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ABSTRACT

Research on audio generation has progressively shifted from waveform-based ap-
proaches to spectrogram-based methods, which more naturally capture harmonic
and temporal structures. At the same time, advances in image synthesis have
shown that autoregression across scales, rather than tokens, improves coherence
and detail. Building on these ideas, we introduce MARS (Multi-channel AutoRe-
gression on Spectrograms), which, to the best of our knowledge, is the first adap-
tation of next-scale autoregressive modeling to the spectrogram domain. MARS
treats spectrograms as multi-channel images and employs channel multiplexing
(CMX), a reshaping strategy that reduces spatial resolution without information
loss. A shared tokenizer provides consistent discrete representations across scales,
enabling a transformer-based autoregressor to refine spectrograms from coarse to
fine resolutions efficiently. Experiments on a large-scale dataset demonstrate that
MARS performs comparably or better than state-of-the-art baselines across mul-
tiple evaluation metrics, establishing an efficient and scalable paradigm for high-
fidelity sound generation.

1 INTRODUCTION

Audio generation has made remarkable strides in recent years, driven primarily by advances in gen-
erative models such as generative adversarial networks (GANs) and denoising diffusion probabilistic
models (DDPMs). Two primary approaches dominate the field: the first one generates waveforms
directly in the time domain, while the other synthesizes spectrograms in the frequency domain, fol-
lowed by an inverse short-time Fourier transform (ISTFT) to reconstruct the raw audio. There are
many different methods that operate in the time domain, such as Variational Auto-Encoder (VAE)
models (Peng et al., 2020), GAN models (Yamamoto et al., 2020; Binkowski et al., 2020), and
DDPM models (Kong et al., 2021), which adapt traditional generative models for the generation of
waveforms. The second trend is also characterized by the application of several generative models
for the generation of spectrograms. GANSynth (Engel et al., 2019), for example, applies GANs for
this task while EDMSound (Zhu et al., 2023) uses DDPMs. These trends suggest that reusing and
adapting models from other domains to audio generation is an effective way to enhance performance,
creating high-quality audio that preserves fine-grained details.

In parallel, the field of generative modeling for images has undergone rapid innovation. Most no-
tably, Visual AutoRegressive (VAR) models starting from the first work by Tian et al. (2024) and
followed by several refinements such as ImageFolder by Li et al. (2025), have emerged as a new
state-of-the-art in image synthesis. These models redefine autoregression by predicting the next-
scale rather than the next token, progressively increasing image scale at each step. Recent work
shows they produce high-resolution, semantically consistent images by capturing both local texture
and global structure. These strengths are highly relevant to the challenges faced in audio gener-
ation, particularly when working with spectrograms, where high-quality samples are obtained by
preserving even the smallest frequency contributions. A recent work by Qiu et al. (2024) introduced
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Figure 1: Audio preprocessing pipeline for tokenizer input preparation and channel multiplexing
(CMX) for reducing input resolution.

next-scale prediction for audio generation in the waveform domain through a scale-level audio tok-
enizer and autoregressive modeling over raw-audio tokens.

Motivated by these developments, in this work we propose MARS (Multi-channel AutoRegression
on Spectrograms), an autoregressive framework that adapts next-scale prediction to the spectrogram
domain. MARS treats spectrograms as multi-channel images and leverages a shared tokenizer to
learn consistent discrete representations across scales. The autoregressive model then progressively
predicts higher-resolution tokens conditioned on coarser ones, enabling hierarchical refinement of
the generated spectrogram.

A central component of our approach is a novel preprocessing strategy called channel multiplexing
(CMX), which reduces spatial resolution while redistributing information along the channel dimen-
sion. This technique allows us to preserve spectral fidelity while keeping computational cost man-
ageable, making the method scalable to long and wide bandwidth audio recordings. By decoupling
resolution from information density, CMX ensures that MARS can exploit the inductive biases of
modern neural architectures optimized for multi-channel data.

To rigorously evaluate MARS, we rely on the NSynth dataset (Engel et al., 2017), a widely used
benchmark for audio generation. Following the protocol of Vinay & Lerch (2022), we employ sam-
ple diversity metrics including NDB/k and Inception-based scores for pitch and instrument classes,
which assess whether the samples capture the distribution of musical attributes, and embedding-
based similarity metrics such as kernel Inception distance (KID) and Fréchet audio distance (FAD),
which compare reconstructed and reference audio distributions in learned feature spaces. Our re-
sults demonstrate that MARS achieves competitive performance compared to leading models such
as DDSP (Engel et al., 2020), DiffWave (Kong et al., 2021), and NSynth (Engel et al., 2017). Be-
yond strong quantitative results, MARS also provides a new perspective on autoregressive modeling
for audio, highlighting that thanks to its scale-wise refinement and channel multiplexing design,
it achieves this level of quality while keeping computational costs contained, offering a favorable
balance between performance and efficiency.

