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Abstract

Flow-matching generative models have created
significant milestones in text-to-audio gener-
ation, powered by scalable training with in-
creased data, computational resources, and
model size, while their scalable inference re-
mains less explored. In this work, we propose
MaskAudioFlow, a continuous flow-matching
transformer with masked generative modeling
designed for scaling text-to-audio inference-
time prediction. Specifically, MaskAudioFlow
1) masks spans of audio frames in training and
approximates the continuous velocity vector
field with flow-matching objective, and 2) per-
forms inference via masked prediction, where
we mask out generation and re-predict them
through iterative decoding. To reduce the gap
between generation and human preferences, we
fine-tune MaskAudioFlow using reward signals
from text-audio correspondence and perceptual
aesthetics. Experimental results demonstrate
that MaskAudioFlow achieves state-of-the-art
performance in text-to-audio generation, ef-
fectively scaling inference-time computation
through iterative masked prediction. Moreover,
the preference-tuned model demonstrates supe-
rior text-audio alignment faithfulness and en-
hanced perceptual aesthetics. !

1 Introduction

Flow-matching generative models (Goodfellow
et al.,, 2020; Lipman et al., 2022; Ho et al.,
2020) have recently exhibited high-quality gen-
eration across various domains, emerging as a
powerful generative modeling technique for high-
dimensional data. With scalable training data and
model design, image and video flow generative
models demonstrate remarkable improvements for
creating long context audios (OpenAl., 2024), high-
resolution images (Esser et al., 2024), and videos
with different aspect ratios (Polyak et al., 2025).

'Audio samples are available at https://MaskAudio.
github.io/

Audio flow-matching models (Karras et al.,
2022) also have demonstrated superior fidelity and
controllability due to their ability to scale training
by increasing data, computational resources, and
model size. AudioBox (Vyas et al., 2023) gen-
erates various audio modalities scale training data
and parameters with large-scale flow-matching gen-
erative modeling. Wang et al. (2023) build a strong
in-context learning TTS framework leveraging scal-
ing transformer architecture and web-scale training
data. Despite the success achieved in scaling data
usage and training computation in audio generative
models, the inference-time scaling behaviors are
relatively less explored.

Scaling inference-time prediction in audio gen-
erative models can be approached via 1) increasing
the number of denoising steps (Karras et al., 2022;
Salimans and Ho, 2022), while the performance
gains typically flatten after a few dozen steps; or 2)
iterative decoding (Sun et al., 2024; Ziv et al., 2024)
which inherently relies on discrete tokens predic-
tion for masked prediction, while the discretization
often leads to a information loss.

In this work, we propose MaskAudioFlow,
a masked flow-matching transformer approxi-
mating the continuous velocity vector field for
text-to-audio generation. Motivated to scale
inference-time prediction in audio generative mod-
els, MaskAudioFlow masks spans of audio frames
in training and generates samples via iterative de-
coding in inference, where we mask out some gen-
eration and re-predict them. To reduce the gap
between generation and human preferences, we
fine-tune MaskAudioFlow with reward-weighting
flow-matching objective from text-audio correspon-
dence and perceptual aesthetics, without the need
for reward’s gradients or filtered datasets (in Tango
2 (Majumder et al., 2024)).

Both subjective and objective evaluations demon-
strate that MaskAudioFlow achieves state-of-the-
art results in text-to-audio generation with natu-
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ral and faithful synthesis, and MaskAudioFlow ef-
fectively scale inference-time prediction through
iterative masked prediction. Furthermore, the
preference-tuned models exhibit superior text-
audio alignment faithfulness and enhanced percep-
tual aesthetics.The key contributions are as follows:

* We present MaskAudioFlow, a masked flow-
matching transformer approximating the con-
tinuous velocity vector field for text-to-audio
generation.

* We scale inference-time prediction with
masked generative modeling, where MaskAu-
dioFlow masks out some generations and re-
predict them in an iterative refinement manner.

* We reduce the gap between generation and hu-
man preference (text-audio correspondence,
perceptual aesthetics) through reward feed-
back fine-tuning.

» Experimental results present state-of-the-art
results in text-to-audio generation, with per-
ference text-audio alignment faithfulness and
enhanced perceptual aesthetics.

2 Related Works

2.1 Text-to-Audio Generation

Text-to-Audio generation is a multimodal task
that has witnessed notable advancements in recent
years. Diffsound (Yang et al., 2022) leverages a
pre-trained VQ-VAE (Van Den Oord et al., 2017)
on mel-spectrograms to encode audio into discrete
codes, subsequently utilized by a diffusion model
for text-to-audio synthesis. Another series of mod-
els (Huang et al., 2023b; Liu et al.) rely on the La-
tent Diffusion Model (LDM), which significantly
enhances sample quality. Auffusion (Xue et al.,
2024) leverages the text-to-image system’s inher-
ent generative strength and precise cross-modal
alignment to generate audios that accurately match
textual descriptions. Mo et al. (2024) propose
a multimodal text-to-audio model aligned with
video, which employs an audio-visual control net
to adeptly merge temporal visual representations
with text embeddings. In this work, we study the
inference-time behaviors of audio generative mod-
els with continuous masked prediction, to itera-
tively predict samples via masked refinement.

