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Reverse the auditory processing pathway: Coarse-to-fine audio reconstruction
from human brain activity

Che Liu, Changde Du, Xiaoyu Chen, and Huiguang He (B)

Abstract Drawing inspiration from the hierarchical pro-
cessing of the human auditory system, which transforms
sound from low-level acoustic features to high-level semantic
understanding, we introduce a novel coarse-to-fine audio
reconstruction method. Leveraging non-invasive functional
Magnetic Resonance Imaging (fMRI) data, our approach first
utilizes CLAP to decode fMRI signals coarsely into a se-
mantic space, followed by a semantically-guided fine-grained
decoding into the AudioMAE latent space. These fine-grained
neural features then serve as conditions for high-fidelity audio
reconstruction through a Latent Diffusion Model (LDM). Ex-
tensive validation on three public fMRI datasets demonstrates
the superiority of our coarse-to-fine decoding method over
conventional fine-grained approaches, achieving state-of-the-
art performance across metrics including FD, FAD, and KL.
Furthermore, reconstruction quality in challenging scenar-
ios is enhanced through an innovative semantic prompting
mechanism. This framework holds potential for advancing
brain-computer interfaces and assistive technologies, such as
improved hearing aids and neural communication systems for
those with auditory or speech impairments. Reconstructed
results are available at https://neurofusex.github.io/c2f-ldm/.

Keywords brain-to-audio reconstruction; coarse-to-fine;
fMRI; auditory processing pathway

1 Introduction
Brain-to-audio reconstruction, which aims to reconstruct
audio stimuli from brain signals, represents a significant chal-
lenge with promising applications. In brain-computer inter-
faces, it enables the decoding of attended sound streams [1–4]
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in cocktail party scenarios where multiple sources coexist.
As an assistive technology, it can enhance hearing aids and
cochlear implants [5, 6] to improve auditory experiences for
people with hearing impairments. Furthermore, by potentially
translating silent speech imagination into audible output [7, 8],
this technology opens new possibilities for neural communi-
cation systems. These capabilities demonstrate the potential
of brain-to-audio reconstruction in advancing multimodal
human-computer interaction and accessibility [9–12].

The common brain-to-audio reconstruction tasks can be
categorized into brain-to-sound task [3, 13] for reconstructing
all natural sounds in the environment, brain-to-music task [14–
16] for music, and brain-to-speech task [17–22] for human
voice, based on the different stimulus audios.

Some researchers first attempt to map brain signals to
the spectrograms of stimulus audios using linear regres-
sion [14, 17–19]. Others introduce non-linear units and use
simple networks such as MLP [14, 18, 19], BiLSTM [15, 20],
and Transformer [20]. This approach can restore the overall
temporal and frequency information of the spectrogram, but
the reconstructed audio lacks semantic and detailed informa-
tion, especially for non-invasive brain signals.

Recent neuroscience research has revealed a crucial insight:
Deep Neural Network (DNN) features show stronger corre-
lations with neural responses in the human brain compared
to traditional acoustic representations like spectrograms [23–
26]. Building on this finding, researchers [3, 21, 22] have
developed approaches that first decode neural signals into
DNN features as an intermediate representation before re-
constructing the spectrogram using generative models. The
intermediate representation is typically chosen from the in-
termediate layers of DNN [27, 28], serving as fine-grained
features that contain both semantic and acoustic information
of sound. However, decoding the fine-grained features is often
challenging due to the high dimensionality, yielding limited
outcomes in reconstruction.

There are also works that decode neural signals coarsely
into the low-dimensional semantic space. For example, Denk
et al. [16] decode fMRI data into 128-dimensional Mu-
Lan [29] embeddings, which are aligned with simple music
descriptions in natural language, and then generates music
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Fig. 1 (a) The hierarchical auditory processing pathway of humans. The stimulus audio is gradually decomposed into ① time-frequency
representation, ② low-level acoustic features, and ③ high-level semantic characteristics. (b) The pipeline for our coarse-to-fine reconstruction
from fMRI. Brain activity is decoded progressively into semantic, acoustic, and spectrogram levels, ultimately resulting in reconstructed
audio.

using MusicLM [30]. Hence, Denk et al. primarily focus on
decoding the semantic features within the music, while the
acoustic details are largely inferred from the MusicLM’s pri-
ors, resulting in limited reconstruction similarity. In addition,
this model struggles to reconstruct audio beyond music and
exhibits poor generalization capabilities.

To enhance the fine-grained decoding, we draw inspiration
from neuroscientific findings. As shown in Fig. 1a, research
has indicated that in the cochlea and subcortical structures
of the human ear, the sound is decomposed into frequency-
specific temporal patterns similar to spectrograms [31–34].
Further into the cerebral cortex, the human auditory system
processes information along two hierarchical pathways, from
low-level to high-level representations [35–39]. In recent
years, an increasing amount of research has found that this
cortical processing hierarchy aligns with the functional hierar-
chy of auditory DNN [23–26, 40–42]. The primary auditory
cortex is more sensitive to shallow or intermediate DNN
features, which represent low-level acoustic features, while
the nonprimary auditory cortex is more sensitive to deep
DNN features, which represent high-level semantic features.

Inspired by the acoustic-to-semantic stream, we propose
a coarse-to-fine audio reconstruction method that reverses
the auditory processing pathway, as shown in Fig. 1b. Us-
ing non-invasive fMRI as input, semantic features are first
decoded, which we define as “coarse-grained” features, as
they primarily capture high-level information. Then, guided
by these semantic features, acoustic features are further de-
coded from fMRI that encompass both semantic content and
acoustic details (e.g., rhythm, pauses), which we define as
“fine-grained” features. After the coarse-to-fine decoding
process, a conditional generative model is used to reconstruct
the mel-spectrogram, followed by a vocoder to restore the
original audio stimulus.

Unlike direct decoding methods that map fMRI directly
to spectrograms and often produce overly smoothed outputs,
our approach enables the generative model to reconstruct
time–frequency details under the constraints of acoustic fea-
tures. Compared with fine-grained decoding methods that
directly regress high-dimensional latent representations and
are highly sensitive to noise, our hierarchical coarse-to-fine
design constrains the decoding space through low-dimensional
semantic guidance, reducing the difficulty of acoustic decod-
ing while preserving semantic and acoustic details.

To facilitate effective decoding and reconstruction across
diverse stimuli, models pretrained on a wide range of au-
dio samples are utilized, including natural sounds, music,
and speech: CLAP [43], a contrastive audio-language model
for semantic feature extraction; AudioMAE [44], a self-
supervised audio model for comprehensive acoustic repre-
sentation; and a Latent Diffusion Model[45] followed by a
HiFi-GAN vocoder[46] for high-quality waveform synthesis.

