(7) to alleviate information loss

issue as follows:

ηM̂ =MLP (ψM̂ ;ψM̂
max;ψ

M̂
min;ψ

M̂
mea) (11)

both global trajectory feature ψG and temporal motif features ηM̂ determine the190

weight parameters of temporal motif matrix, which are acquired via ROI-wise

Reverse Reweighting Network [31]:

Reweighting(ψG; η
M̂ ) → ηM̂ = (η1, ..., ηT ) (12)

The decomposed features of agent i in the temporal dimension are determined

in Fig.3:

Ψti =
T∑

t1

ηtM̂t (13)

In brief, the feature outputs of NDAMM through concatenating the decomposed

spatial features Ψsi and temporal features Ψti are indicated as Ψi = [Ψsi ; Ψti ].

The specific algorithm pseudocode is shown in Algorithm 1.

3.3. Training the Loss

Our loss function consists of three components:Classification loss LCLS,

Selection Binary Cross Entropy (BCE) Loss LSEL and Kullback-Leibler200

divergence loss LKLD. For each sample point i, we quantify the discrepancy

between the predicted class probability distribution Ŷi (PAC, PVC, NSR) and

the ground-truth label yi using categorical cross-entropy:

LCLS = −
∑

i

yi log (softmax [MLP(Ψi; ΨG; ΨL)]) (14)

11



Fig. 3. Architecture overview of Adaptive Temporal Interaction.
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Algorithm 1 NDAMM Pseudocode

Require: - Sample points set S = {Si}, i ∈ Λ = {1, . . . , N}

1: - Historical trajectory Xi = (q
−t

−

i , . . . , q0i )

2: - Motif matrix Ms,t

Ensure: - Predicted next trajectory distribution P (Y |X,Z)

3: ▷ Spatial Interaction (ASI Block)

4: for each spatial scope s ∈ {s1, . . . , S} do

5: Compute aggregated Motif matrix: M̃s =
∑

tMs,t

6: Extract spatial feature: ψM̃
s = LN{FC[ASPP(M̃s)]}

7: end for

8: for each sample point i ∈ Λ do

9: Local feature: ψi = GRU[MLP(Xi)]

10: Global feature: ψG = MLP[PointNet+(X1; . . . ;XN )]

11: Multi-head attention fusion:

12: Qi =WQ[ψi;ψG]

13: Ks =WKψM̃
s , Vs =WV ψM̃

s

14: ξi,s = MultiHead(Qi,Ks, Vs)

15: ξM̃i = MLP(ξi,s1 ; . . . ; ξi,S ;max;min;mean)

16: Spatial decomposed feature: Ψsi = ξM̃i ⊙ ψi

17: end for

18: ▷ Temporal Interaction (ATI Block)

19: for each timestep t ∈ {t1, . . . , T} do

20: Compute aggregated Motif matrix: M̃t =
∑

sMs,t

21: end for

22: ψM̃ = LN
{
FC{[ASPP(M̃t1 ); . . . ;ASPP(M̃T )]}

}

23: ηM̃ = MLP(ψM̃ ;max;min;mean)

24: Temporal weight generation: η = Reweighting(ψG; ηM̃ )

25: for each sample point i ∈ Λ do

26: Temporal decomposed feature: Ψti =
∑T

t=1
ηt · M̃t

27: end for

28: ▷ Feature Fusion & Output

29: for each sample point i ∈ Λ do

30: Final feature representation: Ψi = [Ψsi ; Ψti ]

31: Trajectory distribution: P (Y |X,Z) =
∑

i PD · Pθ

32: end for
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where ΨL denotes lead-specific features. We further ensure alignment between

latent interaction selections and ground-truth labels:

LSEL = BCE {gm, softmax [MLP(ψi;ψG)]} (15)

where gm is one-hot vector of the ground-truth label and ψi, ψG are agent/global

features. The latent space by minimizing KL divergence between the posterior

q(Ψi|X,Z) and prior p(Ψi) distributions are regularized:

LKLD = DKL (q(Ψi|X,Z) ∥ p(Ψi)) (16)

The composite loss is a weighted sum:

L = LCLS + λ1LSEL + λ2LKLD, (17)

where λ1, λ2 are trade-off parameters. λ2 increases progressively during training210

to enhance latent space stability.