2.2 Flow Matching Generative Models

Flow matching Lipman et al. (2022) is a synthesis
framework using ODEs that unifies and extends
probability flow with a simple vector-field regres-
sion loss. Further leveraging ideas from optimal
transport, rectified flows (Lee et al., 2023c; Liu
et al., 2022) aim to minimize the trajectory curva-
ture and further connect data and noise on a straight
line. Flow-matching models (Vyas et al., 2023;
Wang et al., 2024) have simpler formulations and
fewer constraints but better quality compared to dif-
fusion models (Ho et al., 2020; Xiao et al., 2021),
demonstrating improvement in audio generation.
In this work, we approximate the velocity vector
field with continuous flow-matching objective, en-
hancing the model’s capabilities in high-fidelity
audio generation.

2.3 Learning from Human Feedback

There is often a gap between generative models’
training objectives and human preference, and thus
human feedback has been utilized to align model
performance with user intent to improve the perfor-
mance in downstream tasks. DiffusionDPO (Wal-
lace et al., 2024) adapts the Direct Preference Opti-
mization (DPO) (Rafailov et al., 2023) and aligns
diffusion models to human preferences by directly
optimizing on human comparison data. A series of
work DRAFT (Clark et al., 2023) shows that dif-
fusion models can be finetuned directly for down-
stream differentiable reward models using end-to-
end backpropagation, and AlignProp (Prabhude-
sai et al., 2023) leverages a randomized number of
steps of the denoising process and demonstrates the
reduced over-optimization. In text-to-audio gener-
ation, Tango 2 (Majumder et al., 2024) fine-tunes
the model using diffusion-DPO loss on the con-
structed preference dataset and show that it leads
to improved audio quality. Differently, we fine-
tune MaskAudioFlow with reward-weighting flow-
matching objective (Lee et al., 2023a), guiding the
model to prioritize high-reward samples in the data
manifold, which doesn’t rely on gradients of re-
wards or filtered datasets.

3 Method

In this section, we first overview MaskAudioFlow
and discuss the motivation for scaling inference-
time prediction via masked prediction. Next, we
discuss the masking strategies including choosing
the span of tokens and masking ratio, following
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Figure 1: MaskAudioFlow overview. In subfigure (a), the modules printed with a lock are frozen for training the
flow transformer. In subfigure (c), MaskAudioFlow leverages the cross-attention transformer to learn text-audio
correspondence and applies a transformation head for calculating the continuous flow-matching objective.

which we present the audio/text representation for
text-to-audio modeling. Lastly, a novel transformer
architecture with flow-matching head is introduced
to inject conditions and learn text-audio correspon-
dence.

3.1 Overview

As illustrated in Figure 1, MaskAudioFlow con-
sists of the following main components: 1) VAE
to encode spectrogram into a latent and convert
it back to spectrogram; 2) text encoder to derive
high-level textual representation, 3) flow-matching
transformer that masks span of continuous audio
latent in training, and inference with ODE sampler
via iterative decoding, and 4) separately-trained
neural vocoder to convert mel-spectrograms to raw
waveforms. In the following sections, we describe
these components in detail.

3.2 Motivation

As stated before, audio flow-matching mod-
els (Vyas et al., 2023; Wang et al., 2024) have
demonstrated superior performance due to their
ability to scale training by increasing data, com-
putational resources, and model size, while their
inference-time behaviors are less explored.

MaskAudioFlow is motivated to scale inference-
time prediction in audio generative models. In this
work, we scale inference with masked generative
modeling, where MaskAudioFlow masks out gen-
eration randomly and re-predict them in an iterative
refinement manner.

3.3 Masking Strategy in Training

To enable iterative refinement in inference where
masked audio “tokens” are predicted conditioning

Select
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Predict 4

Predict f

Predict f

MaskAudioFlow
2 -~
NERNRN (C)-DOmmEm () -~

Iteration 1 Iteration 2 Iteration N

[MaskAudioF low] [MaskAudioFlow]

Figure 2: Iterative decoding. We mask out generation
randomly and re-predict them in the predict-select itera-
tive manner.

on the unmasked regions, MaskAudioFlow needs
to be trained using teacher forcing (i.e., masked
prediction (Chang et al., 2022; Li et al., 2023)).
In training, we mask the continuous audio latents
and compute the flow-matching training objective
only in masked positions. Here we describe the
following design spaces, and refer the reader to
ablation section for a detailed discussion of our
findings.

