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Abstract

Diffusion models are instrumental in text-to-audio (TTA)
generation. Unfortunately, they suffer from slow inference due
to an excessive number of queries to the underlying denois-
ing network per generation. To address this bottleneck, we in-
troduce ConsistencyTTA, a framework requiring only a single
non-autoregressive network query, thereby accelerating TTA by
hundreds of times. We achieve so by proposing “CFG-aware
latent consistency model,” which adapts consistency genera-
tion into a latent space and incorporates classifier-free guidance
(CFG) into model training. Moreover, unlike diffusion mod-
els, ConsistencyTTA can be finetuned closed-loop with audio-
space text-aware metrics, such as CLAP score, to further en-
hance the generations. Our objective and subjective evaluation
on the AudioCaps dataset shows that compared to diffusion-
based counterparts, ConsistencyTTA reduces inference compu-
tation by 400x while retaining generation quality and diversity.
Index Terms: Diffusion models, Consistency models, Audio
generation, Generative AI, Neural networks

1. Introduction

Text-to-audio (TTA) generation, which synthesizes diverse
auditory content from textual prompts, has garnered substantial
interest within the scientific community [1, 2, 3, 4, 5, 6, 7, 8, 9].
Instrumental to this advancement are latent diffusion models
(LDM) [10], which are famous for superior generation qual-
ity and diversity [10]. Unfortunately, LDMs suffer from pro-
hibitively slow inference as they require excessive iterative neu-
ral network queries, posing considerable latency and computa-
tion challenges. Hence, accelerating diffusion-based TTA can
greatly broaden their use and lower their environmental impact,
making AI-driven media creation more feasible in practice.

We propose ConsistencyTTA, which accelerates diffusion-
based TTA hundreds of times with negligible generation qual-
ity and diversity degradation. Central in our approach are two
innovations: (1) a novel CFG-aware latent-space consistency
model requiring only a single non-autoregressive network query
per generation and (2) closed-loop finetuning with audio-space
text-aware metrics. More specifically, ConsistencyTTA adapts
consistency model [11] into a latent space and incorporates
classifier-free guidance (CFG) [12] into training to significantly
enhance conditional generation quality. We analyze three ap-
proaches for CFG: direct guidance, fixed guidance, and variable
guidance. To our knowledge, we are the first to introduce CFG
into CMs, for both TTA and general content generation.

Additional results, details, and discussions presented in the supple-
mental material consistency-tta.github.io/report.pdf.
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Traditional
Di�usion Acceleration

ConsistencyTTA (ours)
FAD: 2.575, FD: 22.08, KLD: 1.354
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+ CLAP-Finetune (ours)
FAD: 2.406, FD: 20.97, KLD: 1.358

FAD: Frechet Audio Distance,
FD: Frechet Distance,
KLD: Kullback-Leibler Divergence.
“Quality” is defined as 100/F D.
Lower is better for FAD, FD, and KLD.
Higher is better for Quality.

Figure 1: ConsistencyTTA achieves a 400x computation reduc-
tion compared with a diffusion baseline model while sacrificing
much less quality than traditional acceleration methods.

Moreover, a distinct advantage of consistency models (CM)
is the availability of generated audio during training, unlike dif-
fusion models, whose generations are inaccessible during this
phase due to their recurrent inference process. This allows
closed-loop finetuning ConsistencyTTA with audio quality and
audio-text correspondence objectives to further enhance gener-
ation quality. We use CLAP [13] as an example objective and
verify the improved generation quality and text correspondence.

We focus on in-the-wild audio generation which produces
a wide array of samples capturing the diversity of real-world
sounds. Our extensive experiments, summarized in Figure 1,
show that ConsistencyTTA simultaneously achieves high gener-
ation quality, fast inference speed, and high generation diversity.
Specifically, the generation quality of the single-network-query
ConsistencyTTA is comparable to a 400-query diffusion model
across five objective metrics and two subjective metrics (audio
quality and audio-text correspondence). Details explanations of
Figure 1 are provided in Appendix A.1. We strongly encourage
the reader to visit ConsistencyTTA’s demo at the website 1.