The proposed approach is validated on three publicly
available fMRI datasets with different kinds of audio stimuli:
Brain2Sound [3], Brain2Music [47], and Brain2Speech [48].
Our model achieves state-of-the-art performance in metrics
like Fréchet Distance (FD) and Fréchet Audio Distance (FAD).
Experimental results show that our coarse-to-fine framework
enhances the decoding of fine-grained audio embeddings
and performs well across various datasets, showcasing its
potential as a general framework.

Through extensive analysis of semantic information in de-
coded features, we reveal that while coarse-grained semantic
guidance consistently improves overall reconstruction qual-
ity, its impact on semantic content varies with the quality
of semantic features. It leads us to develop a conditional
reconstruction method that further enhances performance by
leveraging external semantic prompts.
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Our contributions are as follows: (1) We propose a coarse-
to-fine neural decoding model and reconstruct high-quality
waveforms with both semantic and detailed information. We
also confirm that coarse-to-fine decoding is superior to solely
fine-grained decoding. (2) Our model achieves good results on
datasets with three different kinds of stimuli, demonstrating
its strong transferability. It can serve as a universal brain-
to-audio framework. (3) We introduce an effective semantic
prompting mechanism that improves reconstruction quality
in challenging scenarios, providing a possible solution for
handling imperfect neural signals. The code is released at
https://github.com/cheee2000/C2F-LDM.

2 Method
Let y ∈ RL represent an audio stimulus and x ∈ RV represent
the corresponding fMRI signal, where L is the length of the
audio samples and V is the number of voxels in x. The
brain-to-audio reconstruction process can be formulated as
R : x 7→ y. Our approach is to first decode an intermediate
representation c from x, and then generate y using a generative
model G conditioned on c. To obtain the condition c, a coarse-
to-fine process is adopted. First, a coarse-grained decoding is
performed by a Semantic Decoder DSem : x 7→ s to extract
the semantic embedding s from fMRI. Then, a semantically-
guided Acoustic Decoder DAco : (s, x) 7→ c is employed
to jointly decode the condition c with both semantics and
acoustic details. After decoding, an LDM is utilized as the
generative model G : c 7→ y to reconstruct the stimulus
audio conditioned on c. We will introduce the coarse-grained
decoding process ofDSem in Section 2.1.1, discuss the design
of DAco and the fine-grained decoding process in Section
2.1.2, and describe the training of G in Section 2.2.

2.1 Coarse-to-fine brain decoding

2.1.1 Coarse-grained semantic decoding
CLAP feature is used as the coarse-grained semantic em-
bedding of audio. CLAP, or contrastive language-audio pre-
training [43], is a pretrained multi-modal model that aligns
representations of audio with natural language descriptions.
Pretrained on LAION-Audio-630K dataset [43] containing
audios of human speech and song, natural sounds, and au-
dio effects music, CLAP features are semantically aligned
with various categories of audios, providing rich semantic
information.

Semantic Decoder DSem : x 7→ s is formulated as a ridge
regression model. As shown in Fig. 2, the final-layer feature
of CLAP’s Audio Encoder is first used as the ground truth
semantic feature of the stimulus audio y, denoted as sgt ∈
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Fig. 2 (a) Coarse-to-fine brain decoding. In the coarse-grained
decoding, fMRI is decoded into the semantic space of CLAP. In the
fine-grained decoding, fMRI is decoded into the acoustic space of
AudioMAE. (b) Detailed structure of Acoustic Decoder.

R512. Then, L2-regularized linear regression is performed
from x to sgt using PyFastL2LiR1 toolkit, which provides fast
ridge regression and voxel selection functionalities. For each
dimension of sgt, we only select 500 voxels for regression
based on the correlation coefficient. Thus, a sparse mapping
matrix W ∈ RV×512 and a bias b ∈ R512 are obtained. The
semantic embedding s of fMRI can be inferred by s = xW+b

and s ∈ R512.
2.1.2 Fine-grained acoustic decoding
The AudioMAE latent feature serves as the fine-grained
acoustic embedding of audio. AudioMAE, or audio mask
autoencoder [44], is a self-supervised pretrained model, which
consists of an encoder EA and a decoder DA and focuses on
the reconstruction of the masked patches.

The reason we choose the AudioMAE latent embedding as
the acoustic feature instead of other DNN features is threefold:
(1) AudioMAE is trained on a generative task, which retains
more low-level acoustic details compared to the discriminative
models like VGGish-ish [27] used in Park et al. [3]. (2)
Compared to the normal autoencoder used in Chen et al. [22],
AudioMAE performs a masked patch prediction task, which
models the whole patches of the spectrogram. The empirical
evidence [49] shows that this makes the AudioMAE feature
space more inclined to cluster audio of the same category
together compared to VAE, indicating that AudioMAE better
preserves high-level semantic information. (3) Pretrained on
AudioSet-2M [50] which consists of natural sounds, human
and animal sounds, and music, AudioMAE can work well in
the general audio domain. In comparison, the MuLan [29]
used in Denk et al. [16] and Wav2Vec 2.0 [28] used in Kim et

1 https://github.com/KamitaniLab/PyFastL2LiR
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al . [21] can solely be utilized for music or speech. Considering
all the points mentioned above, AudioMAE features are highly
suitable for fine-grained features in our method, containing
rich semantic and acoustic details.

As shown in Fig. 2, the stimulus waveform y is converted
into mel-spectrogram m using 128 Kaldi [51] Mel-frequency
bands following AudioMAE [44]. Then m is divided into
16×16 patches mp ∈ RNpatch×256 and encoded into cgt =

EA(mp) ∈ RNpatch×768 without masking, where Npatch

represents the number of patches. cgt is then decoded back to
mp

upp = DA(cgt) and unpatchified to the mel-spectrogram
mupp. Here, we consider cgt as the ground truth acoustic
feature of the stimulus audio y and mupp as an upper bound
for the reconstructed mel-spectrogram.

Acoustic Decoder DAco : (s, x) 7→ c is formulated as a
Transformer-based model, which captures the dependencies
between s and x, and decodes fMRI into the latent space of
AudioMAE through a Seq2Seq generation. First, s and x are
projected into the 768-dimensional representation space of
the Transformer. s is projected to a semantic token s′ through
a linear layer. For x, 768 voxels with the highest responses are
selected based on the mapping matrix W , forming the fMRI
token x′. The tokens are then concatenated and encoded with
a Transformer Encoder ET , yielding the neural embedding
n = ET ([s′, x′]). A learnable embedding q is created as the
query to a Transformer DecoderDT , withn serving as key and
value, to obtain the decoded acoustic feature c = DT (q, n).

Losses. DAco is trained from scratch using three loss func-
tions: (1) Lcond: L2 distance between c and cgt in the
latent space; (2) Lperceptual: L2 distance between inter-
mediate layer representations during the decoding process
mp

recon = DA(c); and (3) Lmel: L2 distance between the
reconstructed mel-spectrogram mrecon and mupp, where
mrecon is obtained by unpatchifying mp

recon. The overall loss
is given by:

L =

Lcond︷ ︸︸ ︷
∥c− cgt∥22 +

Lperceptual︷ ︸︸ ︷∑
i∈layer

∥DA
i (c)−DA

i (cgt)∥22

+

Lmel︷ ︸︸ ︷
∥mupp −m∥22 + ∥mrecon −m∥22 .