* Span of tokens. Adjacent audio tokens are
often extracted from a temporal context shar-
ing information with significant redundancy,
due to the receptive field of the audio encoder.
It (Ziv et al., 2024) suggests that masking a
span of tokens instead of scattered tokens is
more efficient for model optimization. As
such, we validate by masking and predicting
spans of tokens with a length of [ = 4 as the
atomic building block in time.

* Masking ratio. With bidirectional attention,
we can predict multiple frames of unknown
tokens given any number of known tokens
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simultaneously at training time. Designing
a pretext task with proper hardness (Huang
et al., 2022) is important for effective masked
generative modeling. In this work, we use a
masking ratio of p = 0.6 to randomly mask
60% of the tokens in training.

3.4 Iterative Decoding in Inference

Here we describe the inference-time iterative de-
coding in Algorithm 1, where we mask out genera-
tion and re-predict them in an iterative manner. For
each iteration, the algorithm runs as follows:

* Predict. To sample with the flow-matching
transformer, the model predicts all the tokens
in parallel by solving the probability flow
ODE backward in time. By default, we use
torchdiffeq (Chen et al., 2018) package to im-
plement the ODE solvers with 25 steps.

e Select. It (Li et al., 2025; Fan et al., 2024)
is reported that randomly select the tokens to
be predicted presents improvement over raster
order models, or over relying on a confidence
score to indicate the model’s belief of a pre-
diction.

* Masking Schedule. In each inference iter-
ation, we compute the number of tokens to
be masked according to a masking schedule
function. It progressively reduces the mask-
ing ratio from 1.0 to 0 with a cosine sched-
ule (Chang et al., 2022; Li et al., 2023). By
default, we use 8 steps in this schedule.

3.5 Audio Tokens

Most masked generation models typically rely on
tokenization to transform samples into a set of dis-
crete tokens with a finite vocabulary and then esti-
mate a categorical distribution over the vocabulary,
while such discretization (Sun et al., 2024; Chang
et al., 2023) often leads to a loss of information
from the sample. In this work, we use continu-
ous audio latents for masked generative modeling
by applying a transformation head to approximate
the continuous distribution and calculate the flow-
matching loss objective. It (Li et al., 2025; Fan
et al., 2024) eliminates the need for vector quanti-
zation, allowing to model audio with continuous
tokenizers which yield much better reconstruction
quality.

3.6 Architecture

We present MaskAudioFlow’s architecture in Fig-
ure 1(c) and a detailed illustration is attached in
Appendix A.

Cross-attention transformer. We lever-
age the contrastive language-audio pretraining
(CLAP) (Elizalde et al., 2023) representation for
text, and we leverage the cross-attention mod-
ule (Rombach et al., 2022; Podell et al., 2023)
with rotary positional embedding (RoPE) (Su et al.,
2024; Heo et al., 2024) for injecting temporal posi-
tional embedding into the model, which enables the
model to grasp the temporal relationships between
successive frames.

Flow-matching transformation head. To avoid
quantization in masked generative modeling, we
use a lightweight flow-matching head to model the
per-token distribution. As shown in Figure 1, the
flow-matching head is a smaller transformer with
fewer blocks. For integrating denoising timestep
t into the model, we leverage the adaptive layer
normalization (AdaLLN) (Peebles and Xie, 2023;
Ma et al., 2024b).

Algorithm 1 Iterative Decoding

1: Dataset: Text
{txty, ..., txt,}

2: Required: MaskAudioFlow vy with cross-
attention transformer w, flow-matching head
wy; number of decoding iterations s; span
length L; ODE sampler ODE with steps 7.
REPEATINTERLEAVED denotes the repeat in-
terleaved operation.

3: Nypans < T'/L

Mpans < ONES(T)), x < ZEROS(T)  »

Initialize span mask and output tokens

descriptions D =

»

5: fori =0to sdo

6:  m' < REPEATINTERLEAVED (s, L)

7: z + w(txt,y, m?)

8: P ¢ COS (“;;i)

9: Niask < max (Lp ) NspansJ ) 1)

10: Mfns < RANDOMSELECT(Npagk) >
Sample new mask spans

11 T < ODEy, (2, T)

12: mspaﬂs A mépans D ng_dis

13: m <~ REPEATINTERLEAVED (Mgpans, L)

14: x[m] < Z[m] > Update selected positions

15: end for

16: return x
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4 Reward Feedback Fine-tuning

In this section, we first overview the motivation
for reward fine-tuning and discuss the reward-
weighting objective, following which we intro-
duce CLAP (Elizalde et al., 2023) and audio aes-
thetic (Tjandra et al., 2025) as reward models to
respectively align with human preference towards
text-audio correspondence and perceptual aesthet-
ics.

