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Abstract. Neural beat-tracking models predominantly rely
on Mel spectrograms. These representations often fail to
capture harmonic nuances in complex genres (e.g., jazz,
classical), leading to rhythmically ambiguous signal pat-
terns and suboptimal performance. We challenge the
architectural-centric paradigm in music analysis by (1)
evaluating alternative time-frequency representations, and
(2) proposing a dual-input architecture to synergize com-
plementary spectrogram properties. Through controlled
experiments, we compare Mel, Constant-Q Transform
(CQT), and Variable-Q Transform (VQT) inputs. We then
introduce MCQT: a dual-branch model that fuses Mel and
CQT, validated using 8-fold cross-validation and ensem-
ble inference. Replacing Mel with CQT reduced subhar-
monic errors by 22% in harmony-rich contexts. MCQT fur-
ther outperformed single-input baselines, achieving state-
of-the-art performance in annotation coverage (0.912 vs.
Mel’s 0.910) and reducing subharmonic errors by 26%
compared to Mel. It excelled in complex genres (e.g., 6.4%
higher downbeat F1-score in classical). Strategic repre-
sentation engineering, not just architectural complexity, is
pivotal for robust beat tracking. MCQT’s fusion of com-
plementary spectrograms establishes a new paradigm for
MIR tasks, particularly in harmonically complex music.

1. Introduction
How well a model performs often depends not only on its
architecture but also critically on the nature of its input rep-
resentation [1]. In many audio processing tasks, especially
those involving musical structure, the choice of spectro-
gram representation can drastically influence outcomes [2].
Different representations offer distinct advantages: the Mel
spectrogram, with its roots in speech processing, captures
perceptual loudness cues well and is computationally effi-
cient, making it suitable for voice-based applications. The
Constant-Q Transform (CQT), by contrast, aligns more
closely with musical pitch perception due to its logarith-
mic frequency scaling, making it better suited for generic
music tasks. [3]. The Variable-Q Transform (VQT), of-
fering even more flexible resolution, shows potential for
specialized musical material, though it may demand more
expressive models to realize its benefits [4].

In the field of computational musicology in Mu-
sic Information Retrieval (MIR), neural beat tracking
has become a cornerstone, enabling applications rang-
ing from automatic transcription to interactive music sys-
tems. Recent advancements have predominantly leveraged
sequence-to-sequence architectures, often employing Mel
spectrograms as input representations due to their suc-
cess in speech processing tasks [5, 6]. However, this ap-
proach inherits the limitations of the Mel design: the Mel
spectrogram’s linear frequency resolution and fixed time-
frequency granularity may not adequately capture the intri-
cate harmonic and rhythmic structures inherent in complex
musical genres such as classical piano and jazz [7].

Motivated by these representational limitations,
prior research has explored alternative spectrogram de-
signs. Gu et al [8] proposed a Multi-Scale Sub-
Band Constant-Q Transform (MS-SB-CQT) discriminator,
demonstrating that CQT-based frequency scaling yields
more accurate harmonic modeling in vocoders than tradi-
tional Short-Time Fourier Transform (STFT) approaches.
Similarly, Guo et al [9] introduced “Mel-Refine”, a plug-
and-play enhancement method that improves the fidelity
of Mel spectrograms in generative tasks by rebalancing
component contributions—revealing that even minor re-
finements in representation can have major perceptual ef-
fects. On the other hand, Silva [10] showed that the selec-
tion of psychoacoustic descriptors plays a central role in
the analytical power of computational musicology frame-
works, emphasizing the importance of representations that
align with human auditory perception and reinforcing the
idea that the success of a model often hinges on the rele-
vance of its input features to the task at hand. Their work
underscores the necessity of selecting appropriate features
to effectively capture the nuances of musical structures.

