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Abstract

Reconstruction of perceptual experiences from brain activity offers a unique win-
dow into how population neural responses represent sensory information. Although
decoding visual content from functional MRI (fMRI) has seen significant success,
reconstructing arbitrary sounds remains challenging due to the fine temporal struc-
ture of auditory signals and the coarse temporal resolution of fMRI. Drawing on the
hierarchical auditory features of deep neural networks (DNNs) with progressively
larger time windows and their neural activity correspondence, we introduce a method
for sound reconstruction that integrates brain decoding of DNN features and an
audio-generative model. DNN features decoded from auditory cortical activity out-
performed spectrotemporal and modulation-based features, enabling perceptually
plausible reconstructions across diverse sound categories. Behavioral evaluations
and objective measures confirmed that these reconstructions preserved short-term
spectral and perceptual properties, capturing the characteristic timbre of speech,
animal calls, and musical instruments, while the reconstructed sounds did not repro-
duce longer temporal sequences with fidelity. Leave-category-out analyses indicated
that the method generalizes across sound categories. Reconstructions at higher DNN
layers and from early auditory regions revealed distinct contributions to decoding
performance. Applying the model to a selective auditory attention (“cocktail party”)
task further showed that reconstructions reflected the attended sound more strongly
than the unattended one in some of the subjects. Despite its inability to reconstruct
exact temporal sequences, which may reflect the limited temporal resolution of fMRI,
our framework demonstrates the feasibility of mapping brain activity to auditory expe-
riences—a step toward more comprehensive understanding and reconstruction of
internal auditory representations.
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Introduction

Reconstructing perceptual content from brain activity allows us to explore how a
neural population represents a coherent experience, not just isolated sensory fea-
tures, revealing characteristics of stimulus coding, sensory processing, and top-
down influences [1,2]. Recent advances in machine learning-based neuroimaging
analysis have made it possible to decode visual content from functional MRI (fMRI)
responses, allowing researchers to infer not only what individuals see [1] but also
imagine [3,4] and dream [5]. Building upon these decoding approaches, recent stud-
ies have further succeeded in reconstructing visual images from brain activity [6,7].
However, while these approaches excel in the visual domain, their direct transfer to
the auditory domain faces distinct challenges stemming from the richly varying tem-
poral structure of sound and the coarse temporal sampling of fMRI.

Although various decoding strategies have been applied to the auditory system
[8,9], reconstructing arbitrary sounds is more demanding than decoding images. This
difficulty reflects the diversity and rapid temporal changes of natural sounds, which
fMRI cannot fully capture. Consequently, many existing fMRI-based studies have
focused on classification of simpler acoustic [10] or decoding of linguistic elements
rather than full-scale sound reconstruction [11].

Other neuroimaging modalities, such as electroencephalography (EEG) and mag-
netoencephalography (MEG), do offer high temporal resolution but reduced spatial
precision. While these techniques have enabled decoding of simpler or predefined
speech segments [11—13], these methods remain constrained, and the lack of robust
generative approaches underscores the current difficulty of capturing the full spec-
trotemporal complexity of natural sounds. Invasive recordings, such as intracranial
electrodes, can capture both high temporal and spatial resolutions to decode overt
and imagined speech [14,15] and reconstruct speech from the nonprimary auditory
cortex (AC) [16]. Building on this foundation, recent studies have leveraged advanced
machine learning models to reconstruct speech from the AC [17,18] and motor cortex
[19,20], as well as songs [21]. Despite these advances, the broader applicability
of invasive approaches remains limited due to their clinical constraints and lack of
scalability.

To address these constraints, recent research has shifted toward reconstructing
unconstrained auditory signals from fMRI data using feature representations, thereby
eliminating the need for precise temporal alignment between neural recordings and
auditory stimuli. Santoro and colleagues [22] demonstrated that the spatial patterns
in fMRI could compensate for its limited temporal resolution, enabling the prediction
of detailed temporal aspects of auditory features. They devised a computational
model that incorporates many multivariate decoders to estimate spectral-temporal
modulation features derived from 7 T fMRI activation patterns. Notably, these trained
decoders successfully decoded fine modulation fluctuations within the broad temporal
intervals of fMRI scans. However, despite these advancements, the reconstructed
sounds from the decoded features lacked complex spectrotemporal patterns. This
limitation resulted in temporally smoothed reconstructions that posed significant rec-
ognition challenges for human listeners.
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An emerging line of research in sensory neuroscience has focused on leveraging representations learned by deep
neural networks (DNNs) to explore parallels between artificial models and the brain’s auditory processing. The hierarchi-
cal organization of DNNs, resembling that of biological sensory systems, has contributed to the rise of NeuroAl—a field
that integrates artificial and biological neural networks to investigate brain function. Encoding studies have shown that
DNN features can predict neural responses, providing insight into hierarchical auditory processing. Kell and colleagues
[23] developed a DNN model reflecting the hierarchical structure of the human auditory pathway, showing that early AC
responses aligned with lower DNN layers, while non-primary regions corresponded to higher, task-specific layers. How-
ever, such parallels are not universal, as encoding performance depends on model architecture and training objectives
[24]. Giordano and colleagues [25] further demonstrated that intermediate DNN layers outperformed acoustic and seman-
tic models in predicting neural and behavioral responses to natural sounds. These encoding studies lay the groundwork
for decoding approaches, which reconstruct stimuli from brain activity and provide complementary perspectives on audi-
tory representation. Investigating reconstruction fidelity across auditory regions further clarifies their distinct contributions
to sound perception and neural coding.

Building on these insights, we hypothesize that hierarchical DNN features—derived from models designed to mimic
the organization of the human auditory pathway—can support perceptually reliable sound reconstructions, even without
precise temporal alignment between neural responses and auditory stimuli. To test this, we use a convolutional neural net-
work (CNN) model optimized for sound recognition to extract the DNN features that encode acoustic information across
multiple temporal and spectral scales (Fig 1A). These high-level features, which integrate information over broad recep-
tive fields, allow us to reconstruct sounds from fMRI responses without relying on exact timing correspondence between
neural activity and auditory input. To evaluate whether these features are explicitly represented in fMRI responses, we
employed a linear decoding approach. This strategy tests whether information can be directly extracted from localized
neural activity using linear transformations alone, providing a conservative estimate of representational content. A critical
component of the sound reconstruction involves converting the decoded DNN features into audio. To achieve this, we
train an audio generator composed of interconnected models to convert decoded DNN features into spectrograms and
transform the spectrograms into audio waveforms. Once trained, we apply the complete pipeline, where fMRI responses
are decoded into DNN features and processed by the audio generator, thereby completing the reconstruction from brain
activity to sound (Fig 1B).
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Fig 1. Schematic overview of the proposed sound reconstruction pipeline. (A) DNN feature extraction from sound. A deep neural network (DNN)
extracts auditory features at multiple levels of complexity using a hierarchical framework. (B) Sound reconstruction. The reconstruction pipeline starts
by decoding DNN features from fMRI responses using trained brain decoders. The audio generator then transforms these decoded features into the
reconstructed sound.
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Our analyses provide several key findings that collectively validate the proposed reconstruction framework. First, we
demonstrate that DNN features can be decoded from fMRI responses with greater accuracy than traditional spectrotem-
poral features. Using these decoded features, an audio generator reconstructs perceptually plausible sounds, as con-
firmed by both human ratings and quantitative feature analyses. These results indicate that high-level DNN features with
broad receptive fields enable sound reconstruction from fMRI without requiring precise temporal alignment. However,
while the reconstructed sounds from fMRI responses preserve perceptual characteristics, they are limited in capturing
long temporal sequences. To examine the extent of temporal preservation, we analyze reconstructions using temporally
disrupted stimuli and found that short-term spectral patterns are retained, whereas longer temporal structures are not fully
reconstructed. In addition, leave-category-out analyses demonstrate that the brain decoder generalizes across sound
categories, maintaining robust performance even for previously unseen categories. Further comparisons across auditory
regions and DNN layers highlight their respective contributions to reconstruction fidelity. Finally, as part of an experimen-
tal extension, we apply our model to a “cocktail party” scenario to examine its capability to reconstruct a focused sound
amidst competing auditory stimuli.

Results

We conducted fMRI experiments on five healthy subjects (S1-S5) to investigate neural responses to natural sound stim-
uli. Data from S1 were used for exploratory analysis to establish the reconstruction pipeline and optimize parameters. The
remaining four subjects then independently validated the results using the finalized analysis settings determined from S1.
Each subject underwent whole-brain fMRI scans (TR=2 s) while listening to 8-s excerpts of natural sounds (10-s for S1).
For the training dataset, we presented 1,200 natural sound stimuli spanning diverse and mixed sound categories, each
repeated four times (Fig 2A). For the test dataset, we selected 50 natural sounds categorized into human speech, animal
sounds, musical instruments, and environmental sounds based on prior research [26] (Fig 2B and 2C). Each test stimu-
lus exclusively represented a single category. The sound stimuli used for fMRI recordings were distinct from those in the
DNNs and generator model training dataset (see “Materials and methods: Stimuli”).

Data samples for machine learning analyses were created by pairing sound segments and the fMRI responses in
the auditory cortical areas. To augment the number of data samples, each 8-s sound stimulus was divided into three
overlapping 4-s windows (Fig 2D). Each 4-s window was matched to the average of three fMRI volumes recorded 2-8 s
after stimulus onset, thereby discarding any internal temporal sequence within the window. This approach increased the
number of training samples to 14,400 (1,200 stimuli x 4 repetitions x 3 samples =14,400). For testing, each stimulus was
presented eight times, with analyses performed on either single-trial data or 8-trial averages to enhance the signal-to-
noise ratio (SNR). The primary results shown here use the 8-trial-averaged samples (50 stimulix 3 samples=150) while
single-trial results are shown in additional analyses. Although using overlapping time windows improves decoding perfor-
mance by augmenting training data size, it also introduces dependence among the three samples within each 8-s stimulus
block. To ensure statistical independence, prediction accuracies from each window were first obtained and then averaged,
yielding 50 independent test data points (see “Materials and methods: fMRI preprocessing and data sample construc-
tion”). Neural activity was examined across 13 auditory cortical regions, as defined by the Human Connectome Project
(HCP) [27]. To delineate a broader AC, we combined responses from all 13 regions of interest (ROIs) (Fig 2E).

Brain decoding of auditory features

We first conducted feature decoding analysis using DNN features extracted from auditory stimuli using VGGish-ish [28], a
CNN optimized for sound recognition. These features, which served as decoding targets, encapsulated acoustic informa-
tion across multiple temporal and spectral scales, ranging from fine spectrotemporal details to broader acoustic structures.
Based on preliminary results, we selected the Conv5 layer—the highest convolutional layer—as the primary decoding
target, as it encodes high-level auditory representations. For each subject, we trained a brain decoder to predict individual
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Fig 2. Sound stimuli and brain data. (A) Training dataset. Waveform examples and category labels are displayed, with each category—human
speech, animal sounds, musical instruments, and environmental sounds—represented in distinct colors. (B) Test dataset. Examples selected from each
of the four categories are shown, with corresponding waveforms and labels. (C) Examples of spectrograms from the test dataset. One example from
each category is displayed. (D) Data samples for machine learning analyses. Each 8-s sound stimulus is divided into three overlapping 4-s windows,
and corresponding fMRI responses (3 volumes) are averaged within each window to create data samples. Single-trial f/MRI volumes are used for training
data, while test data utilize either single-trial volumes or volumes averaged across eight repetitions. (E) Definition of auditory cortex (AC). The AC, out-
lined by blue lines, is delineated as a combination of two regions: the early auditory cortex, shown in brown, and the auditory association cortex, shown
in orange.

https://doi.org/10.1371/journal.pbio.3003293.9002
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DNN features from voxel patterns of fMRI responses using L2-regularized linear regression. The trained model was applied
to decode the DNN features of test samples, and the decoding performance was evaluated by calculating profile correla-
tions and assessing the ability of decoded features to identify the perceived sounds within the test set (Fig 3A). To assess
whether the network’s hierarchical structure alone could explain the observed decoding performance, we compared results
using DNN features from an untrained model. Furthermore, we compared the results with those of traditional auditory fea-
tures, such as spectrogram and spectrotemporal modulation features, to assess their relative strengths and limitations.

