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Abstract—In this paper, we propose BeatMamba, a drum-
separated beat tracking framework built on the Mamba state
space architecture. Beat tracking in polyphonic music is chal-
lenged by complex mixtures and high computational costs. To
address these issues, We first apply music source separation
to isolate the drum stem, preserving salient percussive cues
while suppressing interference from vocals and harmony. This
representation improves rhythmic clarity and reduces ambiguity
in mix audios. For sequence modeling, we employ selective state
space modules to capture long-range temporal dependencies with
linear-time and memory complexity, avoiding the quadratic cost
of self-attention. Compared to Transformer baseline models,
BeatMamba significantly improved computational efficiency and
reduced model size, making it more suitable for low-latency
and real-time applications. Experimental results on benchmark
datasets demonstrate that BeatMamba reduces parameter counts
while maintaining or even surpassing the accuracy of heavy
models'.

Index Terms—Beat Tracking, Mamba, Music Source Separa-
tion, Music Information Retrieval

I. INTRODUCTION

Beat Tracking is the task of determining the temporal
position of beats in audio signals. It has been a fundamental
challenge in the field of music information retrieval. As the
basic temporal component of musical structure, beat serves as
the natural synchronising anchor for the listener’s perception,
forming the rhythmic foundation of musical experience [1].
Robust beat tracking algorithms are essential enablers for
downstream MIR applications. They provide accurate time
alignment and rhythmic structure modeling for music tran-
scription [2] [3], beat-synchronous temporal cues for mu-
sic structure analysis [4] [5], and beat-consistent temporal
scaffolding in music therapy [6]. In addition, beat tracking
has extensive practical applications, providing low-latency and
robustness in real-time performance processing and automatic
accompaniment for vocal input [7].

In recent years, with the rapid advancement of deep learn-
ing, beat tracking tasks have witnessed breakthrough progress.
Contemporary neural architectures, including Convolutional
Neural Networks (CNN) [8] [9], Recurrent Neural Networks
(RNN) [10] [11] [12], have demonstrated substantial im-
provements on benchmark datasets through their capacity
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for hierarchical feature extraction and time-frequency pat-
tern recognition. But these methods struggle with long-range
dependencies and limit ability for complex rhythmic pat-
terns. Currently, Transformer-based models such as [13] [14]
[15] leverage self-attention mechanisms to capture long-term
temporal dependencies, solving problems in previous neural
networks. However, while these models have achieved state-
of-the-art results, their high computational complexity and
memory requirements limit real-time processing capabilities.
Recently, State Space Models (SSM) [16] [17] have emerged
as a promising alternative for sequence modeling, offering
linear complexity while maintaining the ability to capture
long-range dependencies. Inspired by Mamba architecture [16]
[17], we introduce BeatMamba, which incorporates selective
state space mechanisms for beat tracking.

On the other hand, beat tracking relies upon identifying
periodic patterns within complex audio signals. However, tra-
ditional single-channel approaches face challenges in isolating
rhythm-related information from intricate musical content,
which may ignore beat-related information [18]. To address
this limitation, we propose a dual-channel feature extraction
strategy that maximizes information through music source
separation [19]. Drawing inspiration from the human beat
perception mechanism, where listeners automatically focus
attention on percussive elements such as drum beats dur-
ing musical perception [20], we perform isolation operations
exclusively on the drum channel, providing complementary
rhythmic information and richer representations for subsequent
modeling.

Experimental results indicate that our model achieves mod-
eling capabilities comparable to or even surpassing Transform-
ers while using fewer parameters. This breakthrough develop-
ment paves the way for modeling long audio sequences. The
principal contributions of our paper are as follows: 1) We pro-
pose a beat tracking method based on Mamba, which requires
fewer parameters while maintaining high performance; 2) We
employ music source separation to construct a dual-channel
feature extraction strategy, enhancing representational capac-
ity; 3) We develop a drum-sensing approach that simulates
human beat perception capabilities, thereby improving model
performance.