(1)

The pretrained AudioMAE is accustomed to handling masked
patches, whereas our method leverages all patches to retain es-
sential acoustic information for reconstruction. Therefore, EA

is frozen and DA is fine-tuned to optimize the reconstruction
performance.

Furthermore, we follow Liu et al. [49] by setting a Pgt =

0.25 during training, which means that DAco has a 0.25

Latent Diffusion Model

zT

Forward

Diffusion

T-UNet

z

AutoKL

Encoder

AutoKL

Decoder

zzT

fMRI

Acoustic 

Decoder

Stimulus

Audio

Semantic 

Decoder

Vocoder

Reconstructed

Audio

Reconstruction

Fig. 3 Brain-to-audio reconstruction. The LDM generates mel-
spectrograms under the condition of fine-grained acoustic features,
followed by the Vocoder to generate reconstructed audios.

probability of receiving the ground truth semantic feature
sgt as input and a 0.75 probability of receiving the decoded
semantic feature s from DSem. This trick helps reduce the
impact of decoding noise and improve the stability of the
reconstruction by bringing the decoded space closer to the
original audio feature space. We will discuss it in Section 3.7.

2.2 Brain-to-audio reconstruction

In this section, a generative model G : c 7→ y is used to recon-
struct the stimulus audio conditioned on c. When performing
fine-grained decoding, although we use the AudioMAE De-
coder to reconstruct the mel-spectrogram, it is not suitable to
serve as the generative model for our method. We will discuss
this in detail in Section 3.4. Instead, we model the process with
a Latent Diffusion Model (LDM) [45]. LDM is a powerful
generative model that can model complex data distributions
in the latent space. It has been extensively used in the audio
generation task, such as AudioLDM [52], AudioLDM2 [49]
and DiffVoice [53].

The formulation in AudioLDM2 [49] is followed to imple-
ment the LDM. As shown in Fig. 3, we first use a Hanning
window with 64 frequency bins, a window size of 1024,
and a hop size of 160 to convert the stimulus audio into the
mel-spectrogram. Then compress it to a latent representation
z using a VAE. The forward diffusion process is a T steps
Markov chain that gradually adds Gaussian noise as

q(zt|zt−1) = N (zt;
√
1− βtzt−1, βtI) (2)

where βt is a variance schedule. Then the distribution of zt
given z0 can be formulated as

q(zt|z0) =
t∏

s=1

q(zs|zs−1) = N (zt;
√
αtz0, (1−αt)I) (3)

where αt =
∏t

s=1(1−βs). The distribution of zT at the final
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step will be a standard Gaussian distribution [54]. The LDM
learns a reverse denoising process from the prior distribution
N (0, I) to the data distribution z conditioned on c. The loss
function [45, 54] in our method can be given as

L = Ezt,ϵ∼N (0,I),t∼{1,...,T}[∥ϵθ(zt, t, c)− ϵ∥22] (4)

where ϵθ is the denoising network, for which we utilize a
Transformer-UNet (T-UNet) following AudioLDM2 [49].
After the LDM reconstructs the mel-spectrogram, it will be
converted to the waveform using a pretrained HiFiGAN [46]
vocoder. The LDM is initialized with the pretrained weights
from AudioLDM2, and DAco and the T-UNet are fine-tuned
during training, with other weights frozen.

2.3 Conditional reconstruction

Brain-to-audio reconstruction can sometimes leverage addi-
tional contextual conditions rather than being purely uncondi-
tional. First, the strong temporal correlations in audio signals
enable semantically similar segments to serve as meaningful
guidance when reconstructing specific target portions. Sec-
ond, prior knowledge of simple sound categories (e.g., speech
or animal sounds) can provide valuable semantic constraints
for the reconstruction process. Based on these observations,
we explore the potential of incorporating both audio and text
prompts as semantic conditions to enhance the reconstruction
quality.

The conditional reconstruction process is implemented as
follows. CLAP’s Text Encoder and Audio Encoder are used
to extract the semantic embedding sprompt of the text prompt
and audio prompt. Then we replace s with sprompt as input to
DAco : (sprompt, x) 7→ c, to obtain the fine-grained acoustic
embedding c. Finally, we use G : c 7→ y to reconstruct the
stimulus audio conditioned on c.

3 Experiments
3.1 Experimental settings
3.1.1 Datasets
Three publicly available fMRI datasets are used to validate
the method’s performance across different kinds of stimuli:
Brain2Sound [3], Brain2Music [47], and Brain2Speech [48]
datasets.

Brain2Sound Dataset. The dataset2 proposed by Park et
al. [3] records the fMRI signals of five subjects (one female)
while they are listening to natural sounds, including hu-
man speech, animal, musical instrument, and environmental
sounds. fMRI data are acquired using a 3.0-Tesla Siemens

2 https://github.com/KamitaniLab/SoundReconstruction

Table 1 Number of voxels and samples in each dataset.
Dataset ROI Subject #Voxel #Train #Test

Brain2Sound
[3] AC

S1 6,662 13,872

150
S2 6,624 13,944
S3 6,713 13,944
S4 6,157 13,944
S5 7,143 13,944

Brain2Music
[47] N/A

sub-001 60,784

4,800 600
sub-002 53,927
sub-003 64,700
sub-004 61,899
sub-005 53,421

Brain2Speech
[48] AC

UTS01 836

9,137 595

UTS02 2,093
UTS03 1,303
UTS05 920
UTS06 980
UTS07 1,584
UTS08 1,109

MAGNETOM Verio scanner at the Kyoto University Institute
for the Future of Human Society. Functional images that
cover the entire brain are obtained with TR = 2,000 ms, TE =
44.8 ms, flip angle = 70 deg, FOV = 192 × 192 mm, voxel
size=2 × 2 × 2 mm, number of slices = 76 and multi-band
factor = 4. fMRI data preprocessed by Park et al. are utilized,
primarily involving motion correction, slice time correction,
co-registration, BOLD time-series resampling, etc.

The stimuli consist of 1,250 8-s natural sound segments,
with 1,200 for the training set and 50 for the test set, selected
from the VGGSound dataset [55]. All the sounds are extracted
from the videos uploaded to YouTube. To increase the sample
number, audio segments are preprocessed in the same way as
Park et al.: 4-s sliding windows are utilized with a 2-s stride
to extract 3 4-s segments. All audio clips are resampled to
16kHz. During the collection of fMRI signals, each stimulus
is repeated four times, resulting in 14,400 samples3 for the
training set (1,200 stimuli × 4 repetitions × 3 samples =
14,400 samples). For the test set, we average the multiple
fMRI repetitions, resulting in 150 samples (50 stimuli × 3
samples = 150 samples).