We first evaluated decoding performance by calculating the Pearson correlation between the true and decoded feature
values for each unit of DNN features across the test samples (profile correlation; Fig 3B). To assess overall performance, the
correlation coefficients were averaged across units within each feature type or layer. As shown in Fig 3C, profile correlations
computed from the AC are consistently positive across all subjects and auditory features, indicating effective decoding. We
also found that the trained DNN consistently exhibited higher correlations across subjects compared to the untrained model,
highlighting the advantages of task-specific training. To validate that these correlations reflect meaningful relationships rather
than chance-level similarity, baseline profile correlations were also computed between randomly selected pairs of natural
stimuli. The resulting baseline values were close to zero, confirming that the observed profile correlations are not attributable
to statistical bias. However, because feature dimensionality and distribution vary across feature types, direct numerical com-
parisons of profile correlation values across feature types should be interpreted with caution.

To compare the utility of different types of decoded auditory features, we conducted an identification analysis to deter-
mine whether the decoded features could reliably identify the perceived stimuli within the test set. This analysis was
performed pairwise, comparing each decoded feature vector to two candidate vectors: one representing the true sound
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Fig 3. Feature decoding analysis. (A) DNN feature decoding and evaluation. Decoders are trained to predict DNN features from voxel patterns of fMRI
responses. Decoding performance is assessed by evaluating the ability of the decoded features to identify perceived sounds from the test set. (B) Exam-
ple of true and decoded features for a DNN feature unit. The graph displays the true and decoded values for a single DNN feature unit across 50 test
stimuli. This unit (#21060) was from the Conv5 layer of the VGGish-ish model (ROI: AC). (C) Profile correlation of decoded auditory features. Each bar
represents the mean profile correlation, with distinct colors indicating different subjects. Error bars denote the 95% confidence interval (Cl). (D) Identifi-
cation accuracy for decoded auditory features. Each bar represents the mean identification accuracy across 50 test stimuli, with error bars denoting the
95% CI. Although Pearson correlation was used as the primary evaluation metric, similar results were confirmed when applying Spearman correlation as
an alternative measure for both profile correlation and identification accuracy. The data underlying this figure are provided in S1 and S2 Data.

https://doi.org/10.1371/journal.pbio.3003293.9003
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and the other a lure candidate systematically selected one by one from the remaining 49 test stimuli. Decoded features
were compared with the features from the true sound and those from a lure candidate based on Pearson correlation. If the
correlation between decoded features and the features of the true sound was higher than that of a lure candidate, the pair
was considered correctly identified. Each decoded feature was evaluated using 49 identification pairs, ensuring that each
lure candidate was used once. Identification accuracy was defined as the proportion of correctly identified pairs.

Decoded DNN features from the AC consistently achieved accuracies exceeding 80% across subjects (for S1-S5,
80.8% with 95% CI [76.4, 85.3], 80.7 [76.4, 85.1], 83.1 [79.1, 87.1], 82.9 [78.7, 87.0], and 81.7 [77.3, 86.2], respectively;
Fig 3D). While accuracies for decoded DNN features derived from an untrained model and decoded spectrograms were
slightly above chance, those derived from modulation features reached 70% (for S1-S5, 70.9% with 95% CI [65.2, 76.5],
67.8 [61.2, 74.3], 73.1[67.2, 79.0], 73.0 [67.3, 78.7], and 73.4 [67.5, 79.3], respectively). These results demonstrate the
robustness of DNN features and their superior predictive capability in decoding auditory features, consistent with earlier
encoding analyses [24].

For spectrogram features, we observed a discrepancy between profile correlation and identification accuracy: despite
high profile correlations, identification accuracy remained low. This suggests that while decoded spectrograms captured
common pixel variations, they failed to encode the distinct stimulus features necessary for accurate identification. This
aligns with previous studies using direct regression to decode spectrograms from neuroimaging data, where decoded
spectrograms exhibited a non-specific broadband component, resulting in overly smoothed patterns lacking fine-grained
detail for reliable identification [29].

Sound reconstruction

We developed a multi-stage audio generator to reconstruct sounds from the decoded features (Fig 4A). The system
integrates three key components: an audio transformer, a codebook decoder, and a vocoder. Central to this architecture
is a codebook system that creates efficient, compressed representations of spectrograms (S1 Fig) [28]. The codebook
functions as a learned dictionary where each entry corresponds to a distinct spectrotemporal pattern derived from training
data. The system processes spectrograms by dividing them into patches and mapping each patch to its nearest codebook
entry, effectively reducing complex spectral data to a sequence of discrete indices while preserving essential acoustic
information. For implementing this approach, we utilized the SpecVQGAN model [28] to encode and reconstruct spectro-
gram segments through codebook indices.

In this framework, the audio transformer bridges the gap between the decoded DNN features and codebook represen-
tations, employing autoregressive generation [30,31] to sequentially predict codebook indices across both temporal and
spectral dimensions. These indices are then passed to the codebook decoder, which reconstructs the spectrogram from
the discrete representation. The final component, a spectrogram vocoder, converts the reconstructed spectrogram into
an audible waveform, completing the fMRI-to-sound reconstruction pipeline (Fig 4B; see “Materials and methods: Recon-
struction pipelines”). To verify the pipeline’s effectiveness, we conducted a recovery test by reconstructing sounds from
the original DNN features of the stimuli (Fig 4B).

Fig 4C presents reconstructed spectrograms generated from brain-decoded DNN features, alongside reference spec-
trograms recovered from the corresponding true DNN features. The reconstructions from true DNN features (second row)
exhibit high fidelity in both spectral and temporal domains, with only minimal noise artifacts compared to the original stim-
uli. This validates both the DNN features’ capacity to encode acoustic patterns and the generator’s ability to accurately
reconstruct sounds when given precisely decoded features.

Individual subject reconstructions (rows three to seven; audio examples available in S1 Movie) reveal how the model
captures distinct acoustic signatures across various sound categories. Animal sounds (first column) maintain their charac-
teristic spectral patterns, while speech segments (second and third columns) preserve the harmonic structures typical of
human vocalization, clearly distinguishing them from other acoustic categories. However, reconstructing long sequences
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watch?v=kNSseidxFJU). The top row shows the original spectrograms of the stimulus sounds. The second row displays the recovered spectrograms
using true DNN features. The following five rows present reconstructed spectrograms derived for each subject. (D) Identification accuracy of recon-
structed sounds based on behavioral evaluation. Bars represent the mean accuracies of pairwise identification evaluations, averaged across samples
for evaluation pairs. Error bars indicate the 95% Cl, calculated from 50 data points. For category-specific analyses, 20 data points were used for speech
and 10 data points for the other categories. (E) Acoustic features. Three key acoustic features are evaluated: the Fundamental Frequency (FO0), the
Spectral Centroid (SC), and the harmonic-to-noise ratio (HNR). (F) Evaluation of reconstructed sounds based on objective feature-based measures. (G)
Similarity of evaluation metrics with human ratings. The similarity between identification accuracy from human ratings and an objective evaluation metric
is assessed using Pearson correlation across the identification accuracy of 50 reconstructed data points. Each dot represents a subject, and the bars
indicate the mean across five subjects. The data underlying this figure are provided in S2 Data.

https://doi.org/10.1371/journal.pbio.3003293.9004

of temporal information, such as speech onset and offset timing, remains challenging. Musical excerpts (fourth column)
retain their complex spectral patterns across broad frequency ranges, but the lack of precise timing details, such as
rhythm, results in a smeared time span, causing multiple instrumental sounds to become texturally merged. Environ-
mental sounds (final two columns) maintain their unique spectrotemporal characteristics, reflecting the original acoustic
properties.

As demonstrated in S1 Movie, the reconstructed audio examples preserve the quality of original sounds, though
lengthy sequences and specific content (such as speech and musical passages) remain challenging to recognize. Never-
theless, each reconstruction captures the distinctive acoustic qualities of its corresponding stimulus, showing consistent
performance across both subjects and sound categories.

To evaluate reconstruction quality, we conducted a behavioral rating experiment using a pairwise identification task
(S2 Fig; see “Materials and methods: Identification by human raters”). Human raters listened to a reconstructed sound
alongside two candidate sounds: the original stimulus and a randomly selected alternative from the test set. Raters were
asked to identify which candidate sound more closely matched the reconstruction. The task included comparisons both
within and across stimulus categories, with reconstruction accuracy measured as the percentage of correct identifications
across all candidate pairs. A group of 17 raters participated in the evaluation, assessing each reconstructed sound against
its designated candidate pairs. For each subject’s reconstructions, we computed the mean accuracy and confidence inter-
val based on the 50 data points, corresponding to the number of test stimuli.

Identification accuracy was consistently higher than chance across all subjects (for S1-S5, 89.2% with 95% CI [84.6,
93.8], 83.6 [79.3, 87.9], 90.4 [86.7, 94.2], 86.8 [81.7, 91.9], and 90.4 [86.7, 94.2], respectively; Fig 4D). To further examine
performance across categories, we conducted category-specific analyses in which identification scores were calculated
by averaging across both within-category and across-category trials. This analysis revealed that three subjects achieved
mean identification accuracies above 90% for the Animal category, all subjects scored over 80% for Speech, four subjects
exceeded 90% for Music, and all subjects scored above 85% for Environment. These results demonstrate that the recon-
structed sounds closely aligned with human auditory perception.

To evaluate the objective quality of reconstructed sounds, we performed a pairwise identification analysis using fea-
tures extracted from the reconstructions. This analysis compares the extracted features of a reconstructed sound with
those of the true spectrogram and those of a lure spectrogram. We assessed multiple feature types: raw spectrogram
pixels, hierarchical features from an independent sound DNN (Melception classifier [28]), and standard acoustic metrics
including fundamental frequency (F0), spectral centroid (SC), and harmonic-to-noise ratio (HNR), as shown in Fig 4E.
Following the same approach used in feature decoding analysis, we used 49 identification pairs for each reconstructed
sound, each consisting of the original stimulus and a lure candidate selected from the remaining test stimuli. Identification
accuracy was calculated as the percentage of pairs where the reconstructed sound showed higher Pearson correlation to
its original stimulus than to a lure candidate (see “Materials and methods: Evaluation of reconstructed sounds”).