II. RELATED WORKS

Beat tracking has been a fundamental research problem
in music information retrieval for decades. Early beat track-
ing approaches [21] [22], mainly employed traditional signal
processing methods, such as onset detection and phase-based
methods. With the advancement of deep learning, various neu-
ral network architectures have been proposed to address this
challenge. Convolutional Neural Networks have demonstrated
well capabilities in extracting local rhythmic patterns. Bock
[23] pioneered the application of Temporal Convolutional
Networks (TCN) for beat detection. Durand [8] proposed an
ensemble of convolutional networks to process different fea-
ture characteristics. To better capture temporal dependencies,
Recurrent Neural Networks have been widely adopted in beat
tracking tasks. Bock [24] introduced a bidirectional Long
Short-Term Memory network to perform a frame by frame beat
classification of the signal. Krebs [10] developed a downbeat
detection system using beat-synchronous features with two
layer bidirectional GRU networks. Sequently, Transformer-
based models have emerged as the dominant paradigm for
beat tracking. Zhao [25] proposed dilated self-attention mech-
anisms to hierarchically model beat structures while reducing
computational complexity. Cheng [14] proposed a two-stage
method consisting of a low-resolution encoder and a high-
resolution decoder. The low-resolution encoder is used to
capture global features with more balanced data and the high-
resolution decoder is designed to predict beat times. Hung [13]
designed SpecTNT, which models both spectral and temporal
dimensions of a time-frequency input of audio. The spectral
encoder handles the spectral features to pay attention to
harmonic components of each frame and the temporal encoder
aggregates useful local spectral information.

In addition, many self-supervised learning methods have
received extensive attention in recent years. The core idea is to
learn meaningful representations from unlabeled data. Gagneré
[26] proposed a self-supervised pre-training scheme inspired
by Contrastive Predictive Coding to equip Transformer for
few-shot beat tracking. Without any ground-truth tempo or
beat annotations, using local maxima of a Predominant Local
Pulse function as a proxy for tatum positions. Desblancs
[27] introduced two fully-convolutional networks in parallel
to perceive beats in musical recordings despite having little or
no access to beat annotations.

Despite advances in deep learning based beat tracking
techniques, existing methods still face certain limitations.
Traditional single-channel approaches often struggle to isolate
rhythm-related information from complex polyphonic mix-
tures. High complexity and large parameter counts limit their
deployment in real-time and resource-constrained scenarios.
To overcome these issues, we propose BeatMamba, which
integrates selective state space mechanisms with a drum-
separated dual-channel strategy. Our approach focuses on
emulating the perceptual capabilities of human hearing and
exploring the potential of applying beat tracking in resource-
constrained scenarios.

III. PROPOSED METHOD

In this section, we first introduce the overall architecture
of BeatMamba. Then we will explain the drum-separated
mechanism and the feature processing based on Mamba in
detail.

A. Overall Architecture

Fig. 1 shows the overall architecture of our Mamba-based
beat tracking model. Our model primarily consists of three
major components: the Drum-Separated mechanism as the
pre-processing stage; Convolutional layers and Mamba blocks
as the intermediate processing stage; and Dynamic Bayesian
Network as the post-processing stage. Our frame rate is 43.07
fps, and the raw audio signals are initially sampled at 44.1
kHz. The drum-separated mechanism processes the input audio
through a series of steps to derive dual-channel features.
The intermediate processing stage proceeds these dual-channel
features to generate beat activations. CNN serves as a feature
extractor that maps dual-channel features to a unified 256-
dimensional feature, which is subsequently fed into 9 Mamba
blocks for sequence modeling. We also add a regularization
branch to predict global tempo via skip connections [23].
Finally, we employ a Dynamic Bayesian Network (DBN) from
the madmom package [28], converting beat activations into the
temporal positions of beat points.

B. Drum-Separated Beat Tracking

To investigate the impact of drum channels on beat-tracking
tasks, we propose a drum-separated dual-channel feature ex-
traction method. This dual-channel representation preserves
both the harmonic content in the original mixture and the
rhythmic information in the isolated percussion, enabling joint
optimization of complementary rhythmic cues during model
training.