3.4. Architecture details

To validate the efficacy of our proposed NDAMM, we developed NDAMM-

ResNet50 by systematically integrating the module into the standard ResNet50

architecture. As displayed in Fig.4, this network architecture leverages five se-

quentially stacked residual building blocks, each containing four strategically

positioned NDAMM modules. The final classification layer utilizes Softmax ac-

tivation to generate probability distributions for three distinct cardiac arrhyth-

mia categories: PAC, PVC and NSR. For model optimization, we implemented

Adam optimizer with a learning rate of 0.001 and trained the network using220

mini-batches of 256 samples to ensure stable convergence.

4. Results

In the specific experiments, we conduct a series of ablation studies with a

total of 23117 ECG fragments involving 9384 NSR, 6520 PAC and 7213 PVC

on CPSCDB as well as 13904 ECG fragments involving 6257 NSR, 3564 PAC

14



Fig. 4. Architecture overview of NDAMM-ResNet50.

and 4083 PVC on MITDB. To confirm the effectiveness of NDAMM, the exist-

ing Vision Transformer (ViT) [7], Swin Transformer (SwinT) [8], and DAMM [9]

are utilized to construct ViT-ResNet50, SwinT-ResNet50 and DAMM-ResNet50

and these frameworks are constructed by the same compositions as NDAMM-

ResNet50, except that our NDAMM is replaced with ViT, SwinT and DAMM,230

respectively. Also, accuracy (ACC), sensitivity (SEN) and specificity (SPF) are

exploited to evaluate model performance.

4.1. Signal recognition

Table 2 demonstrates the recognition results of five proposed architectures

with CPSCDB. 99.0% of ECG fragments are accurately classified as NSR frag-

ments via NDAMM-ResNet50, 99.1% of ECG fragments are accurately sorted

as PAC fragments, 1.0% of PVC fragments are falsely distinguished as other

heartbeats. For naive ResNet50, ViT-ResNet50, SwinT-ResNet50 and DAMM-

ResNet50, 98.2%, 98.7%, 98.7% and 99.0% of ECG fragments are precisely

sorted as NSR fragments, respectively. 98.2%, 98.7%, 98.8% and 98.9% of ECG240
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fragments can be precisely distinguished as PAC episodes, respectively. 1.7%,

1.4%, 1.2% and 1.1% of PVC fragments are falsely distinguished as other heart-

beats, respectively.

Table 2: Recognition performance results of the proposed architectures with

CPSCDB.

Architecture Category ACC(%) SEN(%) SPF(%)

Naive ResNet50 NSR 98.8 98.2 99.0

PAC 98.9 98.2 98.9

PVC 98.8 98.3 98.9

ViT-ResNet50 [7] NSR 99.2 98.7 99.2

PAC 99.2 98.7 99.4

PVC 99.1 98.6 99.3

SwinT-ResNet50 [8] NSR 99.2 98.7 99.3

PAC 99.2 98.8 99.4

PVC 99.3 98.8 99.3

DAMM-ResNet50 [9] NSR 99.3 99.0 99.4

PAC 99.3 98.9 99.4

PVC 99.4 98.9 99.3

NDAMM-ResNet50 NSR 99.5 99.0 99.4

PAC 99.4 99.1 99.5

PVC 99.4 99.0 99.5

Table 3 demonstrates the recognition results of five proposed architectures

with MITDB. 98.7% of ECG fragments are accurately classified as NSR frag-

ments via NDAMM-ResNet50, 98.8% of ECG fragments are accurately sorted

as PAC fragments, 1.2% of PVC fragments are falsely distinguished as other

heartbeats. For naive ResNet50, ViT-ResNet50, SwinT-ResNet50 and DAMM-

ResNet50, 98.0%, 98.4%, 98.5% and 98.6% of ECG fragments are precisely

sorted as NSR fragments, respectively. 97.8%, 98.3%, 98.5% and 98.7% of ECG250
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fragments can be precisely distinguished as PAC episodes, respectively. 2.1%,

1.7%, 1.6% and 1.4% of PVC fragments are falsely distinguished as other heart-

beats, respectively.

Table 3: Recognition performance results of the proposed architectures with

MITDB.

Architecture Category ACC(%) SEN(%) SPF(%)

Naive ResNet50 NSR 98.5 98.0 98.9

PAC 98.4 97.8 98.8

PVC 98.7 97.9 98.7

ViT-ResNet50 [7] NSR 98.9 98.4 99.2

PAC 99.0 98.3 99.3

PVC 98.9 98.3 99.2

SwinT-ResNet50 [8] NSR 98.9 98.5 99.1

PAC 99.0 98.5 99.2

PVC 99.0 98.4 99.3

DAMM-ResNet50 [9] NSR 99.1 98.6 99.3

PAC 99.0 98.7 99.2

PVC 99.1 98.6 99.3

NDAMM-ResNet50 NSR 99.1 98.7 99.4

PAC 99.2 98.8 99.3

PVC 99.2 98.8 99.4

Table 2 and Table 3 demonstrate that NDAMM-ResNet50 attains the best

recognition performance than other control group models with both databases.