Using standard PyTorch implementation, ConsistencyTTA
generates one minute of audio in just 9.1 seconds on a laptop
computer. In contrast, a representative diffusion method [1]
requires over a minute on a state-of-the-art A100 GPU for an
equivalent task (details in Appendix B.5).

2. Background and Related Work

Throughout this paper, vectors and matrices are denoted as bold
symbols, while scalars use regular symbols.

2.1. Diffusion Models

Diffusion models [14, 15], known for their diverse and high-
quality generations, have rapidly gained popularity across vi-

1consistency-tta.github.io/demo
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sion and audio generation tasks [10, 16, 3, 17, 18]. In vision,
while pixel-level diffusion (e.g., EDM [16]) excel in generat-
ing small images, producing larger images requires LDMs [10]
as they facilitate the diffusion process within a latent space. In
the audio domain, while some works considered autoregressive
models [8] or Mel-space diffusion [9], LDMs have emerged as
the dominant TTA approach [1, 2, 3, 4, 5, 6, 7].

The intuition of diffusion models is to gradually recover a
clean sample from a noisy sample. During training, isotropic
Gaussian noise is progressively added to a ground-truth sam-
ple z0, forming a continuous diffusion trajectory. At the end
of the trajectory, the noisy sample becomes indistinguishable
from pure Gaussian noise. Discretizing the trajectory into N
time steps and denoting the noisy sample at each step as zn

for n = 1, . . . , N , each training iteration selects a random step
n and injects Gaussian noise, whose variance depends on n,
into the clean sample to produce zn. A denoising neural net-
work, often a U-Net [19], is optimized to estimate the added
noise from the noisy sample. During inference, Gaussian noise
is used to initialize the last noisy sample ẑN , where ẑn de-
notes the predicted sample at step n = 1, . . . , N . The diffusion
model then generates a clean sample ẑ0 by iteratively querying
the denoising network, producing the sequence ẑN�1, . . . , ẑ0.

2.2. Diffusion Acceleration and Consistency Models

Despite their high-quality generations, diffusion models suf-
fer from prohibitive latency and costly inference computation
due to iterative queries to the denoising network. Initiatives
to reduce the model query number include improved samplers
(training-free) and distillation methods (training-based).

Improved samplers, such as DDIM [20], Euler [21], Heun,
DPM [22, 23], PNDM [24], and Analytic-DPM [25], reduce
the number of inference steps N of trained diffusion models
without additional training. The best samplers can reduce N
from the hundreds required by vanilla DDPM [15] to 10-50.
However, reducing N to below 10 remains a major challenge.
Conversely, distillation methods, wherein a pre-trained diffu-
sion model acts as the ’teacher’ and a ’student’ model is subse-
quently trained to emulate several teacher steps in a single step,
can reduce the number of inference steps below 10 [26, 11, 27].
Progressive distillation (PD) [26] exemplifies such a method by
iteratively halving the step count. Nonetheless, PD’s single-
step generation remains suboptimal, and the repetitive distilla-
tion procedure is time-intensive.

To address this critical issue, Song et. al. [11] proposed the
consistency model (CM) for fast, single-step generation without
iterative distillation. Its training goal is to reconstruct the noise-
less sample in a single step from an arbitrary step on the diffu-
sion trajectory. Our TTA framework draws inspiration from the
principles underlying CM.

Besides the distinction in application domains – while CM
was initially designed for image generation, we aim to enable
interactive, real-time audio generation – our ConsistencyTTA
introduces two innovative features requiring non-trivial techni-
cal advancements. Specifically, CM was proposed for uncon-
ditional generation; however, adapting it for conditional gen-
eration within our work demands careful consideration, pri-
marily Classifier-Free Guidance (CFG), a subject we elaborate
in Section 3. Moreover, while CM focused on pixel- [11] or
spectrogram-space [28] generation, our adaptation leverages la-
tent space for generation, thus enhancing the details of outputs
without substantially increasing model size [10, 3, 1].

