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Abstract

Neural audio codecs have recently enabled
high-fidelity reconstruction at high compres-
sion rates, especially for speech. However,
speech and non-speech audio exhibit fundamen-
tally different spectral characteristics: speech
energy concentrates in narrow bands around
pitch harmonics (80-400 Hz), while non-speech
audio requires faithful reproduction across the
full spectrum, particularly preserving higher
frequencies that define timbre and texture. This
poses a challenge—speech-optimized neural
codecs suffer degradation on music or sound.
Treating the full spectrum holistically is sub-
optimal: frequency bands have vastly different
information density and perceptual importance
by content type, yet full-band approaches apply
uniform capacity across frequencies without
accounting for these acoustic structures. To
address this gap, we propose BSCodec (Band-
Split Codec), a novel neural audio codec archi-
tecture that splits the spectral dimension into
separate bands and compresses each band in-
dependently. Experimental results demonstrate
that BSCodec achieves superior reconstruction
over baselines across sound and music, while
maintaining competitive quality in the speech
domain, when trained on the same combined
dataset of speech, music and sound. Down-
stream benchmark tasks further confirm that
BSCodec shows strong potential for use in
downstream applications.'

1 Introduction

Neural audio codecs (NACs) (Mousavi et al.,
2025; Guo et al., 2025; Shi et al., 2024b; Dé-
fossez et al., 2022; Kumar et al., 2023; Zeghi-
dour et al., 2021) have revolutionized audio com-
pression and achieved high-fidelity reconstruction.
These codecs generate discrete tokens that not
only enable efficient transmission but also serve
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Figure 1: Frequency domain energy distribution of
speech, sound and music (extraction method in Ap-
pendix D). The distributions exhibit significant struc-
tural differences across these three domains, demonstrat-
ing distinct spectral characteristics.

as representations for downstream audio under-
standing tasks (Wang et al., 2023; Tian et al.,
2025). To enhance task-specific performance, re-
cent work (Zhang et al., 2023; Ye et al., 2025) has
incorporated external semantic information into
codec design, demonstrating improved results on
speech-related benchmarks. Additionally, single-
codebook approaches (Ji et al., 2024; Xin et al.,
2024; Jiang et al., 2025) have achieved excellent re-
construction quality and downstream performance
on clean speech through carefully designed code-
book structures, encoder-decoder architectures, and
other components.

However, the real acoustic world would contain
components beyond speech, such as sound and
music, all with vastly different acoustic character-
istics. As illustrated in Figure 1, speech, music,
and sound exhibit substantially different average
energy distributions across the frequency spectrum.
While the aforementioned task-oriented codecs ex-
cel on clean speech, their performance degrades
significantly (Mousavi et al., 2025) when applied
to music and sound domains. Given these spec-
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tral differences shown in Figure 1, it is reasonable
that speech codec designs struggle to generalize to
music and sound. Current RVQ-based generalized
codecs like DAC (Kumar et al., 2023) still exhibit
advantages (Mousavi et al., 2025) in reconstruction
quality for universal audio.

While RVQ-based codecs demonstrate reason-
able multi-domain performance, their design could
be enhanced. The residual quantization hierarchy
lacks explicit acoustic structure, with each layer
quantizing residuals that do not correspond to in-
terpretable acoustic attributes. This poses chal-
lenges for multi-domain compression: as different
audio types have distinct energy distributions (Fig-
ure 1), a codec handling multiple domains faces
a signal source with substantially higher entropy,
demanding increased bitrate. Also RVQ applies
uniform residual encoding across all domains, re-
quiring the encoder to learn entangled represen-
tations for diverse content. Alternative quantiza-
tion schemes like FSQ (Mentzer et al., 2023) and
GroupVQ (Yang et al., 2023) partition along di-
mensional axes, but these divisions similarly lack
grounding in the physical properties of audio sig-
nals.

To effectively handle diverse audio domains,
we need to account for their structural differences.
As shown in Figure 1, different domains exhibit
substantially different energy distribution across
frequency bands. Therefore, band-splitting offers
a natural way to decouple these domain-specific
structures by processing each frequency band inde-
pendently. This approach has proven effective in
other audio tasks (Luo and Yu, 2023; Yang et al.,
2021), and some RVQ-based multi-band codecs
have been successfully developed for specific do-
mains (Ng et al., 2025; Luo et al., 2024), which
motivates us to adopt similar decomposition princi-
ples for universal audio codec design.