These results make it evident that the choice of
input representation significantly influences a model’s ca-
pacity to perceive and process musical structure. As
the spectral and temporal complexity of musical con-
tent increases, particularly in harmony-rich genres such
as classical piano, the model’s ability to accurately dis-
tinguish rhythmic cues and structural elements becomes



increasingly dependent on the fidelity of the representa-
tion. Therefore, time-frequency representations such as the
Constant-Q Transform offer a more appropriate foundation
for modeling these complex auditory phenomena. To in-
vestigate this hypothesis, we retrain the BeatThis neural
beat-tracking model [11] from scratch using 8-fold cross-
validation across three spectrogram inputs: Mel, CQT, and
VQT. Later on, we introduce a novel dual-path architec-
ture following established multimodal fusion approaches,
where separated Mel and CQT frontends extract comple-
mentary features that are then combined through early fu-
sion. A Mixture of Experts module then processes these
concatenated features, allowing the model to learn when
to rely on each representation type. This multimodal ap-
proach allows us to evaluate not only the individual effec-
tiveness of each representation but also the potential ben-
efits of combining complementary time-frequency repre-
sentations within a unified neural model for improved beat
tracking performance.

2. Literature Review
This section provides a comprehensive overview of limita-
tions with relevant research around spectrogram represen-
tations and beat tracking in music signal processing.

2.1. Spectrogram Representations in Music Signal
Processing

Spectrogram representations are fundamental in audio sig-
nal processing, serving as critical inputs for various MIR
tasks [2]. Among these, the Mel spectrogram and the CQT
are prominent due to their distinct characteristics and ap-
plications.

The Mel spectrogram, derived from the Short-
Time Fourier Transform (STFT), applies a filter bank
spaced according to the Mel scale, which approximates
the human ear’s perception of pitch [5, 12]. This repre-
sentation emphasizes lower frequencies, aligning well with
speech processing tasks. Its fixed time-frequency resolu-
tion and compact representation make it computationally
efficient and suitable for applications where percussive and
rhythmic elements dominate.

In contrast, the CQT provides a logarithmic fre-
quency resolution, with frequency bins spaced geometri-
cally to align with musical intervals, such as semitones.
This structure yields higher frequency resolution at lower
frequencies and improved temporal resolution at higher
frequencies, closely reflecting the nature of musical sig-
nals. Due to its adaptability, the CQT is especially effective
in analysing harmonic content and pitch-related features in
music [3]. As illustrated in Figure 1,the CQT provides a
more refined representation than the Mel spectrogram, par-
ticularly in complex musical pieces such as classical piano.

2.2. Beat Tracking and Representation Challenges
Beat tracking—the task of identifying temporal beat posi-
tions in music—is a core challenge in MIR, with applica-
tions in synchronization, segmentation, and genre classi-
fication [13]. However, current systems often suffer from

Figure 1: Spectrogram comparison across Mel
and CQT representations (rows-axis)
and musical genres Pop/EDM and Clas-
sical Piano (columns-axis).

representational limitations that hinder performance across
diverse musical styles.

Most neural beat trackers rely on Mel spectro-
grams due to their efficiency and effectiveness in rhythm-
focused genres like pop and EDM. Yet, this representa-
tion struggles with harmonic-rich music—such as classi-
cal piano or jazz—because its linear frequency resolution
and perceptually motivated scaling fail to capture fine har-
monic detail [11, 14]. In such genres, Mel-based inputs
often produce ambiguous signals, reducing downbeat de-
tection accuracy.

The state-of-the-art BeatThis system [11], while
achieving high F1 scores through a convolutional-
transformer design and removing Dynamic Bayesian Net-
work postprocessing, still falters in harmony-intensive
contexts. Its poor performance on continuity metrics high-
lights the limitations of relying solely on Mel spectro-
grams.