Shortly after this work, Luo et al. [29] used CFG-aware

latent-space CM for text-to-image and achieved exceptional
quality-efficiency balance, gaining multiple implementations.
This concurrent work supports our discovery and verifies our
approach’s ability to make AI-assisted generation accessible.

2.3. Classifier-Free Guidance

CFG [12] is a highly effective method to adjust the condition-
ing strength for conditional generation models during inference.
It significantly enhances diffusion model performance without
additional training. Specifically, CFG obtains two noise esti-
mations from the denoising network – one with conditioning
(denoted as vcond) and one without (by masking the condition
embedding, denoted as vuncond). The guided estimation vcfg is

vcfg = w · vcond + (1� w) · vuncond, (1)

where the scalar w � 0 is the guidance strength. When w is be-
tween 0 and 1, CFG interpolates the conditioned and uncondi-
tioned estimations. When w > 1, it becomes an extrapolation.

Since CFG is external to the denoising network in diffu-
sion models, distillating guided models is harder than unguided
ones. The authors of [30] outlined a two-stage pipeline for per-
forming PD on a CFG model. It first absorbs CFG into the
denoising network by letting the student network take w as an
additional input (allowing selecting w during inference). Then,
it performs conventional PD on this w-conditioned diffusion
model. In both training stages, w is randomized. Meanwhile,
our ConsistencyTTA is the first to introduce CFG into CMs.

3. CFG-Aware Latent-Space CM

3.1. Overall Setup

We select TANGO [1], a state-of-the-art (SOTA) TTA frame-
work based on DDPM [15], as the diffusion baseline and the
distillation teacher. However, we highlight that most innova-
tions in this paper also apply to other TTA diffusion models.

Similar to TANGO, ConsistencyTTA has four components:
a conditional U-Net, a text encoder that processes the textual
prompt, a VAE encoder-decoder pair that converts the Mel spec-
trogram to and from the U-Net latent space, and a HiFi-GAN
vocoder [31] that produces audio waveforms from Mel spectro-
grams. We only train the U-Net and freeze other components.

During training, the audio Mel spectrogram is processed
by the VAE encoder, and the prompt is processed by the text
encoder. The audio and text embeddings are then passed to the
conditional U-Net as the input and the condition, respectively.
The U-Net’s output audio embedding is used for training loss
calculation. The VAE decoder and the HiFi-GAN are unused.

During inference, the audio embedding is initialized as
noise, while the text encoder again produces the text embed-
dings. The U-Net then uses them to reconstruct a meaningful
audio embedding. The VAE decoder recovers the Mel spectro-
gram from the generated embedding, and the HiFi-GAN pro-
duces the output waveform. The VAE encoder is unused.

3.2. Conditional Latent-Space Consistency Distillation

Consistency distillation (CD) aims to learn a consistency stu-
dent U-Net fS(·) from the diffusion teacher module fT(·). The
inputs and outputs of fS(·) and fT(·) are latent audio embed-
dings. Unless mentioned otherwise, fS and fT have the same
architecture, requiring three inputs: the noisy latent representa-
tion zn, the time step n, and the text embedding ete. Further-
more, the parameters in fS are initialized using fT information
(more details in Section 4.3).
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The student U-Net aims to generate a realistic audio em-
bedding within a single forward pass, directly producing an es-
timated clean example ẑ0 from zn, where n 2 {0, . . . , N} is
an arbitrary step on the diffusion trajectory [11, Algorithm 2].
To achieve so, CD minimizes the training risk function

E(z0,ete)⇠D
n⇠Uint(1,N)

h
d
⇣
fS(zn, n, ete), fS(ẑn�1, n�1, ete)

⌘i
. (2)

Here, d(·, ·) is a distance measure, for which we use the
latent-space `2 distance as justified in Appendix B.3. D is the
data distribution, and Uint(1, N) denotes the discrete uniform
distribution over the set {1, . . . , N}. ẑn�1 is the teacher dif-
fusion model’s estimation for zn�1. Intuitively, minimizing (2)
reduces the expected distance between the student’s reconstruc-
tions from two adjacent time steps on the diffusion trajectory.