The evaluation results across these multiple quantitative measures are shown in Fig 4F. Analysis of spectrogram pixel
values revealed above-chance identification accuracies across all subjects (for S1-S5, 67.1% with 95% CI [60.8, 73.5],
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68.7 [62.3, 75.1], 70.5 [64.3, 76.7], 66.1 [59.5, 72.7], and 69.7 [63.6, 75.9], respectively), indicating preservation of raw
acoustic features. Hierarchical features from an independent sound DNN demonstrated improved accuracy compared to
pixel-based measures, with performance increasing at higher hierarchical stages. At the hierarchical stage 6 (category
layer), all subjects achieved mean identification accuracies exceeding 85% (for S1-S5, 86.8% with 95% CI [83.9, 89.6],
86.2 [82.8, 89.5], 88.0 [84.8, 91.3], 86.5 [83.1, 89.6], and 87.5 [83.9, 91.1], respectively). The standard acoustic features
showed identification accuracies comparable to spectrogram pixel analysis, with mean accuracies around 70% for FO and
SC, and 60% for HNR.

To better understand the relationship between human perception and objective feature-based measures, we analyzed
correlations between identification accuracies derived from human judgments and those from objective feature compari-
sons across all reconstructions (Fig 4G). The analysis revealed that intermediate and higher hierarchical stages showed
higher correlations with human ratings. Notably, the intermediate hierarchical stage 4 demonstrated the strongest correla-
tion with human judgments.

Additionally, we compared the results with those of different model pipelines. The conventional pipelines, which con-
verted brain activity into spectrograms through either direct pixel prediction or modulation features, produced smoothed
patterns that poorly resembled the original spectrogram (S3 Fig and S2 Movie). Replacing only DNN features with spec-
trogram and modulation features while keeping other parts of our current pipeline fixed still resulted in poor performance
(S4 Fig and S3 Movie). An ablation analysis, excluding either DNN features or the audio generator component from our
full pipeline demonstrated that both components are necessary for optimal performance (S5 Fig and S4 Movie).

We also conducted within-category identification analysis, where candidate pairs were selected from the same stimulus
category (S6 Fig). Human rating results indicate that within-category identification was generally feasible for animal and
environmental sounds, but less consistent for speech and music, suggesting variability in reconstruction quality across
subjects. A similar pattern was observed in the objective evaluation: reconstructions of animal and environmental sounds
successfully distinguished true stimuli from lure candidates, while those of speech and music showed lower identification
accuracy, reflecting a lack of fine acoustic detail necessary for within-category discrimination.

Although the primary focus of our analysis was on trial-averaged test samples, we also evaluated reconstructions
generated from single-trial fMRI data. As shown in S7A Fig and S5 Movie, single-trial reconstructions exhibited more noise
than trial-averaged but still retained spectral and temporal patterns. While their performance was lower than trial-averaged
reconstructions, quantitative analysis (S7B Fig) confirmed that our model remains viable for achieving reasonable sound
reconstruction even with single-trial f/MRI samples.

Temporal structure of reconstructed sounds

Reconstruction results (Fig 4C and S1 Movie) reveal that while the reconstructed sounds are perceptually similar to the
original stimuli, they exhibit a textured quality that limits the differentiation of fine semantic and temporal structures. To
investigate the temporal features preserved in the reconstructed sounds, we performed identification analyses using stim-
uli with disrupted temporal information.

First, we examined whether the reconstructed sounds retained only perceptually similar temporal homogeneity by
comparing them to sound textures derived from the time-averaged statistics of the original stimuli (Fig 5A; Fig 5B provides
an example of textured stimuli). In this identification task, the extracted features of a reconstructed sound were compared
with those of two candidates: the textured true sound and an original lure candidate systematically selected from the
remaining 49 test stimuli. A total of 49 evaluations were performed for each reconstructed sound.

The results show that reconstructed sounds performed worse in pixel-level and lower hierarchical stages compared
to the original stimuli when evaluated against textured sounds (Fig 5C; see S8 Fig for subject-specific results). However,
at the hierarchical stage 4, which aligns closely with human ratings, performance remained largely unaffected. In con-
trast, performance at the highest hierarchical stage 6 (category layer) declined, likely due to the difficulty of distinguishing
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shuffled stimuli. (D) Identification analysis is performed between the true or shuffled true stimuli and lure candidates using extracted features. (E) The
first row depicts the original spectrograms of the stimulus sounds, and the second row presents examples of temporally shuffled stimuli. Here, spectro-
grams are divided into equal-sized time windows (e.g., 48 ms), and the segments are randomly shuffled to introduce temporal perturbations. (F) Each
panel shows the identification accuracy for individual subjects. The bars represent the mean identification accuracy for various segment sizes, with
different colors indicating specific segment sizes. The data underlying this figure are provided in S2 Data.

https://doi.org/10.1371/journal.pbio.3003293.9005

sounds with similar temporal homogeneity within the same category. These findings suggest that reconstructed sounds
retain temporal information beyond simple time-averaged statistics, as evidenced by reduced performance at lower hierar-
chical stages and stable performance at higher hierarchical stages.

To further investigate the preservation of temporal structure in reconstructed sounds, we performed an identifi-
cation analysis using perturbed versions of the original stimuli. We divided the spectrograms of the original sounds
into equal-sized time windows and randomly shuffled the segments to introduce temporal disruptions (Fig 5D and
5E). To investigate the effect of temporal resolution, we repeated the analysis using several different window sizes.
This analysis assessed whether reconstructed sounds could correctly identify the temporally shuffled true sound
when compared against an unshuffled lure candidate, thereby evaluating the extent to which the reconstructed
sounds retain the temporal structure of the original sounds. The identification task involves comparing the extracted
features of a reconstructed sound with those of the temporally shuffled spectrograms of the true sound and those
of an original lure candidate selected from the remaining test sounds. A total of 49 evaluations were performed for
each reconstructed sound across all time window sizes, providing a comprehensive evaluation of temporal feature
preservation.

As shown in Fig 5F, identification performance declined as the time window size decreased, indicating reduced sen-
sitivity to shorter temporal disruptions. For time windows larger than approximately 100 ms, the reconstructed sounds
achieved identification accuracies comparable to those of the shuffled original sounds (see S9 Fig for subject-specific
results). These findings suggest that the reconstructed sounds primarily retain short-term (~100 ms) temporal features
encoded in the brain, while the preservation of large-scale temporal information remains limited.

Generalization beyond trained categories

To evaluate the generalizability of our proposed model beyond its training data, we conducted a post hoc leave-category-
out analysis. In this approach, the decoder was trained with one sound category systematically excluded from the train-
ing data. The decoded features were then processed through the reconstruction pipeline to assess the model’s ability to
reconstruct test sounds from the omitted category.

The results demonstrate the model’s capability to reconstruct spectral and temporal patterns resembling the original
stimuli, even for categories excluded during training (Fig 6 and S6 Movie). The model demonstrated high fidelity in recon-
structing animal and environmental sounds, despite their exclusion from training. However, omitting the music category
led to a decline in perceptual performance, with the reconstructed spectrograms appearing noisier and less distinct than
those of other categories, while still retaining some rhythmic spectral-temporal patterns characteristic of music. Quantita-
tive evaluations compared identification accuracies between the left-out and full training sets. Reconstructions of animal
and environmental sounds from the left-out datasets achieved accuracies exceeding 70%, comparable to the full training
sets. For speech and music, identification accuracies ranged from 60% to 80% across most metrics, with a slight decline
in performance. These suggest that the hierarchical DNN features used in our approach capture fundamental acoustic
properties that are shared across different sound categories. By encoding these shared properties, the model can gener-
alize to novel categories without requiring explicit training on them. However, the reduced perceptual fidelity observed for
the speech and music category highlights a limitation in fully capturing its finer auditory characteristics, which may require
more specialized feature representations.
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Hierarchical auditory regions and DNN layers

In the previous sections, we validated our methods using the AC as the target ROl and Conv5 as the representative DNN
layer. Here, we investigate how specific auditory regions and DNN layers influence sound reconstruction. We examined
early auditory regions, including A1, LBelt, and PBelt, as well as higher auditory association areas, such as A4 and A5,
which form part of the ventral auditory pathway. Additionally, we evaluated six representative DNN layers, spanning both
convolutional and fully connected layers, to assess their contributions to decoding and reconstruction performance.

To analyze the contributions of individual auditory regions, we trained feature decoders separately for each ROI.
Decoded features from Conv5 exhibited slightly lower identification accuracy when decoded from individual ROIs com-
pared to the whole AC, but all exceeded 70% accuracy with minimal differences across ROls (S10A Fig). These decoded
features were then used as inputs for the audio generator. Reconstructed sounds from individual ROIs preserved short-
term spectral and perceptual properties and displayed high reproducibility across regions (S11A Fig and S7 Movie). Quan-
titative evaluations revealed that reconstruction fidelity varied across ROls (Fig 7A). While reconstruction from individual
ROIls showed slightly reduced performance compared to the whole AC, all regions reliably supported the identification of
original sounds. Higher hierarchical stages exhibited minimal differences across ROIs. However, evaluations using spec-
trogram and lower hierarchical stages indicated higher fidelity in early auditory regions, particularly A1 (in the hierarchical
stage 1, for S1-S5, 62.4% with 95% CI [56.1, 68.7], 62.2 [55.4, 69.0], 69.7 [64.0, 75.3], 65.3 [58.6, 72.0], and 67.0 [60.4,
73.5], respectively), Fidelity decreased along the ventral pathway, with A5 showing slightly lower performance compared
to A1, ranging from 56.3% with 95% CI [48.7, 64.0], 53.6 [45.9, 61.3], 54.9 [47.8, 62.0], 54.9 [47.5, 62.4], and 54.5 [47.0,
62.0] for S1-S5, in the hierarchical stage 1. These findings suggest broadly distributed neural responses across the audi-
tory system, with some regional variation in reconstruction fidelity. Early auditory regions, such as A1, tended to exhibit
slightly higher fidelity than downstream areas along the ventral auditory pathway.

We also analyzed how hierarchical representations within DNN layers influence sound reconstruction by training
feature decoders to predict DNN features from each VGGish-ish layer in the AC. Decoded features showed a trend of
improved performance at higher DNN layers compared to lower layers (S10B Fig). Each layer’s decoded DNN features
were used to generate reconstructed sounds via audio generators specifically trained for the corresponding DNN layer.

The results, summarized in S11B Fig and S8 Movie, revealed distinct patterns across layers. Reconstructions from
lower layers (e.g., Conv1 and Conv2) exhibited temporally smoothed patterns that partially resembled the original spec-
trograms. Intermediate layers (e.g., Conv3 and Conv4) produced spectral patterns more closely aligned with the original
stimuli, while higher layers, particularly Conv5, replicated the spectral patterns with greater fidelity. Even fully connected
layers (e.g., FC3), despite lacking temporal dimensions, captured distinct spectral characteristics of the stimuli. We
additionally evaluated FC1, the first fully connected layer after Conv5, and observed similar reconstruction trends to FC3
(S12 Fig). Overall, reconstructions from higher layers better preserved perceptual content compared to lower layers.
Quantitative evaluations (Fig 7B) revealed subtle differences in spectrogram and acoustic feature metrics across layers.
Lower layers achieved approximately 70% accuracy in the hierarchical stage 1, but performance declined with increasing
hierarchical stages. This trend reversed for Conv4 and higher layers, where performance improved with higher hierar-
chical stages. These findings suggest that the proposed model effectively utilizes hierarchical DNN features, with distinct
contributions from each layer to auditory perception.

To confirm whether the observed differences across layers were due to inherent limitations of the audio generator
rather than the features themselves, we tested the generator’s ability to recover the original sound from true DNN features
at each layer (S13 Fig). Recovery from lower layers closely matched the original spectrograms, with only minor degrada-
tion at Conv4 and Conv5. These findings suggest that the variations in reconstruction quality primarily reflect the nature of
the decoded features, rather than any intrinsic limitation of the audio generator.

