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Abstract—This paper introduces GAF-Flow, a novel auditory-
perceptual flow model for high-fidelity neural Text-To-Speech
(TTS) synthesis. To address the limitations of “machine-centric”
acoustic modeling, which often overlooks the non-linear fre-
quency selectivity of human hearing, we propose three key inno-
vations. First, a Gammatone-Mel Hybrid Filterbank is designed
to mimic cochlear resolution and enrich high-frequency spectral
details. Second, a Channel-wise Adaptive Normalization module
harmonizes the heterogeneous statistical distributions between
filter domains. Third, an auditory-prior supervision scheme pro-
vides targeted perceptual guidance during training. Experimental
results on LJSpeech and VCTK datasets demonstrate that GAF-
Flow significantly outperforms state-of-the-art baselines in both
subjective (MOS, SMOS) and objective metrics (MCD, PESQ),
successfully restoring fine spectral details and reducing artifacts
while maintaining efficient inference. Our work bridges the
gap between physiological auditory mechanisms and generative
speech modeling, providing a perceptually-enhanced paradigm
for high-quality synthesis.

I. INTRODUCTION

The landscape of neural TTS has evolved rapidly, driven by
the pursuit of high-fidelity and real-time synthesis. Early two-
stage paradigms based on autoregressive modeling [10], [11],
[23] achieved high quality but suffered from slow inference.
To address this, non-autoregressive architectures [18], [19]
and latent variable models like VITS [3] were introduced
to enable parallel generation. Concurrently, GAN-based ap-
proaches [6], [8], [12], [24] and large-scale vocoders [31] uti-
lized adversarial feedback to further sharpen spectral textures.
Recently, generative modeling has witnessed a paradigm shift
towards Denoising Diffusion Probabilistic Models (DDPMs)
[2], [7], [26] and, more notably, Flow Matching frameworks
[5], [25]. By simplifying generative trajectories, recent flow-
based systems have achieved remarkable success in zero-shot
voice cloning [27], [28] and prosodic modeling [22], [29], with
scaling laws further pushing the boundaries of model capacity
[9], [15], [17], [30].

However, a fundamental limitation persists across these
state-of-the-art architectures: they largely operate on a
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“machine-centric” logic, assuming uniform statistical priority
across all frequency bands. This design inherently overlooks
the non-linear frequency selectivity of the human auditory
system, particularly the transient cues critical for timbre
perception, leading to a mismatch between signal-level op-
timization and perceptual quality. Auditory-guided metrics
[1] and neuro-computational studies [21] affirm that aligning
with auditory-nerve response patterns is a strong predictor of
naturalness [9]. Yet, standard acoustic models fail to leverage
these physiological priors. Consequently, the integration of
biologically grounded auditory representations into generative
speech models remains an open and crucial challenge.

Building on previous research, this paper proposes GAF-
Flow, an auditory-perceptual flow model for speech synthesis.
Our approach addresses the limitations of standard acoustic
modeling through physiological auditory mechanisms and
statistical domain alignment. The main contributions of this
paper are summarized as follows:

• We propose a perceptual-quality-oriented synthesis
framework based on the flow matching mechanism, which
incorporates a Gammatone-Mel Hybrid Filterbank to
mimic cochlear resolution and alleviate the information
bottleneck in standard spectrograms.

• We introduce a Channel-wise Adaptive Normalization
(CAN) module to harmonize the statistical distributions
of heterogeneous feature domains, eliminating spectral
fractures and ensuring coherent reconstruction.

• We design a dual-supervision scheme comprising Audi-
tory Loss and Prior Regularizer, which provides targeted
perceptual guidance to suppress artifacts and enhance
naturalness.

II. RELATED WORK

A. Generative Flow Matching

Flow Matching (FM) has redefined the generative landscape
by offering a simulation-free alternative to diffusion models,
providing superior stability and convergence speed [32], [33].
In speech synthesis, Optimal Transport Conditional Flow
Matching (OT-CFM) has been widely adopted to minimize
the number of function evaluations while maintaining high
fidelity [5], [34]. Recent works have scaled this paradigm to



Fig. 1: Architecture of GAF-Flow, illustrating the training and inference stages bridged by shared core modules. Orange
components highlight our primary contributions.

zero-shot scenarios, utilizing Rectified Flows [29] or Diffusion
Transformers [27], [28] to capture complex speaker charac-
teristics. These advancements underscore the effectiveness of
flow-based models as a powerful backbone for modern, high-
performance speech synthesis systems, establishing them as a
leading approach for efficient and high-quality generation.