Motivated by these insights, we propose a band-
split codec that decomposes input audio into sepa-
rate frequency bands, each of which is processed
independently and in parallel through dedicated
encoder, quantizer, and decoder modules. While
band-splitting provides a physically grounded de-
sign philosophy, its effective application to codec
design requires careful consideration of band con-
figuration and quantization allocation. We conduct
extensive experiments to systematically investigate
the impact of band count, frequency boundaries,
and codebook design on multi-domain codec per-
formance. Through principled design of band par-

titioning and quantization structure, our approach
achieves strong performance across all three do-
mains. Specifically, under the same training condi-
tions, our 2.55 kbps and 3.83 kbps models achieve
comparable overall performance to DAC at 4.5
kbps and 6 kbps respectively.

Our contributions can be summarized as follows:

* We propose BSCodec, a band-split codec
that independently processes time-domain sig-
nals from separated frequency bands through
parallel encoder-quantizer-decoder modules,
achieving strong multi-domain performance
through carefully designed band configuration
and quantization allocation.

* Comprehensive experiments on reconstruc-
tion quality and downstream tasks demon-
strate that BSCodec achieves both perceptual
superiority and enhanced effectiveness for au-
dio understanding.

2 Related Work

Neural Audio Codecs. The advent of deep learn-
ing has enabled significant advances in neural audio
compression. They typically adopt the core archi-
tecture of RVQ-based discretization paired with
GAN (Goodfellow et al., 2014)-driven reconstruc-
tion, and further improve performance via targeted
architectural enhancements or optimized training
strategies (Zeghidour et al., 2021; Défossez et al.,
2022; Kumar et al., 2023).

Using a unified model remains challenging due
to the distinct energy distribution of universal
audio. Recent efforts have pursued universal
codecs capable of handling diverse audio types.
However, achieving strong multi-domain perfor-
mance remains challenging due to the distinct
acoustic characteristics across domains—speech
exhibits narrow-band harmonic structure, music
requires wide-band spectral richness, and sound
encompasses diverse sound textures (Scharf, 1970).
Existing multi-domain codecs address this het-
erogeneity through various specialized mecha-
nisms. DAC (Kumar et al., 2023) employs bal-
anced sampling strategies, ensuring each train-
ing batch contains data from all three domains
(speech, music, sound) to prevent domain bias. Fur-
ther works (Jiang et al., 2025; Liu et al., 2024;
Yang et al., 2025) introduce domain-specific code-
books via Mixture-of-Experts layers (Shazeer et al.,
2017), semantic priors and MAE-derived represen-
tations (He et al., 2022; Huang et al., 2022), and
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more fine-grained supervision to further enhance
the language modeling capability of universal au-
dio codecs.

In contrast, our work adopts a simpler design phi-

losophy. We employ an architecture and training
framework closely aligned with DAC (Kumar et al.,
2023), yet achieve comparable performance for
both reconstruction and downstream tasks at half
the bitrate on the same dataset. This demonstrates
that band-split decomposition offers a simple yet
effective alternative for multi-domain codec design,
obviating the need for complex domain-specific
mechanisms while maintaining strong generaliza-
tion across audio types.
Band-Splitting for Audio Processing. Band-
splitting decomposes audio signals into separate
frequency bands for independent processing, lever-
aging the observation that different spectral regions
carry distinct perceptual and structural information:
low frequencies encode harmonic structure and fun-
damental pitch, mid frequencies capture formants
and timbral characteristics, while high frequencies
convey transients and texture. This principle has
deep roots in classical signal processing. Subband
decomposition techniques such as QMF (Malvar,
1990) and polyphase filter banks (Saramaki and
Bregovic, 2002), combined with time-frequency
transforms like MDCT (Prokop, 2003), form the
foundation for perceptual audio coding standards
like MP3 (Brandenburg, 1999) and AAC. Wavelet
transforms (Zhang, 2019) similarly provide multi-
resolution frequency decomposition.

Recent deep learning approaches have demon-
strated the effectiveness of band-split architectures
across various audio tasks. In music source separa-
tion, Band-split RNN (Luo and Yu, 2023) partitions
the spectrogram into multiple frequency bands,
processing each band with dedicated recurrent
networks before reconstruction. This frequency-
aligned decomposition enables the model to spe-
cialize in acoustically coherent spectral regions,
achieving superior separation quality compared to
full-band processing. In neural audio synthesis,
Multi-band MelGAN (Yang et al., 2021) employs
separate generator branches for different frequency
bands, significantly improving synthesis quality
and efficiency by exploiting the distinct acoustic
properties of each spectral region.

These successes demonstrate that architectures
aligned with the natural spectral structure of audio
yield improved performance, providing insights for
the design of BSCodec.

3 Methodology

The proposed BSCodec follows an encoder-
quantizer-decoder architecture with adversarial
training, adopting a framework similar to DAC (Ku-
mar et al., 2023). The overall architecture is illus-
trated in Figure 2.

