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Abstract

Music genre classification models generally achieve good performance on their
own training sets, but fail to perform well on sets of varying quality, production
style, artist composition, genre taxonomy and annotation practice. A dual-branch
architecture is proposed in this paper, MERT-SpecAMGCNet, that combines
the pretrained MERT waveform representations and a frequency-aware log-Mel
spectral branch. The spectral branch uses multi-scale gated convolutions, chan-
nel recalibration and low-, mid-, high-frequency region fusion to capture local
time—frequency evidence while gated cross-representation attention selectively
fuses the spectral tokens with the temporal embeddings from MERT. This fused
representation is further enhanced by temporal modelling using Conformer and
multi-head attentive statistics pooling. The model is evaluated on the GTZAN
10-class classification, GTZAN-to-FMA Shared-3 zero-shot transfer, full target-
domain fine-tuning (Shared-3) and FMA Small target-domain fine-tuning (8-class
supervised classification). MERT-SpecAMGCNet achieved 89.604+0.55% accu-
racy and 89.90 £+ 0.60% macro-F1 on GTZAN, 65.00 + 0.71% accuracy
and 62.77 & 0.82% macro-F1 in zero-shot GTZAN-to-FMA Shared-3 transfer,
89.00 + 0.71% accuracy and 88.75 & 0.74% macro-F1 after full FMA Shared-
3 fine-tuning, and 81.60 =+ 0.76% accuracy and 81.44 & 0.84% macro-F1 on
FMA Small. Baseline and ablation studies demonstrate that each of the four
components (frequency-aware spectral modelling, gated fusion, temporal refine-
ment, attentive pooling) makes a contribution to the performance. The results



show that explicit spectral evidence can be applied along with the pre-trained
music embeddings for the transfer learning-based music genre classification.

Keywords: music genre classification, cross-dataset transfer, music foundation
models, MERT, frequency-aware spectral modeling, gated convolution, attention
fusion, GTZAN, FMA

1 Introduction

Music genre classification is a fundamental task in music information retrieval,
supporting recommendation, playlist generation, search, catalog organization, and
large-scale music analysis. Early approaches relied on handcrafted descriptors such as
timbral texture, rhythm, pitch, and statistical audio features [1, 2]. With the growth of
labeled datasets and deep learning, research has shifted toward learned representations
from waveforms, spectrograms, and other time—frequency inputs [3-5].

Time—frequency representations remain important because they capture local
information related to instrumentation, rhythm, bass activity, harmonic structure,
vocal characteristics, and percussion. CNNs, recurrent networks, attention mecha-
nisms, and CNN-Transformer hybrids have been widely applied for spectrogram-based
genre classification [3, 6-8]. More recent studies have explored gated convolutions,
channel attention, visual spectrogram learning, and data augmentation strategies
[9-12].

However, strong performance on a single benchmark does not necessarily imply
robust generalization. Music datasets differ in artist composition, recording quality,
production style, class balance, genre definitions, and annotation practices. Conse-
quently, genre labels reflect not only acoustic content but also editorial and cultural
conventions [13-15]. While GTZAN remains a popular benchmark [1], the Free Music
Archive (FMA) provides a larger and more diverse collection suitable for studying
cross-dataset generalization [16].

Pretrained music representation learning offers a promising solution to dataset
shift. Recent self-supervised and foundation-model approaches learn contextual audio
representations from large-scale music corpora [17-19]. Among them, MERT produces
frame-level embeddings that capture timbre, rhythm, melody, instrumentation, and
temporal structure [18]. Nevertheless, these embeddings are not explicitly optimized
to preserve localized genre-transfer cues such as bass patterns, percussion transients,
vocal brightness, and harmonic texture.

