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Abstract
We explore the challenge of separating speech from instrumental
music using a constrained dataset, where each source contains 100
seconds of audio. For each speech–music pair, we jointly split the
data: the first 80 seconds from both the speech and the music are
used for training, and the remaining 20 seconds from each source
are reserved for testing. These test segments are then split and
combined to create four distinct test mixtures. The dataset spans
five source pairs per genre across eight distinct music genres. In this
paper, we compare four approaches to speech–music separation
under identical data splits: non-negative matrix factorization (NMF)
with Kullback–Leibler multiplicative updates, principal component
analysis (PCA), independent component analysis (ICA), a U-Net op-
erating in the short-time Fourier transform (STFT) domain trained
with a scale-invariant signal-to-distortion ratio (SI-SDR) loss, and
an augmented U-Net that incorporates a global self-attention bot-
tleneck.

Across all 40 source pairs and 160 test mixtures, the attention-
augmented U-Net achieves the highestmean SI-SDR for both sources,
reaching +5.17 dB for speech and +11.52 dB for music. This model
consistently outperforms the baseline U-Net (+3.81 dB for speech
and +10.48 dB for music), while the baseline U-Net only slightly
surpasses NMF (+2.61 dB for speech and +9.66 dB for music). A
closer examination of the U-Net results shows that its gains over
NMF are most pronounced in genres with less repetitive structure
and richer timbral complexity, such as Classical and Jazz. This sug-
gests that methods relying on fixed bases are more limited in these
settings. The addition of global self-attention appears particularly
beneficial, as it helps capture long-range spectral dependencies that
are important for effective separation. In contrast to U-Net and
NMF, both PCA and ICA perform substantially worse, particularly
in speech reconstruction, likely due to the way components are
allocated between speech and music in our separation algorithms.

While the limited dataset size and controlled train/test setup
restrict broad generalization, these results still provide a useful
comparison of model behavior under low-data conditions.

1 Introduction
Separating speech from background music is a classic problem
in audio processing, with real-world applications ranging from
enhancing dialogue in videos to restoring old broadcasts. The tra-
ditional approach is to decompose source magnitude spectrograms
onto pre-fit non-negative or linear bases, but in today’s world, ap-
proaches using deep learning are becoming more common. These
deep learning solutions learn to generate a time-frequency mask

end-to-end. Each method has its own tradeoffs, especially when
the data is scarce.

This paper evaluates four algorithms on a dataset designed to
mimic a challenging practical scenario where the model needs to
isolate a known speaker from a known piece of music with little
adaptation data. For each speech-music pair, we limit the training
audio to just 80 seconds per source. We then test the models on four
short mixtures created from held out chunks. Then we break down
our performance metrics by music genre to see exactly where each
algorithm’s underlying assumptions help or hurt the separation
process.

2 Related Works
Audio source separation has evolved greatly over time, shifting
from statistical signal processing to deep neural networks. Early
approaches relied heavily on matrix factorization and subspace
methods. For example, Non-negative Matrix Factorization (NMF)
[6], Independent Component Analysis (ICA) [1], and Principal Com-
ponent Analysis (PCA) [3] are the foundational techniques that
separate sources by identifying distinct spectral bases or statisti-
cally independent components. While computationally lightweight
and easy to deploy, these methods struggle when sources share
overlapping frequency content or complex timbres.

Recently, deep learning has become more and more popular in
audio source separation. Architectures like the U-Net [7], initially
developed for biomedical image segmentation, have been success-
fully adapted for audio by predicting time-frequency masks directly
over spectrograms. Modern systems like Spleeter [4] use this ap-
proach with massive datasets to train generalized models. However,
our work diverges from these large-scale paradigms by focusing
on a low-resource regime instead of aiming for general-purpose
separation. We evaluate how both classical techniques and modern
neural architectures adapt when only a fraction of training data is
available, measuring their success using standardized metrics like
the scale-invariant signal-to-distortion ratio (SI-SDR) [8].