3.1 Band Splitting

The model first decomposes the input audio wave-
form into several band-limited signals through time-
frequency domain processing. The input discrete-
time signal x[n] is transformed into a spectro-
gram X (m, k) using the Short-Time Fourier Trans-
form (STFT):

N-1
Z z[n + mRw[n]e 72 /N (1)
n=0

X(m, k) =

where N denotes the window length (FFT size),
n is the sample index within the window, w|n]
denotes the window function, R the hop size, m
the frame index, and k the frequency bin index.
The band-splitting operation is then performed
directly on X (m, k). For an input sampling rate
fs = 24 kHz, we define B non-overlapping fre-
quency bands with boundaries { fo, f1,..., fB}.
Each band b is isolated using a binary mask M;(k):

My(k) =

{1 if fpq < BL< o

0 otherwise

The band-specific spectrogram Xj,(m, k) is
obtained via element-wise multiplication:
Xp(m, k) = X(m,k) ® My(k). Each masked
spectrogram is then transformed back to the time
domain via Inverse STFT:

zy[n] = Y, wn — mR] x (% SN Xy (m, k) eJZTrkn/N)
(3)

3.2 Encoder and Decoder

The  resulting  band-limited  waveforms
{z1[n], x2[n],...,xp[n]} are processed in
parallel by independent encoders. Each encoder
adopts the SEANet (Tagliasacchi et al., 2020) ar-
chitecture with downsampling strides of [2, 4, 5, 8]
across four stages. Starting from an initial channel
dimension of 32 that doubles at each stage, the
encoders produce latent features with 512 dimen-
sions at a frame rate of 75 Hz. Each convolutional
block contains 3 residual units followed by strided
convolution. Critically, no parameters are shared
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Figure 2: BSCodec architecture with band split, multi-band parallel generators and discriminators.

across the B encoders, allowing each to specialize
in the spectral characteristics of its frequency
range.

The decoder architecture mirrors the encoder
with symmetric upsampling strides of [8, 5, 4, 2],
progressively upsampling the quantized representa-
tions from 512 dimensions back to 24 kHz wave-
forms. The final output Z[n] is obtained by sum-
ming all band-specific reconstructions: Z[n] =

B A~
b1 .
3.3 Vecter Quantization

The vector quantization stage discretizes the con-
tinuous latent representations from each band’s en-
coder into discrete tokens. We employ a single-
layer quantization scheme per band, utilizing
SimVQ(Zhu et al., 2024) to accommodate configu-
rations requiring large codebook capacities.

SimVQ(Zhu et al., 2024) enhances the standard
Vector Quantization (VQ) framework by introduc-
ing a learnable linear transformation on the code-
book embeddings. Given the encoder output z
and a codebook of size K: {c1,ca,...,cx}, the
quantization proceeds as follows. First, the nearest
codebook entry is determined by:

min

ce{ci,....cx

q = arg }Hz—cWH 4)
where W is a learnable transformation matrix ap-
plied to the codebook embeddings. The quantized
representation is then computed as:

zqg = 2z + sg[gW — 2] (5)

where sg|-| denotes the stop-gradient operation.
During forward propagation, this formulation
passes the transformed codebook entry g\ to the

decoder, while during backpropagation, gradients
flow directly through z via the straight-through es-
timator.

The codebook is optimized through a bidirec-
tional commitment loss with a hyperparameter \:

Loommit = [[sglz] —aW [|* + A2 = sglgW]||* (6)

The first term encourages the quantized codes to
stay close to the encoder outputs, while the sec-
ond term allows the encoder to adapt towards the
codebook. The transformation matrix W improves
optimization dynamics by providing a reparameter-
ization that facilitates gradient-based learning of
large codebooks. In our experiments, each band is
assigned a SimVQ codebook of size K = 131,072.

3.4 Loss Design

Reconstruction Loss. We adopt a multi-scale
mel-spectrogram L1 loss for frequency-domain
reconstruction.  Specifically, we compute mel-
spectrograms at multiple scales ranging from 2° to
211 using a Hann window with 80 mel-frequency
bins. To provide better supervision signals for each
band, we additionally compute the mel loss be-
tween each individual band’s reconstructed audio
and its corresponding ground-truth band, then av-
erage these losses and incorporate them into the
overall optimization objective.

Adversarial Loss. Following DAC (Kumar et al.,
2023), we employ a multi-period discriminator
for waveform-level discrimination and a multi-
band multi-scale STFT discriminator for frequency-
domain discrimination, using the hinge loss formu-
lation with feature matching loss.

Codebook Learning. The codebook commitment
loss follows Equation (6) with A set to 0.25. Gra-
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dients are backpropagated through the codebook
lookup using the straight-through estimator.