To assess whether the hierarchical representations in reconstructed sounds arose primarily from the model’s inherent
architecture or from its learned features, we performed a reconstruction analysis using a VGGish-ish model initialized
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with random weights (S14 Fig and S9 Movie). Although some layer-wise differences in reconstruction quality could be
attributed to the network’s architecture, task-optimized DNN features significantly heightened these hierarchical distinc-
tions and improved perceptual evaluations. This highlights the crucial role of learned, domain-relevant features for achiev-
ing high-quality auditory reconstructions.

Furthermore, to determine whether hierarchical evaluation metrics were shaped by task-optimized learning or merely
by the model’s inherent structure, we assessed reconstruction performance using an untrained evaluation model
(S15 Fig). The results showed that in hierarchical stage 4—which closely aligns with human ratings—the reconstructed
sound from Conv5 exhibited a significant performance decline of nearly 30% when evaluated using the untrained model.
These findings underscore the critical role of task-specific optimization in capturing hierarchical sound representations,
demonstrating its necessity for accurate evaluation.

Attention

To examine whether our reconstructions captured subjective listening experiences, we recorded fMRI data in a selective
auditory attention task under “cocktail party” conditions [32], which test the auditory system’s capacity to segregate target
sounds from the background. We paired two sounds to create 24 superimposed pairs (16 for S1) using a set of sounds (two
per category, except Speech, which had four). During each trial, participants were cued visually to attend to one of the two
overlapping sounds, yielding 48 attention trials in total (32 for S1). Each was repeated eight times and the corresponding
functional volumes were averaged to enhance the SNR. After further data augmentation, this attention task comprised 144
test samples (24 stimulix 2 attention conditions x 3 samples; see “Materials and methods: Stimuli, Experimental design and
fMRI preprocessing and data sample construction”). For the reconstruction analysis, we used the same feature decoders
trained on the single sound condition to extract DNN features from the fMRI signals recorded during the selective attention
task and subsequently fed these features into our reconstruction pipeline to generate the sound under attention.

When comparing reconstructions of the same superimposed stimulus under different attention conditions, the output
tended to align more closely with the attended sound while still reflecting aspects of the overall mixture (Fig 8A and
S10 Movie). For instance, when attention was focused on speech, the reconstructed audio exhibited the harmonic struc-
ture typical of speech while retaining some elements of the unattended stimulus.

To assess the ability of our reconstructed sounds to distinguish between the attended and unattended stimuli, we
conducted an identification analysis based on human ratings and audio features extracted from the reconstructed sounds
(Fig 8B). For human ratings, raters listened to each reconstructed clip and were asked to judge whether it matched the
attended or unattended stimulus more closely. The feature-based identification task involved comparing the extracted
features of a reconstructed sound with those of the attended and unattended stimuli. A reconstructed sound was consid-
ered correctly identified if its correlation with the attended stimulus was higher than with the unattended stimulus. For each
stimulus, the binary results from three samples in the same attention task were pooled using majority voting to generate
a single binary data point, resulting in 48 binary data points per subject and evaluation condition. We calculated the mean
identification accuracy from these 48 data points and compared it with the significance threshold determined by a binomial
test. Unlike the previous evaluations, which allowed for multiple data points per reconstruction, this analysis generated
only a single binary (correct/incorrect) result for each reconstruction. Accordingly, a binomial test against a chance-level
null distribution (0.5) was used for statistical evaluation instead of computing confidence intervals.

Human ratings showed that listeners could distinguish the attended stimulus from the unattended one, achieving iden-
tification accuracies of 62.5%, 58.3%, 64.6%, 70.1%, and 58.3% for S1 through S5, respectively (Fig 8C). In contrast, a
pixel-level analysis yielded accuracies below 60% (53.1%, 58.3%, 56.3%, 66.7%, and 58.3%). However, when reconstruc-
tions were evaluated at hierarchical stage 4, which had previously demonstrated strong alignment with human ratings in
single-sound conditions, four subjects surpassed 65% accuracy (65.6%, 52.1%, 66.7%, 68.8%, and 66.7%). In contrast,
evaluations using simple acoustic features generally failed to achieve accuracy levels above chance.

PLOS Biology | https://doi.org/10.1371/journal.pbio.3003293  July 23, 2025 16/34




PLON. Biology

A B Attended
Reconstructed
E o .
2 - i
E  Eah el Ak, Unattonded
) AR iy s Extracted features nattende
Lot oo
Attend to C
Playing ! Chicken
doub% bass - clucking 5 90~ ——
& 80 = S2
- o " = S3
5 3 01 sS4
= 3] N 1! |
1S4 © 60 S5
£ 5
2 _% 50
8 o
] & 40+
= T 30- ,
k) Pixels 1 2 3 4 5 6 FO SC HNR
Human Hierarchical stage

rating Extracted features from reconstruction

Fig 8. Sound reconstruction with attention. (A) Reconstructed spectrograms under selective auditory attention tasks (ROI: AC, DNN layer: Conv5;
for reconstructed sounds, see https://www.youtube.com/watch?v=1ZHCoiygPb4). The top panel displays the spectrograms of two superimposed sounds
presented during the task, where subjects were instructed to focus on one specific sound. The bottom panel shows the spectrograms reconstructed by
different subjects (S4, S5). (B) Evaluation of attentional bias. Identification analysis was conducted to evaluate the attentional bias by comparing the cor-
relation of reconstructed features with those of the attended and unattended stimuli. (C) Identification accuracy of attended sound. Each bar represents
the correct rate among the 48 identification trials. Since the identification of the attended vs. unattended sound was scored as a binary outcome per trial,
conventional error bars are not shown. Instead, the dashed line indicates the significance level (p<0.05) based on a binomial test (N=48). For the pilot
study S1 (N=32) and cases where FO and HNR calculations were unsuccessful, a higher significance threshold was required (not depicted here). The
data underlying this figure are provided in S2 Data.

https://doi.org/10.1371/journal.pbio.3003293.9008

Reconstructions from individual ROIs during the selective attention task showed resemblance to the attended stimuli
and broad similarity across auditory regions (S16A Fig and S11 Movie). Quantitative assessments revealed that spectro-
gram pixels and lower hierarchical stages did not differ in performance significantly across ROls. However, intermediate
and higher hierarchical stages displayed slightly improved performance in higher ROIs (S16B Fig). Nonetheless, notable
variability emerged among individuals, underscoring the influence of individual differences on how attention shapes recon-
structed sounds.

Discussion

In this study, we introduced a framework that combines DNN feature decoding with an audio generator to reconstruct
natural sounds from fMRI data. The results show that DNN features outperform traditional spectrotemporal features in
decoding accuracy, as they capture both detailed spectrotemporal patterns and higher-level semantic information. Using
an audio generator, we transformed decoded DNN features into audio waveforms. Reconstructed sounds based on these
features captured key spectral and perceptual properties of the original stimuli, with human evaluations confirming their
similarity to the originals and alignment with objective metrics. However, the reconstructed sounds struggled to replicate
longer temporal sequences. While short-term temporal patterns and spectral properties were preserved, the sounds exhib-
ited a textured quality, lacking precise temporal fidelity over seconds, as indicated by analyses using temporally disrupted
stimuli. The model generalized to sound categories excluded during training, demonstrating that hierarchical DNN features
effectively capture shared acoustic properties across different categories. Reconstructions from specific auditory regions
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revealed distributed neural responses across the auditory system, with minor regional variations in reconstruction fidelity. In
a selective auditory attention task, reconstructed sounds aligned more closely with the attended stimulus for certain sub-
jects, reflecting neural activity associated with selective auditory attention. These findings demonstrate the potential of this
approach to capture and reconstruct perceptual aspects of auditory experiences in complex listening environments.

In our analysis, DNN features from sound recognition models, which mimicked hierarchical human auditory processing,
demonstrated more effective decoding performance compared to other auditory features (Fig 3C and 3D). These findings
align with previous encoding studies highlighting systematic model-brain correspondence [23]. However, when decoding
was performed from individual auditory ROls, we did not observe substantial differences either in decoding performance
or in the quality of reconstructed sounds (Figs 7A and S10A). This result suggests that high-level auditory features are lin-
early accessible from multiple cortical regions, pointing to a potentially distributed representation in the AC. This finding is
in line with recent intracranial studies that proposed a distributed functional organization within the human AC, suggesting
parallel information processing across the AC [33,34]. While our study utilized anatomically defined ROls, future research
may achieve a deeper understanding of the auditory hierarchy by employing voxel selection strategies based on tonotopic
maps or encoding analyses.

Although no major differences in feature decoding performance were observed across individual ROls, some variations
were noted in the evaluation of acoustic features during reconstruction (Fig 7A). Specifically, the primary auditory region
showed slightly better identification performance with lower hierarchical stages and acoustic features, while this perfor-
mance tended to decrease in more peripheral regions. This finding aligns with previous encoding studies [25,35], which
suggest that neurons in the vicinity of the primary AC are more inclined toward local integration and favor generic acoustic
representations. In contrast, higher hierarchical stages showed minimal differences across auditory ROIls, with the Belt
region—positioned between A1 and the auditory association cortex—showed marginally higher fidelity. These results
are also in line with the view of distributed auditory processing, where different regions may contribute in distinct ways to
reconstruction fidelity. Such distribution may reflect a functional balance between detailed feature representation in early
regions and integrative processing in higher-order areas.

While our use of DNN features enabled effective brain decoding and sound reconstruction, precisely aligning DNN fea-
tures with biological neural representation remains challenging [36]. For instance, DNNs frequently fail to generalize human-
like invariances, demonstrate high sensitivity to adversarial perturbations [37], and exhibit behaviors that diverge markedly
from those of biological systems [38,39]. In the vision domain, Geirhos and colleagues [40] highlighted the texture bias in
ImageNet-trained DNN models, which leads these models to rely heavily on local textures rather than global shapes—a
sharp contrast to human shape-centric recognition. Similarly, Conwell and colleagues [41] demonstrated that the diversity of
training datasets significantly impacts model predictivity, with constrained datasets limiting generalizability and alignment with
biological systems. These discrepancies underscore the need for deeper investigations into the limitations of current DNN
architectures and the development of models that more closely align with the principles governing human brain function.

While our model achieved near-perfect recovery of the original sounds when using true features, the reconstructed
sounds from decoded features failed to preserve intricate temporal sequences over seconds, such as intelligible speech
content or musical melodies. A key reason for this limitation would be the inherently low temporal resolution of fMRI.
Although the use of hierarchical DNN features with large receptive fields helps bridge this gap for short-term features (~100
ms), the fundamental temporal sampling density of fMRI may remain a bottleneck [42,43], leading to reconstructions with
a perceptually “textured” quality rather than a clear temporal structure. Future work could mitigate these limitations by
exploring advanced decoding methods that incorporate sequential processing. Techniques such as long short-term mem-
ory networks and recurrent neural networks have already been applied to auditory decoding tasks with other neuroimaging
modalities [44—46]. Additionally, since efforts to exploit the temporal information encapsulated within fMRI signals have
shown promise [47—49], another promising avenue involves applying transformers to disentangle temporal information
directly in the fMRI signals, building on this study’s success with transformers for feature disentanglement.
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We recognize that our audio generator may bias reconstructed outputs due to both its training data and architectural
design. Advanced generative Al techniques often rely on training-test overlap and can produce “hallucinated” content
rather than achieving true zero-shot reconstructions [7]. Although our leave-category-out analysis showed a modest drop
in performance, we still obtained robust out-of-category reconstructions. Moreover, the near-perfect recovery of origi-
nal stimuli, including artificially created examples, indicates that the generator can potentially produce arbitrary sounds
rather than relying solely on training-set exemplars. Nevertheless, fully generalizing beyond the training dataset in brain
decoding remains an open challenge. Additionally, the transformer’s method of modeling higher-level temporal sequences
diverges from human auditory processes, implying that our approach depends partly on generative assumptions and may
not fully mirror natural neural mechanisms.