Brain2Music Dataset. Following Denk et al. [16], we use
the music genre neuroimaging dataset4 from Nakai et al. [47],
which records the fMRI signals of five subjects (two female)
while they are listening to music clips. fMRI data are acquired
using a 3.0T MRI scanner (TIM Trio; Siemens, Erlangen,
Germany) at the Center for Information and Neural Networks
(CiNet), National Institute of Information and Communica-
tions Technology (NICT), Osaka, Japan. Functional scanning

3 When downloading, we discovered that some audios in the training set were
no longer available on YouTube, hence, the amount of training samples is
slightly less than 14,400.

4 https://openneuro.org/datasets/ds003720
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Fig. 4 Reconstruction results of S1, sub-001 and UTS01 on the three datasets.

is performed with TR = 1,500 ms, TE = 30 ms, flip angle =
62 deg, FOV = 192 × 192 mm, voxel size = 2 × 2 × 2 mm and
multi-band factor = 4. fMRI data preprocessed by Denk et
al. are utilized, encompassing essential steps such as motion
correction, template alignment, low-frequency drift removal,
response normalization, etc.

The dataset contains music stimuli from 10 genres (blues,
classical, country, disco, hip-hop, jazz, metal, pop, reggae,
and rock) which are sampled from the GTZAN dataset [56].
A total of 54 15-s music pieces are selected from each genre,
with 48 for the training set and 6 for the test set. All music
pieces are resampled to 16kHz and segmented into 10 clips
of 1.5 seconds each to match the TR of functional scanning.
As a result, the dataset consists of 4,800 samples (48 stimuli
× 10 genres × 10 samples = 4,800 samples) for training and
600 (6 stimuli × 10 genres × 10 samples = 600 samples) for
testing.

Brain2Speech Dataset. The dataset5 proposed by LeBel
et al. [48] contains fMRI responses recorded while 7 partic-
ipants6 (three female) are listening to 27 complete, natural,
narrative stories. fMRI data are collected on a 3T Siemens
Skyra scanner at the UT Austin Biomedical Imaging Center.
Functional scans are collected with TR = 2.00 s, TE = 30.8
ms, flip angle = 71 deg, multi-band factor = 2, voxel size = 2.6
× 2.6 × 2.6 mm and FOV = 220 mm. fMRI data preprocessed
by LeBel et al. are utilized, primarily incorporating motion
correction, template creation and alignment, low-frequency
drift removal, response normalization, etc.

The stimulus set consists of 27 10–15 minute stories from
The Moth podcast. We select two stories (Hang time by a
male speaker and Where there’s Smoke by a female speaker)
as the test set, and the remaining 25 stories are used as the
training set. All stories are resampled to 16kHz and segmented

5 https://openneuro.org/datasets/ds003020/versions/1.1.1
6 Subject UTS04 lacks a story, hence it will not be utilized.

into 2-s clips to match the TR of functional scanning. To
account for the hemodynamic response, we form each sample
pair by combining the fMRI signal at each TR with the
corresponding stimulus audio clip from 4 seconds earlier. The
last 10 stimulus audio clips from two stories in the test set
are used as audio prompts. These prompts are not used for
testing, ensuring that the participants could not have possibly
heard the audio prompts in the preceding trials. As a result,
the dataset consists of 9,137 samples for training and 595
samples for testing per subject.
3.1.2 Metrics
We use PCC (Pearson Correlation Coefficient) and PSNR
(Peak Signal-to-Noise Ratio) to measure the similarity be-
tween the mel-spectrograms of reconstructed audio and stimu-
lus audio, evaluating the low-level fidelity quality. In addition,
we use FD, FAD, KL, and CLAP score, which are commonly
employed in audio generation tasks, to evaluate the high-level
perceptual quality of the reconstructed audio. FD (Fréchet
Distance) calculates the distance in features between gen-
erated samples and target samples, extracted from an audio
classifier PANNs [57]. KL (Kullback–Leibler divergence)
calculates the KL divergence of classification logits based
on PANNs. FAD (Fréchet Audio Distance) is similar to FD,
but it uses VGGish [58]. CLAP score calculates the cosine
similarity of CLAP [43] embeddings. In our experiments,
each subject is trained and tested individually, and the metrics
are averaged across subjects.
3.1.3 Comparison models
We compare the reconstruction results of three methods:
(1) The direct decoding methods, which map fMRI sig-
nals to mel-spectrograms, including a linear regression
model [14, 17–19] implemented through Ridge in sklearn, a
three-layer MLP [14, 18, 19] implemented through MLPRe-
gressor in sklearn following Bellier et al. [14], a Bidirectional
LSTM [15, 20] and a Transformer Encoder [20], both with
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the same configuration as our Transformer. (2) The fine-
grained decoding methods, which map fMRI signals to high-
dimensional intermediate features directly [3, 21, 22]. We
remove the coarse-grained decoding process of our method
and decode fMRI into the latent space of AudioMAE using the
Acoustic Decoder DAco : x 7→ c. Then the LDM G : c 7→ y

is used to reconstruct the audio. This method is called Fine-
LDM. In addition, for the Brain2Sound Dataset, codes and
checkpoints open-sourced by Park et al. [3] are utilized to
reproduce the experimental results. (3) The coarse-to-fine
decoding methods proposed by us, including C2F-Decoder,
which utilizes the AudioMAE Decoder as the generative
model (see details in Section 3.4) and C2F-LDM using the
LDM (ours).

3.1.4 Experimental setup

In the stage of coarse-grained decoding, only voxels from the
auditory cortex (AC) area are utilized for the Brain2Sound
and Brain2Speech datasets, whereas voxels from the entire
brain are utilized for the Brain2Music Dataset. The specific
brain regions and voxels can be found in Table 1.

In the stage of fine-grained decoding, we utilize a 4-layer
Transformer Encoder and Decoder in DAco and use the de-
fault configuration of AudioMAE [44], initialized with the
pretrained weights.7 The AudioMAE Encoder is a vanilla
12-layer ViT-B, while the AudioMAE Decoder is a 16-layer
Transformer with shifted local attention. Since AudioMAE
requires 10-second audios (128×1024 mel-spectrograms)
as inputs, the stimulus waveforms are duplicated to 10 sec-
onds. After encoding with the AudioMAE Encoder EA, the
embeddings of the firstNpatch patches are selected as cgt, cor-
responding to the length of the stimulus audio. Npatch is set
to 208 for the Brain2Sound Dataset, 80 for the Brain2Music
Dataset, and 112 for the Brain2Speech Dataset.

In the stage of brain-to-audio reconstruction, we fol-
low the formulation in AudioLDM2 [49] to implement
the LDM G and utilize two checkpoints8 as the initial-
ization weights: audioldm2-full for the Brain2Sound and
Brain2Music datasets, and audioldm2-speech-gigaspeech for
the Brain2Speech Dataset.