3. Methodology

Our approach systematically isolates representational im-
pact by: (1) replacing Mel spectrograms with CQT and
VQT representations in the original BeatThis architecture
(2) introducing a novel dual-input MCQT model that syn-
ergizes Mel’s rhythmic precision with CQT’s harmonic
richness. Our complete implementation, including train-
ing scripts and model architectures, is publicly available
[15]. This representation-centric methodology challenges
the field’s architectural focus, demonstrating that strate-
gic input engineering can yield substantial performance
gains without structural model complexity. The dual-
input strategy directly addresses the fundamental trade-
off between temporal and spectral resolution in time-
frequency representations. By leveraging complementary
spectral properties through expert-based fusion, we trans-
form representational limitations into architectural advan-
tages—establishing a new paradigm for robust beat track-
ing across diverse musical contexts.



3.1. Datasets for Training

While BeatThis focused on a set of 4,556 audio files, our
experiments span 9 diverse datasets (see Table 1), collec-
tively comprising 4,645 audio files annotated with both
beat and downbeat information, amounting to a total of
145.55 hours of music.

Dataset Tracks Minutes Time (h:mm)
Frank 1,984 5,709.66 95:10
Groovemidi [16] 1150 604.50 10:05
Simac [17] 595 193.18 3:13
HJDB [18] 235 197.81 3:18
Hainsworth [19] 222 197.84 3:18
SMC [20] 217 142.35 2:22
Jaah [21] 113 405.41 6:45
TapCorrect [22] 81 410.49 6:50
Filosax [23] 48 294.22 04:55
Total 4,645 8,755.46 145:55

Table 1: All of Dataset Statistics for Beat and
Downbeat Tracking.

Notably, the Frank dataset—comprising 1,984
tracks and totaling approximately 95 hours of au-
dio—represents a large-scale, balanced corpus assembled
from a diverse collection of sources, including GuitarSet
[24], Beatles [25], RWC [26], Ballroom [27], ASAP [28],
Harmonix [29], and Candombe [30].

Consistent with the BeatThis framework [11], we
apply the same data augmentation techniques to enhance
generalization. These include pitch shifting (±6 semi-
tones), tempo scaling (±20%), and a temporal masking
strategy, where 0.5–2 second segments are randomly re-
ordered.

3.2. Model and Training

To ensure fair and rigorous evaluation of our proposed
methods, we retrained the original BeatThis model from
scratch using 8-fold cross-validation with datasets men-
tioned at session 3.1, augmentation techniques, and pre-
processing pipeline as described by the original authors.
We applied this retraining to all three input representations:
Mel, CQT, and VQT spectrograms respectively.

As detailed in Section 3.1 (Dataset Training), we
used a slightly larger dataset than the original authors. Ad-
ditionally, as shown in Figure 2, generating Mel spectro-
grams from the same audio input at different times in-
troduces non-deterministic variations. The absolute dif-
ferences between spectrograms from successive runs, al-
though minor, reveal systematic inconsistencies that af-
fect reproducibility and lead to variability in performance
scores—ultimately undermining fair comparison. These
variations introduce enough noise to compromise reliable
evaluation across experimental conditions. Therefore, it
is essential to establish our own controlled preprocess-
ing pipeline, rather than relying on potentially inconsistent
portions of pretrained aggregated datasets and model com-
parisons.

Figure 2: Highlighting variations in magma-
colored from two spectrograms, where
lighter regions indicate greater varia-
tion.

The full experimental pipeline were conducted in
two main steps of data setup:

Phase One – We trained the model on a reduced
and deliberately imbalanced dataset, by not including the
GrooveMIDI (percussive-heavy) and Filosax (harmonic-
heavy) subsets, in order to test generalization under con-
strained less data conditions. This phase compared model
performance across Mel, CQT, and VQT inputs using the
original BeatThis architecture. Due to VQT’s consistently
poor results (see Table 2), it was excluded from further ex-
periments. We hypothesize that VQT’s greater representa-
tional variability demands a more complex or specialized
architecture, and expect future research in this direction.

Phase Two – We trained from scratch on the full
dataset (more data than phase one) shown at Table 1, while
in this phase still comparing Mel, CQT, but in place of
VQT we propose a newly dual-input architecture, as shown
in Figure 3.