B. Auditory-Perceptual Modeling

Incorporating physiological priors into neural networks
has proven effective for improving robustness in discrimi-
native tasks. The Gammatone filterbank, which mimics the
cochlea’s non-linear frequency selectivity, has been extensively
utilized in discriminative tasks such as robust Automatic
Speech Recognition (ASR) and speech separation [13]. In the
generative domain, recent neuro-computational frameworks
like NeuroVoc [21] demonstrate the significant potential of
auditory-inspired features [4], [12], showing that conditioning
on simulated auditory nerve responses can enhance biological
plausibility [14]. This growing body of work establishes
auditory-based representations as a rich and valuable source of
information, providing a strong foundation for their integration
into more complex generative tasks like end-to-end TTS.

C. Feature Alignment and Normalization

Effective feature fusion is contingent upon robust nor-
malization strategies. While standard techniques like Batch
Normalization [38] and Layer Normalization [39] stabilize
training via global statistics, the challenge of domain shifts
has led to the development of adaptive methods. Techniques
such as Adaptive Instance Normalization (AdaIN) [40] and

Feature-wise Linear Modulation (FiLM) [41] have demon-
strated remarkable success in dynamically modulating feature
statistics based on external conditions, proving highly effective
for style transfer and domain adaptation tasks. These adaptive
normalization methods provide essential and powerful tools for
managing heterogeneous data, showcasing their fundamental
potential for enabling controlled and robust fusion within
complex feature pipelines.

III. METHOD

As shown in Fig. 1, GAF-Flow is a perceptual-quality-
oriented speech synthesis framework built upon Matcha-TTS
[5]. We redesign its pipeline to operate in a physiologically
grounded domain by introducing three key components: a bio-
hybrid representation to restore cochlear resolution, a statisti-
cal alignment module to ensure stable generative paths, and
perception-aware regularizers for targeted spectral supervision.

A. Gammatone-Mel Hybrid Filterbank

To enable auditory-aligned supervision, we first address the
limitations of standard acoustic features. While standard Mel
spectrograms effectively capture low-frequency tonal struc-
tures, their logarithmic compression severely degrades reso-
lution above 2 kHz. Conversely, Gammatone filters, inspired
by cochlear frequency decomposition [13], offer superior
high-frequency resolution but are redundant at lower bands.
To combine their complementary strengths, we propose a
Frequency-split Hybrid Filterbank: Standard Mel filters for the
low-frequency band (<2 kHz), Gammatone filters for the high-
frequency band (>2 kHz).



Fig. 2: System diagram depicting hybrid filterbank

As illustrated in Fig.2, the raw audio waveform is first trans-
formed via Short-Time Fourier Transform (STFT). Then, the
magnitude spectrum is split and processed through two parallel
filterbank paths. Following filterbank analysis, both spectral
streams undergo logarithmic compression L = log(|S|+10−5)
before being concatenated along the frequency axis to form the
unified hybrid spectrogram:

XGM = [Xmel;Xgamma] ∈ R80×T (1)

where T denotes the number of time frames. This 80-
dimensional representation maintains exact compatibility with
the Matcha-TTS interface, enabling seamless integration.

The unified hybrid spectrogram XGM serves as the fun-
damental representation throughout the GAF-Flow pipeline.
It acts as: (1) the ground-truth target for flow-matching-
based acoustic modeling, (2) the primary domain for auditory-
perceptual regularization, and (3) the training target for the
fine-tuned HiFi-GAN vocoder. This End-to-End consistency
ensures all components operate in a coherent, auditory-aligned
domain, maximizing perceptual fidelity.