To address this limitation, we propose MERT-SpecAMGCNet, a dual-branch
architecture that combines pretrained MERT waveform embeddings with frequency-
aware log-Mel spectral modeling. The spectral branch employs multi-scale gated
convolutions, channel recalibration, and frequency-region fusion, while gated cross-
representation attention enables temporal MERT tokens to selectively retrieve spectral
evidence through a learnable residual gate. Unlike simple concatenation or ungated
cross-attention, this design preserves pretrained representations while incorporating
only the most informative spectral cues for genre discrimination under dataset shift.



The proposed model is evaluated on GTZAN 10-class classification, GTZAN-to-
FMA Shared-3 zero-shot transfer, FMA Shared-3 full fine-tuning, and FMA Small
eight-class supervised classification. The Shared-3 setting aligns the Hip-Hop, Pop, and
Rock classes between GTZAN and FMA, enabling controlled cross-dataset evaluation.

The main contributions of this work are:

1. We propose MERT-SpecAMGCNet, a dual-branch architecture combining pre-
trained MERT embeddings with frequency-aware log-Mel spectral modeling.

2. We introduce gated cross-representation fusion using MERT temporal tokens and
a learnable residual gate for selective spectral integration.

3. We evaluate the model on GTZAN-to-FMA Shared-3 transfer in both zero-shot
and full fine-tuning settings.

4. We compare the proposed approach against spectral-only, MERT-only,
concatenation-based, ungated cross-attention, and component-removal baselines.

5. We analyze the contributions of frequency-aware spectral modeling, gated fusion,
Conformer refinement, and attentive statistics pooling through accuracy, macro-F1,
confusion matrices, and ablation studies.

The remainder of this paper is organized as follows. Section 2 reviews related
work, Section 3 presents the proposed method, Section 4 describes the experimental
protocol, Section 5 reports the results and ablations, Section 6 discusses the findings
and limitations, and Section 7 concludes the paper.

2 Related Work

Music genre classification is a fundamental task in music information retrieval (MIR).
Early approaches relied on handcrafted timbral, rhythmic, pitch-based, and MFCC
features combined with conventional machine-learning classifiers [1, 2, 20]. More
recently, research has shifted toward deep representation learning from waveforms and
time—frequency representations [4, 5, 21].

Spectrogram-based deep learning has become particularly successful because spec-
trograms capture genre-discriminative cues related to timbre, rhythm, harmony,
instrumentation, and vocal characteristics. CNN-based models using spectrogram
and Mel-spectrogram inputs have achieved strong performance across diverse genre-
recognition tasks [3, 9, 22-25]. However, most spectrogram-based systems are evalu-
ated on a single dataset, leaving cross-dataset generalization insufficiently explored.

To improve representation learning, researchers have proposed attention mecha-
nisms, recurrent networks, CNN-RNN hybrids, wavelet-based models, Transformers,
gated CNNs, channel-aware networks, and capsule-style architectures [6-8, 10, 11,
26-29]. Additional advances include optimization-aware architectures, data augmen-
tation, and supervised contrastive learning [12, 30-32]. Despite these improvements,
architectural advances alone do not guarantee robustness under dataset shift.

Pretrained and self-supervised audio representation learning has therefore gained
increasing attention. Models such as BYOL-A, MERT, MusicFM, and other music
foundation models learn transferable representations from large-scale pretraining [17—
19]. Recent evaluations of MERT, MusicFM, MuQ, MULE, MusiCNN, Jukebox, and



EncodecMAE further demonstrate their value for transfer-oriented MIR tasks [33].
However, these embeddings may not explicitly preserve localized frequency-region cues
that remain important for genre discrimination.

Cross-dataset evaluation is essential because genre recognition is influenced not
only by audio content but also by annotation practices, cultural context, and dataset
construction [13]. Although GTZAN remains widely used [1], performance on a single
benchmark is insufficient evidence of robust genre recognition [14]. The Free Music
Archive (FMA) provides a larger and more diverse benchmark for studying transfer
and generalization [15, 16].

Another promising direction is representation fusion, where complementary fea-
ture streams are combined through attention, multi-view learning, or feature-level
fusion [34-37]. However, simple fusion strategies often assume equal reliability across
representations, which may be problematic under dataset shift.