Loss Weighting. We set the loss weighting coeffi-
cients as follows: 45.0 for the multi-scale mel loss,
2.0 for the feature matching loss, 1.0 for both the
adversarial loss and reconstruction loss, and 1.0 for
the codebook commitment loss.

4 [Experiments

4.1 Experimental Stages

We conduct our experiments in two progressive
stages to systematically validate the effectiveness
of band split across different domains.

Stage 1: Music Domain Validation. We first vali-
date the feasibility of band split on music domain.
Music is chosen as the initial testbed because its
wider fundamental frequency distribution makes
it a less challenging learning task for the model.
At this stage, we explore various configurations of
band split. The experimental results demonstrate
that band split achieves excellent performance on
music, establishing a strong foundation for further
investigation.

Stage 2: Multi-Domain Extension. Building on
the success in music, we extend our investigation
to a multi-domain setting encompassing speech,
music and sound. We aim to determine whether
band split maintains its effectiveness when deal-
ing with diverse acoustic characteristics across do-
mains. Our experiments show that band split re-
mains effective in the multi-domain scenario. Fur-
thermore, we introduce targeted optimizations to
enhance model performance across all domains.

4.2 Datasets

In Stage 1, we train on Jamendo(Bogdanov et al.,
2019), MUSDB18(Ratfii et al., 2017), and MAE-
STRO(Hawthorne et al., 2019). We evaluate on
two test sets: the MUSDBI18 test set for vocal mu-
sic, and 100 clips from MAESTRO for non-vocal
music.

In Stage 2, we train on approximately 2,100
hours of data spanning three domains. For
speech, we use LibriTTS (Zen et al., 2019),
VCTK (Yamagishi et al., 2019), and Common-
Voice (Ardila et al., 2019) as training data, eval-
uating on the LibriTTS test-clean. For music,
we train on Jamendo(Bogdanov et al., 2019) and
MUSDB18(Ratfii et al., 2017), evaluating on the
MUSDBI18 test set. For sound, we train on Au-
dioSet(Gemmeke et al., 2017) and evaluate on the

AudioSet test set. To ensure domain balance, We
sample about 700 hours from each domain for train-
ing. The detailed dataset distribution after sampling
is shown in the Appendix E.

4.3 Training Setup

Our model is implemented using the codec
part (Shi et al., 2024b) in ESPnet (Watanabe et al.,
2018) toolkit. We train with a global batch size
of 72, processing audio into 1-second chunks
at a sampling rate of 24 kHz. We employ the
AdamW (Loshchilov and Hutter, 2017) optimizer
with an initial learning rate of 2.0 x 10~% and mo-
mentum coefficients (81, f2) = (0.5,0.9). The
learning rate is decayed exponentially with a fac-
tor of v = 0.999875 per epoch, where each epoch
processes 2000 samples (approximately 1200 it-
erations). Training proceeds for 340k iterations
in total. For comparison, we train a DAC base-
line with 8 codebook layers using identical training
configurations and datasets. We use the resulting 6
kbps model, along with its 4.5 kbps and 3 kbps vari-
ants obtained via codebook dropout, as baselines
for comparison.

4.4 Band Partitioning Configurations

We investigate band partitioning strategies with 5,
3, and 2 frequency bands. The 5-band configura-
tion partitions the spectrum into [0,0.5], [0.5, 2],
[2,4], [4, 8], and [8, 12] kHz. For coarser granular-
ities, we evaluate a 3-band configuration ([0, 2],
[2,4], [4,12] kHz) and a 2-band configuration
([0,2], [2,12] kHz). Our partitioning strategy is
inspired by the frequency division in band-split
RNN (Luo and Yu, 2023). While Band-Split RNN
uses 41 bands, we adopt only the density distri-
bution of its partitioning. As configurations with
fewer bands necessitate larger codebook sizes per
sub-band to maintain overall model capacity, we
adopt SimVQ(Zhu et al., 2024) for quantization,
which efficiently handles large codebooks.

4.5 Evaluation Metrics

We evaluate our model using domain-specific met-
rics. For speech, we use Mel Cepstral Distortion
(MCD), WB-PESQ (Rix et al., 2001), STOI (Taal
et al., 2010), Speaker Similarity (SPK_SIM)(Jung
et al., 2024) and UTMOS (Saeki et al., 2022). For
audio and music, we use VISQOL(Hines et al.,
2015), Mel Distance and STFT Distance. All met-
rics except Mel Distance and STFT Distance are
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Table 1: Reconstruction performance of BSCodec and baseline DAC on vocal songs and instrumental music.