We applied our reconstruction pipeline to a cocktail party task to examine whether the reconstructed sounds captured
participants’ selective listening experiences. Although several subjects’ reconstructions more closely matched the attended
stimulus, not all exhibited this effect. Nonetheless, our observations broadly align with previous findings that decoded
auditory features—such as envelope [50,51], spectrogram [52], and trajectory [53]—tend to track the attended sound more
accurately than the unattended one. Notably, most earlier studies relied on high-temporal-resolution modalities (MEG, EEG,
ECoG), whereas our results suggest that even fMRI data can reveal attentional influences under certain circumstances. In
line with these findings, our auditory attention analysis also showed individual variability in reconstruction fidelity. For exam-
ple, subject S4, who had a significant musical background, demonstrated particularly strong reconstructions, possibly due
to a heightened ability to focus on specific sounds in a multi-speaker setting. These differences underscore the impact of
personal experience and attentional strategies on decoding outcomes, suggesting that future research should account for
such individual factors to deepen our understanding of the psychological and neural underpinnings of auditory attention.

Our study has several limitations that should be addressed in future work. First, the small sample size of five subjects
may limit the generalizability of our findings. Future studies should include larger and more diverse subject cohorts to
validate the robustness of our approach. Second, the reliance on fMRI’s low temporal resolution restricts our ability to cap-
ture rapid changes in neural activity, which may explain the limited preservation of long-term temporal sequences in the
reconstructed sounds. Combining fMRI with high-temporal-resolution techniques like EEG or MEG could help overcome
this limitation. Finally, while our model demonstrated generalization to excluded categories, the reduced fidelity for music
suggests that certain sound types may require more specialized feature representations. Future work could explore hybrid
models that combine DNN features with domain-specific acoustic features to improve reconstruction quality for challeng-
ing categories like music.

In conclusion, our work demonstrates the feasibility of reconstructing natural sounds from fMRI data by integrating
DNN-based feature decoding with an audio-generative framework. Although the resulting audio captures critical percep-
tual attributes, limitations remain in preserving extended temporal sequences. Nevertheless, the consistency of human
ratings and above-chance identification underscores the potential of this approach to bridge neural signals with auditory
perception. By mapping subjective auditory experiences to interpretable acoustic outputs, our method holds promise for
a wide range of applications—ranging from neural decoding of imagined sounds and clinical assessments of auditory
hallucinations to artistic expression and foundational auditory neuroscience. Future endeavors should focus on refining
temporal fidelity, improving model generalization, and further elucidating how these reconstructions reflect the richness
and variability of human auditory perception.

Materials and methods
Experimental details

Subjects. Five subjects with normal hearing abilities (non-native English speakers) participated in the study, including
one female subject. The average age of the subjects was 27.6 years. One subject (S1) was used for the exploratory
analysis to establish the reconstruction pipeline, while the other four subjects were used to validate the results
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independently. All subjects provided written informed consent before the scanning sessions. The study protocol received
approval from the Ethics Committee of the Advanced Telecommunications Research Institute International (approval no:
106) and was conducted following the principles of the Declaration of Helsinki.

Stimuli. The fMRI experiments on natural sound perception included 1,250 audio clips, each lasting 8 s, sourced
from the VGGsound test dataset [54]. The training dataset comprised 1,200 audio clips selected without considering
category labels, aiming to encompass diverse natural auditory scenes. The test dataset consisted of four representative
sound categories: human speech (including English), animal sounds, musical instruments, and environmental sounds.
More speech stimuli were selected, totaling 20 clips, while the remaining categories each contained 10 clips. This
selection process resulted in a test dataset containing 50 audio clips, each belonging to a single category. While the
pilot study (S1) initially used 10-s stimuli, only the data for the first 8 s were analyzed. In addition, 81 stimuli that were
difficult for human listeners to recognize were replaced with new stimuli in the subsequent experiments conducted with
the remaining four subjects. All audio clips were resampled to 22,050 Hz and normalized to ensure consistent energy
levels across stimuli.

During the attention session, subjects were presented with pairs of superimposed sounds drawn from four catego-
ries: male speech, female speech, animal sounds, and music. Although environmental sounds were initially included in
the pilot study (S1), they were excluded from the main analysis due to difficulty in selectively attending to them when
overlapped with other sounds. The pilot experiment also used both English and non-English speech stimuli. To minimize
potential attentional bias arising from greater familiarity with English, stimulus pairs of English and non-English speech
were excluded during the pilot study. Consequently, only non-English speech stimuli were used in the main experiment.
For S1, two exemplars were randomly selected from each category. One exemplar from each category was paired with
one from a different category, ensuring that each exemplar was used only once across all cross-category combinations.
This procedure resulted in 16 stimulus pairs. For the remaining four subjects, two exemplars were chosen based on those
demonstrating the highest reconstruction performance in the pilot study. All possible cross-category combinations were
then constructed, resulting in 24 stimulus pairs. Each attention trial required subjects to focus on one of two concurrently
presented sounds, generating 48 attention trials in total (32 trials for S1). The energy levels of superimposed sounds were
normalized to maintain consistency.

Experimental design. The study included three fMRI sessions: training, test, and attention sessions. Sound stimuli
were presented through fMRI-compatible headphones (Kiyohara, KAS-3000HK) at approximately 68—75 dB SPL.
fMRI responses were continuously recorded throughout stimulus presentation without silent interstimulus gaps. Before
scanning, subjects adjusted the sound level for comfort.

During the training session, 1,200 training stimuli were presented while whole-brain fMRI responses were
recorded. Each subject participated in 12—16 scanning sessions over approximately three months, with each ses-
sion consisting of 4—8 functional runs lasting up to 90 min. Each run began with a 30-s rest period, followed by 55
stimulus presentation blocks of 8 s each, including 50 unique stimuli and five randomly interspersed behavioral task
blocks. For S1, stimuli lasted 10 s. A 10-s rest period followed the last stimulus, resulting in an 8-minute run duration.
Training sessions were repeated four times. To maintain concentration, a one-back repetition detection task was
included, requiring subjects to press a button when a stimulus was repeated. Repetition blocks (five per run) were
excluded from analysis.

For the test session, 50 test stimuli were presented in a single run, repeated eight times within a single session, follow-
ing the same protocol as the training session.

During the attention session, superimposed sound stimuli were presented under diotic listening conditions. The
session included eight runs, each containing 48 attention trials. In each trial, a pair of sounds from different categories
was presented for 8 s, and subjects focused on one of the two sounds. A total of 24 unique sound pairs were used,
with each pair appearing under two attention conditions, depending on the attended sound. Visual cues indicated
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the target sound by displaying both category names with a dash (“-”) next to the attended category. Between ftrials, a
behavioral task was randomly introduced four times per run, requiring subjects to identify the attended sound category
from the previous trial.

MRI acquisition. fMRI data were acquired using a 3.0-Tesla Siemens MAGNETOM Verio scanner at the Kyoto
University Institute for the Future of Human Society. An interleaved T2*-weighted gradient-echo echo planar imaging
(EPI) sequence was used to obtain functional images that covered the entire brain (TR=2,000 ms, TE=44.8 ms,
flip angle=70 deg, FOV =192 % 192 mm, voxel size=2x2x2 mm, slice gap=0 mm, number of slices=76, multiband
factor=4). T1-weighted magnetization-prepared rapid acquisition gradient-echo (MP-RAGE) fine-structural images of the
entire head were also obtained (TR=2,250 ms, TE=3.06 ms, TI=900 ms, flip angle=9 deg, FOV =256 x 256 mm, voxel
size=1.0%1.0%1.0 mm, number of slices=208).

fMRI preprocessing and data sample construction. MRI preprocessing followed an in-house pipeline based
on fMRIprep, as described previously [55]. For machine learning analyses, data samples were constructed by pairing
segments of sound stimuli with corresponding fMRI activity recorded from auditory cortical regions. Each 8-s sound
stimulus was divided into three overlapping 4-s windows to augment the dataset. For each window, an fMRI sample was
generated by averaging three consecutive functional volumes acquired 2—8 s after the onset of the window. This yielded
three fMRI samples per 8-s stimulus presentation.

In the training set, this procedure yielded a total of 14,400 data samples, generated from 1,200 unique stimuli, each
repeated four times (1,200 stimuli x 4 repetitions x 3 samples =14,400 samples). In both the test and attention datasets,
each stimulus was presented eight times. Data samples were created either from individual trials or by averaging the fMRI
responses across all eight repetitions to enhance the SNR. The main analyses were conducted using these trial-averaged
samples, resulting in 150 test samples (50 stimulix 3 samples =150 samples) and 144 attention samples (24 stimulix 2
attention conditions x 3 samples =144 samples).

Regions of interest. ROIs in the AC were defined using a multi-modal cortical parcellation from the HCP [27]. Thirteen
anatomical regions within the AC were identified, including A1, LBelt, MBelt, PBelt, RI, A4, A5, TA2, STGa, STSd anterior,
STSv anterior, STSd posterior, and STSv posterior in both hemispheres. The combined voxels from these regions were
designated as the AC.

Sound data for model training

Model training was performed using the VGGsound dataset [54], a public repository of audio and video data extracted
from YouTube. The dataset contains 190,055 videos with reliably annotated labels across 309 categories. The dataset
was split into 156,487 clips for training, 19,056 for validation, and 14,512 for testing, with the validation and test sets
balanced across categories. All audio clips were center-cropped to a duration of 4 s. For preprocessing, audio clips
were resampled at 22,050 Hz, and log-spectrograms were generated using a short-term Fourier transform with 1,024
bins, 256 hop lengths, and 80 Mel band scales with zero padding, resulting in 345 time frames. The 80 Mel band
scales were centered on frequencies ranging from 125 to 7,600 Hz. To ensure compatibility with temporal downsam-
pling during training, the spectrograms (Nues pand X Ntime frame = 80 x 345) were center-cropped along the time axis to a
final size of 80 % 336.

Model components

Multiple DNN models from previous research by lashin and Rahtu [28] were used for the proposed reconstruction pipe-
line. Pretrained models and scripts are available at: https://iashin.ai/SpecVQGAN. Specifically, the pre-trained models for
VGGish-ish and spectrogram vocoder [56] were used, as they operate independently of sound length. For generating 4-s
sounds in alignment with the fMRI experiments, the provided scripts were used to train models for SpecVQGAN and the
audio transformer.
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VGGish-ish classifier. VGGish-ish, a CNN with 13 convolution layers and three fully connected layers, was
trained for natural sound recognition. It extracted DNN features from spectrograms, computing unit responses from
each layer with dimensions of ngyectrar X Nchannel X Ntemporar- 1hese extracted DNN features were then reshaped to
the format ngpecirar « channel X Ntemporar» Preserving the temporal dimension for use as conditioning input to the audio
transformer model. Six representative layers were selected based on superior decoding performance in a pilot
study: Conv1_1 with dimensions of 5,120 x 336, Conv2_1 with dimensions of 5,120 x 168, Conv3_1 with dimensions
of 5,120 x 84, Conv4_1 with dimensions of 5,120 x 42, Conv5_3 with dimensions of 2,560 %x 21, and FC3 with
dimensions of 309.