To be specific, given an input audio signal x(t), to capture
essential thythmic and harmonic information for beat detec-
tion, we apply Hybrid Transformer Demucs [29] to obtain
separated audio streams:

[xmix(t), xdrum(t)] = Demucs(x(t)) (D

where Xpix(t) represents the original mixture and Xdrum (%)
contains the isolated percussive component. For each audio
stream, we compute Log-Mel spectrograms using Short-Time
Fourier Transform:

Sk(f,t) = [STFT (x4(1)) |’ )

where k € {mix, drum}, f denotes frequency bins, ¢ is the
time frame. The Mel-scale transformation is then applied via
the filter bank matrix M € R *N:

Xi(m,t) = (M- Sk(:,1)),, 3)

where F' is the number of Mel frequency bins, N is the number
of FFT frequency bins, and m denotes Mel frequency bins.
Finally, we apply logarithmic compression to obtain the Log-
Mel spectrogram:

X (m, t) = log(Xp(m, t) + ¢) )
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Fig. 1. The overall architecture of BeatMamba

where ¢ = 1078 prevents log-domain singularities. The final
input features are constructed by channel-wise concatenation:

X(t) = [Xmix(I,t), Xdrum(i,t)] S RBXTXFX2 5)

where X,ix is the original polyphonic mixture features and
Xarum represents drum-separated features, B is the batch size
and T is the temporal length.

By extracting dual-channel features, we can maximize tem-
poral information from the drum, thereby providing richer
representations for the subsequent intermediate processing
stage.

C. Feature Processing Based on Mamba

We employ a hybrid architecture for intermediate fea-
ture processing. The convolutional layers first extract local
rhythmic patterns, followed by Mamba blocks that capture
long-range dependencies with linear complexity. This design
balances local feature extraction with efficient global temporal
modeling, avoiding the quadratic complexity and maintaining
the ability to capture extended rhythmic structures.

We use three successive convolutional layers to perform
forward processing on dual-channel features:

H® = MaxPool(ReLU(Conv2D(X (), W)}, (6)
H® = MaxPool(ReLU(Conv2D(HM, W2)))),  (7)
H® = MaxPool(ReLU(Conv2D(H® W®))))  (8)

Here, W () denotes the convolutional weights for layer . CNN
maps dual-channel features into a unified 256-dimensional
feature space. The final CNN output is reshaped to:

X = Reshape(H(S)) = RBXTdeodel (9)

where d,0de; 1S 256. Next, we process the features from the
CNN using a Mamba block. The core Mamba mechanism
bases on a selective state space, which is inspired by the
continuous system as follows:

= Aht,1 + B(I}t

y+ = Chy + Day (10

Here, h; € RY is the hidden state at time step £, x; € RP
is the input vector, and y; € RP is the output. The matrices
A e RVXN B e RV*P C € RP*N and D € RP*P are
learnable parameters.

The continuous parameters A, B are converted to discretise
forms A, B using step size A. For digital audio processing,
we use zero-order hold to discretise the continuous state space
model, which is defined as follows:

A =exp(AA),
B = (AA) '(exp(AA) —1)- AB

(1)
12)

As shown in Fig. 1, for block [, the computation follows by

r1+1 = 7 + DropPath(h;),
hi+1 = MambaSSM(Norm(r;11))

13)
(14)

Here, r; denotes the residual connection in the layer [, preserv-
ing fine-grained temporal information; h; denotes the hidden
state of the layer [, representing the output features of each
MambaSSM layer. MambaSSM enables models to adaptively
decide which information to retain or forget at each time step,
thereby reducing unnecessary parameters. Then we extract
tempo-relevant features every three Mamba blocks:

Z Global AvgPool(h;)
leL

5)

ftem,po =

L]
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Fig. 2. Beat target and prediction

where L = {3,6,9} represents layers sampled at three inter-
vals. For each audio frame, we predict beat probability using
frame-wise classification in the final hidden states. Formally,
the beat probability in the time frame ¢ is defined as:

Dreat(t) = Softmax(Wyeqr Layer Norm(hg(t)) + bpear) (16)

where Wieqt € R2%dmodet ig the learnable classification weight
matrix, bpeqr € R? is the classification bias vector.

This joint optimization framework enables the model to
leverage complementary information from both local rhythmic
patterns and global tempo structure during training.