4.1 Motivation

There is often a gap between generative models’
training objectives and human preference (Prab-
hudesai et al., 2023; Clark et al., 2023), and thus
human feedback can been utilized to align model
performance with human’s intent. In this section,
we leverage reward-weighting finetuning to adjust
the probability of selecting samples proportion-
ally to human preference rewards, encouraging the
model to focus on the high-reward generation and
mitigate the preference gap.

4.2 Reward-weighting Flow-matching

Tango 2 (Majumder et al., 2024) fine-tunes the
model using diffusion-DPO (Wallace et al., 2024)
loss on the constructed preference dataset with re-
spective preferred (winner) and undesirable (loser)
audios, while a major limitation of this approach is
its heavy reliance on a filtered dataset containing
both positive and negative samples. Additionally,
DPOK series of work (Wu et al., 2024; Clark et al.,
2023) backpropagate through a differentiable re-
ward function in the sampling process, while the
feedback from inference-time gradients requires a
careful design to avoid policy collapse and main-
tain diversity.

To reduce the requirement of positive-negative
pairs, we fine-tune MaskAudioFlow without re-
lying on gradients of rewards or filtered datasets.
Specifically, we 1) generate audio from training
dataset using the trained MaskAudioFlow, and
predict the human preference score with reward
models, and 2) fine-tune MaskAudioFlow with
reward-weighting flow-matching objective (Lee
et al., 2023a) to prioritize high-reward samples
in the data manifold, where samples that yield
higher rewards are assigned greater importance,
and the policy is updated by re-weighting the flow-
matching objective loss:

Lorar = minEyp,aper) [1w06e) [V5 (6, 6) = w e )12

6]

where w(x) is a weighting function, and we have a
weighting function w(x;) o 7(x1). Assuming an
exponential weighting function w(x1) = exp(7 *
r(x1)) case, T can control the collapse speed of
learned policy, and 7 — oo also induces a policy
collapse problem.

Typically, the diversity of the model-generated
dataset is limited and can result in overfitting. To
mitigate this, we further include a regularization
loss Lge4 by penalizing divergence from the pre-
trained model vgef, thus maintaining diversity in

the learned model with final objective Lre, =
~ 2
| vi(x,t) = v (%, 8)||", £ = LReg + Lorm.

4.3 Reward Model

CLAP (Elizalde et al., 2023) brings audio and
text descriptions into a joint space and demon-
strates the zero-shot generalization to multiple
downstream domains. For reward function, we
have r(x;) = CLAP(xy, txt), where CLAP score
CLAP is defined as the cosine similarity between
the text and audio embeddings with respect to hu-
man preferences.

Audio aesthetic (Tjandra et al., 2025) pro-
poses new annotation guidelines that decompose
human listening perspectives into four distinct
axes. They train no-reference, per-item prediction
WavLM (Chen et al., 2022) that assesses audio
quality. For the reward function, we calculate the
aesthetic score averaged across Production Quality
(PQ), Production Complexity (PC), Content Enjoy-
ment (CE), and Content Usefulness (CU).

Algorithm 2 Reward Feedback Fine-tuning

1: Dataset: Text-audio pairs with preference
scores from a reward model:

D = {(txty,x1,71), ..., (tXty, Ty, ) }

2: Required: Pre-trained parameters v{ff; regu-

larization parameter 7
3: Initialization: Number of ODE sampler steps
T; time step range [17, T5]
for (txt,x,7) € D do
w(x) « exp(7T - T)
t < UNIFORM(0, 1)
Lerm  w(x)-[[vo(xe, t) — ug(x | x1)|*
Lreg < Hve(x,t) - vgef(x,t)H2
L < Lrec + Lcrm
10: end for

D AN
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5 Training and Evaluation

5.1 Dataset

Following benchmark studies (Yang et al., 2022;
Kreuk et al., 2022), we use the training split of
Audiocaps dataset (Kim et al., 2019) to train our
models. For evaluating text-to-audio models, the
Audiocaps test set is adopted as the standard bench-
mark. We conduct preprocessing on the text and
audio data: 1) convert the sampling rate of au-
dios to 16kHz; 2) extract the spectrogram with
the FFT size of 1024, hop size of 256 and crop it
to a mel-spectrogram of size 80 x 624; For text-
to-music generation, we exclusively employ the
LP-Musicaps dataset for training endeavors.

5.2 Model Configurations

We train a continuous VAE to compress the per-
ceptual space with downsampling to a 20-channel
latent representation, which balances efficiency and
perceptually faithful results. We use 4 V100 GPUs
for our main experiments until 1M optimization
steps. We utilize BigVGAN (Lee et al., 2023b)
trained on Audioset dataset (Gemmeke et al., 2017)
as the vocoder to synthesize waveform from the
generated mel-spectrogram in all our experiments.
The base learning rate is set to 0.005, and we scale
it by the number of GPUs and batch size.