Our proposed dual-path architecture draws inspi-
ration from multimodal learning research demonstrating
how different sensory modalities—visual, auditory, and
tactile—can be processed through specialized pathways
before integration for enhanced perception and decision-
making [31]. Reflecting this paradigm, our model employs
parallel Mel and CQT pipelines that act as specialized fea-
ture extractors, integrates their complementary representa-
tions via a Mixture of Experts (MoE) module [32], feed-
ing the unified result into the core BeatThis architecture.
The MoE framework uses four experts and two gating net-
works (K=2) to dynamically weight Mel or CQT features
based on musical context. By explicitly modeling the inter-
play of diverse time-frequency representations before uni-
fied decision-making, the architecture enables a rigorous
evaluation of whether combining multiple spectral views
improves beat tracking accuracy and robustness across dif-
ferent musical genres and acoustic conditions.



Figure 3: MCQT dual-input architecture.

3.3. Evaluation

We evaluate beat tracking systems on the unseen GTZAN
dataset [33], using key metrics around Beat (B) and Down-
Beat (DB). This approach captures both fine-grained tem-
poral accuracy and broader metrical-hierarchical structural
cues, enabling statistically robust comparisons and ensur-
ing reliable performance across diverse musical corpora.

3.3.1. Metrics Explanation

To rigorously assess beat tracking performance across var-
ious rhythmic complexities and musical contexts, we detail
the three primary classes of metrics used in our study—F-
Measure (F-M), Continuity Metrics (CMLt/AMLt) [34],
and Annotation Coverage Ratio (ACR) [35]—highlighting
their definitions, underlying assumptions, and how they re-
flect different dimensions of beat tracking accuracy.

F-M evaluates beat tracking by considering pre-
cision and recall within a fixed time window (default
0.07 seconds). An estimated beat is correct if it falls
within this window of a reference beat. The F-measure
is: F-measure = 2·Precision·Recall

Precision+Recall where Precision is the ratio
of correctly estimated beats to total estimated beats, and
Recall is the ratio of correctly estimated beats to total ref-
erence beats.

Continuity Metrics evaluate how well estimated
beats maintain correct tempo and phase. We focus on two
measures: CMLt (Correct Metric Level total accuracy)
measures beats at the exact metrical level, while AMLt

(Any Metric Level total accuracy) allows metrical varia-
tions like double or half tempo [36]. Both metrics require
beats to satisfy two conditions:

1 - Phase condition Distance between estimated
beat b̂j and reference beat bi relative to local inter-beat in-
terval must be less than threshold τphase (typically 0.175):
|bi−b̂j|
bi−bi−1 < τphase.

2 - Period condition Ratio between estimated
and reference inter-beat intervals must be within threshold
τperiod (typically 0.175) of 1.0:

∣∣∣1− b̂j−b̂j−1
bi−bi−1

∣∣∣ < τperiod To-
tal accuracy is the proportion of correctly identified beats
relative to total estimated beats.

ACR evaluates beat tracking with greater rhyth-
mic flexibility, recognizing that music often supports mul-
tiple valid metrical interpretations. While ACR includes
standard on-beat and off-beat evaluations, its core strength
lies in analyzing subharmonic and harmonic tempo struc-
tures. Subharmonic ACR tests whether an algorithm
can track slower metrical levels by subsampling refer-
ence beats—such as every second (half tempo), third (third
tempo), or fourth beat (quarter tempo). Harmonic ACR,
in contrast, evaluates faster interpretations by interpolating
additional beats between references—doubling, tripling, or
quadrupling the tempo. To maintain temporal accuracy at
higher tempi, ACR employs an adaptive tolerance window
that scales with the inter-beat interval, rather than relying
on a fixed margin.