Model Vocal songs Instrumental music
Codec VQ Type Bitrate VISQOL?T Mel Dist.] STFT Dist.] VISQOL{ Mel Dist.l STFT Dist.)
DAC RVQ 6.00 kbps 4.097 0.481 1.018 4.479 0.506 0.959
DAC RVQ 4.50 kbps 4.075 0.493 1.025 4.459 0.517 0.962
DAC RVQ 3.00 kbps 4.030 0.515 1.039 4.423 0.541 0.968
BSCodec 5-band VQ 3.75 kbps 4.384 0.445 0.921 4.470 0.419 0.788
BSCodec 3-band SimVQ 3.83 kbps 4.196 0.477 1.042 4.495 0.412 0.787
BSCodec 2-band SIimVQ 2.55 kbps 4.104 0.482 0.994 4.484 0.417 0.806

evaluated using the VERSA (Shi et al., 2024a)
toolkit with default configurations.

Mel Distance is computed as the L1 distance be-
tween mel-scaled magnitude spectrograms using
multi-resolution STFT with Hann window lengths
ranging from 2% to 2'! samples projected onto an
80-bin Mel filterbank.

STFT Distance is computed as the L1 distance
using multi-scale STFT with a 2048-sample win-
dow and 512-sample hop as well as a 512-sample
window and 128-sample hop.

5 Results and Discussions

5.1 Music Reconstruction

‘We first evaluate on the music domain, which ex-
hibits a broad fundamental frequency distribution.
We compare against the DAC baselines described
in Section 4.3. We assess reconstruction quality on
vocal music and solo piano datasets using VISQOL,
Mel Distance, and STFT Distance metrics.

As shown in Table 1, our 5-band VQ configu-
ration achieves the best performance on music at
3.75 kbps compared to both DAC baselines, demon-
strating that fine-grained frequency decomposition
effectively captures harmonic content. On the in-
strument domain, the 3-band SimVQ achieves com-
petitive results at 3.83 kbps, while the 2-band con-
figuration maintains strong performance at only
2.55 kbps. These results demonstrate that band par-
titioning is highly effective for domains with wide
frequency distributions, with optimal granularity
varying by domain complexity.

5.2 Multi-domain Reconstruction

We conduct experiments on a strictly balanced
dataset comprising three domains: speech, audio,
and music. We train our model alongside a DAC
baseline using identical configurations. For speech
evaluation, we employ MCD, WB-PESQ, STOI,
SPK_SIM and UTMOS as metrics. For audio and
music domains, we utilize VISQOL, Mel Distance
and STFT Distance.

As shown in Table 2, the speech domain, charac-
terized by a narrow and concentrated fundamental
frequency range, poses significant challenges for
band splitting. While the 5-band VQ configuration
achieves excellent results on audio and music do-
mains, it yields suboptimal performance on speech.
Although MCD remains competitive, perceptually-
oriented metrics reveal substantial limitations com-
pared to the DAC baseline.

To address this challenge, we adopt a coarser
partitioning strategy for speech. Rather than forc-
ing fine-grained low-frequency decomposition, we
employ the 3-band SimVQ configuration at 3.83
kbps, which uses a larger codebook to handle a uni-
fied low-frequency region while maintaining high-
frequency splitting. This modification achieves
substantial improvements on speech across all per-
ceptual metrics, with speaker similarity signifi-
cantly outperforming the DAC baseline. The en-
hanced speaker similarity demonstrates that our ap-
proach effectively preserves speaker-specific char-
acteristics, particularly through the improved low-
frequency representation combined with accurate
high-frequency reconstruction of formants, frica-
tives, and plosives.

Notably, the 3-band configuration maintains
competitive performance on audio and music do-
mains, with virtually no degradation compared
to the 5-band variant. This demonstrates that
our adaptive partitioning strategy successfully bal-
ances the trade-off between speech-specific require-
ments and multi-domain effectiveness. The 2-band
configuration further reduces bitrate to 2.55 kbps
while maintaining reasonable performance across
all domains, offering an efficient alternative for
bandwidth-constrained scenarios.

5.3 Codebook Utilization

We evaluate codebook utilization on models trained
across three domains. We collect statistics on code-
book usage frequencies using a test set comprising
LibriTTS test-clean and test-other, AudioSet test
set, and MUSDBI18 test set, totaling 237k seconds
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Table 2: Reconstruction performance on speech, sound and music domains. 1 means the official release.