SpecVQGAN. SpecVQGAN is a variant of the Vector Quantized Variational Autoencoder (VQVAE) model that applies
vector quantization methods [57-59] to convert spectrograms into discrete codebook representations. The model consists
of an encoder, a vector quantization process, and a decoder.

The codebook encoder is a 2D convolutional stack with skip connections and normalization layers that processes
spectrograms into a latent representation. The latent representations are then discretized using a learned codebook
dictionary. The codebook decoder mirrors the architecture of the encoder, except for an upsampling layer that doubles
the spatial resolution before applying a convolutional kernel with nearest-neighbor interpolation. Following the default
parameter settings from the referenced study, the codebook dimension was set to 256. While the original study [28]
used 1,024 codes, applying this to the 4-s cropped dataset caused index collapse, limiting the utilization to about
187 codes. To prevent this issue, the number of codes was restricted to 256. As a result, a 4-s spectrogram input of
size 80 x 336 was compressed by a factor of 16 in both dimensions, resulting in a codebook representation of size
5 x 21(Nspectral X Ntemporal)-

Audio transformer. The audio transformer converted compressed DNN features into codebook representations by
predicting codebook indices along the spectral dimension at each temporal point using an autoregressive approach. The
model is based on GPT-2-medium, a transformer with 24 layers, 1,024 hidden units, and 16 attention heads. It takes as
input DNN features extracted by VGGish-ish, which are reshaped into a sequence of shape ngpecirar « channel % Ntemporal
. The transformer processes the input sequence in an autoregressive manner. At each temporal point, the transformer
generates a probability distribution for the next codebook index using a 256-way softmax classifier. The model was trained
to minimize cross-entropy loss between predicted and actual codebook representations, converting the sequence of DNN
features into a sequence of codebook representations with dimensions of 5 x 21(nsped,a, X Ntemporal)-

For sound reconstruction from different DNN layers, a separate audio transformer was trained for each layer. Since
the model was designed to process input with nmporas = 21, DNN features from layers with finer temporal resolutions
(lower than Conv5) required temporal downsampling. The temporal sampling method used in the referenced study
[28] could lead to significant information loss when downsampling high-resolution DNN features. To mitigate this issue,
an averaging approach was used, dividing the temporal sequence into 21 segments and averaging the DNN features
within each segment. For FC3, identical values were used across the 21 temporal points. As a result, the input to the
audio transformer for each DNN layer consisted of DNN features with a shape of ngpecirar « channel X Ntemporai» COrrespond-
ing to Conv1_1 with dimensions of 5,120 x 21, Conv2_1 with dimensions of 5,120 x 21, Conv3_1 with dimensions of
5,120 x 21, Conv4_1 with dimensions of 5,120 %21, Conv5_3 with dimensions of 2,560 x 21, and FC3 with dimensions
of 309 %21, respectively.

Target features for decoding

DNN features. The unit responses from the highest convolutional layer, Conv5_3, of the VGGish-ish model served as
the primary decoding target. The extracted DNN features had dimensions of 2560 X 21(Ngpectrar « channer X Memporat)-

Spectrogram pixel features. The pixel values of the spectrogram were computed from all stimuli presented in the
fMRI experiments, with each stimulus producing a spectrogram with dimensions of 80 x 336(Nyes pand X Ntime frame )-
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Spectrotemporal modulation features. Spectrotemporal modulation feature extraction followed the methods
outlined in [22]. First, spectrograms were computed using a filterbank of 128 overlapping bandpass filters spaced
logarithmically between 180 and 7,040 Hz. The output was then further processed through bandpass filtering, frequency-
axis differentiation, half-wave rectification, and short-term temporal integration. Modulation content was extracted by
applying a bank of 2D filters that decompose the spectrogram into spectral and temporal modulation components. These
filters were tuned to 6 spectral modulation rates (ranging from 0.5 to 4 cycles per octave) and 10 temporal modulation
rates (ranging from 1 to 30 Hz). For each temporal rate, two filters were used to separately capture upward and downward
directions, resulting in a total of 20 temporal modulation filters. This process yielded modulation feature with dimensions
of 128 x 40 % 6 X 20(Nfrequency channel X Myime frame X MNspociral modutation rate > Memporal modulation rate)- The spectrograms used for
extracting modulation features differed from those used in decoding and reconstruction, as it was optimized based on the
referenced study.

Feature decoding analysis

Following the brain decoding framework used in previous vision studies [55,60,61], feature decoders were trained
using 14,400 samples from the training dataset for each auditory feature and brain region. The training process began
with voxel selection based on the correlation coefficient with the target features using the training stimuli. A total of
500 voxels from AC and 200 from each individual ROl were selected as input to the decoders. The responses of these
selected voxels were normalized using the mean and standard deviation computed from the training samples. Like-
wise, target auditory features were normalized using the mean and standard deviation computed from the training

set. For decoding, we used an L2-regularized linear regression model to predict normalized feature values from the
normalized multi-voxel fMRI patterns. The regularization parameter was fixed at 100 for all models, regardless of ROI,
feature type, layer, or subject.

In the testing phase, each fMRI sample from the test dataset was normalized using the mean and standard deviation
obtained from the training dataset. The trained decoders were applied to these normalized samples to predict auditory
features from 150 test samples. The decoded features were then denormalized using the mean and standard deviation for
each feature derived from the training dataset. We performed trial-averaging for the test fMRI data, while each trial was
treated as an independent sample for the training fMRI data. To mitigate potential discrepancies in the decoded feature
distributions due to averaging, we applied a post hoc normalization, scaling the decoded feature values by a factor of /n,
where n is the number of trials averaged.

Decoding performance was assessed using two metrics: (1) the Pearson correlation coefficient between actual and
decoded auditory features across test stimuli in each pixel or unit, and (2) an identification analysis evaluating the ability of
decoded auditory features to identify actual stimuli from a set of candidate stimuli. Although the primary results presented
in this paper utilize Pearson correlation, we verified that similar results were observed when applying Spearman correla-
tion as an alternative measure.

For the attention experiment, the feature decoders trained under passive listening conditions were used to predict audi-
tory features from 144 fMRI samples in the attention dataset. The decoded auditory feature values were used as inputs to
the reconstruction pipeline. Decoding performance was assessed through an identification analysis comparing the correla-
tions of decoded auditory features with the attended and unattended stimuli.

Reconstruction pipelines

Full pipeline. The reconstruction pipeline integrates the trained model components and the feature decoder in a
sequential manner. First, the feature decoder extracts DNN features from fMRI responses in the test dataset. These
decoded DNN features are then transformed into codebook representations using an audio transformer. The codebook
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representations are subsequently converted into spectrograms via a codebook decoder. Finally, a spectrogram vocoder
synthesizes audio waveforms from the spectrograms.

Brain-to-codebook pipeline. The pipeline begins with training a decoder to predict codebook representations
directly from fMRI responses, generating decoded codebook representations from the test dataset. These decoded
representations are then transformed into quantized codebook representations using a pre-trained codebook dictionary.
The quantized codebook representations are subsequently converted into spectrograms using the codebook decoder. In
the final stage, the spectrograms are transformed into audio waveforms using the spectrogram model.

Pixel optimization pipeline. An image feature-based optimization technique [62] was refined to optimize pixel
values in 2D spectrogram images using the VGGish-ish model. The implementation is based on open-source code
available at https://github.com/KamitaniLab/DeeplmageReconstruction. The algorithm initializes with a noisy image
and iteratively optimizes pixel values to align DNN features extracted by the VGGish-ish model with those decoded
from brain activity across all DNN layers. Unlike methods designed for RGB images, this approach was tailored for
grayscale spectrograms. A challenge similar to that reported in the referenced study was raised: Loss convergence
failed when using only a single layer, specifically a higher layer. To address this, loss minimization was applied
across all VGGish-ish layers in comparison with the decoded features. All other parameters remained at their default
settings.

Evaluation of reconstructed sounds

Identification by human raters. To evaluate the perceptual similarity between reconstructed sounds and their original
stimuli, we conducted a behavioral rating experiment. Human raters listened to a reconstructed sound from an fMRI
sample (corresponding to a 4-s segment of an 8-s stimulus) and selected which of two candidates—the original sound
or a lure from the test dataset—more closely resembled the reconstruction. Each reconstructed sound was compared
against 5 lure candidates, which included two from the Speech category and one from each of the remaining categories.
In the attention test, raters were presented with a reconstructed sound and asked to judge whether it more closely
matched the attended or unattended stimulus from the same trial. For practical reasons, the experiment was limited to a
single fMRI sample per test stimulus and focused on reconstructions from the AC. A total of 17 raters participated in the
study, each evaluating approximately 160 unique stimulus pairs. Identification accuracy was defined as the proportion of
samples in which the original stimulus was correctly identified. For each sample, this resulted in a score ranging from 0/5—
5/5. In the attention test, identification for each sample was scored as a binary outcome based on whether the attended or
unattended stimulus was judged to be more similar.

Identification by extracted feature similarity. Extracted features. Reconstructed sounds were evaluated based on
multiple levels of acoustic representation. At the most basic level, spectrogram pixel values were used as raw features to
directly compare the time-frequency structure of reconstructed sounds with their original stimuli. To capture hierarchical
representations, we employed the Melception classifier, a DNN trained for sound recognition tasks [28]. Features were
extracted from six representative layers of Melception, spanning from early convolutional stages to fully connected layers
(Stage 1: Conv1, Stage 2: Conv5, Stage 3: Mix5_d, Stage 4: Mix6_d, Stage 5: Mix7_c, and Stage 6: FC1), thereby
enabling assessment across progressively deeper levels of auditory abstraction.

In addition to these features, we also assessed the quality of reconstructed sounds using three standard acoustic
attributes. Fundamental frequency (F0) was estimated using the PYIN algorithm [63], SC was computed with the Librosa
toolbox (https://librosa.org), and HNR was derived using a publicly available Python implementation (https://github.com/
brookemosby/Speech_Analysis). When FO or HNR could not be computed due to the absence of a clear harmonic struc-
ture or a discernible pitch, the corresponding stimuli were excluded from analysis.

For each stimulus and its reconstruction, the mean value was used to represent FO and HNR, while the median was
used for SC, reflecting the typical central tendency of each acoustic feature.
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Identification procedure. The identification procedure based on feature similarity followed the same structure as the
behavioral identification task with human raters, except that the similarity judgment was computed automatically using
feature comparisons rather than subjective ratings. For each reconstructed sound, similarity was evaluated between its
extracted features and those of two candidate stimuli. Unlike the behavioral evaluation, which used 5 lures drawn from
specific categories, this procedure used all 49 other test sounds as potential lures, generating 49 pairwise comparisons
per reconstructed sound. Similarity was quantified using Pearson correlation for high-dimensional features, such as spec-
trogram pixels and DNN representations. For the acoustic features, including the mean F0O, median SC, and mean HNR,
Euclidean distance was used instead. A pair was considered correctly identified when the reconstructed sound showed
greater similarity to the original stimulus than to the lure. The identification accuracy for a sample was defined as the pro-
portion of correctly identified pairs out of the 49 comparisons. In the attention test, the same procedure was applied, but
the candidates were limited to the attended and unattended stimuli, and identification was considered correct when the
reconstructed sound was more similar to the attended stimulus.