B. Channel-wise Adaptive Normalization

Mel and Gammatone features from the hybrid filterbank
reside in heterogeneous spaces with divergent energy distribu-
tions, causing a statistical mismatch. Standard global normal-
ization is dominated by high-energy Mel bands, suppressing
fine-grained Gammatone textures and creating a statistical bias
at their junction. This misalignment manifests as a spectral
fracture—a sharp discontinuity at the 2kHz boundary (Fig.
3) that disrupts the continuity of the generative vector field.
The fracture impedes coherent cross-domain learning due to
conflicting gradient signals, leading to phase discontinuities
and audible artifacts that degrade perceived naturalness.

Fig. 3: Spectral fracture phenomenon

To establish a stable transport path, we propose Channel-
wise Adaptive Normalization (CAN). CAN operates on a per-
channel basis, computing independent mean µf and standard

deviation σf for each frequency channel f across the training
set. Given an input feature yb,f,t (where b, f , and t index the
batch, frequency channel, and time frame, respectively), CAN
applies the transformation:

ŷb,f,t =
yb,f,t − µf

σf + ϵ
, f ∈ {1, . . . , 80} (2)

where ϵ is a small constant for numerical stability.
This operation performs probability density alignment for

each cochlear-scaled band, projecting both the Mel and Gam-
matone features onto a unified latent space with zero mean
and unit variance per channel. By eliminating the inter-domain
statistical bias, CAN ensures balanced contributions from all
frequency bands to the vector field vθ(x, t, c), effectively
eliminating the spectral fracture and enabling the generation
of seamless, high-fidelity spectrograms.

C. Auditory-Prior Supervision

Given the auditory-aligned representation, standard math-
ematical objectives like Mean Squared Error (MSE) remain
perceptually undiscriminating. MSE treats all frequency bins
with equal weight, failing to prioritize the specific bands where
human hearing is most discerning or where generative artifacts
are most audible. To this end, we introduce a dual-supervision
scheme that prioritizes high-frequency fidelity.

1) Auditory Loss (Laud): The Auditory Loss targets spectral
precision in the high-frequency domain. It applies an L1
constraint specifically to the Gammatone-derived bands H
to enforce accurate reconstruction of fine spectral envelopes,
prioritizing the acoustic textures essential for consonant clarity
and natural timbre.

Laud(y, µy) =
1

|H| ·
∑

ymask

∑
b,t

∑
f∈H

|yb,f,t − µy,b,f,t| · ymask

(3)
where y is the ground-truth hybrid spectrogram and µy is
the predicted encoder output. This targeted loss ensures the
generator prioritizes fine-grained textures critical for consonant
clarity and timbre.

2) Auditory Prior Regularizer (Lhf): The Auditory Prior
Regularizer targets temporal coherence in the high-frequency
domain. It imposes a smoothing constraint on the temporal
evolution of the predicted features µy within bands H, penal-
izing unnatural frame-to-frame fluctuations (“jitters”) to ensure
the generated spectro-temporal patterns are both sharp and
stable.

Lhf(µy) =
1

|H| ·
∑

ymask

∑
b,t>0

∑
f∈H

|µy,b,f,t−µy,b,f,t−1| ·ymask

(4)
By penalizing unnatural temporal fluctuations in the Gam-
matone domain, this regularizer mimics the ear’s sensitivity
to temporal fine structures, leading to synthetic speech that
achieves a higher degree of naturalness and clarity.

The final training objective integrates these auditory priors
with the original flow-matching and duration losses:

Ltotal = Ldur + Lorig
prior + Ldiff + αLaud + βLhf (5)



where α and β follow a linear warmup schedule: they remain
0 for the first 100 epochs, then linearly increase to their final
values of 0.01 and 0.001, after which they remain constant.
This schedule ensures training stability.

IV. EXPERIMENTS

A. Experimental Setup

1) Datasets: We perform experiments primarily on the
LJSpeech dataset [37], containing approximately 24 hours of
audio clips from a single female speaker. The dataset is divided
into training (12,500 samples), validation (100 samples), and
testing (500 samples) sets, with the same split as [6], [8].
To evaluate cross-speaker generalization, we further utilize a
subset of 20 speakers from the VCTK dataset [35]. For these
speakers, 90% of their utterances are used for fine-tuning, and
the remaining 10% for testing.