Performance measurements are 0.1% to 0.9% better than those of control group

models authenticating the validity of NDAMM and more prominent recognition

ability than standard DAMM, ViT and SwinT for PAC and PVC. NDAMM-

ResNet50 still achieves a better performance than DAMM-ResNet50. This re-

sult demonstrates the high efficiency of NDAMM and we assume that the main260
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reason for performance improvement is the application of feature Mean and

ASPP. Since the operations control the resolution of output feature maps and

also increase the receptive field of convolution kernel effectively compared to the

original DAMM[29].

4.2. Model convergence

The convergence behavior of NDAMM-ResNet50, as depicted in Fig.5 (CP-

SCDB) and Fig.6 (MITDB), demonstrates remarkable stability and efficiency

across both datasets. The model achieves convergence within 23-24 epochs for

CPSCDB and 22-23 epochs for MITDB maintaining lower oscillation amplitudes

during optimization. This accelerated convergence stems from NDAMM’s in-270

trinsic architectural advantages: 1) Adaptive Spatial Interaction block dynami-

cally regulates feature aggregation scope through multi-scale fusion, preventing

gradient instability; 2) Adaptive Temporal Interaction block employs pyrami-

dal pooling to maintain temporal feature consistency during backpropagation;

3) Motif matrix formulation provides mathematical guarantees for convex opti-

mization landscapes under the specified parameter constraints. Such rapid yet

stable convergence validates NDAMM’s robustness against distributional shifts

in clinical ECG. The smooth decay of training and validation loss curves further

confirms effective generalization without over-fitting risks.

4.3. Detail analysis280

Table 4 and Table 5 manifest overall identification performance for NDAMM-

ResNet50 with different feature aggregation strategies in Eq.(3) with both databases.

NDAMM-ResNet50 achieves the best detection performance when Atrous Spa-

tial Pyramid Pooling strategy is exploited. We speculate that compared with

Spatial Pyramid Pooling (SPP) and Depthwise Separable Pyramidal Pooling

(DSPP), a prominent reason for performance improvement is that this strategy

can increase the receptive field of convolution kernel effectively without sacri-

ficing complexity. Fig.7 shows the change trend of performance measurements

18



Fig. 5. Train curve tendency for NDAMM-ResNet50 with CPSCDB.

Fig. 6. Train curve tendency for NDAMM-ResNet50 with MITDB.
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Table 4: Overall recognition performances for NDAMM-ResNet50 with

different feature aggregation strategies in Eq.(3) with CPSCDB.

Feature aggregation strategies ACC(%) SEN(%) SPF(%)

Naive version 98.3 98.2 98.4

Spatial Pyramid Pooling [32] 99.0 98.9 99.0

Depthwise Separable Pyramidal Pooling [33] 99.1 99.0 99.1

Atrous Spatial Pyramid Pooling (Ours) 99.4 99.0 99.5

Table 5: Overall recognition performances for NDAMM-ResNet50 with

different feature aggregation strategies in Eq.(3) with MITDB.

Feature aggregation strategies ACC(%) SEN(%) SPF(%)

Naive version 98.0 98.0 97.9

Spatial Pyramid Pooling [32] 98.7 98.6 98.8

Depthwise separable pyramidal pooling [33] 98.8 98.7 98.7

Atrous Spatial Pyramid Pooling (Ours) 99.2 98.8 99.4
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for NDAMM-ResNet50 with different feature aggregation strategies across both

databases attesting the conclusion again.290

Table 6 and Table 7 manifest overall recognition performance for NDAMM-

ResNet50 with different statistical features in Eq.(7) on two databases. NDAMM-

ResNet50 achieves the best detection performance when Max;Min;Mea strat-

egy is integrated into Eq.(7). The elemental reason is that Mean strategy can

maintain the stability of feature changes than other statistical features such as

Standard Deviation. Fig.8 illustrates the change trend of performance mea-

surements for NDAMM-ResNet50 with different statistical features on both

databases attesting the conclusion again.

Table 6: Overall recognition performances for NDAMM-ResNet50 with

different statistical features in Eq.(7) with CPSCDB. Here Median is

abbreviated as Med; Standard Deviation as SD; Mean as Mea.