We use the AdamW [59] optimizer to train DAco and DA

with a learning rate of 1e-6, and train G with a learning rate of
1e-4. Models are trained on the Brain2Sound, Brain2Music,
and Brain2Speech datasets with a batch size of 8 for 30, 40,
and 30 epochs, respectively. All training is completed on a
single NVIDIA A100 80GB GPU.

7 https://github.com/facebookresearch/AudioMAE
8 https://github.com/haoheliu/AudioLDM2

Table 2 Reconstruction results on the three datasets. Bold indicates
the best, and underlined indicates that our method outperforms the
fine-grained decoding methods.

Model PCC↑ PSNR↑ FD↓ FAD↓ KL↓ CLAP↑
Brain2Sound Dataset [3]

LiR 0.607 17.506 105.113 40.877 4.027 0.175
MLP 0.566 17.310 98.358 38.045 4.020 0.164

BiLSTM 0.580 17.381 112.031 39.895 3.948 0.180
Transformer 0.581 17.676 104.118 39.484 3.764 0.177
Park et al. 0.394 15.406 88.456 12.694 2.251 0.268
Fine-LDM 0.376 14.624 49.827 10.803 2.895 0.265

C2F-Decoder 0.595 17.385 95.565 35.775 3.748 0.179
C2F-LDM (ours) 0.418 15.103 44.003 9.324 2.697 0.275

Brain2Music Dataset [47]
LiR 0.637 19.353 47.710 18.247 0.997 0.223

MLP 0.591 18.886 48.980 19.895 0.732 0.200
BiLSTM 0.628 19.078 57.030 22.673 1.008 0.209

Transformer 0.646 19.379 60.969 22.195 1.079 0.198
Fine-LDM 0.419 15.526 6.412 1.273 0.548 0.512

C2F-Decoder 0.643 19.478 63.039 26.053 1.191 0.195
C2F-LDM (ours) 0.454 15.883 6.102 1.504 0.520 0.530

Brain2Speech Dataset [48]
LiR 0.511 17.500 68.146 24.988 3.483 0.112

MLP 0.409 16.389 75.174 27.983 4.153 0.094
BiLSTM 0.526 17.688 92.172 33.442 4.187 0.074

Transformer 0.526 17.690 74.048 27.526 3.817 0.041
Fine-LDM 0.357 14.385 12.706 4.820 0.885 0.420

C2F-Decoder 0.518 17.495 96.032 26.917 4.278 0.077
C2F-LDM (ours) 0.393 15.260 9.726 4.623 0.616 0.471

3.2 Reconstruction results

All reconstruction results are presented in Table 2, which are
divided into three sections: direct decoding methods, fine-
grained decoding methods, and our coarse-to-fine decoding
methods. We select one representative from each section,
Linear Regression (LiR), Fine-LDM and C2F-LDM to display
the reconstructed mel-spectrograms9 in Fig. 4.

It is found that direct decoding methods, which are op-
timized based on mean squared error, can achieve higher
PCC and PSNR. However, as shown in Fig. 4, the reconstruc-
tion results are often overly smooth and lack high-frequency
details, leading to poor perceptual quality.

In contrast, the fine-grained decoding methods exhibit a
significant improvement in FD, FAD, KL, and CLAP score.
The reconstructed spectrograms contain more time-frequency
details, leading to more realistic reconstructed audios and a
preliminary reconstruction of semantics. On the other hand,
the fine-grained decoding methods fall short in terms of PCC
and PSNR. In signal generation and reconstruction, a theoret-
ical trade-off exists between perceptual quality and distortion
metrics (such as PSNR) [60]. Improving perceptual quality
often leads to lower PSNR values, and this trade-off is evident

9 The reconstructed audios can be accessed at https://neurofusex.github.io/c2f
-ldm/.

Ju
st

 A
cc

ep
te

d

https://neurofusex.github.io/c2f-ldm/
https://neurofusex.github.io/c2f-ldm/


8 C. Liu, C. Du, X. Chen, H. He

Fig. 5 PCC between the ground truth and decoded acoustic features for 17 subjects in the Brain2Sound, Brain2Music and Brain2Speech
datasets. Our coarse-to-fine method consistently outperforms the directly fine-grained method.

in our reconstruction tasks. The use of generative models
aims to achieve reasonable reconstruction accuracy while
preserving high perceptual quality. Experimental results show
that a PCC of approximately 0.4 is acceptable, considering
the balance between perceptual quality and signal fidelity.

In comparison to fine-grained decoding methods, our
coarse-to-fine approach excels in both low-level and high-
level metrics, with spectrogram details closer to the stimulus
audio. Our method achieves state-of-the-art performance in
FD, FAD, KL, and CLAP score, while also enhancing PCC
and PSNR, although it falls short of direct decoding methods.
It demonstrates that coarse-to-fine decoding can effectively
enhance the quality of reconstruction. Compared to Park
et al. [3], our method significantly improves on PCC, FD,
FAD, and CLAP score. The comparison of reconstructed
samples can be found in Section 3.3. The comparison with
C2F-Decoder can be found in Section 3.4.

We further analyze the impact of our coarse-to-fine method
on decoding the fine-grained acoustic features. We compute
the PCC between the ground truth and decoded acoustic
features for 17 subjects across the three datasets. Then we
compare the experimental results between the coarse-to-fine
decoding and the directly fine-grained decoding, with a base-
line established by directly mapping fMRI to the acoustic
features using L2-regularized Linear Regression. As shown
in Fig. 5, we visualize the interquartile range of the PCC
across all feature dimensions using boxplots, which display
the median and the first and third quartiles. Across almost all
participants, our coarse-to-fine method consistently outper-
forms the fine-grained method. It suggests that coarse-to-fine
decoding can effectively enhance the fine-grained acoustic
features widely across the participants.

Notably, Brain2Sound achieves higher PCC than
Brain2Music and Brain2Speech, which can be attributed
to both neural and statistical factors. Natural environmental

sounds evoke broader and more stable cortical activations
and exhibit greater acoustic diversity, making them easier
to decode from fMRI. In contrast, speech and music induce
more localized and rapidly varying neural responses and show
higher internal consistency with lower statistical variability,
which together make them more difficult to predict.

3.3 Comparison with Park et al.

We reproduce the experimental results of Park et al. [3]
using the features from the conv5 3 layer of VGGish-ish [27]
and voxels from the entire AC region. The results and the
comparison with our method are shown in Fig. 6.

C2F-LDM

(ours)

Park et al.

stimulus

Fig. 6 Comparison with the reconstruction results of Park et al.

