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S-PRESSO: ULTRA LOW BITRATE SOUND EFFECT COMPRESSION WITH DIFFUSION
AUTOENCODERS AND OFFLINE QUANTIZATION

Zineb Lahrichi**, Gaétan Hadjeres*, Gaél Richard*, Geoffroy Peeters*

iSony Al *LTClI, Télécom Paris, Institut Polytechnique de Paris

ABSTRACT

Neural audio compression models have recently achieved ex-
treme compression rates, enabling efficient latent generative model-
ing. Conversely, latent generative models have been applied to com-
pression, pushing the limits of continuous and discrete approaches.
However, existing methods remain constrained to low-resolution au-
dio and degrade substantially at very low bitrates, where audible ar-
tifacts are prominent. In this paper, we present S-PRESSO, a 48kHz
sound effect compression model that produces both continuous and
discrete embeddings at ultra-low bitrates, down to 0.096 kbps, via
offline quantization. Our model relies on a pretrained latent diffu-
sion model to decode compressed audio embeddings learned by a
latent encoder. Leveraging the generative priors of the diffusion de-
coder, we achieve extremely low frame rates, down to 1Hz (750x
compression rate), producing convincing and realistic reconstruc-
tions at the cost of exact fidelity. Despite operating at high com-
pression rates, we demonstrate that S-PRESSO outperforms both
continuous and discrete baselines in audio quality, acoustic simi-
larity and reconstruction metrics. Audio samples are available at
https://zineblahrichi.github.io/s—-presso/

Index Terms— Audio Codecs, Diffusion Autoencoders, Low
Bitrates

1. INTRODUCTION

In recent years, substantial efforts have been devoted to design-
ing low to ultra-low bitrate codecs, motivated by practical deploy-
ment of efficient codecs and the creation of compact representations
suitable for latent generative models. However, as reported in the
image domain [1], neural compression methods are typically opti-
mized for the rate-distortion trade-off at the expense of perceptual
quality and realism, often producing artifacts and less natural im-
ages at low bitrates. A similar limitation holds for audio: codecs
built on residual vector quantization and adversarial training (RVQ-
GANSs) [2H4] are deterministic and target exact reconstruction, but
at high compression introduce audible degradations such as metallic
or robotic timbres. Despite adversarial objectives, their perceptual
quality remains fundamentally constrained by the bitrate.

To address these limitations, generative models offer a promis-
ing alternative, leveraging their strong generative priors to shift the
focus from a bitrate/quality trade-off to a bitrate/acoustic similar-
ity trade-off. Here, acoustic similarirty refers to the perceptual re-
semblance of two sounds as originating from the same source with
comparable characteristics over time. While strict similarity can be
critical for certain applications (e.g., lossless music streaming), this
is less true in dynamic environments such as video games.

Moreover, the stochasticity of generative models can even be
advantageous, providing natural variations that prevents repetitive
playback of audio samples. For example, avoiding identical footstep

sounds when a character walks in a video game helps to enhance
perceptual realism.

Ultra—low bitrate codecs using generative models were initially
developed for speech [5] and have since been extended to general au-
dio and music [6}/7]], achieving bitrates of only a few hundred bits per
second. However, to our knowledge, these approaches remain lim-
ited in bandwidth (< 32 kHz) and exhibit noticeable quality degra-
dation at very low bitrates.

In this paper, we make further progress towards ultra low bi-
trate compression of high quality audio, focusing on sound effects.
We introduce S-PRESSO, a diffusion autoencoder that relies on a
pretrained latent diffusion model to decode compressed audio em-
beddings learned by a latent compressor.

In order to encode both continuous and discrete embeddings,
we adopt a three-step training procedure as in [8]. This includes
(1) learning compressed representations via continuous diffusion au-
toencoder training, (ii) offline neural quantization, and (iii) diffusion
decoder finetuning, which enables compact yet expressive represen-
tations. The proposed model achieves compression ratios up to 750x
on 48kHz audio, producing discrete representations at bitrates as low
as 0.096kbps while preserving perceptual quality. Finally, leverag-
ing diffusion model priors, our method outperforms strong continu-
ous and discrete baselines in sound quality and acoustic similarity,
as corroborated by human evaluations, delivering realistic and high-
quality reconstructions even at ultra-low frame rates (down to 1Hz).