Model Speech Sound Music
Codec  VQMethod Bitrate ~ MCDJ PESQf STOIt SPK_SIMT UTMOS?T VISQOL?T Mel Dist.| STET Dist.) VISQOLT Mel Dist.) STFT Dist.|
EnCodec’ RVQ 6.00kbps 594 2715 0939  0.865 3.038 4240 0.485 0.940 4.410 0.435 0.980
DAC RVQ 6.00kbps 540 2915 0934 0751 3356 4.085 0.452 0.874 4.201 0.439 0.974
DAC RVQ 4.50kbps 5.50 2726 0925  0.734 3.201 4.055 0.463 0.880 4.171 0.449 0.979
DAC RVQ 3.00kbps 574 2397 0905  0.686 2869  3.990 0.485 0.893 4.105 0472 0.993
EnCodec’ RVQ 3.00kbps 6.49 2.048 0.901 0.771 2.305 4.085 0.531 0.978 4.262 0.481 1.014
BSCodec  5#VQ 375kbps 5.08 1961 0.894 0810 2515 4.245 0.463 0.800 4.326 0.464 0.892
BSCodec 3#SimVQ 3.83kbps 5.05 2544 0920  0.852 3360 4234 0.456 0.794 4.298 0.461 0.888
BSCodec 2#SimVQ 2.55kbps 542 2429 0916  0.783 3304 4137 0.470 0.846 4.166 0.479 0.916
Table 3: Performance comparison on ARCH.
Model Speech Audio Music

Model ~ #Enc. RAVDESST AM?T ESC-507 USS8Kt VIVAE? MTT{ MS-DBt

DAC 1 0.3958 0.7791 03335 0.5311 0.3285 0.2949 0.5754

BSCodec 2 0.4201 0.7801 0.3795 0.5798 0.3265 0.3555 0.7021

BSCodec 3 0.4306 0.7759 0.3725 0.5654 0.3258 0.3531 0.6969

BSCodec 5 0.5069 0.8548 0.3930 0.5956 0.3810 0.2580 0.5751

of audio data. As shown in Figure 3, when ex-
amining per-layer utilization, our model exhibits
slightly lower rates than DAC (98.63% for DAC
vs. 92.84% for BSCodec-3band). To analyze inter-
codebook correlations, we compute joint utiliza-
tion by combining codewords from two adjacent
codebooks into a larger codebook. The calcula-
tion methods for single-layer and joint codebook
utilization are detailed in Appendix B. The joint
utilization for each pair of adjacent codebooks is
shown in Figure 3. The layer-wise growth pattern
remains consistent with single-layer observations,
but notably, DAC'’s first two layers exhibit strong
correlation, achieving the same joint utilization to
our single-layer SimVQ. Moreover, DAC’s final
two layers show very high joint utilization. How-
ever, reconstruction results demonstrate that DAC’s
final two layers, despite exhibiting very high joint
utilization (totaling 20 bits), contribute minimally

Per-layer Entropy Comparison

——————————————————————— Theoretical (17 bits)
= = Theoretical (10 bits)
= DAC

[ BSCodec-3band
3 BSCodec-2band

2 L3 L4 L5 L6 L7
Layer Index

DAC Adjacent Layer Joint Utilization

Entropy (bits)

Lo L1 L

100

g4 _98.6 987 982

981
96 1

941

Joint Utilization (%)

924

90 -

to performance improvement. In contrast, when N 4P 5> ¥ &° &
Layer Pairs

we reduce our model from 3-band to 2-band by re-
moving the 17-bit codebook in the high-frequency
region, speech performance degrades only slightly
at 2.55 kbps, but notable performance gaps emerge
in both audio and music domains compared to the
3-band configuration. This suggests that our band-
specific codebooks capture domain-critical infor-
mation more effectively than residual quantization
approaches.

5.4 Downstream task

Codec-SUPERB We evaluate our model on down-
stream tasks from the Codec-SUPERB benchmark
(SLT Challenge version (Wu et al., 2024)). We
assess performance on three speech tasks: Emo-
tion Recognition (ER, measured by accuracy), Au-

Figure 3: Codebook utilization analysis. Top: Per-layer
entropy comparison across different models. Bottom:
Joint utilization of adjacent layers in DAC.

tomatic Speaker Verification (ASV, measured by
EER), and Automatic Speech Recognition (ASR,
measured by WER), as well as Audio Event Clas-
sification (AEC, measured by mAP) for the audio
domain.

As shown in Table 4, our 3-band BSCodec
achieves the best performance. It demonstrates
exceptional results on ASV, substantially outper-
forming both DAC variants, aligning with supe-
rior speaker similarity scores. The model excels
on AEC and ER, significantly surpassing all base-
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lines, while maintaining competitive ASR perfor-
mance. Notably, the 5-band configuration shows
lower performance on speech tasks, suggesting
overly fine-grained partitioning fragments speech-
relevant information. This confirms 3-band parti-
tioning strikes optimal balance for multi-domain
codec design.

Table 4: Performance on Codec-SUPERB. The number
before # denotes the number of bands.