3.4 Comparison with C2F-Decoder

When performing fine-grained decoding, although we use the
AudioMAE Decoder to reconstruct the mel-spectrogram, it is
not suitable to serve as the generative model for our method.
There are two main reasons for this: (1) The mel bins and win-
dow parameters of the mel-spectrograms in AudioMAE do
not align with those of commonly used pretrained Vocoders.
This mismatch prevents the generated mel-spectrograms from
being directly converted into audio. Moreover, the cost of
training a compatible Vocoder from scratch is prohibitively
high. (2) The primary task of the AudioMAE Decoder is to
predict masked patches, with a focus on low-level details of
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C2F-Decoder

C2F-LDM

(ours)

Brain2Sound Dataset Brain2Music Dataset Brain2Speech Dataset

stimulus

Fig. 7 Comparison of the reconstruction results between C2F-Decoder and C2F-LDM.

the spectrogram. This limitation leads to insufficient recon-
struction quality in terms of semantic content. In contrast, the
mel-spectrograms generated by LDM can be directly restored
to audio using the pretrained HiFiGAN [46] vocoder, and the
generated audio has richer semantic and acoustic details.

To investigate the reconstruction performance of C2F-
Decoder, we need to transform the mel-spectrograms gen-
erated by the AudioMAE Decoder, denoted as mA, into
mel-spectrograms that the Vocoder can accept, denoted as
mV . We assume that mA and mV have a linear relationship,
so we use an L2-regularized linear regression model trained
on mA and mV of the stimulus audio in the training set.
The results in the test set are as follows: PCC = 0.938 in
the Brain2Sound Dataset, PCC = 0.967 in the Brain2Music
and Brain2Speech datasets. Based on the results, we believe
that this transformation is almost lossless. As shown in Fig. 7
and Table 2, C2F-Decoder is similar to the direct decoding
methods in that they both focus on modeling the overall spec-
trograms but lack details and semantic information compared
to C2F-LDM. It demonstrates the superiority of LDM over
employing the AudioMAE Decoder directly.

3.5 Human rating

To complement the objective audio evaluation metrics, we
design a subjective human rating experiment to assess the per-
ceptual similarity between the reconstructed and the stimulus
audio. Six human raters (R1-R6) participate in the evalua-
tion. Each rater listens to the same 170 sets sampled from
three datasets (17 subjects in total, 10 random samples per
subject). Each set contains one stimulus audio together with
multiple reconstructed audios generated by different methods:
C2F-LDM, Fine-LDM, and for the Brain2Sound dataset, also
the method of Park et al. [3]. The presentation order of the
reconstructed audios in each set is fully randomized to prevent
the raters from inferring the associated reconstruction method
and to minimize potential bias.

(a) Brain2Sound Dataset

(b) Brain2Music Dataset

(c) Brain2Speech Dataset
3
.2

3
2
.9

5
2
.7

7

3
.3

3
3
.2

1
2
.7

5
2
.7

0

Fig. 8 Human rating results. Subjective scores from six human
raters for each reconstruction method across the three datasets. Our
proposed C2F-LDM achieves the highest subjective scores across
most raters.

For each set, the raters independently assess the similarity
between the stimulus audio and each reconstructed audio on
a 7-point Likert scale [61–63] (1 = completely dissimilar, 3 =
slightly similar, 5 = moderately similar, 7 = highly similar).
Different reconstructed audios within the same set may receive
identical scores when perceived equally similar.

We compute the mean subjective score for each method and
each rater across the three datasets, as shown in Fig. 8. Overall,
the scores center around 3, corresponding to a perception
of slightly similar. The proposed C2F-LDM achieves the
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***

***

**

*

*

***

(a) (b)

Fig. 9 Semantic decoding accuracy in the (a) Brain2Music and (b) Brain2Speech Dataset. The gray dashed lines represent the upper bound
of accuracy and the chance level. Significance test is performed (paired t-test, p < 0.001(***), p < 0.01(**), p < 0.05(*)).

highest rating for most raters (6/6 on Brain2Sound, 5/6 on
Brain2Music, and 4/6 on Brain2Speech). On the Brain2Sound
and Brain2Music datasets, the average subjective scores of
C2F-LDM across all raters reach 3.23 and 3.33 respectively,
whereas the score on Brain2Speech is noticeably lower at
2.75. The perceptual advantage of C2F-LDM is most evident
on Brain2Sound, where the method yields clearer semantic
content and higher audio quality. In contrast, the two methods
receive more comparable ratings on Brain2Speech, which is
related to the overall lower perceived similarity observed for
this dataset.

3.6 Semantic analysis of acoustic features

To better understand how coarse-grained semantic decoding
improves the reconstruction, we evaluate its impact on the
semantic content of decoded acoustic features. This analysis
helps reveal whether the improvement comes from enhanced
semantic information or other aspects of the acoustic features.

3.6.1 Experimental setup

It is generally believed that a representation space with strong
semantic information typically clusters samples of the same
category while separating those of different categories. There-
fore, we conduct a classification experiment using two datasets
with clear category labels, the Brain2Music Dataset (music
genres, 10 classes) and the Brain2Speech Dataset (speaker
genders, 2 classes).

Specifically for speech, we define audio semantics as high-
level vocal characteristics (e.g., timbre, emotion) rather than
transcribed content. Based on this definition, we consider
speaker gender as a semantic label for two main reasons.
From a neuroscientific perspective, gender perception en-
gages higher-order auditory regions (STG, STS) that integrate

timbre, emotion, and social cognition [64, 65]. From a model-
ing perspective, the LAION-Audio-630K dataset used to train
CLAP explicitly encodes gender information (like “Woman
saying yeah”), making gender a practical and well-supported
choice.

We perform 5-fold cross-validation on the test set, using
SVM to classify acoustic features obtained through coarse-to-
fine decoding or directly fine-grained decoding. The average
classification accuracy measures the semantic information in
the acoustic features, with identical experimental conditions
ensuring an unbiased comparison.

3.6.2 Results and analysis

Figure 9 summarizes the results. The chance levels are 0.1

and 0.5 for the two datasets, while the upper bounds are the
classification accuracies obtained on the ground truth features,
0.33 and 0.95. After introducing the coarse-grained decoding,
classification accuracy in the Brain2Music Dataset either
improves or remains stable, whereas in the Brain2Speech
Dataset some subjects show decreased accuracy.

This contrasting behavior prompts us to examine the quality
of the coarse-grained semantic features used for guidance.
When semantic features are of low quality, they might fail to
enhance semantic information in the acoustic features while
still improving other acoustic properties, resulting in better
overall reconstruction despite decreased semantic content.

3.6.3 Interpretation

To further investigate this issue, we evaluate the quality of
the coarse-grained semantic features by performing the same
SVM classification task. As shown in Fig. 9, the classification
accuracy of the decoded semantic features in the Brain2Music
Dataset is relatively high (0.257 ± 0.008, compared with an
upper bound of 0.518), whereas that in the Brain2Speech
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Fig. 10 Visualization on the space of ground truth (left) and decoded (right) semantic features on the Brain2Music Dataset.