3.3.2. Scoring Strategy

To rigorously assess the performance and robustness of our
beat tracking framework, we adopt a multi-tiered evalu-
ation strategy that deliberately deviates from the conven-
tional cross-validation protocols commonly employed in
MIR. Instead, we replicate the training and evaluation con-
figuration proposed by the authors of BeatThis, with the
specific goal of addressing the harmonic ambiguity prob-
lem highlighted in their work. This alignment enables a
direct and meaningful comparison, allowing us to demon-
strate that our proposed model effectively mitigates the
limitations previously identified.

Our scoring methodology is structured around
two principal evaluation scopes, designed to assess both
generalization capacity and musical plausibility across di-
verse rhythmic conditions and genres.

1 – Academic Evaluation Scope

Following the BeatThis cross-validation strat-
egy, we evaluate our trained models on the GTZAN,
a widely-used, genre-balanced benchmark in MIR. Cru-
cially, GTZAN is entirely disjoint from our training cor-
pus, serving as a strict out-of-distribution testbed to evalu-
ate generalization to unseen musical content. This evalua-
tion includes:

• Standard Evaluation (F-M, CMLt, AMLt):
We report the mean beat and downbeat accura-
cies across all GTZAN tracks using the core met-



rics defined by the BeatThis protocol. These met-
rics assess the model’s precision, recall, and con-
tinuity in maintaining consistent tempo and phase
alignment, providing a comprehensive measure of
accuracy under fixed metrical assumptions.

• Extended Evaluation (ACR): To account for the
inherent rhythmic ambiguity in musical percep-
tion, we incorporate Annotation Coverage Ratio
(ACR) as a complementary metric. ACR evalu-
ates the model’s ability to align with multiple mu-
sically plausible metrical interpretations, offer-
ing a more flexible and musicologically grounded
perspective on beat tracking performance.

2 – Production Evaluation Scope

Ensemble-Based Aggregation: To emulate real-
world deployment conditions and enhance prediction sta-
bility, we implement an ensemble strategy based on
genre-level performance profiling over GTZAN’s genre
labels. This involves aggregating predictions from all
eight cross-validated models using temporal majority vot-
ing—retaining a beat event in the final output only if it is
supported by the majority of models. This ensemble fu-
sion approach offers several practical advantages, includ-
ing improved robustness to outlier folds, reduced variance,
and increased readiness for production use.

By integrating fold-wise statistical validation,
out-of-distribution generalization testing, and ensemble-
based prediction aggregation, our scoring strategy estab-
lishes a comprehensive and technically rigorous frame-
work for evaluating beat tracking systems. This ensures
that the proposed model is not only effective under con-
trolled experimental conditions but also robust, adaptable,
and suitable for deployment across diverse real-world mu-
sical scenarios.

4. Comparative Study
This section offers a comparative analysis of our method-
ologies, building on previously outlined evaluation strate-
gies. While Phase One focused on academic evaluation,
Phase Two significantly broadens our research through two
new, substantial studies. This expansion is due to a larger
dataset and a novel model architecture, allowing us to pur-
sue both academic and production-oriented goals.

4.1. Phase One

4.1.1. Academic Evaluation Scope

In this initial phase, we used a dataset characterized by
limited percussive and harmonic complexity, by excluding
genres such as percussive of GrooveMIDI and harmonic of
Filosax. This setting served as a baseline for evaluating the
fundamental capabilities of different time-frequency repre-
sentations.

As shown in Table 2, the Mel spectrogram
representation achieved the highest average performance
across all evaluated metrics—beat, downbeat, and their

mean. Notably, however, the CQT representation outper-
formed Mel in downbeat prediction in two metrics (CMLt
(DB)/AMLt (DB)). This suggests CQT’s potential advan-
tage in modeling harmonic structures, which are critical
for capturing global rhythmic anchors such as downbeats.
This preliminary evidence highlights CQT’s utility in en-
coding long-term harmonic dependencies, a quality less
prominent in the Mel representation.