The calculation for the teacher estimation ẑn�1 is solve �
fT(zn, n, ete), where solve � fT is the composite function of
the teacher U-Net and the ODE solver. This solver converts
the U-Net’s raw noise estimation to the previous time step’s es-
timation ẑn�1, and can be one of the samplers mentioned in
Section 2.2. The authors of [11] selected the Heun solver to tra-
verse the teacher model’s diffusion trajectory during distillation.
They also adopted the “Karras noise schedule”, which unevenly
samples time steps on the diffusion trajectory. In Section 4.2,
we compare multiple solvers and noise schedules.

The literature has also considered weighting the distance
d(·, ·) in (2) based on the time step n when training diffusion
models. In Appendix A.3, we analyze such weighting for CD.

3.3. CFG-Aware Consistency Distillation

Since CFG is crucial to conditional generation quality, we con-
sider three methods for incorporating it into the distilled model.
Direct Guidance directly performs CFG on the consistency
model output z0 by applying (1). Since this method naı̈vely ex-
trapolates/interpolates the guided and unguided z0 predictions,
it may move the prediction outside the manifold of realistic au-
dio embeddings, resulting in poor generation quality.
Fixed Guidance Distillation aims to distill from the diffusion
model coupled with CFG using a fixed guidance strength w.
The training risk function is still (2), but ẑn�1 is replaced with
the estimation after CFG. Specifically, ẑn�1 becomes solve �
f cfg
T (zn, n, ete, w), where the guided teacher output f cfg

T is

f cfg
T (zn, n, ete, w) =

w · fT(zn, n,?) + (1� w) · fT(zn, n, ete),

with ? denoting the masked language token. Here, w is fixed to
the value that optimizes teacher generation (3 for TANGO [1]).
Variable Guidance Distillation mirrors fixed guidance distil-
lation, except that the student U-Net fS takes the CFG strength
w as an additional input so that w can be adjusted internally dur-
ing inference. To add a w-encoding condition branch to fS, we
use Fourier encoding for w following [30] and merge the w em-
bedding into fS similarly as the time step embedding. During
distillation, each training iteration samples a random guidance
strength w via the uniform distribution supported on [0, 6).

The latter two methods are related to yet distinct from two-
stage PD [30], with more details discussed in Appendix B.2.

3.4. Closed-Loop Finetuning with CLAP Score

Since ConsistencyTTA produces audio in a single neural net-
work query, we can optimize auxiliary loss functions along with
the CD objective (2). Unlike (2), the auxiliary loss can use the

generated audio waveform and can incorporate ground-truth au-
dio and text. Hence, optimizing it provides valuable closed-loop
feedback and can thus enhance the generation quality and se-
mantics. In contrast, diffusion models cannot be trained in this
closed-loop fashion. This is because their inference is iterative,
and thus the generated audio is unavailable during training.

This work uses the CLAP score [13] as an example aux-
iliary loss function. We select it due to its consideration of
ground-truth audio and text, as well as the CLAP model’s high
embedding quality. The CLAP score can be calculated with re-
spect to either audio or text. We denote them as CLAPA and
CLAPT, respectively. Specifically, CLAPA is defined as

CLAPA(x̂,x) = max
n
100⇥ ebx · ex

kebxk · kexk
, 0
o
, (3)

where ebx and ex are the embeddings extracted from the gen-
erated and ground-truth audio with the CLAP model. CLAPT
is defined similarly, with the CLAP text embedding used as the
reference instead. During funetuning, we co-optimize three loss
components: the CD objective (2), CLAPA, and CLAPT.