Fig. 11 Visualization on the space of ground truth (left) and decoded (right) semantic features on the Brain2Speech Dataset. The cross
markers represent samples used as audio prompts, providing coarse-grained semantic features in the conditional reconstruction.

Dataset is poor (0.528 ± 0.000, upper bound 0.961), approach-
ing the chance level. It indicates that there is little semantic
content in the semantic features, making it nearly impossible
to differentiate speakers’ genders.

We further perform t-SNE visualization of the ground truth
and decoded semantic feature spaces, using sub-003 and
UTS05 as examples that show significant effects after incor-
porating the semantic features (Fig. 9). For the Brain2Music
Dataset, some genres like classical and jazz exhibit good de-
coding performance, while others like rock show poor decod-
ing performance, as shown in Fig. 10. For the Brain2Speech
Dataset, the semantic decoding performance is poor, and it
cannot differentiate between male and female speakers, as
shown in Fig. 11. This finding explains why the semantic
content in the acoustic features decreases for some subjects
in the Brain2Speech Dataset: when the guiding semantic fea-
tures lack clear category information, they cannot effectively
enhance the semantic aspects of the acoustic features.

In summary, our analysis reveals that the effectiveness of
coarse-to-fine decoding in enhancing semantic information

depends critically on the quality of the decoded semantic
features. When semantic features are well-structured (as in
the Brain2Music Dataset), they can enhance both semantic
and acoustic aspects of the reconstruction. However, when
semantic features are poorly decoded (as in the Brain2Speech
Dataset), the framework still improves overall reconstruction
quality by enhancing low-level acoustic properties, even
though it may not strengthen semantic information.

3.7 Conditional reconstruction results

As discussed in the previous section, the performance of
semantic decoding can occasionally be suboptimal. To ad-
dress this, in the conditional reconstruction task described
in Section 2.3, we propose using prompt-based semantic
features as coarse-grained representations, replacing the de-
coded features. We define two types of prompts: (1) Text
prompts, which specify the stimulus audio category. For the
Brain2Music Dataset, these include 10 music genres (e.g.,
pop music, rock music), while for the Brain2Speech Dataset,
they indicate the speaker’s gender (man speaking or woman
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Table 3 Conditional reconstruction results with text prompts and
audio prompts in the Brain2Music and Brain2Speech Dataset.
Pgt Prompt PCC↑ PSNR↑ FD↓ FAD↓ KL↓ CLAP↑

Brain2Music Dataset [47]

0.0
no prompt 0.442 15.827 6.121 1.606 0.520 0.527
text prompt 0.421 15.600 8.283 2.169 0.641 0.460

0.25
no prompt 0.454 15.883 6.102 1.504 0.520 0.530
text prompt 0.405 16.059 7.358 2.219 0.584 0.470

0.5
no prompt 0.422 15.466 6.587 1.341 0.536 0.513
text prompt 0.393 15.827 10.304 2.624 0.559 0.465

Brain2Speech Dataset [48]

0.0
no prompt 0.379 14.898 11.636 4.866 0.758 0.438
text prompt 0.331 14.531 10.772 5.265 0.513 0.444

audio prompt 0.315 14.543 7.160 4.148 0.430 0.481

0.25
no prompt 0.393 15.260 9.726 4.623 0.616 0.471
text prompt 0.340 14.680 9.265 4.712 0.449 0.476

audio prompt 0.300 14.434 7.722 4.383 0.416 0.491

0.5
no prompt 0.374 15.299 7.957 4.013 0.493 0.502
text prompt 0.350 14.912 6.698 5.102 0.348 0.487

audio prompt 0.303 14.401 7.129 3.930 0.398 0.486

speaking). (2) Audio prompts, where the last 10 stimulus
audio clips from two test set stories in the Brain2Speech
Dataset are used as prompts, with results averaged.

To evaluate the conditional brain-to-audio reconstruction,
we test the hyperparameterPgt mentioned in Section 2.1.2 un-
der three conditions: Pgt = 0.0, 0.25 and 0.5. The results are
shown in Table 3. We observe that incorporating ground truth
semantic features during training improves brain-to-audio re-
construction, but higher Pgt values do not always yield better
results. For example, across the two datasets, all reported met-
rics are higher at Pgt = 0.25 than at Pgt = 0.0, confirming
the benefit of limited ground truth guidance. However, further
increasing Pgt to 0.5 leads to a decline in several metrics,
such as PCC and the perceptual metrics on the Brain2Music
Dataset. Since fMRI data is used exclusively during testing,
excessively high Pgt creates a mismatch between training and
testing, reducing reconstruction accuracy. Considering both
datasets and all metrics, Pgt = 0.25 achieves the best over-
all performance and stability, and is adopted as the optimal
setting.

For the Brain2Music Dataset, we observe a decrease in
high-level metrics after incorporating text prompts. This un-
expected result can be explained by two factors: (1) The
simple genre labels may not capture the rich semantic vari-
ations within each music category, and (2) Using identical
semantic features for all samples within the same genre
eliminates sample-specific semantic information that was
previously well-preserved by the decoded semantic features,
according to Section 3.6. This loss of semantic specificity
particularly affects the reconstruction quality at the semantic
level. In contrast, the semantic decoding performs poorly in

the Brain2Speech Dataset, so the introduction of both text
prompts and audio prompts can significantly enhance the
semantics of the reconstructed audio.

In summary, our conditional reconstruction experiments
demonstrate that external semantic guidance can be an effec-
tive alternative when decoded semantic features are unreliable.
However, the choice of semantic guidance should be care-
fully considered. While simple category-level prompts may
suffice for datasets with poor semantic decoding, more de-
tailed semantic representations may be necessary for datasets
where fine-grained semantic information is important for
high-quality reconstruction.

4 Limitations and Future Works
Temporal resolution. Given the advantages of high spatial
resolution and high signal-to-noise ratio in non-invasive
neural signals, fMRI has been commonly employed in the
field of neural encoding and decoding. Research [13] has
confirmed that the reconstruction from the BOLD response
(TR=2.6s) can exhibit a temporal specificity of about 200 ms,
sufficient for capturing essential auditory semantics. Since
then, numerous works [3, 13, 16] and datasets [3, 47, 48, 66,
67] have emerged to support research on fMRI-to-audio tasks.
However, the limited temporal resolution of fMRI consistently
hampers the temporal decoding of audio. The aim of this
study is to further enhance reconstruction performance from
a neuroscientific perspective. To make a breakthrough in
temporal decoding, it is imperative to leverage other neural
signals with high temporal resolution, such as EEG and MEG.