IV. EXPERIMENTS
A. Datasets and Metrics

We utilize the following six publicly available datasets:
Ballroom [30] [31], Hainsworth [32], Carnetic [33], Harmonix
[34], SMC [35], and GTZAN [36]. GTZAN dataset is used for
testing only, serveing as an additional benchmark for evaluat-
ing the generalization capability of the model. Carnetic dataset
is employed solely for training to enhance data diversity. As
comparable benchmarks neither provide their results nor are
open-source, it has been excluded from Table I to ensure fair
comparison. The remaining datasets are used for both training
and testing purposes in an 8-fold cross-validation manner.

To evaluate the performance of beat tracking, we adopt the
following evaluation metrics: F-measure, CMLt and AMLt
[37]. F-Measure is our most important evaluation metric and
we report it with a tolerance window of #70 ms. CMLt
evaluates the continuous accuracy of beat tracking (using
the maximum length of correctly predicted beats). AMLt
allows offbeat variations of an annotated beat sequence to
be matched with detected beats. CMLt and AMLt measure
how well the predicted beat sequences match the ground-
truth annotations, indicating the model’s capability to maintain
consistent rhythmic pattern predictions over time.

B. Experimental Setup

Beat annotations are each represented as a 1D binary
sequence that indicates beat (1) and non-beat (0) states at each
frame. The joint tracking incorporating tempo branch enhances
the performance on beat tracking, and serves as a regular-
ization term that helps improving convergence. We represent

TABLE 1. Testing results of BeatMamba under 8-fold cross-
validation. We use boldface to compare with state-of-the-art
models and underscore to denote our model.

Dataset Model F1 CMLt AMLt
Ours 96.01 91.61 91.98

Ballroom Zhao [25] 96.80 9540  96.60
Hung [13] 96.20 9390  96.70

Bock [40] 96.20 9470  96.10

Ours 95.19 90.71 93.03

Hainsworth Zhao [25] 90.40 85.10  93.70
) Hung [13] 87.70  86.20  91.50
Bock [40] 90.20 84.80  93.00

Ours 97.28 94.60 96.11

Harmonix Zhao [25] 9540  90.50 95.70
Hung [13] 9530 9390  95.90

Ours 60.56 44.45 51.21

SMC Zhao [25] 59.60 45.60  63.50
Hung [13] 60.50 51.40  66.30

Bock [40] 5440 4430  63.50

Ours 88.34 79.76  93.33

Zhao [25] 88.50  80.00  92.20

GTZAN Hung [13] 88.70 8120  92.00
Bock [40] 88.50 81.30  93.10

annotated beat training data as impulse sequences with the
same temporal resolutions as the input features. Accounting
for slight deviations in beat position annotation and to address
imbalanced number between beat frames and non-beat frames.
As shown in Fig. 2, we treat neighboring frames of beat
positions as positive samples, but apply weighting adjustment
using a scaling factor of 0.5.

Since most audio clips are long, we randomly sample 30-
second segments for training. In our experiments, we use
BCEWithLogitsLoss as the loss function, using RAdam [38]
and LookAhead [39] optimizer with an initial learning rate
of 1E-3. Our model has 4.3M trainable parameters and is
trained with an NVIDIA GeForce RTX-3090-24GB GPU. For
DBN parameters, we optimize observation_lambda =
8 and transition_lambda = 2 which achieve the best
performance. We train all models for 45 epochs to achieve
sufficient convergence and choose the checkpoint with the
lowest validation.

C. Results and Analysis

Furthermore, we compare our model with previous works
that achieved state-of-the-art performance, including both
transformer and neural network models. Table I presents com-
prehensive evaluation results across five benchmark datasets.

It is obvious that our method outperforms previous ap-
proaches in most datasets. Particularly on the Hainsworth
dataset, our model demonstrates a 5% improvement in F-
measure over the Beat Transformer [25] and 7.5% over
SpecTNT [13]. On the Harmonix dataset, BeatMamba
achieves state-of-the-art results across all metrics. The superior
performance on this modern music dataset indicates that our



dual-channel feature extraction strategy effectively isolates
rhythmic information even in heavily produced commercial
recordings. On other datasets, although our results do not
completely surpass those of other methods, in terms of the
total number of parameters and lightweight performance, our
model remains nearly optimal. Overall, these results show that
our BeatMamba is highly competitive compared to previous
SOTA models.