Conversely, the VQT representation underper-
formed across all metrics. This likely reflects a mismatch
between the VQT’s highly detailed harmonic encoding and
the capacity of the model architecture used, which may not
be expressive enough to exploit such complex input fea-
tures. Although VQT was not pursued further in this study,
its potential remains open for future exploration with more
advanced models.

Metric MEL CQT VQT

F-M (B) 87.8± 0.2 86.9± 0.3 42.3± 2.0
F-M (DB) 75.7± 0.5 75.6± 0.4 30.2± 1.7
CMLt (B) 77.2± 0.7 76.3± 0.9 38.9± 2.6
CMLt (DB) 62.9± 1.1 63.6± 0.8 50.2± 1.6
AMLt (B) 87.4± 0.5 86.4± 0.5 48.3± 2.5
AMLt (DB) 75.0± 1.0 75.8± 1.0 59.8± 1.9

Overall Mean 77.7 77.4 44.9

Table 2: Academic Evaluation Scope (Phase One)
– Mean and Standard Deviation of Model
Performance.

These findings prompted deeper investigation
into the harmonic modeling advantages offered by CQT.
Motivated by its promising downbeat detection in low-
harmonic contexts, we extended our analysis in Phase
Two to include more harmonically rich datasets—such as
Filosax jazz—in order to evaluate whether the benefits of
CQT would become more pronounced, particularly when
fused with Mel in our proposed MCQT dual-input archi-
tecture.

4.2. Phase Two

4.2.1. Academic Evaluation Scope

This second phase extends the initial analysis by incorpo-
rating musically richer datasets characterized by corporas
of high percussive density GrooveMIDI and elevated har-
monic complexity Filosax. These datasets serve as a more
demanding evaluation, enabling a rigorous evaluation of
the scalability and robustness of time-frequency represen-
tations under more complex musical structures.

Building upon the insights gained in Phase One,
this phase shifts focus to evaluating the dual-branch
MCQT architecture, which simultaneously processes Mel-
spectrogram and CQT representations. As presented in
Table 3, MCQT achieves the highest mean performance
across all evaluation metrics—beat accuracy, downbeat ac-
curacy, and their composite mean—consistently outper-
forming single-representation baselines across all cross-
validation folds. This highlights the model’s improved



generalization capability and adaptability when exposed to
increased musical complexity.

While the single-input models (Mel-only and
CQT-only) occasionally demonstrated superior perfor-
mance in isolated scenarios—e.g., CQT excelling in down-
beat prediction. Still, MCQT exhibited consistent superior-
ity in average performance, supporting our hypothesis that
combining Mel’s superior temporal resolution with CQT’s
harmonic sensitivity yields a more expressive and balanced
representation. This fusion enhances the model’s ability
to capture both rhythmic transients and harmonic modula-
tions, echoing principles found in multimodal architecture
specialized pathways.

Metric MEL CQT MCQT

F-M (B) 87.5± 1.8 87.6± 1.6 88.1± 1.8
F-M (DB) 76.0± 1.9 76.3± 3.1 76.7± 3.1
CMLt (B) 76.5± 3.0 77.7± 3.0 78.0± 2.5
CMLt (DB) 63.1± 2.5 65.4± 3.0 63.6± 4.5
AMLt (B) 87.7± 1.8 87.5± 2.0 87.7± 1.5
AMLt (DB) 75.4± 2.1 77.3± 2.9 76.6± 3.7

Overall Mean 77.70 78.63 78.43

Table 3: Academic Evaluation Scope (Phase Two)
– Mean and Standard Deviation of Model
Performance.

These results reinforce our initial assumptions
from Phase One and empirically validate the effectiveness
of the CQT model in handling musically intricate con-
texts, particularly those with pronounced harmonic depth
and non-trivial rhythmic patterns.

In parallel, we extend our evaluation with the
ACR framework introduced in [35]. As shown in Table 4,
the MCQT model achieves the highest overall annotation
coverage (0.912) and on-beat accuracy (0.783), outper-
forming both Mel (0.910, 0.769) and CQT (0.905, 0.779).
These results underscore the effectiveness of the dual-input
architecture in integrating complementary feature domains
for more robust beat tracking.