3 Dataset
For the music source, we use the Reubencf/fma-labeled dataset
[2], restricting the selection to samples without lyrics to ensure that
the music stems do not contain overlapping speech components.
Speech data is obtained from the AIDC-AI/Marco_Longspeech dataset
[10]. The specific choice of datasets is not critical to the approach, as
comparable results should be achievable using alternative datasets
with similar characteristics.

In our experiment, we consider eight musical genres: Hip-Hop,
Pop, Rock, Electronic, Folk, Classical, Jazz, and Metal. For each
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Figure 1: Representative log-magnitude spectrograms for each genre. The frequency axis is shown on a logarithmic scale, and
amplitudes (in dB) are normalized relative to the maximum within each genre.
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Figure 2: Representative log-magnitude spectrogram of a
speech signal. The frequency axis is shown on a logarithmic
scale, and amplitudes (in dB) are normalized relative to the
maximum of the speech signal.

genre, five instrumental tracks are sampled and paired with distinct
speech recordings, resulting in 40 speech-music pairs. All source
recordings are resampled to 22,050 Hz and segmented into ten
consecutive 10-second chunks. Figure 1 shows the spectrogram of
a sampled 100-second music recording per genre, while Figure 2
presents a spectrogram for a sampled 100-second speech recording.

For each pair, the first eight segments are used for training, while
the remaining two are reserved for testing. Let 𝑦sp and 𝑦mu denote
the time-domain speech and music segments, respectively. Test
mixtures are constructed by averaging the two sources,

𝑦mix =
1
2
(
𝑦sp + 𝑦mu

)
,

where 𝑦mix is the resulting mixture segment. All four possible com-
binations of the test segments are used, yielding a total of 160 test
mixtures.

4 Methods
All four algorithms operate on magnitude short-time Fourier trans-
form (STFT) representations computed with FFT size 𝑁FFT = 2048,
hop length 𝐻 = 512, and a Hann window. The STFT produces a
complex spectrogram 𝐷 ∈ C𝐹×𝑇 , where 𝐹 = 𝑁FFT/2 + 1 is the num-
ber of frequency bins and 𝑇 is the number of time frames. Also, let
𝑉 ∈ R𝐹×𝑇 denote the magnitude spectrogram, i.e., 𝑉 is obtained as
the element-wise magnitude of 𝐷 .

Performance is evaluated using SI-SDR. Let 𝑠 and 𝑠 denote the
reference and estimated time-domain signals, respectively, both
mean-normalized prior to evaluation. SI-SDR is defined as

SI-SDR(𝑠, 𝑠) = 10 log10
∥𝑠target∥2

∥𝑠 − 𝑠target∥2
,

where the projected target component is

𝑠target =
⟨𝑠, 𝑠⟩

∥𝑠 ∥2 + 𝜖 𝑠,

and 𝜖 is a small constant for numerical stability. Higher SI-SDR
indicates better reconstruction quality.

4.1 NMF
To perform source separation using NMF [6], we learn per-source
basis matrices 𝑊sp,𝑊mu ∈ R𝐹×𝐾 , where 𝐾 = 32 is the number
of components per source. NMF minimizes the Kullback–Leibler
divergence [5] using multiplicative updates for 1500 iterations.

For separation, 𝑉 is factorized using the concatenated matrix
𝑊 = [𝑊sp |𝑊mu] ∈ R𝐹×2𝐾 to get an activation matrix 𝐻 ∈ R2𝐾×𝑇 .
After that, 𝐻 is partitioned into 𝐻sp and 𝐻mu, yielding source spec-
trogram estimates 𝑉sp =𝑊sp𝐻sp and 𝑉mu =𝑊mu𝐻mu. Separation
masks are then computed as

𝑀sp =
𝑉sp

𝑉sp +𝑉mu + 𝜖
, 𝑀mu =

𝑉mu

𝑉sp +𝑉mu + 𝜖
,

and applied to the mixture spectrogram prior to inverse STFT to
obtain time-domain estimates.
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Figure 3: Four-level U-Net for STFT-domain source separa-
tion. The encoder uses 2 × 2 max-pooling for downsampling,
while the decoder uses 2 × 2 transposed convolutions for
upsampling. Skip connections fuse encoder and decoder fea-
tures at matching resolutions. The model outputs two soft
masks via a 1 × 1 convolution with sigmoid activation.