Identification using disrupted sounds

Textured sounds. Sound textures were computed using the Matlab toolbox (http://mcdermottlab.mit.edu/Sound_
Texture_Synthesis_Toolbox_v1.7.zip) with default parameters that replicated the synthesis results from McDermott
and Simoncelli [64]. The identification task compared the extracted features of a reconstructed sound with those of
the textured true sound and those of an original lure candidate, with 49 evaluations conducted for each reconstructed
sound.

Shuffled sounds. To introduce temporal perturbations, spectrograms of the original stimuli were divided into equal-
sized time windows and the resulting segments were randomly shuffled. This manipulation disrupted the temporal
structure while preserving spectral content within each segment. Nine different window sizes (12, 24, 48, 96, 190, 286,
500, 1,000, and 2,000 ms) were used to vary the degree of temporal scrambling. After shuffling, the spectrograms were
checked and adjusted to ensure they differed from the original, preventing accidental preservation of temporal order. In
the identification task, each reconstructed sound was compared against two candidates: the temporally shuffled version of
its corresponding original stimulus and the unshuffled version of a lure stimulus. Feature similarity was computed between
the reconstruction and each of the two candidates, and identification accuracy was assessed across all 49 test stimuli for
each reconstructed sound at each window size.

Statistics

All statistical analyses were conducted at the individual-subject level, treating data from each subject as an independent
replication of the experiment [65]. To assess whether the mean identification accuracy across test stimuli exceeded the
chance level of 50%, a 95% confidence interval was used. For the natural sound identification experiment, the sample
size was fixed at 50 reconstructed sounds prior to data collection. This number exceeds the sample size required to
detect a medium effect size (Cohen’s d=0.5) at a significance level of 0.05, which would require N=27. In the attention
experiment, performance was evaluated using a binomial test to determine whether the proportion of correctly identified
trials was significantly above the 50% chance level. The number of attention samples was fixed at 48 per subject, which is
greater than the minimum required to detect a small-to-medium effect size (g=0.2, corresponding to a correct rate of 0.7)
with statistical significance at p<0.05, where N=37.

Although each decoder was trained and applied to 4-s samples, statistical analyses were based on 8-s stimulus blocks
to address the non-independence of the three decoded samples originating from the same stimulus block. This procedure
resulted in 50 data points per subject. For the single sound presentation test, the identification accuracies of the three 4-s
samples derived from the same 8-s block were averaged, yielding a single data point per 8-s stimulus. This procedure
resulted in 50 data points per subject. For the attention test, the three binary identification outcomes from the same 8-s
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block were aggregated using a majority-vote rule to produce a single binary response, resulting in 48 data points per sub-
ject. In post-hoc leave-category-out analyses, the number of available data points was reduced relative to the full design.
Specifically, there were 10 data points per subject for the animal, music, and environmental sound categories, and 20 data
points for the speech category.

Supporting information

S1 Fig. Codebook representation. (A) Training. The SpecVQGAN (Spectrogram Vector Quantized Generative Adver-
sarial Network) model, inspired by the Vector Quantized Variational Autoencoder (VQVAE) framework, is trained to encode
spectrograms into compact representations and reconstruct them efficiently. The process begins with an input spectrogram
that is transformed into latent representations by the codebook encoder. These representations are quantized into discrete
codebook indices using a codebook dictionary, reducing the spectrogram’s dimensionality by a factor of 16. For example,

a 4-s spectrogram with dimensions of (80 x 336) can be efficiently reduced to a (5x21) grid of codebook indices, though

it is depicted as a (2% 3) grid for simplified visual representation. The codebook indices are decoded back into quantized
latent representations using the same dictionary and reconstructed into spectrograms by the codebook decoder. The model
is trained using the VGGSound dataset, optimizing perceptual, adversarial, codebook, and reconstruction losses. (B)
Histogram of codebook indices. A histogram displays the frequency distribution of codebook indices for the experimental
stimulus dataset, generated using the SpecVQGAN model trained on the VGGSound dataset. The histogram showed a
distributed use of codebook indices and maintained relative balance. (C) Interpretation of codes as spectrogram patches.
To visualize the spectral and temporal patterns captured by individual codes, a set of indices consisting of identical codes
is input into the codebook decoder, and the averaged segments highlight the characteristic patterns represented by each
code. (D) Examples of SpecVQGAN codes. Among the 256 trained codes, 40 examples are illustrated, demonstrating the
model’s capability to represent and reconstruct complex spectrograms. These findings highlight the ability of SpecVQGAN
codes to capture intricate spectral and temporal features through various combinations of discrete codes.

(TIFF)

S2 Fig. Behavioral evaluation of reconstructed sound. (A) Stimulus presentation phase. During the behavioral eval-
uation, participants were sequentially presented with three sounds: the reconstructed sound (target) and two candidate
sounds—one corresponding to the true stimulus and the other a false candidate randomly selected from the test set. The
currently playing sound was visually highlighted in red. Participants were instructed to assess which of the two candidate
sounds was more similar to the target sound. (B) Selection phase. After listening to all three sounds, participants selected
the sound they judged to be more similar to the target by clicking on the white circle corresponding to either Candidate 1
or Candidate 2.

(TIFF)

S3 Fig. Reconstruction using different auditory features and their conventional pipelines. (A) Reconstructed
spectrograms using various auditory features with conventional pipelines (Regions of interest (ROI): Auditory cortex (AC);
for reconstructed sounds, see https://www.youtube.com/watch?v=KXcDOTOPOhS8). The first row shows the original spec-
trogram of the presented sound. Rows two to four display reconstructions based on different auditory features decoded
from AC. The spectrogram-based reconstruction method involves training a model to predict each pixel value of the spec-
trogram from fMRI responses, followed by conversion into sound waves using a spectrogram vocoder. The modulation
feature-based reconstruction employs a two-step process: modulation features were transformed into a spectrogram and
then converted into sound waves following a previous study [21]. Reconstructions derived from spectrogram features
appear as temporally smooth versions of the original spectrograms. However, reconstructions from modulation features
fail to capture distinct spectrotemporal patterns across different frequency ranges, resulting in diminished differentiation
between stimuli. (B) Evaluation of reconstructed sounds. Each panel corresponds to a specific reconstruction pipeline.
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Each bar indicates mean identification accuracy for each subject, with error bars showing the 95% confidence interval (Cl)
based on 50 data points. Quantitative evaluations reveal that reconstructions using deep neural network (DNN) features
outperform those based on other auditory features across most metrics. Spectrogram-based reconstructions achieve an
identification accuracy of approximately 70% for pixel-level and lower hierarchical representations, with accuracy declining
at higher hierarchical stages. Reconstructions based on modulation features identify stimuli at almost chance levels and
showed inferior performance compared to DNN-based reconstructions. The data underlying this figure are provided in S2
Data.

(TIFF)

S4 Fig. Reconstruction using different auditory features and the audio generator. (A) Reconstructed spectrograms
using various auditory features (ROI: AC; for reconstructed sounds, see https://www.youtube.com/watch?v=5ZH4upF-
gi0l). The first row presents the original spectrogram of the presented sound. Rows two to four display reconstructions
generated from different auditory features decoded from AC. To examine the influence of different auditory features on
reconstruction, only the input (DNN features) is replaced with spectrogram and modulation features while keeping other
pipeline components unchanged. The audio generator is trained separately for each auditory feature. Notably, due to
YouTube’s data availability, the modulation feature-based audio generator was trained on a dataset of 132,551 clips,
whereas the DNN and spectrogram feature-based generators used 156,487 clips. Each decoded auditory feature is then
used as input to its corresponding audio generator for reconstruction. Reconstructions derived from spectrogram and
modulation features exhibit temporally smoothed patterns and partially captured spectrotemporal patterns across different
frequency ranges. (B) Evaluation of reconstructed sounds. Each panel corresponds to a specific reconstruction pipeline.
Bars indicate the mean identification accuracy for each subject, with error bars representing the 95% CI based on 50 data
points. Spectrogram-based reconstructions achieve approximately 70% identification accuracy across most evaluation
metrics. Reconstructions based on modulation features outperform those using spectrograms but showed lower perfor-
mance compared to the proposed method using DNN features. Specifically, reconstructions based on modulation features
exhibit inferior performance in higher hierarchical stages compared to DNN-based reconstructions. These results indicate
that using DNN features for reconstruction outperforms other auditory feature-based approaches, even when utilizing the
same reconstruction pipeline. The data underlying this figure are provided in S2 Data.

(TIFF)

S5 Fig. Effect of model components. (A) Overview of reconstruction pipelines. The brain-to-codebook pipeline predicts
codebook representations directly from fMRI responses (brown line), which are then transformed into spectrograms and
sound waves via the codebook encoder and decoder. The pixel optimization pipeline iteratively adjusts spectrogram pixel
values to match decoded DNN features inferred from fMRI responses (orange line). (B) Reconstructed spectrograms from
different pipelines (ROI: AC; for reconstructed sounds, see https://www.youtube.com/watch?v=DFLsalY4g64). The first
row displays the original spectrograms of the stimuli, and subsequent rows show reconstructions from each pipeline. The
brain-to-codebook pipeline produces temporally smoothed spectrograms, while the pixel optimization pipeline generates
spectral patterns with specific frequency alignment but noticeable noise and limited temporal fidelity, resulting in texturally
noisy outputs. (C) Evaluation of reconstructed sounds. Each panel represents mean identification accuracy per subject for
a given reconstruction pipeline, with error bars denoting the 95% CI based on 50 data points. The brain-to-codebook pipe-
line achieves approximately 65% identification accuracy based on spectrogram pixels but showed declining performance
at higher hierarchical stage. The pixel optimization pipeline performs better than the brain-to-codebook approach in both
spectrogram pixel accuracy and higher hierarchical stage but still fell short of the proposed model. These results highlight
that while both pipelines could reconstruct spectral patterns, only the proposed model consistently preserved perceptual
qualities similar to the original stimuli. The data underlying this figure are provided in S2 Data.

(TIFF)
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S6 Fig. Evaluation of reconstructed sounds using candidate stimuli from the same category. Identification accuracy
for reconstructed sounds is presented by category. Each bar represents the mean accuracy across 10 test stimuli for the
animal, music and environment categories and 20 test stimuli for the speech category. Error bars indicate the 95% CI, and
each color corresponds to an individual subject. Human ratings are generally above 70% for animals and environments,
while speech ratings ranged from 60% to 80%, with music showing greater variability. Trends in human ratings closely align
with objective evaluations. These results suggest that reconstructed sounds for animals and environments reliably captured
category-specific features, enabling accurate identification of true stimuli, whereas reconstructions for speech and music
lacked sufficient detail for consistent within-category discrimination. The data underlying this figure are provided in S2 Data.
(TIFF)

S7 Fig. Single-trial reconstruction. (A) Reconstructed spectrograms (ROI: AC, DNN layer: Conv5; for reconstructed
sounds, see https://www.youtube.com/watch?v=exUeKzT0Qfo). The top row shows the original spectrogram of the stimu-
lus sounds. The second row depicts reconstructions based on fMRI samples averaged over eight trials. Rows three to six
display reconstructions using single-trial fMRI samples from different trials. (B) Evaluation of reconstructed sounds. Each
panel represents the mean identification accuracy for each subject. The dark blue bar shows results from fMRI samples
averaged over eight trials, while the orange bar indicates the average accuracy of single-trial reconstructions across eight
repetitions. Error bars represent the 95% CI based on 50 data points. Identification accuracy for single-trial reconstruc-
tions is approximately 60% for spectrogram and lower hierarchical stages, improving to around 80% in higher hierarchical
stages. For acoustic features, the model achieves 60% accuracy for FO and SC. Despite lower performance compared to
trial-averaged reconstructions, these findings confirm the model’s capability to produce reasonable reconstructions from
single-trial fMRI samples. The data underlying this figure are provided in S2 Data.