In masked decoding, we use iterations of 8 and
classifier-free guidance of 3 by default. For flow-
matching sampling, we use torchdiffeq (Chen et al.,
2018) package to implement 25-step ODE solvers
with a step size of 0.04.

5.3 Evaluation Metrics

We evaluate models using objective and subjective
metrics over audio quality and text-audio align-
ment faithfulness. The key automated performance
metrics used are KL divergence (J), and Frechet
audio distance (FAD) () to measure audio fidelity.
The alignment accuracy (CLAP score) (1) (Elizalde
et al., 2023) is adopted to measure the text-audio
alignment faithfulness. The aesthetic scores Tjan-
dra et al. (2025) conduct audio aesthetic evalua-
tion offers a more nuanced assessment of audio
quality with Production Quality (PQ), Production
Complexity (PC), Content Enjoyment (CE), and
Content Usefulness (CU).

For subjective metrics, we use crowd-sourced
human evaluation via Amazon Mechanical Turk,
where raters are asked to rate MOS (mean opinion
score) on a 20-100 Likert scale. We assess the au-

dio quality and text-audio alignment faithfulness
by scoring MOS-Q and MOS-F, which are reported
with 95% confidence intervals (CI). Detailed infor-
mation is included in Appendix D.

5.4 Baseline models

We conduct a comparative analysis of the qual-
ity of generated audio samples and inference la-
tency across various systems, including GT (i.e.,
ground-truth audio), AudioLDM 2 (Liu et al.),
TANGO 2 (Majumder et al., 2024), Make-An-
Audio 2 (Huang et al., 2023a), SoundCTM (Saito
et al., 2024), and our MaskAudioFlow model. As a
baseline, we also apply the conditional flow match-
ing model (CFM) using the same architecture (with-
out masked generative modeling). We follow their
pretrained checkpoints and the number of sampling
iterations. The results are compiled and presented
in Table 1. For text-to-music generation, we attach
the results in Appendix B.

6 Results

6.1 Text-to-Audio Generation

Automatic Objective Evaluation The objective
evaluation comparison is presented in Table 1, and
we have the following observations: 1) In terms of
audio quality, MaskAudioFlow achieves the high-
est perceptual quality in AudioCaption with FAD of
1.10 and KL of 1.30, demonstrating the SOTA per-
formance of masked autoregressive flow-matching
model compared to different baselines. 2) On text-
audio similarity, MaskAudioFlow scores a high
CLAP with a gap of 0.022 compared to the ground
truth audio, suggesting its capability to generate
faithful audio that aligns well with descriptions.
Subjective Human Evaluation We also include
a human evaluation in Table 1: MaskAudioFlow
consistently achieves a high perceptual quality
and text-audio alignment with MOS-Q of 78.87
and MOS-F of 77.16. It indicates that raters pre-
fer MaskAudioFlow synthesis against baselines in
terms of audio naturalness and faithfulness.
Masked CFM compared to CFM. We scale
inference with masked generative modeling, where
MaskAudioFlow masks out generation and re-
predict them in iterative decoding. Compared
to the conditional flow matching models (CFM),
MaskAudioFlow achieves a higher perceptual qual-
ity with the improvement of 0.12 FAD and KL of
0.04, demonstrating the effectiveness of masked
CFM. In Figure 3, masked decoding from 1 to
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Model | FAD()) KL()) CLAP() | PQ(1) PC() CE(1) CU() | MOS-Q(f) MOS-F(1)
GT |/ / 0.674 | 5.6 3.24 3.44 494 | 87.90 85.48
AudioLDM 2 1.90 1.48 0.622 5.29 2.97 3.25 4.56 73.38 71.22
Make-An-Audio 2 | 1.80 1.32 0.645 5.32 3.04 3.19 4.66 75.56 73.14
Tango 2 2.84 1.37 0.680 5.29 3.13 3.40 4.87 73.46 76.08
CFM 1.22 1.34 0.640 5.41 3.05 3.26 4.77 76.32 74.75
SoundCTM 1.95 1.36 0.656 5.37 3.01 3.26 4.82 73.87 71.16
MaskAudioFlow |  1.10 1.30 0.657 | 5.58 3.10 3.38 491 | 78.87 77.16

Table 1: Text-to-audio model results. PQ, PC, CE, and CU respectively denote the production quality, production

complexity, content enjoyment, content usefulness in aesthetic evaluation.