Speech Audio

. ACCtT EER| WER| mAP}

Model Bitrate (ER) (ASV) (ASR) (AEC)
DAC 6.00 7236 394 410 78.15
DAC 450 7174 446 430 7490
BSCodec 5# 3.75 67.01 4.01 473  82.85
BSCodec 2# 2.55 71.11 4.18 4.62  85.00
BSCodec 3# 3.83 73.26 2.67 440  87.95

ARCH We evaluate our model on the
ARCH(La Quatra et al.,, 2024) benchmark,
which assesses the semantic richness of codec rep-
resentations across multiple domains. Following
the standard ARCH protocol, we extract and freeze
the encoder of each model, append a single linear
classification layer, and train for 1000 epochs until
full convergence. The speech domain includes the
RAVDESS (Livingstone and Russo, 2018) and
Audio-MNIST (Becker et al., 2024) datasets, the
music domain includes the MTT (Law et al., 2010)
and MS-DB (Bittner et al., 2014) datasets, and the
audio domain includes the ESC50 (Piczak, 2015),
USS8K (Salamon et al., 2014) and VIVAE (Holz
et al., 2022) datasets.

As shown in Table 3, partitioning into multi-
ple bands with separate encoders substantially en-
hances the semantic capacity of the encoder. For
speech and audio subtasks, finer-grained frequency
decomposition enables better capture of domain-
specific acoustic characteristics, with the 5-band
configuration achieving the best performance. For
the music subtask, increasing partitions beyond
a moderate level does not yield further improve-
ments, though all band-split configurations sig-
nificantly outperform the single-encoder baseline.
This indicates that while band splitting is univer-
sally beneficial for semantic representation learn-
ing, the optimal granularity varies across domains,
likely reflecting their distinct spectral characteris-
tics and information distribution patterns.

6 Ablation Study

To eliminate the potential confounding effect of
SimVQ itself on the experimental results, we con-
duct ablation studies using Residual SimVQ and
replacing the VQ in band-based quantization with
SimVQ. The results are presented in Table 5. As
shown, neither replacing DAC’s RVQ with Resid-
ual SimVQ nor substituting VQ with SimVQ in the
5-band BSCodec configuration yields significant
performance improvements. In our experiments,
SimVQ serves solely as a quantization tool for large
codebooks. Moreover, as previously demonstrated,
the codebook utilization rate of SimVQ is compara-
ble to that of DAC. Therefore, the design of SImVQ
itself is not the decisive factor contributing to the
model’s superior performance.

Table 5: Ablation study of VQ method.

Speech Audio Music

Model #Band ra10St VISQOLT VISQOLt
DAC 1 3201 4055 4171
w/RSImVQ 1 2655 4185 4267
BSCodec 5 2515 4245 4326
w/SimVQ 5 2723 4185 4267

7 Limitations

The presented BSCodec can further benefit from a
more comprehensive evaluation protocol. Current
evaluation concentrates on audio reconstruction
5.1 and small-scale understanding-oriented down-
stream tasks 5.4. Further investigation on large-
scale codec-based audio generation tasks (e.g., lan-
guage model-based TTS) can provide a more com-
prehensive profile of the strength of our BSCodec.

8 Conclusion

We present BSCodec, a band-split neural audio
codec for universal audio compression that pro-
cesses different frequency bands separately through
parallel encoder-quantizer-decoder modules, nat-
urally handling the spectral differences between
speech, music and sound. Our experiments show
that BSCodec achieves better reconstruction quality
on music and sound compared to existing codecs
while maintaining competitive performance on
speech, and downstream task evaluations confirm
that the learned representations are effective for
audio understanding applications.
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A Training Convergence Speed
Comparison
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Figure 4: Comparison of the decrease in MEL distance
during training for different codecs

We compare the convergence speed of differ-
ent codec architectures by tracking Mel Distance
throughout training on the three-domain mixed
dataset. Evaluations are conducted every 10 epochs,
with each epoch processing 2000 samples.

Figure 4 shows the convergence curves across
the three domains. DAC exhibits slower conver-
gence with flatter curves across all domains. Both
BSCodec 5-band and 3-band configurations reach
stable performance within approximately 40-60
epochs, showing steeper descent in the early train-
ing phase.

B Codebook Utilization Calculation

For a single-layer codebook with size K, the uti-
lization rate is computed by calculating the entropy
of the codebook usage distribution and comparing
it to the theoretical maximum entropy. Our calcu-
lation methodology follows the approach used in
DAC (Kumar et al., 2023). Let ¢ denote the code-
book index selected for a given frame, and p(c)
be its empirical distribution over the evaluation
dataset. The single-layer entropy is:

K

H(e) ==Y p(j)logs p(j) )

=1
The single-layer utilization rate is then:

_ H(9)
"~ logy K

(®)

where logy K represents the theoretical maximum
entropy for a uniform distribution over K entries.