(TIFF)

S8 Fig. Evaluation of reconstructed sound using textured true stimuli for all subjects. Identification accuracy of
reconstructed sounds is shown for each subject when compared against temporally textured true stimuli. Each panel
corresponds to an individual subject. Dark blue bars represent accuracy using the original true stimuli, and orange bars
indicate accuracy using the textured true stimuli. Error bars denote the 95% Cls based on 50 data points. The data under-
lying this figure are provided in S2 Data.

(TIFF)

S9 Fig. Evaluation of reconstructed sound using temporally shuffled true stimuli for all subjects. The identifica-
tion accuracy of reconstructed sounds was assessed using temporally shuffled true stimuli. Each panel corresponds to an
individual subject, with each bar representing the mean accuracy for different segment sizes, indicated by varying colors.
Error bars denote the 95% Cls based on 50 data points. The data underlying this figure are provided in S2 Data.

(TIFF)

S$10 Fig. Decoding performance of auditory areas and DNN layers. (A) Identification accuracy across auditory areas.
Identification accuracy for decoded DNN features from the Conv5 layer is presented for different auditory regions. Each
bar represents the average accuracy for individual subjects, with error bars indicating the 95% CI based on 50 data points.
Colors correspond to individual subjects. Accuracy consistently exceeds 70% across primary and secondary auditory
areas, with minimal variation among regions. These results suggest a distributed auditory processing system rather than a
strict hierarchical correspondence between auditory regions. (B) Identification accuracy across DNN layers. Identification
accuracy for decoded features from various DNN layers using the AC is shown. Performance improves at higher DNN
layers compared to lower layers, demonstrating that hierarchical representations encoded in different DNN layers can be
reliably predicted from the AC. The data underlying this figure are provided in S2 Data.

(TIFF)
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S$11 Fig. Reconstruction from different auditory areas and DNN layers. (A) Reconstructed spectrograms from individ-
ual ROIs (DNN layer: Conv5; for reconstructed sounds, see https://www.youtube.com/watch?v=qjMg8870O0OTM). The top
row shows the original spectrogram of the presented sound. Rows two through seven display spectrograms reconstructed
using fMRI data from individual ROls, highlighting the contributions of each auditory region. (B) Reconstructed spectro-
grams using different DNN feature layers (ROI: AC; for reconstructed sounds, see https://www.youtube.com/watch?v=nz-
ROiIbTYmTI). The top row shows the original spectrogram of the presented sound. Rows two through seven represent
spectrograms reconstructed using features from different layers of the DNN model, illustrating the influence of hierarchical
DNN features on reconstruction quality.

(TIFF)

S$12 Fig. Effect of fully connected layers. (A) Reconstructed spectrograms generated using decoded features from
three DNN layers: the last convolutional layer (Conv5) and two fully connected layers (FC1 and FC3) of the VGGish-ish
model. The top row shows the original spectrograms of the stimulus sounds. The following rows display spectrograms
reconstructed using features decoded from each layer. (B) Evaluation of reconstructed sounds from Conv5, FC1, and FC3
(ROI: AC). Each bar represents the mean identification accuracy calculated for each subject, with the error bar indicating
the 95% CI estimated from 50 data points. While Conv5 tended to show slightly higher performance in pixel-based mea-
sures, the overall differences among the three layers were modest and varied across subjects. These results suggest that
both convolutional and fully connected layers retain sufficient information for reconstructing perceptual attributes. The data
underlying this figure are provided in S2 Data.

(TIFF)

S$13 Fig. Recovery check of DNN layers. (A) Recovered spectrograms from different DNN layers. The top row shows
the original spectrograms of the stimulus sounds, while rows two through seven display spectrograms recovered using
true DNN features from different layers. The first and second columns show natural sounds selected from VGGSound,
while the third to fifth columns present artificial sounds not included in model training. Recovery from lower DNN layers
(Conv1 to Conv3) achieves near-perfect reconstruction of the original spectrograms. Spectrograms from Conv4 and
Conv5 show subtle degradation but retain key spectral patterns. Recovery using category-level features from FC3 exhibits
more pronounced degradation, particularly in temporal structure, although spectral patterns often remained discernible.
Even for artificial sounds, recovery demonstrates high fidelity. (B) Evaluation of recovered sounds from different DNN
layers. Bars represent the mean identification accuracy, with error bars indicating the 95% CI based on 50 data points.
Recovery from lower layers achieves nearly 100% accuracy. For Conv5, accuracy remains close to 95% in pixel-based
evaluations, with a slight decline in lower hierarchical stages and near-perfect recovery (~100%) in higher hierarchical
stages. Recovery from FC3 shows significant degradation in pixel-based and lower hierarchical stages but retained over
90% accuracy for higher hierarchical stages. The data underlying this figure are provided in S2 Data.

(TIFF)

S$14 Fig. Reconstruction using untrained DNN features. (A) Evaluation of decoded features across DNN layers
extracted from an untrained VGGish-ish model (ROI: AC). Decoded features from the trained model show lower perfor-
mance than those from the untrained model, particularly in Conv5 (our primary decoding target). At lower hierarchical
layers, such as Conv1 and Conv2, there are minimal difference between trained and untrained features. However, as
layer depth increases, trained DNN features exhibit a gradual performance improvement, while untrained features remain
relatively unchanged. (B) Reconstructed spectrograms using different DNN feature layers from an untrained model (see
https://www.youtube.com/watch?v=nX6idzcQGMU). The top row presents the original spectrogram of the presented
sound, while rows two through seven display reconstructions based on features from different layers of the untrained
DNN model. Although these reconstructions reflect the influence of hierarchical DNN features on reconstruction qual-

ity, they poorly resemble the original spectrograms. However, reconstructions from the FC3 layer retain some distinct
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spectrotemporal patterns. (C) Evaluation of reconstructed sounds. The difference between reconstructions using trained
and untrained DNN features is marginal. Beyond this, however, a pattern of hierarchical correspondence is observed. At
higher hierarchical stages, reconstructions from lower layers show lower performance when using trained DNN features
compared to untrained. However, for higher layers, trained DNN features outperform untrained features, showing a shift in
performance across layers. These results suggest that while model architecture influenced reconstruction quality, task-
optimized DNN features played a role in capturing hierarchical structure and improving perceptual evaluations. The data
underlying this figure are provided in S2 Data.

(TIFF)

S$15 Fig. Evaluation of reconstructed sounds using hierarchical representation with untrained filter weights.
Reconstructed sounds (ROI: AC) were evaluated using a trained Melception model (left panel) and an untrained model
with random filter weights (right panel). Each bar represents the mean identification accuracy per subject, with error

bars indicating the 95% CI based on 50 data points. Lower hierarchical stages from the untrained model show minimal
changes compared to the trained model. However, performance declines across all DNN layers as the representation
hierarchy increases. Reconstructions from Conv5 exhibit a nearly 30% drop in performance at the hierarchical stage 4,
which aligns most closely with human ratings. These findings underscore the critical role of task-specific optimization in
evaluating hierarchical representations and suggest that the observed hierarchical structure in reconstructed sounds is not
solely attributed to the model’s architectural characteristics. The data underlying this figure are provided in S2 Data.

(TIFF)

S$16 Fig. Sound reconstruction with attention from different auditory areas. (A) Reconstructed spectrograms from
individual ROIls during selective auditory attention tasks (DNN layer: Conv5; for reconstructed sounds, see https://www.
youtube.com/watch?v=jJDBg2Ix0Aw). The top panel shows the spectrograms of two superimposed sounds presented
during the task, where subjects were instructed to focus on one specific sound. The bottom panel displays spectrograms
reconstructed from each individual ROI for Subject S4. (B) Identification accuracy of attended sound from individual
ROls. Each panel corresponds to a specific auditory area, with each bar representing the mean identification accuracy
for an individual subject based on 48 data points. The dashed line indicates the significance threshold (p<0.05) as deter-
mined by a binomial test. These findings highlight the ability of individual auditory regions to contribute to distinguish
attended sounds in the presence of competing auditory stimuli. The data underlying this figure are provided in S2 Data.
(TIFF)

S1 Movie. Reconstructed sounds under natural sound listening conditions. A side-by-side comparison of spectro-
grams for actual stimuli (left) and reconstructed sounds (right) across various natural sound stimuli. (Subjects: S3, S4, and
S5; ROI: AC; DNN layer: Conv5). https://www.youtube.com/watch?v=kNSseidxFJU.

(MP4)

S2 Movie. Reconstructed sounds using different auditory features with conventional pipelines. (Subject: S3, ROI:
AC) https://www.youtube.com/watch?v=KXcDOTOPOhS.
(MP4)

S3 Movie. Reconstructed sounds using different auditory features with the same reconstruction pipelines. (Sub-
ject: S3, ROI: AC) https://www.youtube.com/watch?v=5ZH4upFgi0l.
(MP4)

S4 Movie. Reconstructed sounds using different reconstruction pipelines. (Subject: S3, ROI: AC) https://www.you-
tube.com/watch?v=DFLsalY4g64.
(MP4)
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S5 Movie. Single-trial reconstruction. (Subject: S3, ROI: AC, DNN layer: Conv5) https://www.youtube.com/
watch?v=exUeKzT0Qfo.
(MP4)

S6 Movie. Reconstructed sounds using brain decoder with ablated training category set. (Subject: S3, ROI: AC,
DNN layer: Conv5) https://www.youtube.com/watch?v=znm6NWL1YYY.
(MP4)

S7 Movie. Reconstructed sounds using individual auditory regions. (Subject: S3, DNN layer: Conv5) https://www.
youtube.com/watch?v=qjMg88700TM.
(MP4)

S8 Movie. Reconstructed sounds using different DNN layers. (Subject: S3, ROI: AC) https://www.youtube.com/
watch?v=nzR0OibTYmTI.
(MP4)

S9 Movie. Reconstructed sounds using untrained DNN features. (Subject: S3, ROI: AC) https://www.youtube.com/
watch?v=nX6idzcQGMU.
(MP4)

S$10 Movie. Reconstructed sounds under selective auditory attention tasks. The left panel shows the spectrogram
of superimposed stimuli from two distinct sound categories (illustrated with different colors). The right panel displays the
spectrogram of reconstructed sounds when the subject focuses attention on one of the two sounds. (Subjects: S4 and S5;
ROI: AC; DNN layer: Conv5). https://www.youtube.com/watch?v=1ZHCoiygPb4.

(MP4)

S11 Movie. Reconstructed sounds under selective auditory attention tasks using individual auditory regions.
(Subject: S4, DNN layer: Conv5) https://www.youtube.com/watch?v=jJDBg2Ix0Aw.
(MP4)

S1 Data. Data used for Fig 3C analysis. This file contains the dataset used to generate the results presented in Fig 3C.
(json)

S2 Data. Data used for all figure analyses (excluding Fig 3C). This file includes all datasets used to generate the main
and supporting figures, excluding the data used in Fig 3C, which is provided separately in S1 Data.
(XLSX)
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