Critically, while all models maintain low off-
beat error rates (∼0.019), the Mel-only model exhibits the
highest subharmonic error rate (0.066), followed by CQT
(0.059), with MCQT demonstrating the lowest (0.054).
This is an important finding, as subharmonic errors—often
resulting in tracking at fractional tempos—are perceptu-
ally more disruptive than harmonic or phase-shifted devia-
tions [35]. The observed reduction in subharmonic errors
in CQT-based models can be attributed to the logarithmic
frequency resolution of the Constant-Q Transform, which
enhances the preservation of harmonic structure and tempo
stability in rhythmically ambiguous passages.

The MCQT model further capitalizes on this ad-
vantage by incorporating Mel-based timing precision, ulti-
mately yielding a representation that is both harmonically
coherent and temporally accurate. These findings demon-
strate that the integration of Mel and CQT representations
in the MCQT model not only improves average beat track-

ing accuracy but also substantially mitigates critical error
types, thereby reinforcing its suitability for deployment in
rhythmically and harmonically complex musical environ-
ments.

4.2.2. Production Evaluation Scope

We conduct a production-level evaluation using ensemble
inference on a held-out test set without training data ac-
cess, simulating real-world deployment conditions. The
evaluation operates at both macro and micro levels.

Macro-Level Analysis: As detailed in Table 5,
our results demonstrate that MCQT achieves competitive
or even superior performance, specifically resulting in a
dominance on classical music genres across all metrics.
This enhancement is due to the incorporation of CQT into
the Mel pipeline, which effectively activates features that
single-input models typically miss. MCQT consistently
outperforms both standalone Mel and CQT models, val-
idating our central thesis around production environment
evaluation: that strategic representation choice and fusion
are critical for robust musical structure prediction.

Micro-Level Analysis: And at a micro perspec-
tive, a single-genre evaluation reveals that the MCQT en-
semble demonstrates a stronger alignment with CQT than
with Mel representations. This indicates that the CQT con-
tributes more decisively to the ensemble’s predictions than
the Mel spectrogram, suggesting that CQT better captures
the underlying geometric structure of music. This finding
supports the hypothesis that while Mel spectrograms are
highly effective for speech tasks, CQT offers superior res-
olution for musical feature representation.

5. Discussions
Our experiments demonstrate that carefully chosen spec-
tral representations can significantly enhance both beat and
downbeat tracking accuracy. In Phase One, Mel spectro-
grams excelled in overall beat detection on rhythmically
complex but harmonically sparse datasets. Then, with
the introduction of rhythmically and harmonically dense
datasets, CQT outperformed Mel, underscoring its supe-
rior harmonic resolution. Finally, by fusing Mel and CQT
in our MCQT architecture, we achieved better performance
on harmonically/rhythmically complex passages compared
to the BeatThis baseline, suggesting that the combined rep-
resentation helps address some of the challenges posed
by rich chordal progressions in the original Mel-only ap-
proach.

From a learning-dynamics perspective, MCQT
achieved 30% lower final loss with stable conver-
gence across folds, particularly on harmonically complex
datasets. However, CQT’s focused spectral representa-
tion occasionally outperforms MCQT in CMLt metrics
(Table 3), suggesting that dual-input fusion can introduce
representational noise that dilutes CQT’s inherent spectral
clarity when musical content aligns well with its harmonic-
centric design. This trade-off indicates that fusion com-
plexity may not always benefit precision-critical contexts.



Table 4: Academic Evaluation Scope (Phase Two) – Annotation Coverage Ratio (ACR)

Model
Annotation Coverage Ratio (ACR)

Any Onbeat Offbeat Subharmonic Error Harmonic Error

Half Third Quarter Double Triple Quadruple

MEL 0.910 0.769 0.018 0.066 <0.001 <0.001 0.052 0.007 <0.001
CQT 0.905 0.779 0.019 0.059 0.000 0.000 0.041 0.010 <0.001
MCQT 0.912 0.783 0.019 0.054 0.001 <0.001 0.046 0.010 0.000

All values are reported as means across 8-fold cross-validation.
Values < 0.001 are shown as “<0.001” for readability.