Motivated by these challenges, we propose MERT-SpecAMGCNet, which com-
bines pretrained MERT waveform embeddings with a frequency-aware log-Mel spectral
branch. Multi-scale gated convolutions and channel recalibration capture localized
spectral information, while gated cross-representation attention selectively integrates
spectral evidence with contextual MERT embeddings. The framework is designed
for robust GTZAN-to-FMA genre transfer and is evaluated in both zero-shot and
target-domain fine-tuning settings.

3 Proposed Method

3.1 Overview

MERT-SpecAMGCNet, MERT-based Spectral Attention-Modulated Gated Convolu-
tional Network, is a proposed dual-branch architecture for music genre classification.
It integrates pretrained MERT waveform representations with frequency-aware log-
Mel spectral modeling to jointly capture contextual musical information and localized
time—frequency cues. The MERT branch provides contextual music embeddings
learned through large-scale self-supervised pretraining [17-19], while the spectral
branch captures localized time—frequency cues such as timbre, rhythm, bass energy,
harmonic texture, percussion transients, and production style [3, 9, 22]. Both branches
are projected into a shared token space and fused using gated cross-representation
attention, followed by temporal refinement, attentive statistics pooling, and classifica-
tion.

3.2 Input Representation

Each track is converted to mono, resampled to 24 kHz, and processed using five-second
crops. During training, one random crop is sampled per track at each epoch. During
validation and testing, deterministic evenly spaced crops are used, and crop-level logits
are averaged for track-level prediction. For the spectral branch, the input is a log-Mel
spectrogram

S = log(MelSpectrogram(x) + €),



computed using 128 Mel bins, a 2048-point FFT, a hop length of 512 samples, and a
frequency range of 20 Hz to 12 kHz.

3.3 MERT Representation Branch

The waveform branch uses pretrained MERT to extract frame-level contextual music
representations [18]. Instead of using only the final hidden state, the model learns a
weighted combination of the final four MERT layers. The resulting representation is
normalized and projected to a shared token dimension d = 320, producing the MERT
token sequence Ty; € R¥™*4 This allows the model to use both contextual musical
structure and relatively local acoustic information from the upper MERT layers.

3.4 Frequency-Aware Spectral Branch

The spectral branch processes the log-Mel spectrogram through a convolutional stem
followed by three multi-scale attention-modulated gated convolutional stages with 128,
192, and 256 output channels. Each stage contains gated convolutional blocks with
3x3,5x5,and 7 x 7 kernels, where feature and sigmoid gate pathways are combined
through residual connections, normalization, activation, and dropout. This enables the
extraction of genre-relevant patterns at multiple receptive-field scales [8, 10, 11].

Channel recalibration is applied after each stage using global average pooling and
a bottleneck transformation. The final feature map is divided into low-, mid-, and
high-frequency regions, which are processed independently, pooled, concatenated, and
projected into the shared token space to produce spectral tokens Ty € RYs*? This
preserves complementary frequency-specific cues related to bass activity, harmonic
texture, percussion, brightness, and vocal timbre.
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Fig. 1 Overview of the proposed MERT-SpecAMGCNet architecture.



3.5 Gated Cross-Representation Fusion

Because the MERT and spectral branches may produce different temporal lengths, the
spectral token sequence is aligned to the MERT sequence using linear interpolation,
yielding Ts € RMv x4 MERT tokens are used as queries and aligned spectral tokens
as keys and values to compute C' = MultiHeadCrossAttention(Q = Ty, K = Ts,V =
Ts). A residual gate g = o(Wy4[Thr; C] + bg) then regulates the injected spectral
information, producing the fused representation Tr = LayerNorm(Ty; + g ® C). This
mechanism preserves pretrained MERT representations while selectively incorporating
genre-relevant spectral evidence.