4.2 PCA and ICA
PCA and ICA follow a unified pipeline. We first construct a joint
magnitude matrix 𝑉joint = [𝑉sp |𝑉mu] ∈ R𝐹×2𝑇 , formed by concate-
nating speech and music training spectrograms along the time axis.
Each frequency bin is then standardized using the joint mean and
standard deviation. A subspace model with rank 𝐾 = 32 is learned
using either PCA or ICA, yielding a set of components and cor-
responding activation scores. Components are assigned to either
speech or music by comparing their average activation energy on
the speech and music segments of the training data. In particular,
components with higher energy on speech are assigned to𝑊sp, and
the remainder to𝑊mu. If all components are assigned to a single
source, a balanced split is used as a fallback.

For separation, the mixture magnitude spectrogram is standard-
ized using the same statistics, and activations are estimated via a
least-squares projection onto the concatenated basis𝑊 = [𝑊sp |𝑊mu].
Source spectrograms are then reconstructed from the correspond-
ing basis–activation pairs and rescaled to the original domain. We
then apply the masking trick followed by the inverse STFT, similar
to the NMF case.

4.3 U-Net
A four-level encoder–decoder U-Net is used to estimate two masks
corresponding to speech and music (Figure 3). The model operates
on magnitude STFT representations with the Nyquist bin removed
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Figure 4: Comparison of source separation performance
across selected methods, measured by SI-SDR (dB). Marks in-
dicate mean performance over 160 test mixtures, with error
bars representing ±1 standard deviation.

so that the frequency dimension is divisible by 16. Each input is a
log-magnitude spectrogram, normalized per sample.

The architecture consists of four encoder blocks followed by a
bottleneck and a symmetric decoder with skip connections. Each
block contains two convolutional layers with Group Normaliza-
tion and LeakyReLU activations. Downsampling and upsampling
are performed using max-pooling and transposed convolutions,
respectively.

Training uses mixture generation from random 3-second seg-
ments sampled from the training set, where each source is inde-
pendently perturbed by up to 3 dB. The model is trained to predict
soft masks applied in the STFT domain, and source estimates are
reconstructed via inverse STFT. The optimization objective is the
mean negative SI-SDR over the two sources:

L = − 1
2
(
SI-SDR(𝑠sp, 𝑠sp) + SI-SDR(𝑠mu, 𝑠mu)

)
.

Optimization is performed with a batch size of 256, for up to
50 epochs. A single held-out validation set, constructed from one
fixed chunk per source, is used for model selection. Early stopping
is applied if the validation loss does not improve for 8 consecutive
epochs. At inference, signals are processed in 3-second overlap-
ping windows (50% overlap) using Hann-windowed overlap-add
reconstruction.

4.4 Attention-Augmented U-Net
In addition to the baseline U-Net, we evaluate an augmented U-
Net where the standard bottleneck is replaced with a Global Self-
Attention Bottleneck. After the initial convolutional cascade, the
feature map 𝑥 ∈ R𝐵×𝐶×𝐹×𝑇 where 𝐵 = 256 is the batch size,𝐶 = 256
is the number of channels, 𝐹 = 64 is the frequency dimension, and
𝑇 = 8 is the time-frame dimension–is flattened spatially into a
sequence of tokens 𝑥flat ∈ R𝐵×𝐹𝑇×𝐶 . A multi-head self-attention
layer with 8 heads [9] is applied to allow each time-frequency bin
to attend to every other bin in the 3-second chunk. The sequence is
then reshaped back to the original dimensions before being passed
to the decoder.
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NMF PCA ICA U-Net (Base) U-Net (+Attn)