Model Reward \ FAD({) KL({) CLAP(() \ PQ(T) PC(T) CE(() CUM®)
GT / / / 0.670 5.56 3.24 344 4.94
MaskAudioFlow / 1.10 1.30 0.657 5.58 3.10 3.38 491
MaskAudioFlow CLAP 2.65 1.29 0.671 5.61 3.03 3.38 4.95
MaskAudioFlow  Aesthetic 1.93 1.27 0.664 5.63 3.05 3.43 4.97

Table 2: Fine-tuned text-to-audio models with reward feedback optimization.

8 iterations enhance generation quality with a re-
duction in FAD and KL, which also verifies the
effectiveness of masked CFM for scaling inference
computation.

6.2 Qualitative Findings

To investigate the behaviors of scaling inference-
time prediction via masked generative modeling,
we plot the FAD, KL, and CLAP w.r.t iterative
decoding steps and illustrate them in Figure 3(a),
showing that 1) more iterative refinements consis-
tently enhance generation quality through masked
prediction, leading to a improvement in automatic
metrics; 2) further increasing the number of iter-
ative decoding steps will yield a distinctly slower
improvements.

We visualize the audio and spectrograms at dif-
ferent masked prediction steps (i.e., 1,3,5,7) in
Figure 4(a) showing that: 1) generation begins with
masked tokens, which are decoded with a masked
schedule until the entire sequence is generated, and
2) varying the number of masked decoding steps
offers a flexible mechanism to balance generation
quality and latency.

6.3 Perference Text-to-Audio Models

As there is often a gap between generative models’
training objectives and preference, the human feed-
back has been utilized to align model performance
with human’s intent.

Text-audio alignment faithfulness. Because
of the noisy annotation presented in pre-training
datasets, there could be a misalignment between
the semantics of the generated audio and the asso-
ciated text prompts. In preference fine-tuning, we

conduct reward-weighting using contrastive audio-
language pretraining encoders (CLAP) Elizalde
et al. (2023) as reward models. The CLAP model
learns audio concepts from natural language super-
vision to bring audio and text descriptions into a
joint multimodal space. As can be seen in Table 2,
MaskAudioFlow (CLAP) presents a higher text-
audio alignment with a similarity score of 0.671,
suggesting the effectiveness of reward feedback
fine-tuning in learning text-audio correspondence
towards while maintaining audio quality.
Aesthetic score. Audio aesthetics (Tjandra et al.,
2025) are inherently subjective and deeply inter-
twined with human perception. In preference fine-
tuning, we leverage the aesthetic score prediction
model (Tjandra et al., 2025) as rewards to conduct
preference reward-weighting. It is a no-reference,
per-item prediction model that offers a more nu-
anced assessment of audio quality. As shown in
Table 2, Production Quality (PQ), Content Enjoy-
ment (CE), Content Usefulness (CU) are promoted
by scores of 0.05,0.05, 0.06 across the testing set
compared to the pretrained model. The audio aes-
thetics predict utterance-level perceptual quality
and cover a wide range of human perceptual di-
mensions, further empowering models to create
rich and diverse human-preference audio content.

6.4 Ablation Studies

To verify the effectiveness of several designs in
MaskAudioFlow, including masking strategy p, de-
coding iteration N, and reward weighting factor
7. We conduct ablation studies and discuss the key
findings as follows.

37959



2.4
2.2
2.0
“1s

16

14

12

1 2 3 4 5 6 7 8 1 2 3
step

Figure 3:
ments.

Step=7

W

. e
G atua ol

Step=5

Step=3

Step=1

4

5 6 7 8 1 2 3 4 5 6 7 8

Step Step

Decoding step analysis for pre-trained masked iterative models, and we use 8 iterations in main experi-

Model FAD () FD({) KL ()
Masking Ratio
p=0.7 2.35 38.1 1.61
p=20.6 2.51 43.8 1.81
p=0.5 2.34 37.6 1.72
Masking Span
w/o Span 247 37.6 1.76
Span 2 2.51 352 1.58
Span 3 2.98 37.0 1.65
Span 4 243 34.1 1.38
Model FAD({) FD({) KL({) CLAP(()
Reward fine-tuning
7=0.1 3.1 33.0 1.40 0.641
T=1 34 35.8 1.51 0.620
T=10 24 355 1.46 0.629

Figure 4: (a) Visualization of iterative decoding, and we use “People speaking with loud bangs followed by a slow
motion rumble” as a prompt. Left: waveforms. Right: mel-spectrograms. (b) Ablation results among masking ratio,

span, and reward finetuning 7.

Masking Strategy. MaskAudioFlow is trained
using teacher forcing (i.e., masked prediction),
where masking the span of tokens provides the
model with a receptive field in learning audio con-
text. In Table 4(b), using a span-length of 4 yields
the best performance with FD of 2.43 and KL of
1.38. It suggests that masking a span of tokens
instead of scattered tokens span = 1 is more effi-
cient for model optimization as spectrograms are
extracted from a temporal context with significant
redundancy.