Statistical features ACC(%) SEN(%) SPF(%)

Naive version 98.2 98.3 98.2

Max;Min;SD [34] 98.6 98.5 98.7

Max;Min;Med [9] 99.0 98.9 99.0

Max;Min;Mea (Ours) 99.4 99.0 99.5

5. Discussion

5.1. Complexity analysis300

To manifest inference efficiency of NDAMM, we reproduced many existing

classical strategies and executed the same pre-processing steps and experimental

configuration with CPSCDB. The number of hyper-parameters and floating-

point operations (FLOPs) of network architectures are calculated to assess their

time and space complexity in Table 8 and Fig.9. Due to wavelet transform,

dense connection in CNN and self-attention mechanism in Transformer, the time
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Table 7: Overall recognition performances for NDAMM-ResNet50 with

different statistical features in Eq.(7) with MITDB.

Statistical features ACC(%) SEN(%) SPF(%)

Naive version 98.0 98.0 97.9

Max;Min;SD [34] 98.4 98.3 98.4

Max;Min;Med [9] 98.8 98.7 98.9

Max;Min;Mea (Ours) 99.2 98.8 99.4

Fig. 7. Performance measurements change for NDAMM-ResNet50 with different feature

aggregation strategies with both databases.
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Fig. 8. Performance measurements change for NDAMM-ResNet50 with different statistical

features with both databases.

and space complexity of NDAMM are reduced by 19.2% and 49.0% as well as

48.1% and 60.0% than ML-WCNN [16] and CNN-Transformer [24] architecture,

respectively. The result indicates that our NDAMM has high inference efficiency

and promising potential for mobile devices [36, 37]. There are similar conclusions310

in MITDB.

5.2. Visualization

We conducted visualization analysis of our NDAMM with gradient-weighted

class activation mapping (Grad-CAM) for PAC and PVC detection in Fig.10.

Fig.10 indicates that the heatmap activation peak (red) is precisely localized

at the abnormal P-wave region (t = 0.58 s), validating ASI block’s capability to

capture atrial ectopic pacemakers through multi-scale neighborhood selection in

Eq.(2). Atrous pyramidal pooling in Eq.(3) expands the local receptive field en-

abling the model to focus on P-wave morphological variations, which aligns with

clinical PAC diagnostic criteria. The activation zone spans the entire wide QRS320

complex (t = 0.7 ∼ 0.86 s), reflecting the temporal interaction mechanism of
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Table 8: Complexity comparisons of our proposed NDAMM with many

existing classical strategies across CPSCDB.

Frameworks Parameters (M) FLOPs (GMac) ACC(%)

ResNet [35] 1.10 0.89 98.2

ML-WCNN[16] 2.76 2.43 99.7

U-Net [18] 2.92 2.57 94.8

Transformer [24] 4.30 3.10 99.6

DAMM [9] 2.89 1.65 99.3

NDAMM(Ours) 2.23 1.24 99.4

Fig. 9. Complexity evaluation of NDAMM with existing strategies.
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ATI block. Reweighting network dynamically allocates weights, explaining the

boundary enhancement phenomenon at QRS onset/offset in the heatmap. This

characteristic demonstrates NDAMM’s superiority over traditional CNN’s local

feature limitations. The visualizations demonstrate the model’s spatiotemporal

adaptive capabilities. The distinct heatmap distribution patterns (focal activa-

tion for PAC vs. band-like coverage for PVC) reflect the pathological essence

of different arrhythmias demonstrating model interpretability.

Fig. 10. Visualization analysis of NDAMM with gradient-weighted class activation mapping.

5.3. Performance comparison

Table 9 shows the performance comparison of NDAMM-ResNet50 with sev-330

eral existing schemes for PAC and PVC detection with both databases.

The researches on PAC and PVC identification are mainly divided into
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Table 9: Performance comparison of NDAMM-ResNet50 with several existing

schemes for PAC and PVC detection with both databases.

Researchers Year Approach Data set Performance(%)