However, this layer-wise approach fails to cap-
ture inter-layer dependencies that are critical for un-
derstanding the true capacity usage of multi-layer
quantization schemes. For a codec with L layers,
each having a codebook of size K, treating all lay-
ers as a single unified codebook yields a theoretical
space of size K'*. For example, an 8-layer RVQ
codec with K = 1024 per layer corresponds to a
joint codebook of size 289 (approximately 10%%).
Computing the true entropy of such a massive dis-
crete distribution would require statistics over an
impractically large audio dataset and is computa-
tionally infeasible.

To measure inter-layer correlation while main-
taining computational tractability, we adopt a pair-
wise analysis approach. Specifically, we compute
the joint utilization of consecutive layer pairs, treat-
ing each pair as a combined codebook of size K?2.
For layers ¢ and 7 + 1, let ¢; and ¢;41 denote the
codebook indices selected for a given frame. The
joint distribution is:

count(c;, ¢;
p(ci, ciy1) = (NH) )

where N is the total number of frames in the evalu-
ation dataset. The joint entropy is:

K K

H(Ci>ci+1) = - Z Zp(j7 k) 10g2p(j> k)
=1 k=1
’ (10)
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The pairwise codebook utilization rate is then de-
fined as:
H(ci, ciy1)

11
2logy K (i

Uiiv1 =
where the denominator 2 log, K represents the the-
oretical maximum entropy for two independent uni-
form distributions over K entries. A utilization rate
approaching 1.0 indicates that the two layers are
nearly statistically independent and fully utilized,
while values significantly below 1.0 suggest redun-
dancy or correlation between layers.

For RVQ-based codecs, we compute U; ;1
for all consecutive pairs (i,7 + 1) where i €
{1,2,..., L — 1} to assess the degree of indepen-
dence across the residual hierarchy.

C Speech Reconstruction Metrics

We provide detailed descriptions of the speech qual-
ity metrics used in our evaluation.

Wide-Band Perceptual Evaluation of Speech
Quality (WB-PESQ) is an ITU-T P.862.2 standard
metric that predicts subjective listening quality by
comparing processed speech to its clean reference.
It outputs scores ranging from -0.5 to 4.5, with
higher values indicating better perceptual quality.
Short-Time Objective Intelligibility (STOI) eval-
uates speech intelligibility by measuring the cor-
relation between short-time temporal envelopes of
processed and reference signals. Scores range from
0 to 1, with higher values indicating better intelligi-
bility.

UTMOS (University of Tokyo Mean Opinion
Score) is a deep learning-based metric that predicts
the subjective Mean Opinion Score of synthesized
speech without human listeners. It provides scores
from 1 to 5, where higher scores indicate better
perceived quality.

SPK_SIM (Speaker Similarity) measures the
preservation of speaker characteristics by comput-
ing the cosine similarity between speaker embed-
dings extracted from synthesized and ground-truth
utterances using ESPnet-SPK (Jung et al., 2024).
Values range from O to 1, with higher scores indi-
cating better speaker identity preservation.
VISQOL (Virtual Speech Quality Objective
Listener) is a full-reference metric that predicts
perceived audio quality by measuring spectro-
temporal similarity between processed and refer-
ence signals. Scores range from 1 to 5, with higher
values indicating better quality.

D Energy Distribution Extraction

We extract energy distributions from audio files
using the following pipeline:

Preprocessing: All audio samples are normalized
to -23.0 LUFS using pyloudnorm to ensure fair
comparison across recordings.

Spectral analysis: We compute the Short-Time
Fourier Transform (STFT) with FFT size Nggr =
2048 and hop length H = 512. The energy spec-
trum is obtained as F;(f,t) = | X;(f,t)|?, where
Xi(f,t) are the STFT coefficients for file .
Weighted averaging: For each category (sound,
music, speech), we compute the weighted average
across all files:

N T;
Zi:l Zt:l Ei(fv t)
Yl T
where N is the number of files and T; is the number

of frames in file ¢. The results are plotted on a semi-
log scale for 0-8 kHz.

(12)

Ecategory(f) ==

E Data Distribution

Table 6: Datasets of Stage 1.

Dataset Duration (hours) Description

MTG-Jamendo 3,764.42 Open music dataset

MAESTRO 194.27 Classical piano performances
with aligned MIDI

MUSDBI8 6.04 150 full-length music
tracks

Total 3,964.73

Table 7: Datasets of Stage 2.

Dataset Duration (hours) Description

AudioSet 74251 Large-scale manually
annotated audio events

Common Voice 14.93 Multilingual transcribed
speech corpus

MTG-Jamendo 753.82 Open music dataset

LibriTTS 528.94 Multi-speaker English
audiobook corpus

MUSDBI18 6.04 150 full-length music
tracks

VCTK 80.80 110 English speakers
with various accents

Total 2,127.04
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