Genre Speech Music Speech Music Speech Music Speech Music Speech Music

Hip-Hop +4.16±5.66 +16.64±5.01 −9.36±5.25 +6.63±3.09 −4.07±3.52 +11.23±4.06 +2.76±4.16 +14.71±2.40 +4.64±4.63 +16.02±3.18
Pop +2.20±1.84 +10.80±3.09 −6.26±3.14 +5.04±2.34 −4.17±2.73 +6.27±1.88 +3.29±1.86 +11.07±2.03 +4.26±1.95 +11.66±2.51
Rock +1.45±6.34 +9.33±4.00 −4.46±5.46 +4.65±3.90 −3.36±5.93 +5.36±3.41 +1.25±7.29 +9.52±3.10 +2.59±6.92 +10.41±2.88
Electronic +3.94±3.84 +11.11±4.77 −4.79±6.81 +4.93±3.36 −2.21±5.04 +7.03±4.13 +4.31±3.36 +10.89±5.31 +6.34±3.31 +12.42±4.41
Folk +3.61±2.66 +5.99±6.49 −0.64±6.27 +1.99±4.03 +0.46±5.55 +3.06±4.42 +4.38±4.56 +6.22±4.16 +6.23±3.64 +7.96±4.73
Classical +3.49±4.18 +5.08±6.82 −0.72±4.82 +0.71±6.88 +0.25±4.42 +1.63±8.13 +7.71±5.41 +9.07±3.80 +8.70±4.89 +9.99±4.19
Jazz +1.88±4.42 +7.49±5.22 −2.80±4.22 +3.91±5.03 −1.75±4.65 +4.90±4.43 +5.89±4.57 +11.13±2.86 +6.92±4.25 +11.89±3.02
Metal +0.12±2.59 +10.85±1.98 −7.99±3.76 +6.23±1.49 −7.37±3.24 +4.65±0.78 +0.91±2.40 +11.28±1.95 +1.70±2.55 +11.78±1.72

Table 1: Comparison of source separation performance across genres, measured by SI-SDR (dB). Values denote mean ± standard
deviation over 20 mixtures per genre, where best results per genre are highlighted (speech in blue, music in teal).

5 Results
We evaluate four separation algorithms across eight musical genres
using SI-SDR as the primary metric. Results are presented from
two perspectives: Table 1 reports genre-level SI-SDR for speech and
music sources, while Figure 4 aggregates these results into global
averages per method.

The results exhibit three observations. (1) Music separation per-
formance is higher than speech separation performance across all
methods and genres. (2) The attention-augmented U-Net achieves
the highest average performance, followed by the baseline U-Net
and NMF. The baseline U-Net remains closely competitive with
NMF, with the two methods showing comparable results across
several settings. (3) PCA and ICA fail to reliably reconstruct speech,
often producing negative SI-SDR, while still maintaining partial
effectiveness for music.

5.1 Music vs. Speech
A first consistent trend is a performance gap between music and
speech. As shown in Figure 4, music SI-SDR exceeds speech SI-SDR
for all methods: NMF (+7.05 dB), PCA (+8.89 dB), ICA (+8.30 dB),
U-Net (+6.67 dB), and Augmented U-Net (+6.35 dB). This gap is also
observed across all genres in Table 1, suggesting that the structure
of music signals is more favorable for separation than speech signals
under our selected models.

A finer-grained view indicates that this difference is not uniform
across genres. Genres with strong rhythmic regularity tend to yield
higher SI-SDR, whereas less structured genres consistently show
lower performance. For example, Hip-Hop achieves the highest and
most stable performance across all methods, which is consistent
with its strong repetitive structure, as illustrated in Figure 1. In
contrast, Folk and Classical consistently show lower performance.
The reason is that, these genres exhibit less repetition and more
variable temporal structure, making them more similar in nature
to speech signals, as shown in Figure 2.

5.2 Comparison of Leading Methods
Figure 4 shows that the Attention-Augmented U-Net achieves the
highest overall performance among all evaluated methods, surg-
ing to +5.17 dB for speech and +11.52 dB for music. The baseline
U-Net and NMF follow, reaching +3.81 / +10.48 dB and +2.61 /
+9.66 dB, respectively. Beyond average performance, differences

in robustness across genres are also observed. Both U-Net variants
generally exhibit more stable performance, especially in structured
musical settings. For instance, U-Net shows lower deviation (2.40
dB) compared to NMF (5.01 dB) on Hip-Hop, suggesting a consis-
tent separation behavior in highly regular rhythmic conditions for
U-Net.