2. RELATED WORKS: LOW BITRATE CODECS

Neural audio compression has recently advanced beyond tradi-
tional codecs in rate/distortion trade-offs. RVQ-GAN models [2-4]]
achieve high-fidelity reconstructions at moderate bitrates, but re-
construction quality typically collapses below ~3kbps. Alternative
strategies lower the bitrate by reducing frame rates rather than im-
proving quantization [9}[10]], yet these remain tailored to speech and
narrowband signals.

Advances in generative modeling have enabled compression at
much lower rates. Early works applied WaveNet decoders [[11] to
speech, achieving rates of ~ 2kbps [5], but the limited receptive
fields of WaveNets restricted long-range temporal modeling. To ad-
dress this, these approaches were further improved by using trans-
formers with GAN decoders, capturing longer dependencies and
pushing speech compression down to 600 bps [5].

Extensions to general audio and music leverage pretrained se-
mantic or acoustic latent spaces decoded by diffusion models [6}|7]],
achieving extreme compression down to a few hundred bps. How-
ever, these methods remain constrained to narrow bandwidths or
domain-specific data, highlighting the need for approaches that gen-
eralize across diverse, high-resolution audio.
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Fig. 1: Overview of our method. Step 1: An audio clip is encoded into latent vectors zo by a low-compression audio autoencoder. It is then
compressed into latents z, which are upsampled by f, to condition the decoder Dy, a Diffusion Transformer (DiT) pretrained to reconstruct
xo from noised inputs. Dy is finetuned using LoRA adapters, jointly trained with the latent encoder g, and f,. Step 2: The features z are
then quantized offline into z,. Step 3: the diffusion decoder Dy is finetuned on z,, to compensate for quantization-induced degradation.

3. METHOD

3.1. Overview

An overview of our approach is given in[Figure 1] As in (8], we
design a three-step training process comprising (i) diffusion autoen-
coder training, (ii) offline quantization, and (iii) diffusion decoder
finetuning. Our approach operates entirely in the latent space xo of
a pretrained Audio Autoencoder (AudioAE). First, we train a con-
tinuous diffusion autoencoder that relies on a diffusion decoder Dg
and a latent encoder g,,. The latent encoder maps latent vectors xo
into compressed representations z which are re-projected by a lin-
ear layer f, and used to condition Dg. The decoder is a pretrained
Diffusion Transformer (DiT), finetuned using LoRA [12]] adapters
and trained together with gy and fy, preserving generative priors
while enforcing strong audio conditioning. Next, a neural quan-
tizer is trained on the frozen compressed representation z to obtain
Zq, minimizing the distortion error. Finally, the diffusion decoder is
finetuned by using the audio conditionings fy(z4) instead of fy(z2),
compensating for the information loss induced by quantization.

3.2. Pretraining

AudioAE: The latent vectors zo are derived from a pretrained
low-compression audio autoencoder, yielding high-fidelity recon-
structions in a more compact and informative subspace. Following
prior work [8]], the AudioAE decoder is built upon the design of [[13|],
a GAN-based vocoder trained to predict STFT complex coefficients,
and the encoder mirrors this structure. This architecture preserves
temporal resolution, reducing upsampling artifacts [[14] and enabling
efficient training with convolutions over uniformly sized sequences.

DiT: Dy is a pretrained text-to-audio DiT trained to denoise
noisy latent vectors zo + o¢, € ~ N(0, 1), conditioned with a text
encoder. It consists of sequential transformer blocks: the first six are
multi-modal blocks from [[15] operating on the audio and text modal-
ities followed by six standard transformer blocks operating only on
the audio modality.