2) Preprocessing: All audio recordings are resampled to
22050 Hz, text inputs are phonemized using the Phonemizer
library [16]. For feature extraction, spectrograms are computed
using a Short-Time Fourier Transform (STFT) with an FFT
size of 1024, a window length of 1024, and a hop size of
256. The frequency limits are set between fmin = 0 Hz and
fmax = 8000 Hz.

3) Training: The model is trained using the AdamW opti-
mizer (β1 = 0.8, β2 = 0.99) and a random seed of 1234 for
reproducibility. The learning rate is initialized at 2×10−4 and
follows an exponential decay of 0.999 per epoch, using a batch
size of 16. To ensure high-fidelity waveform reconstruction
from our specialized features, the HiFi-GAN vocoder [4]
is fine-tuned specifically on the generated Gammatone-Mel
hybrid spectrograms. All experiments are executed on a single
NVIDIA RTX 4090 GPU.

B. Evaluation Metrics

In the subjective evaluation, we conduct a Mean Opinion
Score (MOS) test with 30 listeners to evaluate naturalness
(MOS-N) and speaker similarity (MOS-S). Each listener rated
20 randomly sampled utterances on a scale of 1 to 5. Results
are reported as mean scores with 95% confidence intervals.

In the objective evaluation, we first conduct a Mel-cepstral
distortion (MCD) [20] test to evaluate spectral distortion
between synthesized and target speech. To directly assess the
perceptual quality, we use the Perceptual Evaluation of Speech
Quality (PESQ) to quantify listening quality due to its high
correlation with MOS (r≥0.9) [14]. Finally, we provide spec-
trogram comparisons for visual inspection of high-frequency
fidelity.

C. Results

1) Comparison with existing models:
The subjective evaluation results in Table I show that GAF-

Flow achieves the best performance in both speech naturalness
(MOS) and speaker similarity (SMOS) across datasets. It
consistently surpasses the flow-based baseline Matcha-TTS,
confirming the perceptual gains of our innovations. Notably,
on the multi-speaker VCTK dataset, GAF-Flow maintains high

SMOS, demonstrating robust generalization and its enhanced
capability to preserve speaker identity. This is attributed to
our bio-hybrid representation, which captures fine-grained
physiological cues often lost in standard Mel-spectrograms.

The objective metrics provide complementary signal-level
validation. GAF-Flow achieves the lowest MCD, indicating
superior accuracy in spectral envelope reconstruction—a direct
outcome of the CAN module’s efficacy in aligning different
statistical domains. Furthermore, its significant lead in PESQ
scores validates the dual-supervision scheme. The proposed
Auditory Loss (Laud) and Prior Regularizer (Lhf ) compel the
generator to prioritize harmonic fidelity and temporal smooth-
ness in critical high-frequency regions, effectively suppressing
artifacts that degrade perceptual quality.

2) Visualizing Spectral Integrity:

(a) Ground Truth

(b) GAF-Flow

(c) Matcha-TTS

Fig. 4: Spectrogram comparison

To facilitate a more intuitive assessment of the synthesis
quality, we visualize the spectrograms of test samples across
different models in Fig. 4. Since baseline models employ
varied Mel-scaling strategies that result in inconsistent visual
scales, we focus on comparing GAF-Flow with the Ground
Truth (GT) and the baseline Matcha-TTS.

A key observation is the visible spectral fracture in Matcha-
TTS (Fig. 4c). This artifact arises from the statistical hetero-
geneity between Mel and Gammatone domains. In contrast,
GAF-Flow (Fig. 4b) eliminates this discontinuity, demonstrat-
ing the CAN module’s efficacy in feature alignment.

GAF-Flow shows superior acoustic detail preservation
across the spectrum. In the low-frequency region (Box 1),
GAF-Flow reconstructs sharper harmonic structures. This
fidelity extends to the phonemic transition regions (Box
3), GAF-Flow replicates smoother energy shifts, avoiding
the blurred transitions seen in the baseline. Most notably,
in the high-frequency zone (Box 2), GAF-Flow maintains



TABLE I: Performance Comparison of Speech Synthesis on LJSpeech and VCTK Datasets. Bold values indicate the best
performance among synthesized models.