2 PROPOSED METHOD

Training AR models consists of two stages: first, learning a tokenizer that remains consistent across
all resolutions; and second, training the AR model to predict higher-resolution tokens conditioned
on the lower-resolution token map.

2.1 AUDIO PREPROCESSING

We first convert each waveform into a spectrogram using a STFT, retaining only the amplitude
since the phase is later (after inference) reconstructed with the Griffin–Lim algorithm (Griffin &
Lim, 1984). As an example, an 8s waveform at 16 kHz with a 1024-point STFT and hop size of
256 yields a spectrogram of 512 × 512, already matching the largest image size attempted with
VAR (Tian et al., 2024). Higher sampling rates further enlarge spectrograms, leading to excessive
memory consumption. Moreover, processing such large inputs requires greater network depth; in
fact, increasing input resolution from 256× 256 to 512× 512 in the original VAR model raised the
parameter count from 310M to 2.3B.

To address this problem, which makes our experiments quickly unfeasible, we propose channel
multiplexing (CMX), which reduces spatial dimensions by redistributing values across channels in a
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Figure 2: Tokenizer architecture. The tokenizer is adapted from (Li et al., 2025), improving upon
the original VAR tokenizer (Tian et al., 2024). The input spectrogram is partitioned into patches
of size L × L and concatenated with S learnable tokens before being processed by a transformer
encoder E , producing latent representations z. These are discretized by a vector quantizer to obtain
z′, which are then combined with another set of L× L learnable tokens and passed to a decoder D
for reconstruction.

chessboard-like scheme (Figure 1). For spectrograms derived from an N -point STFT, the reshaping
procedure jointly reorganizes the frequency and temporal dimensions, producing a tensor with the
desired reduced spatial resolution and with a channel cardinality C scaling with N , the signal length,
and sampling rate. In this way, CMX accommodates inputs of varying length and sampling rate
by adjusting C, while preserving the original data information and substantially reducing spatial
overhead. In addition, for our tokenizer presented in Figure 2, even without increasing network
depth, enlarging the input dimension M × M leads to a parameter growth of O(K2 + S) where
K = M/L, L is the patch size, and S the number of learnable tokens, already scaling with the square
of the input dimension, while remaining nearly constant with respect to channel dimensionality C.

More generally, CMX decouples information density from time–frequency resolution. Rather than
discarding or compressing data, it reorganizes it into a format naturally suited to architectures op-
timized for multi-channel inputs (e.g., RGB images). This enables long recordings or high-fidelity
signals to be processed with bounded memory cost, and the same principle can be extended beyond
audio to images, video, medical scans, or structured time series. CMX thus provides a compact,
lossless representation that scales efficiently, reducing memory and compute requirements while
maintaining full data fidelity.

2.2 TOKENIZER

The tokenizer architecture and training procedure are adapted from ImageFolder (Li et al., 2025),
extending the original VAR tokenizer (Tian et al., 2024). The overall design is illustrated in Figure
2. The tokenizer is trained using a composite objective that combines three terms:

L = λreconLrecon + λV QLV Q + λadLad. (1)

Here, Lrecon is an L2 reconstruction loss that ensures fidelity between the reconstructed and ground-
truth spectrograms; LV Q is the vector quantization loss, which aligns the encoder outputs with the
nearest codebook entries; and Lad is an adversarial loss applied through a PatchGAN discriminator
(Isola et al., 2017), encouraging reconstructions to be indistinguishable from real spectrograms.

2.3 AUTOREGRESSIVE MODEL

Once the tokenizer is trained, the autoregressive model is trained following (Tian et al., 2024) to
conduct the next-scale AR modeling for a faster inference speed. The AR model is designed as a
transformer-based architecture that progressively predicts tokens across different scales, effectively
reducing the autoregressive sequence length to the number of scales and accelerating generation.
During training, the model learns to condition predictions of fine-scale tokens on coarser ones,
enabling a hierarchical refinement of the output. This multi-scale training strategy not only improves
efficiency but also enhances consistency across scales, leading to higher-quality generated samples
and reduced inference cost compared to standard autoregressive approaches.
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Table 1: Reconstruction results according to the objective metrics reported in (Vinay & Lerch, 2022).
The best results are highlighted in bold, and the second best are underlined. The last (grayed) row
reports metrics on generated audio (i.e., after the autoregressive module), and values are not directly
comparable against those in the previous four rows.