4. Experiments

4.1. Dataset, Metrics, and Model Settings

Dataset. For evaluation, we use AudioCaps [32], a popular and
standard in-the-wild audio benchmark dataset for TTA [1, 2, 3,
8]. It is a set of human-captioned YouTube audio clips, each at
most ten seconds long. Our AudioCaps copy contains 45,260
training examples, and we use the test subset from [1] with 882
instances. Like several existing works [1, 3], the core U-Net
of our models is trained only on AudioCaps without extra data,
demonstrating high data efficiency. Using larger datasets may
further improve our results, which we leave for future work.
Metrics. We use the following metrics for objective evalua-
tion: FAD, FD, KLD, CLAPA, and CLAPT. The former four
use the ground-truth audio as the reference, whereas CLAPT
uses the text. Specifically, FAD is the Fréchet distance between
generated and ground-truth audio embeddings extracted by VG-
Gish [33], whereas FD and KLD are the Fréchet distance and
the Kullback-Leibler divergence between the PANN [34] audio
embeddings. CLAPA and CLAPT are defined in (3).

For subjective evaluation, we collect 25 audio clips from
each model, generated from the same set of prompts, and mix
them with ground-truth audio samples. We instruct 20 evalu-
ators to rate each clip from 1 to 5 in two aspects: overall au-
dio quality (“Human Quality”) and audio-text correspondence
(“Human Corresp”). Further details are in Appendix B.5.
Models. We select FLAN-T5-Large [35] as the text encoder and
use the same checkpoint as [1]. For the VAE and the HiFi-GAN,
we use the checkpoint pre-trained on AudioSet released by the
authors of [3]. For faster training and inference, we shrink the
U-Net from 866M parameters used in [1] to 557M. As shown in
Table 1, this smaller TANGO model performs similarly to the
checkpoint from [1]. ConsistencyTTA is subsequently distilled
from this smaller model. Additional details about our model,
training, and evaluation setups are in Appendices B.3, B.4 and
B.5 respectively. In all tables, “CFG w” is the CFG weight and
“# Queries” indicates the number of inference U-Net queries.

4.2. Main Evaluation Results

Table 1 presents our main results, which compares Consisten-
cyTTA with or without CLAP-finetuning against several SOTA
diffusion baseline models, namely AudioLDM [3] and TANGO
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Table 1: Main results: ConsistencyTTA achieves a 400x computation reduction while achieving similar objective and subjective audio
quality as SOTA diffusion methods. Bold numbers indicate the best ConsistencyTTA results.

U-Net
# Params

CLAP
Finetuning

CFG
w

# Queries
(#)

Human
Quality (")

Human
Corresp (")

CLAPT
(")

CLAPA
(")

FAD
(#)

FD
(#)

KLD
(#)

Diffusion
Baselines

AudioLDM-L 739M 7 2 400 - - - - 2.08 27.12 1.86
TANGO 866M 7 3 - - 24.10 72.85 1.631 20.11 1.362
Teacher 557M 7 3 400 4.136 4.064 24.57 72.79 1.908 19.57 1.350

ConsistencyTTA (ours) 559M 7 5
1

3.902 4.010 22.50 72.30 2.575 22.08 1.354

3 4 3.830 4.064 24.69 72.54 2.406 20.97 1.358
Ground-Truth - - - - 4.424 4.352 26.71 100.0 0.000 0.000 0.000

Diffusion Baselines Details: AudioLDM-L: numbers reported in [3]. TANGO: checkpoint from [1], tested by us.
Teacher: A smaller TANGO model trained by us, used as ConsistencyTTA’s distillation teacher.

Table 2: Ablation study on guidance weights, distillation techniques, solvers, noise schedules, training lengths, and initializations.

Guidance Method Solver Noise Schedule CFG w Initialization # Queries (#) FAD (#) FD (#) KLD (#)
Unguided DDIM Uniform 1 Unguided 1 13.48 45.75 2.409

Direct Guidance DDIM Uniform 3 Unguided 2 8.565 38.67 2.015
Heun Karras 7.421 39.36 1.976

Fixed Guidance
Distillation Heun

Karras
3

Unguided
1

5.702 33.18 1.494
Uniform Unguided 4.168 28.54 1.384
Uniform Guided 3.859 27.79 1.421

Variable Guidance Heun Uniform 4 Guided 1 3.180 27.92 1.394
Distillation 6 2.975 28.63 1.378

[1]. Distillation runs are 60 epochs, CLAP-finetuning uses 10
additional epochs, and inference uses BF16 precision.