Masking Ratio. For the masking ratio, a higher
ratio indicates blocking more information during
training, and the task with masked flow-matching
will become more difficult while random mask-
ing improves steadily up to 70%. In summary,
MaskAudioFlow with p = 0.5 demonstrates the
best audio quality among the choices.

Reward Weighting Factor. For reward feedback
fine-tuning, 7 controls the convergence speed of
learned policy to alleviate overfitting. To explore
and ablate the reward weighting factor, we use the
CLAP encoder as the reward model in feedback

fine-tuning. According to experiments with differ-
ent factors 7, we have 7 = 0.1 achieving the best
FD, KL, CLAP score results.

7 Conclusion

In this work, we propose MaskAudioFlow, a
masked flow-matching transformer approximat-
ing the continuous velocity vector field for
text-to-audio generation. Motivated to scale
inference-time prediction in audio generative mod-
els, MaskAudioFlow masked spans of audio frames
in training and generated samples via iterative
mask-prediction in inference. To bridge the gap
between model and human preferences, MaskAu-
dioFlow was fine-tuned using reweighted reward
feedback for better aligning on text-audio corre-
spondence and perceptual aesthetics. Both objec-
tive and subjective evaluation demonstrated that
MaskAudioFlow achieved state-of-the-art results
in benchmark text-to-audio generation, which effec-
tively scaled up inference computing with natural
and faithful synthesis. The preference-tuned mod-
els exhibited superior text-audio alignment faithful-
ness and enhanced perceptual aesthetics.
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Limitation

MaskAudioFlow is a flow-based generative model
that produces high-quality audio, which typi-
cally requires multiple ODE integration steps and
masked iterative refinement. Besides, online RL
training typically requires more GPU memory in
training. One of our future directions is to develop
a lightweight and fast iterative flow-based masked
transformer for accelerating sampling.

Ethical Considerations

We recognize that general-purpose audio gener-
ation can be misused (e.g., to create harmful or
deceptive content). As future work, we will study
safeguards such as content filtering, watermarking,
and usage policies to reduce the risk of inappropri-
ate outputs.

This work is intended solely for academic re-
search. No commercial deployment is planned at
this time, so the near-term ethical risk is limited;
nevertheless, we encourage responsible use that
respects privacy, consent, and copyright.
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A Model Configurations

We list the model hyper-parameters of MaskAu-
dioFlow in Table 3.

A.1 Vocoder

We train a BigVGAN (Lee et al., 2022) vocoder
from scratch for the spectrogram to waveform gen-
eration. The synthesizer includes the generator and
multi-resolution discriminator (MRD). The genera-
tor is built from a set of look-up tables (LUT) that
embed the discrete representation and a series of
blocks composed of transposed convolution and a
residual block with dilated layers. The transposed
convolutions upsample the encoded representation
to match the input sample rate.
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Table 3: Hyperparameters of MaskAudioFlow. We use T and F to denote the time and frequency moe layers

respectively.
Hyperparameter
Transformer Layer 16
Diffusion Head Layer 4
MaskAudioFlow Transformer Embed Dim 768
Transformer Attention Headers 12
Number of Parameters 160 M
Upsample Rates [5,4,2,2,2,2]
. Hop Size 320
BigVGAN Vocoder Upsample Kernel Sizes [9,8,4,4,4,4]
Number of Parameters 121.6M
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Figure 5: MaskAudioFlow transformer detailed architecture.

A2 VAE

The continuous spectrogram autoencoder is com-
posed of 1) the audio encoder F takes mel-
spectrogram x, as input and outputs compressed
latent z = E(x,), 2) the audio decoder D recon-
structs the mel-spectrogram signals from the com-
pressed representation z; and 3) a discriminator
learns to distinguish the generated samples G(z)
from real ones in different multi-receptive fields
of mel-spectrograms. The training objective is to
minimize the weighted sum of reconstruction loss,
GAN loss, and KL loss.

B Text-to-Music generation

In this section, we perform a comparative analysis
of audio samples generated by FlashAudio against

several established music generation systems: 1)
GT, the ground-truth audio; 2) MusicGen (Copet
et al., 2023); 3) MusicLDM (Chen et al., 2024);
4) AudioLDM 2 (Liu et al.). The results are pre-
sented in the Table 4, and we have the following
observations:

Model \ FAD (}) KL ({) CLAP()
GT \ / / 0.46
AudioLDM 2 3.81 1.22 0.43
MusicGen 4.50 1.41 0.42
MusicLDM 5.20 1.47 0.40
MaskAudioFlow \ 3.35 1.20 0.43

Table 4: Text-to-music generation comparison.