3.6 Temporal Refinement, Pooling, and Classification

The fused sequence is combined with sinusoidal positional encoding and passed
through two Conformer-style temporal refinement blocks, which combine self-attention
and temporal convolution. The refined sequence is summarized using multi-head atten-
tive statistics pooling, where each head computes an attention-weighted temporal
mean and standard deviation. The pooled representation is passed to an MLP classifier
followed by a softmax layer.

The number of output classes is K = 10 for GTZAN, K = 3 for GTZAN-to-FMA
Shared-3 transfer, and K = 8 for FMA Small supervised classification. The model is
trained using multiclass cross-entropy loss. For full target-domain fine-tuning, label
smoothing with factor A = 0.02 is used.

3.7 Training Strategy

Training is performed in two stages. In Stage A, the pretrained MERT backbone is
frozen while the layer-fusion weights, projection layer, spectral branch, fusion module,
temporal refinement module, pooling module, and classifier are trained. In Stage B,
the best Stage A checkpoint is used for partial fine-tuning, where only the final four
MERT transformer layers are unfrozen and optimized using a smaller learning rate.
For FMA Shared-3 fine-tuning, the model is initialized from the selected GTZAN
source-domain checkpoint and trained using the same staged strategy.

Table 1 Configuration of MERT-SpecAMGCNet.

Parameter Value Parameter Value
Sampling rate 24,000 Hz Audio duration 5s

Mel bins 128 FFT size 2,048

Hop length 512 samples Frequency range 20-12,000 Hz
MERT checkpoint m-a-p/MERT-v1-330M  MERT layers fused Final 4 layers
MERT layers unfrozen Final 4 layers Shared token dimension 320

Spectral stem channels 64, 96 Spectral stage channels 128, 192, 256
Gated kernels 3X3,5X5,7TXT7 Cross-attention heads 5
Conformer-style blocks 2 Pooling heads 4

Classifier hidden dimension 512 Dropout 0.20




4 Experimental Protocol

4.1 Datasets and Tasks

The experiments use GTZAN and FMA Small to evaluate source-domain classifica-
tion, cross-dataset transfer, and target-domain fine-tuning [1, 16]. GTZAN serves as
the source-domain benchmark, while FMA Small is an independent target-domain col-
lection. Three tasks are evaluated: GTZAN 10-class classification, GTZAN-to-FMA
Shared-3 transfer, and FMA Small eight-class supervised classification.

For GTZAN 10-class classification, the split includes 800 training, 100 validation,
and 100 test tracks. Because GTZAN contains known limitations such as possible
duplicate recordings, recording artifacts, and artist overlap, it is used primarily as a
source-domain diagnostic benchmark rather than standalone evidence of real-world
robustness. Robustness is instead assessed mainly through GTZAN-to-FMA Shared-3
transfer, where source-trained models are evaluated on an independent target-domain
dataset.

The cross-dataset experiment uses a Shared-3 taxonomy of Hip-Hop, Pop, and
Rock, the common top-level classes in both datasets. The GTZAN Shared-3 source
split contains 240 training, 30 validation, and 30 test tracks. The FMA Shared-3
target split contains 1,920 training, 240 validation, and 300 held-out test tracks. The
FMA Small eight-class task uses the official top-level classes Electronic, Experimental,
Folk, Hip-Hop, Instrumental, International, Pop, and Rock, with 6,400 training, 800
validation, and 800 test tracks.

Cross Dataset Experiment Protocol

N
Five Seed Evaluation Protocol
2
Dataset Preparation
A4 A v
GTZAN 10-class Source Dataset FMA Small Target Dataset
A

\0_) \2 v
GTZAN official 10 splits FMA share 3-splits FMA official 8-splits
GTZAN Source Training Shared-3 Output Alignment for FMA 8 class Supervised

J/ FMA Transfer Training

Checkpoint Selection J/ J’
GTZAN-to-FMA Shared-3

Locked GTZAN Model

J/ Transfer Settings FMA 8 class Test Evaluation

i A

GTZAN Test Evaluation N7 o J,

J/ FMA Shared-3 Zero FMA Shared-3 Full ’ FMA 8 class Result

GTZAN Results Shot Evaluation Adaptation Evaluation
FMA Shared-3 Zero FMA Shared-3 Full
Shot Results Adaptation Results

Fig. 2 Experimental protocol for GTZAN source-domain classification.