Table 1 shows that ConsistencyTTA’s generated audio qual-
ity is similar to that of SOTA diffusion models in all objec-
tive and subjective metrics. Notably, ConsistencyTTAs’ FD and
KLD even surpass the reported numbers from both AudioLDM
and TANGO (which reported 24.53 FD and 1.37 KLD). We en-
courage readers to listen to the generations on our website 1.

All diffusion baseline models use 200 inference steps fol-
lowing [3, 1], each step needing two noise estimations due to
CFG, summing to 400 network queries per generation. Hence,
we can conclude that with minimal performance drop, Consis-
tencyTTA reduces the U-Net queries by a factor of 400.

Table 1 also shows that closed-loop-finetuning Consisten-
cyTTA by optimizing the CLAP scores improves not only the
CLAP scores but also FAD and FD. This cross-metric agree-
ment implies that the observed improvement is due to all-around
generation quality enhancement, not overfitting the optimized
metric. With CLAP-finetuning, the text-audio correspondence
also sees an improvement, with the subjective Human Corresp
score reaching the same level as the teacher diffusion model and
the objective CLAPT even exceeding that of the teacher. This
observation supports our hypothesis that adding the prompt-
aware CLAPT to the optimization objective provides closed-
loop feedback to help align generated audio with the prompt.

In Appendix A.1, we show that ConsistencyTTA generates
better audio faster than existing training-free diffusion acceler-
ation methods. In Appendix A.2, we discuss the significant 72x
real-world computing time reduction of ConsistencyTTA.

4.3. Ablation Study

Table 2 evaluates ConsistencyTTA across different distillation
settings. “Guided initialization” initializes ConsistencyTTA
weights with a CFG-aware diffusion model (similar to [30]),
whereas “unguided initialization” uses the original TANGO
teacher weights. All U-Nets have 557M parameters, except
the variable guidance one which uses 2M extra for w-encoding.
Distillation spans 40 epochs and inference uses FP32 precision.

Table 2 shows that distilling with fixed or variable guidance

significantly improves all metrics over direct or no guidance,
highlighting the importance of CFG-aware distillation.

While a CFG weight of 3 is ideal for the teacher diffusion
model, the optimal w is larger for the variable guidance distilled
model, aligning with the observations in [30]. In Appendix A.4,
we confirm this observation by analyzing how the generation
quality of the ConsistencyTTA models in Table 1 varies with w.

Meanwhile, using the more accurate Heun solver to traverse
the teacher model’s diffusion trajectory during distillation out-
performs distilling with the simpler DDIM solver. In contrast
to [11], the uniform noise schedule is preferred over the Kar-
ras schedule, with the former achieving superior FAD, FD, and
KLD (detailed discussions in Appendix B.1). Finally, guided
initialization improves FD and FAD but slightly sacrifices KLD.

4.4. Audio Generation Diversity

ConsistencyTTA produces diverse generations as do diffusion
models. Different random seeds (different initial Gaussian em-
beddings) produce noticeably different audio. To demonstrate,
we present the generated waveforms from the first 50 Audio-
Caps test prompts with four different seeds at the website 2. We
display the corresponding spectrograms, along with quantitative
generation diversity analyses, in Appendix A.5.

5. Conclusion

This work proposes ConsistencyTTA, an innovative approach
leveraging consistency models to accelerate diffusion-based
TTA generation hundreds of times while maintaining audio
quality and diversity. Central to this vast acceleration are two
innovations: CFG-aware latent CM and closed-loop CLAP-
finetuning. The former introduces CFG into the training pro-
cess, significantly enhancing the performance of conditional
CMs. The latter utilizes the differentiability of ConsistencyTTA
to provide crucial text-aware closed-loop feedback to the model.
As a result, ConsistencyTTA enables TTA in real-time settings,
and significantly broadens TTA models’ accessibility for AI re-
searchers, audio professionals, and enthusiasts.