It is worth noting that our hierarchical coarse-to-fine archi-
tecture is well suited for modality transfer beyond fMRI. The
semantic representations are low-dimensional and relatively
robust to noise and sparse spatial sampling, which helps
maintain stable latent estimation across different neural sig-
nals. In addition, modality-specific adaptations such as source
localization, spatial filtering, and region-informed channel
pooling can enhance the extraction of auditory-related spatial
information and support semantic decoding. Moreover, the
higher temporal precision of EEG or MEG can be exploited by
adjusting the acoustic decoder to capture rapid temporal dy-
namics while maintaining sufficient spectral resolution. These
properties indicate that the proposed framework provides a
feasible foundation for extending brain-to-audio reconstruc-
tion to neural modalities with higher temporal resolution.

Model and voxel selection. The main purpose of this article
is to illustrate the superiority of hierarchical decoding over
direct decoding. Therefore, we build a generic brain-to-audio

Ju
st

 A
cc

ep
te

d
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framework, selecting the most suitable models, CLAP and
AudioMAE, without comparing them to other representa-
tion models. In the future, we will explore both model-level
improvements and data-centric enhancements, such as incor-
porating more balanced or attribute-enriched training data,
to further improve reconstruction performance within this
framework. Furthermore, we utilize all the voxels of the audi-
tory cortex (AC) in our work. However, there are gradients in
the voxels of different brain regions within the AC [23, 25, 26].
In the future, we plan to consider the gradients of voxels to
further enhance the hierarchy of information processing.

5 Conclusion
In this paper, we propose a novel coarse-to-fine framework
for audio reconstruction from fMRI that reverses the hier-
archical processing pathway of the human auditory system.
Comprehensive experiments demonstrate that our decoding
strategy significantly outperforms traditional fine-grained
approaches, achieving state-of-the-art results on multiple
evaluation metrics. Our findings underscore the value of in-
corporating neuroscientific principles into technical solutions,
suggesting that mimicking biological processing pathways
can lead to more effective neural decoding methods.
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[40] U. Güçlü, J. Thielen, M. Hanke, and M. Van Gerven, Brains
on beats, Advances in Neural Information Processing Systems,
vol. 29, 2016.

[41] A. R. Vaidya, S. Jain, and A. Huth, Self-supervised models of
audio effectively explain human cortical responses to speech,
in International Conference on Machine Learning, 2022, pp.
21 927–21 944.

[42] J. Millet, C. Caucheteux, Y. Boubenec, A. Gramfort, E. Dunbar,
C. Pallier, J.-R. King et al., Toward a realistic model of speech
processing in the brain with self-supervised learning, Advances
in Neural Information Processing Systems, vol. 35, pp. 33 428–
33 443, 2022.

[43] Y. Wu, K. Chen, T. Zhang, Y. Hui, T. Berg-Kirkpatrick, and
S. Dubnov, Large-scale contrastive language-audio pretraining
with feature fusion and keyword-to-caption augmentation,
in ICASSP 2023-2023 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP). IEEE,
2023, pp. 1–5.

[44] P.-Y. Huang, H. Xu, J. Li, A. Baevski, M. Auli, W. Galuba,
F. Metze, and C. Feichtenhofer, Masked autoencoders that

Ju
st

 A
cc

ep
te

d



Reverse the auditory processing pathway: Coarse-to-fine audio reconstruction from human brain activity 15

listen, Advances in Neural Information Processing Systems,
vol. 35, pp. 28 708–28 720, 2022.

[45] R. Rombach, A. Blattmann, D. Lorenz, P. Esser, and B. Ommer,
High-resolution image synthesis with latent diffusion models,
in Proceedings of the IEEE/CVF conference on computer
vision and pattern recognition, 2022, pp. 10 684–10 695.

[46] J. Kong, J. Kim, and J. Bae, Hifi-gan: Generative adversarial
networks for efficient and high fidelity speech synthesis, Ad-
vances in neural information processing systems, vol. 33, pp.
17 022–17 033, 2020.

[47] T. Nakai, N. Koide-Majima, and S. Nishimoto, Music genre
neuroimaging dataset, Data in Brief, vol. 40, p. 107675, 2022.

[48] A. LeBel, L. Wagner, S. Jain, A. Adhikari-Desai, B. Gupta,
A. Morgenthal, J. Tang, L. Xu, and A. G. Huth, A natural
language fmri dataset for voxelwise encoding models, Scientific
Data, vol. 10, no. 1, p. 555, 2023.

[49] H. Liu, Y. Yuan, X. Liu, X. Mei, Q. Kong, Q. Tian, Y. Wang,
W. Wang, Y. Wang, and M. D. Plumbley, Audioldm 2: Learning
holistic audio generation with self-supervised pretraining,
IEEE/ACM Transactions on Audio, Speech, and Language
Processing, vol. 32, pp. 2871–2883, 2024.

[50] J. F. Gemmeke, D. P. Ellis, D. Freedman, A. Jansen,
W. Lawrence, R. C. Moore, M. Plakal, and M. Ritter, Audio
set: An ontology and human-labeled dataset for audio events,
in 2017 IEEE international conference on acoustics, speech
and signal processing (ICASSP). IEEE, 2017, pp. 776–780.

[51] D. Povey, A. Ghoshal, G. Boulianne, L. Burget, O. Glembek,
N. Goel, M. Hannemann, P. Motlicek, Y. Qian, P. Schwarz
et al., The kaldi speech recognition toolkit, in IEEE 2011
workshop on automatic speech recognition and understanding.
IEEE Signal Processing Society, 2011.

[52] H. Liu, Z. Chen, Y. Yuan, X. Mei, X. Liu, D. Mandic, W. Wang,
and M. D. Plumbley, Audioldm: Text-to-audio generation
with latent diffusion models, in International Conference on
Machine Learning, 2023, pp. 21 450–21 474.

[53] Z. Liu, Y. Guo, and K. Yu, Diffvoice: Text-to-speech with latent
diffusion, in ICASSP 2023-2023 IEEE International Confer-
ence on Acoustics, Speech and Signal Processing (ICASSP).
IEEE, 2023, pp. 1–5.

[54] J. Ho, A. Jain, and P. Abbeel, Denoising diffusion probabilistic
models, Advances in neural information processing systems,
vol. 33, pp. 6840–6851, 2020.

[55] H. Chen, W. Xie, A. Vedaldi, and A. Zisserman, Vggsound: A
large-scale audio-visual dataset, in ICASSP 2020-2020 IEEE
International Conference on Acoustics, Speech and Signal
Processing (ICASSP). IEEE, 2020, pp. 721–725.

[56] G. Tzanetakis and P. Cook, Musical genre classification of
audio signals, IEEE Transactions on speech and audio pro-
cessing, vol. 10, no. 5, pp. 293–302, 2002.

[57] Q. Kong, Y. Cao, T. Iqbal, Y. Wang, W. Wang, and M. D.
Plumbley, Panns: Large-scale pretrained audio neural networks
for audio pattern recognition, IEEE/ACM Transactions on

Audio, Speech, and Language Processing, vol. 28, pp. 2880–
2894, 2020.

[58] K. Kilgour, M. Zuluaga, D. Roblek, and M. Sharifi, Fréchet
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