Dataset Method MOS-N (↑) SMOS (↑) MCD [dB] (↓) PESQ (↑)

LJSpeech

Ground Truth 4.41± 0.06 4.22± 0.12 - 4.12
VITS 4.17± 0.12 3.92± 0.16 6.15 3.21
Matcha-TTS 4.11± 0.09 4.03± 0.14 6.48 3.08
Grad-TTS 4.06± 0.09 3.97± 0.14 6.92 2.88
GAF-Flow (Ours) 4.22± 0.06 4.09± 0.09 5.82 3.42

VCTK

Ground Truth 4.38± 0.08 4.15± 0.11 - 4.01
VITS 4.10± 0.11 3.82± 0.15 6.38 3.12
Matcha-TTS 3.96± 0.10 3.84± 0.13 6.81 2.89
Grad-TTS 3.88± 0.12 3.76± 0.14 7.24 2.72
GAF-Flow (Ours) 4.16± 0.09 3.98± 0.10 6.15 3.28

fine-grained textures and transients that are critically over-
smoothed in Matcha-TTS. These improvements stem from
the synergistic effect of our bio-hybrid representation, which
supplies richer spectral details, and the auditory-prior su-
pervision, which ensures their accurate reconstruction during
optimization.

3) Inference Efficiency:
We evaluate the inference efficiency of GAF-Flow by mea-

suring the wall-clock inference time for generating utterances
of varying lengths (from 30 to 1500 characters) on a single
NVIDIA V100 GPU. The results are plotted on a logarithmic
scale in Fig. 5, with trend lines indicating the scaling behavior
(O(L)).

Fig. 5: Scatterplot of text length vs. inference time

As illustrated, the diffusion-based Grad-TTS exhibits the
highest latency, while the fully parallel VITS model represents
the lower bound for inference time. Crucially, GAF-Flow
maintains inference speed nearly on par with Matcha-TTS, the
flow-based baseline. The marginal additional latency is due to
the computation of the hybrid features and the CAN module,
but this overhead diminishes proportionally as utterance length
increases. This demonstrates that our auditory-perceptual en-
hancements do not compromise the fast sampling advantage
inherent to flow-matching models.

4) Ablation Studies:
To validate the individual necessity and synergistic effect of

each proposed module, we conduct a comparative experiment
on the LJSpeech dataset. The experimental results are shown

TABLE II: Ablation Study Results

Configuration MOS (↑) PESQ (↑)

GAF-Flow 4.22± 0.06 3.42
w/o Laud (Auditory Loss) 4.15± 0.08 3.26
w/o Lhf (Prior Regularizer) 4.19± 0.07 3.31
w/o CAN 3.98± 0.12 2.92
w.o GM representation (Baseline) 4.10± 0.10 3.10

in Table II. The most critical finding is the severe performance
drop when removing the CAN module (MOS-N falls below
4.0), providing empirical evidence that the “spectral fracture”
is highly detrimental to perceptual quality. The individual
contributions of the auditory supervision terms are also clear:
removing the Auditory Loss (Laud) significantly reduces the
PESQ score, indicating a loss of high-frequency spectral
precision, while removing the Prior Regularizer (Lhf ) leads
to a slight degradation in MOS-N, corresponding to a loss
of temporal smoothness. Finally, reverting to the Mel-only
baseline leads to a comprehensive quality decrease, confirming
the necessity of the hybrid representation.

V. CONCLUSION

In this paper, we propose GAF-Flow, an auditory-perceptual
flow model that enhances naturalness and spectral fidelity
in speech synthesis. Challenging the dominance of Mel-
spectrogram-based acoustic modeling, we identify its limi-
tation in capturing fine-grained high-frequency cues essen-
tial for timbre perception. To address this, we introduce a
Gammatone-Mel Hybrid Filterbank to mimic cochlear res-
olution and propose Channel-wise Adaptive Normalization
(CAN) to mitigate the spectral fracture caused by heteroge-
neous feature domains. Additionally, an Auditory-Prior Super-
vision scheme aligns the generative process with physiological
hearing principles. Experimental results show that GAF-Flow
outperforms state-of-the-art baselines, effectively eliminating
metallic artifacts and restoring natural speech “airiness” with-
out sacrificing inference efficiency. Future work will extend
this bio-inspired framework to zero-shot voice cloning to
enhance speaker similarity in unseen scenarios.
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