3.3. Diffusion Autoencoder training

Latent encoder: The latent encoder further compresses the la-
tent audio representations zo into z. The architecture of the latent

encoder gy is provided in [Figure 2fa). The encoder downsamples

the latent variables o € R°*T along frequency and time by factors

cand ¢, respectively. This is achieved through sequential transformer
blocks, followed by a linear layer to reduce the dimensionality and
an average pooling layer to downsample in time with kernel and
stride t. The transformer blocks employ RoPE positional embed-
dings [16]], which will also be downsampled in the DiT by selecting
the central position of each temporal window.

Diffusion decoder: Weights from Dy are finetuned using LoRA
adapters [[12] while audio conditioning is injected from the latent
encoder via an additional linear layer fs. The compressed audio
conditioning is treated as a third modality termed audiol similar to
the image conditioning from [17]] and we initialize dedicated layers
for its Q, K, V as depicted in [Figure 2|b). The RoPE for the audio
conditioning audio] are a decimated version of the RoPE used for
audio, so that we maintain the temporal alignment between the two
modalities.

3.4. Offline quantization

As in [§]], the audio embeddings derived from our latent encoder
z = gy(zo) are quantized offline using the Qinco2 a neural quan-
tizer [18]. Qinco2 extends Residual Vector Quantization (RVQ),
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Fig. 2: (a) Overview of the latent encoder architecture (b) Condi-
tioning mechanism within the diffusion decoder.



where continuous vectors are quantized through hierarchical code-
books. Instead of fixed codebooks, it employs neural networks to
generate adaptive centroids conditioned on prior reconstructions, en-
abling finer modeling of residual distributions and capturing inter-
codebook dependencies. The bitrate is determined by the number of
codebooks M, codebook size K, and frame rate f: M xlog, K X f.

3.5. Finetuning

After training the codebooks, the latent embeddings z are quan-
tized into z4, which are then re-injected in replacement of z into the
diffusion autoencoder pipeline. To mitigate the degradation induced
by quantization, the LoORA weights of the diffusion decoder Dy and
the projection layer fy4 of the transformer are finetuned.

4. EXPERIMENTS

4.1. Datasets

All models are trained on a combination of four internal sound
effect datasets, reaching ~ 5000 hours, sampled at 48kHz and
clipped to 5 seconds. Sound effects cover a wide range of au-
dio types, including Foley sounds, environmental sounds, individual
events, as well as music samples and background speech. Evalua-
tion uses three datasets: Freesound Effects, BBC Sound Effects, and
an internal studio-quality dataset, in order to assess performance on
both public benchmarks and professional audio. We randomly sam-
ple 500 clips per dataset, each clipped or zero-padded to 5 seconds.

4.2. Training details
4.2.1. Pretraining

AudioAE: Input STFTs are computed using ng = 960 and a
hop size of 480, yielding roughly 100 frames per second. The latent
dimension is C' = 128. Training follows [4]], reusing its discrimina-
tors, loss functions and optimization parameters.

DiT: We adopt the EDM2 [19] parametrization and training
strategy with text conditioning, using AdamW with a 1e—4 learning
rate. Text conditioning is provided by a CLAP encoder [20] trained
on our datasets.

4.2.2. Three-step training

Latent encoder: We set the encoder depth by framerate, with
lower rates requiring more complexity: 6 blocks at 25Hz, 10 at
11Hz, and 12 at 5SHz and 1Hz. We set the frequency compression
factor to ¢ = 2, yielding 64-dimensional representations, and choose
t according to the target frame rate.

Diffusion Decoder: The DiT is finetuned with LoRA weights
under the same EDM2 strategy, sampling o with a log normal dis-
tribution. To prioritize audio over text conditioning, we apply strong
dropout (0.8) on the text embeddings, encouraging the model to rely
mainly on audio conditioning. Our models are trained using the
AdamW optimizer with a learning rate of le~*. Each of them is
trained across four A100 GPUs, with a batch size of 32.