4.2 Shared-3 Transfer Setting

The Shared-3 transfer setting aligns the overlapping GTZAN and FMA top-level
classes Hip-Hop, Pop, and Rock. All other classes are excluded from this protocol.
The aligned labels are shown in Table 2.

Table 2 Shared-3 label alignment between
GTZAN and FMA Small.

Label GTZAN class FMA class

0 Hip-Hop Hip-Hop
1 Pop Pop
2 Rock Rock

Two transfer settings are evaluated. In the zero-shot setting, the model is trained
only on GTZAN Shared-3 and evaluated directly on the FMA Shared-3 test set.
No FMA labels are used for training, validation, calibration, checkpoint selection, or
hyperparameter tuning. In the full fine-tuning setting, the selected GTZAN source
checkpoint is fine-tuned using all 1,920 labelled FMA Shared-3 training tracks.

4.3 Preprocessing and Augmentation

All audio is converted to mono, resampled to 24 kHz, and processed using five-second
crops. During training, one random crop is sampled per track at each epoch. During
validation and testing, deterministic evenly spaced crops are used, and final track-
level predictions are obtained by averaging logits over five test crops. In the zero-shot
GTZAN-to-FMA setting, normalization statistics are estimated only from the GTZAN
source training set.

Training-time augmentation includes random gain perturbation, additive Gaussian
noise, frequency masking, time masking, and mixup [12, 38, 39]. Random gain is
applied with probability 0.35 using a gain range of 0.85 to 1.15, Gaussian noise with
probability 0.25, and mixup with probability 0.25 using a Beta distribution with a =
0.20. Pitch shifting and time stretching are not used.

4.4 Baselines and Implementation

The proposed model is compared with spectral-only, MERT-only, and fusion-based
baselines: Scratch AMGCNet, MERT-MLP Probe, MERT Temporal Adapter, Spectral
AMGC Branch, MERT + Spectral Concat, MERT 4 Cross-Attention, and MERT-
SpecAMGCNet. Ablations further examine the effect of frequency-aware fusion,
Conformer-style temporal refinement, and attentive statistics pooling.

All models are implemented in PyTorch and optimized using AdamW with cosine
learning-rate decay, linear warm-up, gradient clipping, dropout, and exponential mov-
ing average checkpointing [40, 41]. Source-domain training is performed for up to
120 epochs with early stopping patience of 35 epochs. Target-domain fine-tuning is
performed for up to 80 epochs with early stopping patience of 35 epoch.



Table 3 Training configuration.

Setting Value Setting Value
Optimizer AdamW Batch size 8

Source max epochs 120 Target max epochs 80

Source patience 35 epochs Target patience 35 epochs
Source learning rate 3 x 10~ Target learning rate 1x1074
Warm-up epochs 8 source / 4 target ~ Weight decay 2x10~%
Gradient clipping 1.0 Dropout 0.20

EMA decay 0.998 Target label smoothing  0.02
Validation crops 3 per track Test crops 5 per track

4.5 Evaluation Metrics

Macro-F1 is the primary metric because it gives equal importance to each class. Accu-
racy, macro precision, macro recall, weighted F1, and confusion matrices are also
reported for a fuller evaluation [42, 43]. Repeated experiments are reported as mean +
sample standard deviation across five seeds. GTZAN 10-class and FMA Small eight-
class results are reported at track level. For FMA Shared-3 confusion matrices, five
deterministic crops are evaluated for each of the 300 held-out test tracks, producing
1,500 crop-level decisions.

5 Results

5.1 Reporting Convention

Unless stated otherwise, results are reported as mean + sample standard deviation
across five random seeds. Macro-F1 is used as the primary metric because it gives equal
importance to each class, while accuracy, macro precision, macro recall, weighted F1,
and confusion matrices provide complementary views of model behavior.