More pronounced differences are observed in genres with less
regular structure. In particular, the Attention U-Net outperforms
NMF by +5.31 dB on Classical speech and +4.99 dB on Classical mu-
sic, which is consistent with the hypothesis that nonlinear models
with global attention are better suited to capture complex and less
structured time–frequency patterns. As shown in Figure 1, Classical
and Jazz exhibit less repetitive temporal structure and a more dis-
persed time–frequency representation, reducing the effectiveness
of linear additive models such as NMF.

The comparison between the baseline and attention-augmented
U-Nets serves as a target ablation of the bottleneck architecture. The
baseline U-Net architecture was already outperforming classical
methods, but the addition of global self-attention led to a substantial
gain of +1.36 dB on speech and +1.04 dB on music globally.

We observe that the attention mechanism provides the largest
relative gains in Classical (+0.99 dB speech) and Jazz (+1.03 dB
speech). In these genres, musical events have long-range temporal
dependencies and complex harmonic overtones that the local con-
volutions might struggle with in the baseline U-Net architecture.
By flattening the spatial dimensions into a sequence, the attention
layer allows the model to see the entire 3-second context simulta-
neously, resolving which spectral peaks belong to the instruments
vs the formants of the speaker.

5.3 Failure on Speech Separation
PCA and ICA exhibit a qualitatively different behavior from the
other methods. On speech, both methods produce negative SI-SDR
values: −4.63 dB for PCA and −2.78 dB for ICA. In contrast, both
methods still achieve positive SI-SDR for music, suggesting that
their learned representations retain partial structure. This asym-
metry can be traced to the shared-component decomposition and
assignment procedure used in both methods.

PCA and ICA are trained on a concatenation of speech andmusic,
and the resulting components are assigned to either speech or music
based on activation energy. Music signals typically exhibit stronger
and more structured patterns, resulting in higher activation across
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a larger number of components. Consequently, a disproportionate
number of components are assigned to the music source, leading
to an imbalance in the component allocation. As a larger fraction
of components is assigned to the music subspace, relatively few
components are available to represent speech. The number of com-
ponents for speech representation is therefore underparameterized,
which limits reconstruction quality.

6 Limitations
Several limitations should be considered when interpreting our re-
sults. Firstly, the number of experiments done per genre is relatively
small. We use five music-speech pairs per genre, with only four
mixtures as tests per pair. This limited sample size may not be suf-
ficiently representative of the full diversity within each genre class,
potentially affecting the generalizability of our findings. Further-
more, all music data as well as speech data is drawn from a single
dataset, raising concerns about diversity and the representativeness
of our benchmark.

Apart from that, no hyperparameter tuning was performed for
any of the evaluated methods. We manually chose all hyperparam-
eters. Thus, the reported performance may underestimate the true
capability of each method, and comparisons across methods may
not reflect optimal configurations. Moreover, we evaluated only
a single architectural and feature configuration for each method.
For example, mel spectrograms could be explored as an alternative
input representation to the STFT, or the U-Net architecture could
be extended to predict the separated signal directly rather than a
mask. Exploring these design choices could yield meaningful per-
formance improvements and provide a more complete picture of
each method’s potential.

7 Conclusion
Across all methods, music consistently yields higher SI-SDR per-
formance than speech. This is likely because music tends to have a
more repetitive structure and less frequency variation compared
to human speech, which exhibits dynamic temporal patterns and a
broader spectral range.

Among all evaluated schemes, the U-Net augmented with a
global self-attention bottleneck achieved the best SI-SDR perfor-
mance, decisively outperforming the baseline U-Net, NMF, ICA, and
PCA. While the baseline U-Net’s advantage over NMF was narrow
and inconsistent across genres, the inclusion of the attention mech-
anism allows the model to effectively resolve overlapping spectral
features, yielding substantial improvements in genres like Classical
and Jazz. Given that the U-Net architectures require substantially
greater computational resources to train, NMF remains a practi-
cal choice when computational resources are strictly limited, but
the attention-augmented U-Net is the clear choice for maximizing
separation quality.
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