Offline quantization: We follow the default parameters from
Qinco?2 [[18], adjusting only the codebook size K to match the task
complexity. For

high temporal compression rates (¢t = 100, 20), larger code-
books (12 bits vs. 10 bits) are used to reduce MSE in early quanti-
zation layers, as fewer frames encode more information and a larger

vocabulary improves reconstruction. Each quantizer is trained with
M = 20 codebooks, and a batch size of 8000 vector frames.

Finetuning: In the final finetuning stage, we replace z with z,
using M codebooks, and continue training f, and the LoRA weights
for 40 additional epochs. The choice of M is determined by evalu-
ating reconstructions with z, substituted for z without decoder fine-
tuning. As expected, fewer codebooks increase distortion and induce
distributional drift. Empirically, we found that a total vocabulary
size of about 100 bits is sufficient to retain most salient elements
to stay close from the original sound. Accordingly, we finetune our
models with M = 10 for K = 10 and M = 8 for K = 12. To
stabilize training when replacing z with z,, we retain the original z
10% of the time, reducing the abrupt distributional shift.

4.3. Baselines

In the continuous case (step 1), we benchmark S-PRESSO
against continuous baselines trained on high-quality audio: Sta-
ble Audio Open [21] (44.1 kHz) and Music2Latent [22] (48 kHz).
Music2Latent is trained exclusively on music, and is therefore not
directly comparable but remains relevant since our evaluation sets
spans background voices and music samples. For fairness, we train
S-PRESSO with different downsampling factors ¢ to match the com-
pression rates of the baselines. summarizes the latent dimen-
sionality D, frame rate, and overall compression factor R of each
method. Additionally, we include the performance of our AudioAE,
which serves as the upper bound for our models.

In the discrete case (step 3), the main baseline is Semanti-
Codec [6], a 16 kHz diffusion-based codec trained on general sounds
at comparable bitrates. We evaluate both low bitrate (1-2 kbps) and
ultra-low bitrate (100-300 bps) configurations. summarizes
the bitrate and frame rate of the compared methods. Finally, for
consistency across models, audio clips are first resampled to each
model’s native rate and then converted back to 48 kHz.

4.4. Evaluation metrics

Since our method relies on a generative decoder, we assess au-
dio quality with the Fréchet Audio Distance (FAD) using VGGish
and LAION-CLAP embeddings. We additionally report the Ker-
nel Audio Distance (KAD) [23] with LAION-CLAP embeddings,
a distribution-free alternative to FAD which shows stronger corre-
lation with human perception. We measure the reconstruction us-
ing the Si-SDR and the global acoustic similarity using the cosine
distance between the CLAP audio embeddings. For subjective eval-
uation, we conducted a MUSHRA test [24] against SemantiCodec
at low and ultra—low bitrates, using three samples per test set (fo-
leys, music samples, ambiances) and 20 listeners (experts and non-
experts) on headphones, who rated quality and similarity.
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Fig. 3: MUSHRA scores for S-PRESSO, SemantiCodec and a
3.5kHz low-pass anchor, evaluated at ~ 1.35 kbps and ~ 0.3 kbps.



Method ‘ Variant ‘ D ‘ Framerate ‘ R ‘ FAD | ‘ FADcrar | ‘ KADcpar | ‘ CLAP ugio T ‘ Si-SDRT
AudioAE ‘ - ‘ 128 ‘ 100 Hz ‘ 4 ‘ 0.008 ‘ 0.008 ‘ 0.15 ‘ 0.90 ‘ 223
StableAudio Open - 64 21.5Hz 32 0.78 0.066 1.25 0.78 0.48
S-PRESSO t=4 64 25Hz 30 0.48 0.038 0.57 0.76 3.21
Music2Latent - 64 11 Hz 64 1.28 0.168 3.29 0.69 -10.5
S-PRESSO t=9 64 11 Hz 68 0.59 0.050 0.77 0.76 -2.40

t =20 64 S5Hz 150 0.76 0.059 0.92 0.71 -8.80
S-PRESSO t=100 | 64 1 Hz 750 0.64 0.059 0.89 0.73 -27.7

Table 1: Performance in the continuous case of S-PRESSO vs. continuous audio compression baselines at equivalent compression rates R.