The evaluation addresses three questions: whether MERT-SpecAMGCNet learns
strong source-domain genre representations on GTZAN, whether these representations
transfer to FMA Shared-3 without target-domain labels, and how much performance is
recovered after full target-domain fine-tuning. GTZAN 10-class and FMA Small eight-
class results are reported at track level. For FMA Shared-3 confusion matrices, five
deterministic crops are evaluated for each of the 300 held-out test tracks, producing
1,500 crop-level decisions.

Table 4 Main classification and transfer results of MERT-SpecAMGCNet.

Setting Acuracy Macro Prec.  Macro Rec. Macro-F1 Weighted F1
GTZAN-10 89.60£0.55 91.65+£0.93 89.60+0.55 89.90£0.60 89.90 4 0.60
FMA-3ZS 65.00£0.71 65.554+0.88 65.00£0.71 62.77+0.82 62.77£0.80
FMA-3 FT 89.00£0.71 89.69+0.78 89.00+0.71 88.75+£0.74 88.75+0.72
FMA-8 81.60 £0.76 82.10+0.94 81.60+0.76 81.444+0.84 81.44+0.84




5.2 GTZAN 10-Class Source-Domain Classification

MERT-SpecAMGCNet achieved 89.60 4= 0.55% accuracy and 89.90 £ 0.60% macro-F1
on GTZAN 10-class classification. This confirms that the proposed dual-branch archi-
tecture can learn strong genre-discriminative representations in the source domain.
However, this result is treated as a diagnostic benchmark rather than as evidence of
cross-dataset robustness, since strong GTZAN performance alone does not guarantee
reliable transfer to a different music collection.

GTZAN 10-Class Source Test Confusion Matrix
(Pooled Across Five Seeds)
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Fig. 3 Pooled five-seed confusion matrix for GTZAN 10-class classification. The matrix contains
500 pooled test predictions and 448 correct predictions, corresponding to 89.60% accuracy.

5.3 GTZAN-to-FMA Shared-3 Transfer

The GTZAN-to-FMA Shared-3 setting is the primary cross-dataset evaluation. In the
zero-shot setting, the model is trained only on GTZAN Shared-3 and evaluated directly
on FMA Shared-3. No FMA labels are used for training, validation, calibration, check-
point selection, or hyperparameter tuning. Under this setting, MERT-SpecAMGCNet
achieved 65.00 £ 0.71% accuracy and 62.77 & 0.82% macro-F1.

This zero-shot result shows that the source-trained representation retains transfer-
able genre information, but it also exposes the difficulty of cross-dataset generalization.
After full FMA Shared-3 fine-tuning, performance increased to 89.00+0.71% accuracy
and 88.75+0.74% macro-F1. The improvement of 24.00 percentage points in accuracy
and 25.98 percentage points in macro-F1 demonstrates that the architecture adapts
effectively when labelled target-domain data are available.
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(Pooled Across Five Seeds) (Pooled Across Five Seeds)

57 a1
(11.4%) (8.2%)

0,
H

3 20§ 3 é
=, 103 167 230 kS s 32 367 101 4
op (20.6%) (33.4%) (46.0%) 3 (6.4%) (73.4%) (20.2%) 3
2 mf 32 H
& > E 2005
E E
g g
1508 8
[ I o
o
K < & < o
Predicted label Predicted label
.
(a) Zero-shot transfer (b) Full fine-tuning

Fig. 4 FMA Shared-3 confusion matrices for zero-shot GTZAN-to-FMA transfer and full target-
domain fine-tuning; the repeated-seed numerical results are reported in Table 4.

5.4 FMA Small Eight-Class Supervised Classification

On the broader FMA Small eight-class task, MERT-SpecAMGCNet achieved 81.60 +
0.76% accuracy and 81.44 4+ 0.84% macro-F1. This task is not directly comparable
to the three-class Shared-3 transfer setting because it contains a broader taxonomy.
Its purpose is to test whether the proposed architecture remains effective beyond the
restricted Hip-Hop, Pop, and Rock transfer setup.