2consistency-tta.github.io/diversity
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J. Copet, D. Parikh, Y. Taigman, and Y. Adi, “AudioGen: Tex-
tually guided audio generation,” in International Conference on
Learning Representations, 2023.

[9] S. Forsgren and H. Martiros, “Riffusion - stable diffusion for real-
time music generation,” URL https://riffusion.com, 2022.

[10] R. Rombach, A. Blattmann, D. Lorenz, P. Esser, and B. Ommer,
“High-resolution image synthesis with latent diffusion models,” in
Conference on Computer Vision and Pattern Recognition, 2022.

[11] Y. Song, P. Dhariwal, M. Chen, and I. Sutskever, “Consistency
models,” in International Conference on Machine Learning, 2023.

[12] J. Ho and T. Salimans, “Classifier-free diffusion guidance,” in
NeurIPS 2021 Workshop on Deep Generative Models and Down-
stream Applications, 2021.

[13] B. Elizalde, S. Deshmukh, M. Al Ismail, and H. Wang, “CLAP:
learning audio concepts from natural language supervision,” in
International Conference on Acoustics, Speech and Signal Pro-
cessing, 2023.

[14] J. Sohl-Dickstein, E. Weiss, N. Maheswaranathan, and S. Gan-
guli, “Deep unsupervised learning using nonequilibrium thermo-
dynamics,” in International Conference on Machine Learning,
2015.

[15] J. Ho, A. Jain, and P. Abbeel, “Denoising diffusion probabilistic
models,” in Advances in Neural Information Processing Systems,
2020.

[16] T. Karras, M. Aittala, T. Aila, and S. Laine, “Elucidating the de-
sign space of diffusion-based generative models,” in Advances in
Neural Information Processing Systems, 2022.

[17] Q. Huang, D. S. Park, T. Wang, T. I. Denk, A. Ly, N. Chen,
Z. Zhang, Z. Zhang, J. Yu, C. Frank et al., “Noise2Music:
Text-conditioned music generation with diffusion models,” arXiv
preprint arXiv:2302.03917, 2023.

[18] Y. Bai, U. Garg, A. Shanker, H. Zhang, S. Parajuli, E. Bas, I. Fil-
ipovic, A. N. Chu, E. D. Fomitcheva, E. Branson et al., “Let’s go
shopping (LGS)–web-scale image-text dataset for visual concept
understanding,” arXiv preprint arXiv:2401.04575, 2024.

[19] O. Ronneberger, P. Fischer, and T. Brox, “U-Net: Convolutional
networks for biomedical image segmentation,” in Medical Image
Computing and Computer-Assisted Intervention, 2015.

[20] J. Song, C. Meng, and S. Ermon, “Denoising diffusion implicit
models,” arXiv preprint arXiv:2010.02502, 2020.

[21] L. Euler, Institutionum calculi integralis. impensis Academiae
imperialis scientiarum, 1824, vol. 1.

[22] C. Lu, Y. Zhou, F. Bao, J. Chen, C. Li, and J. Zhu, “DPM-solver:
A fast ODE solver for diffusion probabilistic model sampling in

around 10 steps,” in Advances in Neural Information Processing
Systems, 2022.

[23] ——, “DPM-solver++: Fast solver for guided sampling of dif-
fusion probabilistic models,” arXiv preprint arXiv:2211.01095,
2022.

[24] L. Liu, Y. Ren, Z. Lin, and Z. Zhao, “Pseudo numerical methods
for diffusion models on manifolds,” in International Conference
on Learning Representations, 2022.

[25] F. Bao, C. Li, J. Zhu, and B. Zhang, “Analytic-DPM: an analytic
estimate of the optimal reverse variance in diffusion probabilis-
tic models,” in International Conference on Learning Representa-
tions, 2021.

[26] T. Salimans and J. Ho, “Progressive distillation for fast sampling
of diffusion models,” in International Conference on Learning
Representations, 2021.

[27] A. Sauer, D. Lorenz, A. Blattmann, and R. Rombach, “Adversarial
diffusion distillation,” arXiv preprint arXiv:2311.17042, 2023.