‘ Method ‘ kbps ‘ Framerate ‘ M ‘ FAD] FADcrap|) KADcrap) CLAPwgioT Si-SDR T
DAC 1.7 86 Hz 2 3.24 0.108 1.71 0.63 -4.11
Low bitrates SemantiCodec 14 100 Hz 1 1.79 0.136 493 0.60 -31.8
S-PRESSO 1.32 11 Hz 12 0.55 0.048 0.728 0.73 -4.48
SemantiCodec | 0.3125 25 Hz 1 1.23 0.271 2.70 0.48 -34.5
Ultra low bitrates | S-PRESSO 0.3 1 Hz 25 0.64 0.052 0.78 0.71 -27.8
S-PRESSO 0.096 1Hz 8 0.68 0.060 0.89 0.67 -30.4

Table 2: Performance in the discrete case of S-PRESSO vs. baseline audio codecs at equivalent bitrates.
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Fig. 4: Evaluation of S-PRESSO at varying bitrates and framerates.

5. RESULTS

For all experiments, we sample S-PRESSO reconstructions us-
ing the Heun solver [[19]] with 64 steps and the default parameters.

Overall Performance: As shown in the continuous compres-
sion benchmark the AudioAE provides the upper bound
on achievable quality. Relative to this reference, S-PRESSO con-
sistently outperforms continuous baselines at comparable compres-
sion rates, achieving superior audio quality (FAD, KAD, Si-SDR)
and acoustic similarity (CLAP), even at extreme compression rates
(1 Hz). As the framerate increases, i.e. more temporal information is
preserved, SI-SDR improves accordingly. By contrast, CLAP sim-
ilarity remains remarkably stable across framerates. This stability
shows that reconstructions globally preserve acoustic category and
source identity regardless of temporal downsampling.

reports results in the discrete case. S-PRESSO out-
performs Semanticodec across all metrics, with the latter’s 16 kHz
bandwidth likely explaining its weaker FAD and KAD. These re-
sults confirm that bitrate does not constrain either perceptual quality
or global similarity. Finally, as shown in[Figure 3] the MUSHRA test
corroborates these findings, showing superior ratings for S-PRESSO
at low and ultra—low bitrates. However, both models remain below

the reference, partly because the variability of diffusion sampling
complicates subjective judgments, forcing listeners to balance qual-
ity against similarity.

Impact of the bitrate: In we compare the performance
of S-PRESSO in the discrete case for varying bitrates and framer-
ates. The results further show that finetuning (step 3) consistently
improves performance across bitrates, even though the model was
not explicitly trained for variable bitrate settings. At a fixed fram-
erate, more codebooks yield higher scores, reflecting finer residual
modeling. Conversely, at a fixed bitrate, higher framerates perform
better, highlighting the cost of framerate reduction.

Reconstruction diversity: Empirically, at fixed compression rate,
we observe more diversity with low frame rates. Specifically, higher
frame rates capture fine local structure, while lower frame rates (e.g.,
1Hz, encoding a single vector) emphasize global information, lead-
ing to coarser reconstructions and increased variability across sam-
ples. This usually implies subtle differences in audio textures, high
frequency details and background noise. Interestingly, we also ob-
serve that the model tends to replace background noise with other
noise patterns, suggesting that it prioritizes preserving salient audio
elements while freely re-synthesizing less critical components.

6. CONCLUSION

We introduced S-PRESSO, a diffusion autoencoder for ul-
tra—low bitrate compression of 48 kHz sound effects. Leveraging
diffusion priors and strong multimodal conditioning, S-PRESSO
achieves up to 750 x compression while preserving perceptual qual-
ity. Our results suggest to shift the focus from strict fidelity to acous-
tic similarity enabling realistic and semantically consistent recon-
structions even at 1Hz frame rates. Beyond surpassing continuous
and discrete baselines, this work highlights the potential of gen-
erative models to redefine the limits of neural audio compression.
While this work focused on audio quality, future efforts will make
S-PRESSO more practical by speeding up inference time and ex-
tending it to general audio.
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