5.5 Baseline and Ablation Comparison

Table 5 compares MERT-SpecAMGCNet with MERT-only, spectral-only, fusion-
based, and component-removal variants across all evaluation settings. The results show
a consistent progression from single-branch models to fusion-based models and then to
the complete architecture. MERT-only variants provide strong pretrained representa-
tions, while the spectral branch contributes complementary frequency-local evidence.
Simple concatenation improves over single-branch variants, but attention-based fusion
performs better by allowing interaction between MERT and spectral tokens.

The full MERT-SpecAMGCNet achieves the highest Macro-F1 across GTZAN 10-
class classification, FMA Shared-3 zero-shot transfer, FMA Shared-3 full fine-tuning,
and FMA Small eight-class classification. The component-removal variants further
show that frequency-aware fusion, Conformer-style temporal refinement, and attentive
statistics pooling each contribute to the final performance.

5.6 Training and Validation Behavior

The training and validation curves provide additional evidence about optimization
behavior. The GTZAN curves show stable convergence during source-domain training.
The FMA Shared-3 curves show the effect of adapting the source-trained model to
the target-domain taxonomy, while the FMA Small eight-class curves show that the
model remains trainable under a broader genre set. Validation monitoring is used
for checkpoint selection to reduce overfitting during both source-domain training and
target-domain fine-tuning.
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FMA Small 8-Class Supervised Confusion Matrix
(Pooled Across Five Seeds)
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Fig. 5 Pooled five-seed confusion matrix for FMA Small eight-class supervised classification. The
matrix contains 4000 pooled test predictions and 3264 correct predictions, corresponding to 81.60%
accuracy.

Table 5 Baseline and ablation comparison across evaluation settings. Values are Macro-F1
percentages reported as mean + standard deviation across five seeds. (FMA-3 ZS is FMA 3 class
zero shot and FMA-3 FT is FMA 3 class fine tuned)

Model / Variant GTZAN 10 FMA-3 ZS FMA-3 FT FMA-8

MERT-MLP Probe 83.35 +0.82 57.45 +0.95 82.35 + 0.86 75.80 £ 1.02
MERT Temporal Adapter 84.60 £ 0.79 58.70 4+ 0.92 83.65 £+ 0.82 76.95 £+ 0.98
Spectral AMGC Branch only 82.40 +0.88 56.80 + 0.98 81.50 &+ 0.90 74.60 £ 1.08
MERT + Spectral Concatenation 86.20 £ 0.74 60.05 £ 0.88 85.40 £ 0.78 78.45 + 0.94
MERT + Cross-Attention 87.10 £0.71 60.95 £ 0.86 86.35 + 0.76 79.20 £+ 0.90

Without Frequency-Aware Fusion  87.85 4 0.69 61.20 £ 0.85 87.05 £ 0.75 79.85 + 0.88
Without Conformer Refinement 88.20 £ 0.68 61.55 £+ 0.84 87.35+0.74 80.10 £ 0.86
Mean Pooling 87.60 + 0.72 60.75 + 0.87 86.70 £ 0.77 79.50 £0.91
Full MERT-SpecAMGCNet 89.90£0.60 62.77+0.82 88.75+0.74 81.441+0.84

The results support three main findings. First, MERT-SpecAMGCNet learns
strong source-domain representations on GTZAN. Second, the model transfers non-
trivially to FMA Shared-3 in the zero-shot setting, showing that the learned
representation retains cross-dataset genre information. Third, full target-domain fine-
tuning substantially improves performance, indicating that the proposed architecture
is adaptable when labelled FMA data are available. The FMA Small eight-class result
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Fig. 6 Training and validation curves for GTZAN 10-class source-domain classification.
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Fig. 8 Training and validation curves for the FMA Small eight-class supervised classification task.

further shows that the architecture remains effective under a broader target-domain
taxonomy.