Table II presents efficiency comparisons, revealing signif-
icant advantages in resource consumption. With only 4.4M
trainable parameters, BeatMamba achieves a 53% reduction
compared to Beat Transformer (9.3M), while maintaining bet-
ter performance across most benchmarks. Our GPU Memory
Usage is 5096 MB, representing a 71% reduction compared
to Beat Transformer (17,754 MB). This memory efficiency
enables deployment on mid-range GPUs and makes real-
time processing feasible for low-latency applications. Since
SpecTNT-TCN is not open-source, our processing steps may
differ from the original implementation, so we do not present
its GPU memory usage. Compared to SpecTNT-TCN, our
model parameters are reduced by only 6%, yet demonstrat-
ing substantial performance advantages: 8% improvement on
Hainsworth and 2% improvement on Harmonix. Overall, we
have significantly reduced memory usage and parameters
while maintaining better performance, creating viable de-
ployment opportunities for real-time or resource-constrained
scenarios.

TABLE II. Different models efficiency comparison. “Params”
denotes the number of trainable parameters.

Model Params (M) GPU Memory (MB)
BeatMamba 4.4 5096
Beat Transformer [25] 9.3 17754
SpecTNT-TCN [13] 4.7 —

TABLE III. Ablation study of Drum-Separated mechanism
and Mamba Block counts on F-measure.

Model F1-measure
BeatMamba w/o Drum 82.19
BeatMamba-6 85.12
BeatMamba-9 88.34
BeatMamba-12 86.94

D. Ablation Study

To evaluate the contribution of each component in Beat-
Mamba, we conduct extensive ablation experiments on the
GTZAN dataset using F-Measure as the primary metric. Our
ablation study investigates two key aspects: the drum-separated
mechanism and the number of Mamba blocks.

In Table III, we compare the following two groups: (a)
BeatMamba w/o Drum; (b) BeatMamba-Nr, where Nr denotes
the number of Mamba blocks. In the first group, each model
shares the same architecture with nine Mamba blocks, dif-
fering only in whether a drum track is utilized. As shown

in Table III, we can see that F-measure when using drum
is nearly 6% higher than without drum. Experimental results
demonstrate that the drum-separated mechanism effectively
enhances beat tracking accuracy. The improvement arises
from the drum channel, whose percussive signals supply
clear rhythmic structure and enhance features in the mixed
audio. By isolating the drum component, the model can focus
more effectively on rhythmically salient elements, reducing
interference from harmonic and melodic content. In the sec-
ond group, we tested the impact of the number of Mamba
blocks on model’s performance. We evaluated BeatMamba-6,
BeatMamba-9, and BeatMamba-12. The results indicate that
the optimal model is 9 blocks. We observed validation loss
across different layer counts and the model converged best at
9 layers. The 6-block model shows decent performance, but
fails to fully leverage the complementary information from
dual-channel. The limited depth restricts the model’s capacity
to capture long-range temporal dependencies. The degradation
in the 12-block model can be attributed to gradient decay
and optimization challenges associated with excessive depth.
We measured gradient norms across layers and found that
the gradient ratio (first layer/last layer) drops significantly
from 0.58 in the 9-block configuration to 0.23 in the 12-
block model. This reduction indicates severe gradient decay
in deeper architectures, making it difficult for learning signals
to be effectively propagated to earlier layers.

V. CONCLUSIONS

In this paper, we propose BeatMamba, an efficient beat
tracking method that combines state space models with a dual-
channel input mechanism. Our approach leverages the linear
complexity of Mamba blocks to significantly reduce computa-
tional costs while maintaining competitive performance com-
pared to transformer-based models. The dual-channel strategy,
incorporating both original mix and drum-separated tracks,
effectively simulates human beat perception by providing com-
plementary rhythmic information for enhanced beat detection.
Experiments demonstrate our superior efficiency and competi-
tive performance compared to existing models. These promis-
ing results suggest that state space models have significant
potential for advancing beat tracking analysis. Future research
will focus on extending BeatMamba to real-time streaming
scenarios, incorporating multi-stem separation strategies and
music foundation models.
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