Table 5: Production Evaluation Scope (Phase Two) – Ensemble-Based Analyses of Genre Classification Performance.

Genre Mel Ensemble CQT Ensemble MCQT Ensemble

F-measure CMLt AMLt F-measure CMLt AMLt F-measure CMLt AMLt

Blues 0.846 0.747 0.849 0.854 0.753 0.856 0.842 0.720 0.846
Classical 0.635 0.481 0.651 0.635 0.481 0.660 0.644 0.481 0.674
Country 0.926 0.811 0.960 0.926 0.818 0.939 0.934 0.835 0.961
Disco 0.964 0.943 0.967 0.965 0.946 0.970 0.968 0.948 0.972
Hip-hop 0.978 0.975 0.982 0.979 0.978 0.988 0.968 0.953 0.970
Jazz 0.872 0.766 0.880 0.874 0.769 0.866 0.872 0.775 0.881
Metal 0.882 0.764 0.884 0.876 0.792 0.863 0.879 0.760 0.854
Pop 0.952 0.908 0.960 0.951 0.908 0.954 0.961 0.930 0.970
Reggae 0.876 0.649 0.945 0.888 0.680 0.953 0.895 0.700 0.961
Rock 0.931 0.870 0.921 0.899 0.839 0.924 0.925 0.870 0.933

Finally, the cross-validation ACR and ensemble
genre-wise analyses on GTZAN reveal that MCQT’s dual-
branch pipeline adapts flexibly to both percussive and
highly harmonic styles, achieving lower subharmonic er-
ror rates than single-representation baselines and superior
performance across most of genres. This resilience indi-
cates that MCQT can serve as a universal front-end for
sequence-to-sequence beat trackers deployed in diverse
musical environments, though practitioners should con-
sider the trade-off between architectural complexity and
the focused precision that single-representation models
like CQT can provide in specialized applications. Music
Information Retrieval ()

6. Conclusions

We have shown that integrating spectrogram represen-
tations with complementary time-frequency characteris-
tics—namely, the fixed-window, perceptually motivated
Mel scale and the logarithmic, pitch-aligned Constant-Q
Transform—yields substantial gains in beat and down-
beat tracking accuracy. The proposed MCQT architecture
outperforms Mel-only and CQT-only models, accelerates
learning convergence, and generalizes more robustly to un-
seen genres, including complex jazz and percussion-heavy
corpora.

These findings underscore the often-overlooked
role of input representation in MIR pipelines: rather than
solely focusing on deeper or wider network architectures,
researchers and practitioners should consider hybrid spec-
tral embeddings as a powerful lever for performance im-

provement. Future work can explore to extend our frame-
work to other sequence modeling tasks such as chord
recognition or structural segmentation.
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end-to-end neural network for polyphonic piano music
transcription. In Proceedings of the 17th International So-
ciety for Music Information Retrieval Conference (ISMIR),
pages 676–682. New York, NY, USA, 2016.



[8] Yicheng Gu, Xueyao Zhang, Liumeng Xue, and Zhizheng
Wu. Multi-scale sub-band constant-q transform discrimi-
nator for high-fidelity vocoder, 2023.

[9] Hongming Guo, Ruibo Fu, Yizhong Geng, Shuai Liu,
Shuchen Shi, Tao Wang, Chunyu Qiang, Chenxing Li,
Ya Li, Zhengqi Wen, Yukun Liu, and Xuefei Liu.
Mel-refine: A plug-and-play approach to refine mel-
spectrogram in audio generation, 2024.

[10] Micael Antunes da Silva. Explorando Texturas Sono-
ras: Análise e Composição com Suporte de Descritores
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