[28] Z. Ye, W. Xue, X. Tan, J. Chen, Q. Liu, and Y. Guo, “CoMo-
Speech: One-step speech and singing voice synthesis via consis-
tency model,” arXiv preprint arXiv:2305.06908, 2023.

[29] S. Luo, Y. Tan, L. Huang, J. Li, and H. Zhao, “Latent consistency
models: Synthesizing high-resolution images with few-step infer-
ence,” arXiv preprint arXiv:2310.04378, 2023.

[30] C. Meng, R. Rombach, R. Gao, D. Kingma, S. Ermon, J. Ho,
and T. Salimans, “On distillation of guided diffusion models,” in
Conference on Computer Vision and Pattern Recognition, 2023.

[31] J. Kong, J. Kim, and J. Bae, “HiFi-GAN: Generative adversarial
networks for efficient and high fidelity speech synthesis,” in Ad-
vances in Neural Information Processing Systems, 2020.

[32] C. D. Kim, B. Kim, H. Lee, and G. Kim, “AudioCaps: Generating
captions for audios in the wild,” in Conference of the North Amer-
ican Chapter of the Association for Computational Linguistics,
2019.

[33] S. Hershey, S. Chaudhuri, D. P. Ellis, J. F. Gemmeke, A. Jansen,
R. C. Moore, M. Plakal, D. Platt, R. A. Saurous, B. Seybold et al.,
“CNN architectures for large-scale audio classification,” in Inter-
national Conference on Acoustics, Speech and Signal Processing,
2017.

[34] Q. Kong, Y. Cao, T. Iqbal, Y. Wang, W. Wang, and M. D. Plumb-
ley, “PANNs: Large-scale pretrained audio neural networks for
audio pattern recognition,” Transactions on Audio, Speech, and
Language Processing, vol. 28, pp. 2880–2894, 2020.

[35] H. W. Chung, L. Hou, S. Longpre, B. Zoph, Y. Tay, W. Fe-
dus, E. Li, X. Wang, M. Dehghani, S. Brahma et al.,
“Scaling instruction-finetuned language models,” arXiv preprint
arXiv:2210.11416, 2022.

[36] R. Huang, M. W. Lam, J. Wang, D. Su, D. Yu, Y. Ren, and
Z. Zhao, “Fastdiff: A fast conditional diffusion model for high-
quality speech synthesis,” in International Joint Conference on
Artificial Intelligence, 2022.

[37] T. Hang, S. Gu, C. Li, J. Bao, D. Chen, H. Hu, X. Geng, and
B. Guo, “Efficient diffusion training via min-snr weighting strat-
egy,” arXiv preprint arXiv:2303.09556, 2023.

[38] B. McFee, “ResamPy: efficient sample rate conversion in python,”
Journal of Open Source Software, vol. 1, no. 8, p. 125, 2016.

[39] Y.-Y. Yang, M. Hira, Z. Ni, A. Chourdia, A. Astafurov, C. Chen,
C.-F. Yeh, C. Puhrsch, D. Pollack, D. Genzel, D. Green-
berg, E. Z. Yang, J. Lian, J. Mahadeokar, J. Hwang, J. Chen,
P. Goldsborough, P. Roy, S. Narenthiran, S. Watanabe, S. Chin-
tala, V. Quenneville-Bélair, and Y. Shi, “TorchAudio: Build-
ing blocks for audio and speech processing,” arXiv preprint
arXiv:2110.15018, 2021.

[40] Y. Wu, K. Chen, T. Zhang, Y. Hui, T. Berg-Kirkpatrick, and
S. Dubnov, “Large-scale contrastive language-audio pretraining
with feature fusion and keyword-to-caption augmentation,” in In-
ternational Conference on Acoustics, Speech and Signal Process-
ing, 2023.

[41] J. F. Gemmeke, D. P. Ellis, D. Freedman, A. Jansen, W. Lawrence,
R. C. Moore, M. Plakal, and M. Ritter, “Audio Set: An ontol-
ogy and human-labeled dataset for audio events,” in International
Conference on Acoustics, Speech and Signal Processing, 2017.

3289