6 Discussion

The results show that MERT-SpecAMGCNet is effective as both a source-domain
classifier and a transfer-oriented architecture. Its strong GTZAN performance con-
firms that combining pretrained MERT representations with frequency-aware spectral
modeling produces discriminative genre representations. However, the more important
result is the GTZAN-to-FMA Shared-3 evaluation, where the model is tested under
dataset shift rather than only within a familiar benchmark.

In zero-shot GTZAN-to-FMA transfer, the model achieved 62.77+0.82% macro-F1
without using labelled FMA data. This shows that the source-trained representa-
tion retains meaningful genre information across datasets. At the same time, the gap
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between GTZAN performance and zero-shot FMA performance highlights the diffi-
culty of cross-dataset genre classification. Genre labels are shaped not only by acoustic
content, but also by production style, dataset construction, annotation practice, and
cultural or editorial conventions.

Full FMA Shared-3 fine-tuning increased macro-F1 to 88.75+0.74%, showing that
the proposed representation is highly adaptable when target-domain labels are avail-
able. This suggests that pretrained music embeddings provide a strong foundation, but
target-domain supervision remains important when the deployment collection differs
from the source dataset.

The baseline and ablation results support the architectural design. MERT-only
variants confirm the value of pretrained music representations, while the spectral
branch shows that localized time—frequency cues remain important for genre dis-
crimination. Fusion-based variants improve over single-branch models, and the full
MERT-SpecAMGCNet performs best across all settings. This indicates that the
gains come from the combined effect of frequency-aware spectral modeling, gated
cross-representation fusion, temporal refinement, and attentive statistics pooling.

The gated fusion mechanism is central to this behavior. Simple concatenation treats
all feature streams as equally reliable, while the proposed residual gate controls how
much spectral evidence is injected into the MERT representation. This is useful under
dataset shift because some spectral cues reflect stable genre information, such as bass
energy, harmonic texture, and percussion activity, while others may be dataset-specific.

The FMA Small eight-class result further shows that the model remains effective
beyond the restricted three-class transfer setting. Nevertheless, the study is limited
to GTZAN and FMA, and the main transfer experiment uses only the Shared-3 tax-
onomy. Future work should evaluate broader genre taxonomies, additional datasets,
intermediate few-shot settings, and more efficient variants of the proposed architecture.

Overall, the findings support the central claim of this paper: robust music genre
classification benefits from combining contextual pretrained music representations
with explicit frequency-aware spectral evidence through selective gated fusion.

7 Conclusion

In this paper, a dual-branch architecture for music genre classification, called MERT-
SpecAMGCNet, was introduced, which consists of a pretrained MERT branch
and a frequency-aware log-Mel spectral modeling branch. The model selectively
fuses the contextual music embeddings and the local spectral evidence with gated
cross-representation fusion.

The experiments show that MERT-SpecAMGCNet performs well on GTZAN, a
transfer task with a meaningful target domain FMA Shared-3 in the zero-shot setting,
and a good performance after full target-domain fine-tuning and on the larger task
FMA Small (8 classes). The results support the primary hypothesis that music repre-
sentations based on a large dataset and explicit spectral features are complementary
for effective genre classification in the presence of dataset shift.
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In general, the results indicate that the pretrained music embeddings and
frequency-aware spectral modeling models complementary aspects of genre informa-
tion. Local information, such as bass energy, harmonic texture, percussion transients
and vocal brightness, are maintained in the spectral branch, and the contextual musi-
cal structure is given by MERT. The gated fusion mechanism is crucial to enable the
selective fusion of different sources of evidence when models are transferred between
datasets that have different recording conditions, production styles and conventions
for annotations.

Other music datasets, extended genre taxonomies and other cross-collection trans-
fer settings will be explored in the future. Other issues that need to be explored
further are track-level error pattern, computational efficiency, model compression and
alternative fusion mechanism for robust music information retrieval.
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