Model NDB/k
(↓)

PKID
(↓)

IKID
(↓)

PIS (↑) IIS (↑) MSE
(↓)

MAE
(↓)

FAD
(↓)

Diffwave 0.74 0.0093 0.0021 2.3814 5.6477 0.0291 0.1369 7.9488
DDSP 0.20 0.0053 0.0020 3.3224 5.3371 0.0130 0.0666 1.1519
NSynth 0.74 0.0101 0.0024 2.3238 4.6364 0.0329 0.1224 4.0590
MARS (ours) 0.19 0.0035 0.0015 2.9602 5.2047 0.0143 0.0915 1.6429
MARS (generated) 0.15 0.0066 0.0017 3.2220 4.5357 0.0201 0.0795 1.8833

3 EXPERIMENTAL EVALUATION

3.1 EXPERIMENTAL SETUP

We tested our autoregressive model using NSynth (Engel et al., 2017), which is a dataset of over
300,000 musical notes, each with a unique pitch, timbre, and envelope. The samples are mono-
phonic signals of approximately 4s and with a sampling rate of 16 kHz. We converted them into
spectrograms using a 1024-point STFT and rearranged them using CMX into tensors of dimension
256× 256× 2, splitting frequencies among two channels.

The tokenizer transformer encoder follows a DINOv2-base architecture and is initialized with ran-
dom weights. The tokenizer employs a codebook of size 16,384. We trained the tokenizer for
400 epochs following the training settings proposed in Li et al. (2025), with loss weights set to
λrecon = λV Q = 1 and λad = 0.5. The autoregressive model was then trained for 350 epochs
following Tian et al. (2024). We ran our experiments on a single RTX 5000 Ada GPU with 32GB
of RAM.

3.2 EVALUATION METRICS

To assess our model, we follow the evaluation protocol proposed by Vinay & Lerch (2022) on the
NSynth dataset. We evaluate our tokenizer for audio reconstruction using complementary metrics
targeting several aspects of audio quality. Reconstruction quality is measured via MSE and MAE on
mel-spectrograms. Sample diversity and semantic consistency are assessed using NDB/k (Richard-
son & Weiss, 2018), Pitch Inception Score (PIS), and Instrument Inception Score (IIS) (Nistal et al.,
2021). Perceptual and distributional similarity between reference and reconstructed audio is eval-
uated with PKID, IKID (Nistal et al., 2021), and Fréchet Audio Distance (FAD) (Kilgour et al.,
2019).

We additionally evaluate our autoregressive (AR) model for audio generation using the same metrics;
in this case, MSE and MAE are computed against the closest spectrogram in the NSynth test set for
each generated sample.

3.3 EXPERIMENTAL RESULTS

Table 1 compares our MARS with NSynth (Engel et al., 2017), DDSP (Engel et al., 2020), and Dif-
fWave (Kong et al., 2021). MARS achieves the best scores in NDB/k, PKID, and IKID, indicating
superior sample diversity and fidelity in both pitch and timbre. It also ranks among the top methods
for MSE, MAE, and FAD, reflecting accurate reconstruction and high perceptual quality. PIS and
IIS, which measure similarity on sound properties rather than audio quality, remain competitive.

The last row reports metrics on generated audio, which are not directly comparable to the reconstruc-
tion metrics; nonetheless, the generated samples maintain low reconstruction error and perceptual
similarity, confirming that MARS effectively preserves signal characteristics during synthesis.
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3.4 EFFECTIVENESS OF CMX

We use a toy example to assess the effect of CMX. We trained the tokenizer of our AR model for
200k steps under two different settings: (i) truncated spectrograms of size 256× 256× 1, extracted
from the original 512× 512× 1 inputs, and (ii) truncated spectrograms rearranged with CMX into
128× 128× 4. The CMX-based setup reduced training time by a factor of 1.5× while maintaining
reconstruction quality close to that of the truncated baseline. In terms of reconstruction accuracy,
CMX performed better, yielding lower errors, with improvements of 0.002 in MSE and 0.022 in
MAE. On the other hand, perceptual quality showed a slight decline, as reflected by a 0.19 increase
in FAD. Importantly, CMX enables the retention of the full frequency content, which is crucial for
preserving audio quality, while remaining computationally feasible due to its substantial memory
savings. By contrast, frequency truncation results in a significant loss in quality, as indicated by FAD
difference of 2.16 and an MSE difference of 0.01 compared to our experiments with inputs of size
256× 256× 2. This confirms that CMX is an effective compromise between efficiency and fidelity.
Overall, these results indicate that CMX lowers memory requirements, improves reconstruction
accuracy, and preserves frequency resolution, with only a minor trade-off in perceptual quality.

4 CONCLUSION

In this work, we introduced MARS (Multi-channel AutoRegression on Spectrograms), a novel
framework for audio generation that adapts next-scale autoregression from image synthesis to the
spectrogram domain. By introducing the channel multiplexing (CMX) technique, MARS reduces
spatial resolution while preserving frequency information, enabling scalable training with a man-
ageable memory footprint. A shared tokenizer across scales further ensures consistent discrete rep-
resentations, allowing the autoregressive model to refine spectrograms hierarchically.

The experimental evaluation on the NSynth dataset demonstrated that MARS achieves competitive
or superior performance compared to state-of-the-art baselines across multiple metrics, confirming
both the effectiveness of CMX in balancing efficiency with fidelity and the robustness of the overall
framework for high-quality audio generation.
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