In terms of audio quality, MaskAudioFlow
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achieves the highest perceptual quality with FAD
of 3.35 and KL of 1.20, which demonstrates the
improved performance of the masked autoregres-
sive flow-matching model compared to previous
conditional flow matching or diffusion baselines.
This highlights MaskAudioFlow’s effectiveness in
producing high-quality music samples and its gen-
eralization to audio-related domains.

C Preliminaries: Flow-based Generative
Models

Here, we give preliminaries on flow generative
models. Denote data distribution as p;, and
tractable prior distribution as pg. Most generative
models work by mapping samples xg ~ po(Xg) to
data x7.

A flexible class of generative models (Karras
et al., 2022; Song et al., 2020) (i.e., score-based dif-
fusion models) based on turning noise ¢ ~ N (0, I)
into data xg have been introduced. These models
use the time-dependent process x; = a;Xg + o€,
where oy is a decreasing function of ¢ and oy is
an increasing function, and set both «; and o, indi-
rectly through different formulations of a stochastic
differential equation (SDE).

Common to score-based diffusion models that
the process x; can be sampled dynamically using
SDE, we consider the probability flow ordinary
differential equation (ODE) with a velocity field:

dx; = vg(xy, t)dt, 2)

where the velocity v is parameterized by a neural
network 6, and ¢ € [0, 1]. By solving the probabil-
ity flow ODE backwards in time from € ~ A/ (0, I),
we can generate samples and approximates the
ground-truth data distribution p(z). We refer to
Eq. 2 as a flow-based generative model.

However, this process is computationally expen-
sive, especially for large network architectures pa-
rameterizing vy (X, t). It is proven that estimating
a vector field u; that generates a probability path
between pg and p; is equivalent. To construct uy,
we define a forward process, corresponding to a
probability path p;(x | x1) with a data sample x;
between py and p; = N(0,I), with boundary con-
dition pi—o(x | x1) = po and pi—1(x | x1) =
N(x | x1,02I) for sufficiently small o. While
regressing u; with the Flow Matching objective
L to learn the velocity field v(x, t):

Lry = meiIl ]Et,pt(x) ”V9 (Xv t) — U (X) H2a 3)

For Conditional Flow Matching, we have:

I,
“)
Rectified Flows (RFs) (Albergo and Vanden-
Eijnden, 2022; Liu et al., 2022) define the forward
process as straight paths between the data distribu-
tion and a standard normal distribution, where we
have xOT = (1 = (1 — omin)t)xo + tx1, as the
flow from xg to x;.

The objective loss function can be written as:

Lopm =minEqp, ox) l[ve(x, 1) —u(x | x1)

LoT-cFM = mein Et,pt(x|x1)Hv9(XOT? t)
— u?T (XOT | Xl) H2
5
These properties minimize the trajectory curvature
and connect data and noise on a straight line. It
has been demonstrated that flow probabilistic mod-
els (Ma et al., 2024a; Liu et al., 2022; Esser et al.,
2024) can learn diverse data distribution in multiple
domains, such as images and time series. In this
work, we compare the flow formulation to existing
DDPM in video-guided audio generative modeling
and demonstrate its benefits.

D Evaluation

To probe audio quality, we conduct the MOS-Q
(mean opinion score) tests and explicitly instruct
the raters to “focus on examining the audio quality
and naturalness.”. The testers present and rate the
samples, and each tester is asked to evaluate the
subjective naturalness on a 20-100 Likert scale.

To probe video-audio alignment, human raters
are shown an audio and a video and asked “Does
the audio align with text faithfully?”. They must re-
spond with “completely”, “mostly”, or “somewhat”
on a 20-100 Likert scale to score MOS-F.

Our subjective evaluation tests are crowd-
sourced and conducted via Amazon Mechanical
Turk. These ratings are obtained independently for
model samples and reference audio. The screen-
shots of instructions for testers have been shown in
Figure. We paid $10 to participants hourly and to-
tally spent about $400 on participant compensation.
A small subset of audio samples used in the test is
available at https://MaskAudio.github.io/.
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Select an option
Natural language discriptions: a cat meowing and young female speaking Excellent - Completely faithful - 100 1
Gernerated audio: Good - Mostly faithful - 80 2

Fair - Equally faithful and inconsistent - 60 3
» 0:00/0:09

Poor - Mostly inconsistent - 40 4

Bad - Completely inconsistent - 20 5

How natural is this audio recording? Please focus on examining the audio quality and naturalness (noise, timbre, sound clarity and high-frequency details).

Select an option

Testing audio: Excellent - Completely natural audio - 100 1

Good - Mostly natural audio - 80 2

> Gl ® i Fair - Equally natural and unnatural audio - 60 3
Poor - Mostly unnatural audio - 40 4

Bad - Completely unnatural audio - 20 5

Figure 6: Screenshots of subjective evaluations: (a) MOS-F testing, (b) MOS-Q testing.
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