Zhu et al.[10] 2018 ECG features+SVM MITDB ACC=97.80

Oliveira et al.[11] 2019 Morphological features+SVM MITDB

ACC=98.4

SEN=91.1

SPF=98.7

Bouny et al.[16] 2020 ML-WCNN MITDB ACC=99.57

Sangaiah et al.[12] 2020 Wavelet coefficient features+HMM MITDB
ACC=99.7

SEN=99.7

Jha et al.[13] 2020 Q-wavelet features+SVM MITDB
ACC=99.27

SEN=96.22

Ge et al.[17] 2021 Squeeze-and-Excitation module CPSCDB
ACC=83.0

SEN=82.7

Rahul et al.[14] 2021 Statistical features+SVM MITDB
ACC=99.51

SEN=99.28

Zhang et al. [18] 2022 CNN+U-Net CPSCDB
ACC=94.8

SEN=81.6

Nahak et al.[15] 2023 ECG features+SVM MITDB ACC=98.9

Zahid et al. [19] 2023 Self-operational network MITDB
ACC=99.2

SEN=99.1

Park et al.[20] 2023 FCN+LSTM MITDB ACC=98.44

Cheng et al.[22] 2024 LFG-Net CPSCDB ACC=84.2

Sarankumar et al.[23] 2024 GRU+Autoencoder CPSCDB
ACC=98.8

SEN=99.2

Yang et al.[24] 2025 U-Net+Transformer CPSCDB ACC=95.4

This research 2026 CNN+NDAMM
CPSCDB

MITDB

CPSCDB

ACC=99.4

SEN=99.0

SPF=99.5

MITDB

ACC=99.2

SEN=98.8

SPF=99.4
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two categories: machine learning-based methods [10, 15] and deep learning-based

models [16, 24]. In terms of MLM, leveraging the conventional ML approaches

to ECG signal identification is challenging because of the difficulties in inferior

algorithm robustness, high-frequency presence of over-fitting and the deficiency

of unified guidelines for feature extraction. Although research works Sangaiah

et al.[12] and Rahul et al.[14] obtained 99.7% and 99.51% ACC, they still cannot

avoid the above difficulties and have higher model complexity. These difficul-

ties have become the main obstacles for conventional ML strategies to engage340

in practical applications. By comparisons, our strategy not only mitigates the

problems but also reveals better performance.

Recent advancements in ECG pattern recognition have explored various deep

learning methodologies with existing approaches employing diverse architectures

including CNN blocks [16, 17], U-Net structures [18], and specialized frame-

works such as self-operational networks [19], LFG-Net [22], auto-encoders [23]

and transformer-based models [24]. Our results demonstrate that NDAMM

achieves superior performance compared to these benchmark methods, with

the exception of the CNN-based approach presented in [16] which attains a

marginally higher accuracy of 99.57%. However, as detailed in Section 5.1,350

this performance advantage comes at the cost of significantly increased model

complexity, particularly regarding parameter count and computational require-

ments. Through comprehensive evaluation metrics encompassing both classi-

fication accuracy and computational efficiency, our proposed NDAMM frame-

work establishes an optimal balance between diagnostic performance and op-

erational practicality. These comparative analyses confirm that NDAMM es-

tablishes an optimal balance between computational efficiency and diagnostic

accuracy, achieving 99.4% classification accuracy while maintaining 48.1% fewer

parameters and 60.0% lower FLOPs than conventional architectures.

5.4. Limitations360

While this research demonstrates promising results, several limitations war-

rant discussion. First, clinical validation of NDAMM is currently confined to
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PAC and PVC identification scenarios. Although this focused evaluation es-

tablishes foundational performance metrics, future investigations will extend

the framework’s applicability to broader arrhythmia classification tasks and di-

verse biological signal processing domains, including electromyography and elec-

troencephalography analysis. Second, while the proposed architecture achieves

favorable computational efficiency, opportunities exist for further optimization

through alternative matrix decomposition strategies and adaptive parameter al-

location mechanisms. Particularly, integrating hybrid attention modules with370

dynamic kernel selection could enhance feature representation capabilities with-

out compromising computational economy. Third, the current implementation

employs single-lead ECG analysis-extending this to multi-lead configurations

and multimodal physiological data integration represents a critical direction for

clinical translation. These planned extensions aim to validate NDAMM’s gen-

eralizability across varied healthcare monitoring applications while maintaining

its inherent computational advantages.

6. Conclusion

To compensate for the limitation of current DLM models ignoring informa-

tion interaction, we construct NDAMM to distill interaction information from380

the aspects of both Spatial and Temporal dimensions. Multi-scale feature fusion

strategy is utilized to adaptively select the optimal scope of neighbors partici-

pating in information interaction in spatial dimension and an atrous pyramidal

pooling mechanism is adapted to generate the interaction probability for each

agent in temporal dimension. The effectiveness of NDAMM is evaluated across

PAC and PVC detection task. Experimental result achieves stable improve-

ments over existing approaches and offers a good trade-off between performance

and complexity. This study plans to extend NDAMM module’s implementation

in lightweight embedded systems, capitalizing on its exceptional computational

efficiency and low memory footprint to enable high-performance edge computing390

applications.
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