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Abstract—Although audio generation shares commonalities
across different types of audio, such as speech, music, and
sound effects, designing models for each type requires careful
consideration of specific objectives and biases that can signifi-
cantly differ from those of other types. To bring us closer to
a unified perspective of audio generation, this paper proposes
a holistic framework that utilizes the same learning method
for speech, music, and sound effect generation. Our framework
utilizes a general representation of audio, called ‘“language of
audio” (LOA). Any audio can be translated into LOA based on
AudioMAE, a self-supervised pre-trained representation learning
model. In the generation process, we translate other modalities
into LOA by using a GPT-2 model, and we perform self-
supervised audio generation learning with a latent diffusion
model conditioned on the LOA of audio in our training set.
The proposed framework naturally brings advantages such
as reusable self-supervised pretrained latent diffusion models.
Experiments on the major benchmarks of text-to-audio, text-
to-music, and text-to-speech with three AudioLDM 2 variants
demonstrate competitive performance of the AudioLDM 2 frame-
work against previous approaches. Our code, pretrained model,
and demo are available at https://audioldm.github.io/audioldm2.

Index Terms—audio generation, diffusion model, self-

supervised learning, speech synthesis, AIGC

I. INTRODUCTION

RTIFICIAL intelligence generated content (AIGC) refers

to any digital content such as images, videos, text,
or audio that has been fully or partially created by an Al
system without human involvement in the creative process [1].
Of particular interest is the ability of Al to produce audio
content based on text, phonemes, or images [2]-[4]. Al-based
audio generation has a wide potential in applications including
synthesizing human or artificial voices for digital assistants [5],
generating sound effects and background music for movies,
and games [6], and automating the production of podcasts and
audiobooks [7].

Al-based audio generation is often undertaken in separate
sub-domains, such as the generation of speech [2], music [8],
sound effects [4], and specific types of sounds such as foot-
steps and violin sounds [9], [10]. To address the specific
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challenges in each sub-domain, most previous works design
task-specific inductive biases, which are predefined constraints
that guide the learning process to a specific problem space. For
example, pitch and duration predictors are often used in speech
synthesis to model the prosody of speech [2], [| 1], while MIDI
representation [12] and domain-specific pre-trained modules
are often used in music generation [8], [13].

Despite significant progress being made in developing spe-
cialized models for specific sub-domains of audio generation,
the limitations of such specialization restrict the broader
application of audio-generation models in complex auditory
scenarios. Although there are models that can generate various
types of audio, such as AudioLDM [4], the speech they
generate is still not intelligible. Whether a unified approach
can be developed to generate various types of audio signals,
including intelligible speech, remains unanswered. Different
types of sound can occur simultaneously in real-world cases,
such as in movie scenes, requiring a more general approach
to modelling audio generation. While there are works that
address audio generation in a general domain, they mostly
focus on generating audio with correct audio events with
limited attention to detail. For example, previous text-to-audio
generation research tends to generate unintelligible speech [4],
[14], [15]. Moreover, while inductive biases have been useful
in addressing the challenges of specific sub-domains, conclu-
sions about a specific design drawn from one domain may
not necessarily transfer to another. Recent advancements in
addressing problems from a unified perspective have yielded
substantial progress [16]-[19]. This trend highlights the po-
tential of constructing a unified audio generation framework.

This paper presents a novel and versatile framework, called
AudioLDM 2, that can generate audio with flexible conditions,
without the need for domain-specific inductive bias. The core
idea is to introduce a sequence of vectors that represent the
semantic information of an audio clip, which we will refer
to as the “language of audio” (LOA). This approach allows
us to translate human-understandable information into LOA
and synthesize audio representation conditioned on LOA. This
idea is similar to the use of onomatopoeia in [20] to describe
environmental sounds. However, although onomatopoeia can
effectively mimic certain sounds like animal noises or simple
actions (e.g., “splash” for water), it can not encompass the
full range of audio nuances. In theory, the “language of
audio” should be able to represent both fine-grained acoustic
information (e.g., “what does the speaker say”) and coarse-
grained semantic information (e.g., “what is that sound”).
Considering these requirements, we propose to leverage the
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features extracted by an audio masked autoencoder (Au-
dioMAE) [21], an audio-generative self-supervised pretraining
framework. An AudioMAE is pre-trained on diverse audio
content, and its dual generative and reconstructive pre-training
approach makes it potentially a strong option for representing
audio in generative tasks.

Specifically, we utilize a GPT-2 language model [22] to
translate conditioning information into the AudioMAE fea-
tures. We then use a latent diffusion model [23] to synthesize
audio based on the AudioMAE features. The latent diffusion
model can be optimized in a self-supervised manner, allow-
ing for pre-training with large-scale unlabelled audio data.
Our language-modelling approach with GPT-2 enables us to
leverage recent advancements in language models [24], while
alleviating challenges such as high inference computation
costs and error accumulation that appeared in previous audio
autoregressive models [8], [25]. The improvement is largely
attributed to the shorter length of the LOA sequence. The
continuous nature of LOA also potentially provides a richer
representation power than the discrete tokens used in previous
models [8], [13], [26].

Our experimental results demonstrate that AudioLDM
2 achieves competitive performance on text-to-audio (TTA),
and text-to-music (TTM) generation tasks, when evaluated
on AudioCaps [27] and MusicCaps [8], respectively. On
text-to-speech (TTS) generation tasks, AudioLDM 2 achieves
performance comparable with the SoTA by significantly out-
performing a strong baseline FastSpeech2 [11]. In comparison
to the original AudioLDM [4], AudioLDM 2 contains a latent
diffusion model that can be pretrained in a self-supervised
manner, and enjoy the benefit of auto-regressive modeling of
LOA with GPT-2 model. Besides, while retaining the same
ability, AudioLDM 2 shows substantial advancements over
AudioLDM in quality, versatility, and capacity to generate
speech with intelligible content. Overall, our contributions are
as follows:

We propose a novel and versatile audio generation model
that is capable of performing conditional generation of
audio, music, and intelligible speech.

The proposed method is based on a universal represen-
tation of audio, which enables large-scale self-supervised
pretraining of the core latent diffusion model without audio
annotation and helps to combine the advantages of both the
auto-regressive and the latent diffusion model.

Our experiments shows three variants of AudioLDM
2 achieves performance that match current state-of-the-
art (SoTA) in text-to-audio, text-to-music, and text-to-
speech generation on AudioCaps [27], MusicCaps [&], and
LJSpeech [28] evaluation set, respectively.

II. RELATED WORK
A. Conditional Audio Generation

Audio generation is an emerging topic that focuses on mod-
elling the generation of general audio, including recent mod-
els such as AudioGen [3], AudioLDM [4], and Make-an-
Audio [15]. AudioGen treats audio generation as a condi-
tional language modelling task, while the other two works

approach this task by latent diffusion. Studies on image-to-
audio and video-to-audio generation, such as Im2Wav [29]
and SpecVQGAN [30], are also areas of interest to researchers.
Additionally, there are audio generation approaches that do not
rely on conditioning, such as AudioLM [26], which performs
audio language modelling based on a neural codec. Even
though audio generation usually includes the topic of speech
generation, previous works on text-to-audio generation tend to
generate unintelligible speech [3], [4], [14], [15].

The field of audio generation encompasses sub-domains
such as text-to-speech (TTS) and text-to-music (TTM). The
former focuses on generating speech signals from transcrip-
tions, while the latter involves creating a music clip from
a textual description. Cutting-edge TTS models like Fast-
Speech2 [11], GradTTS [31], and NaturalSpeech [2] have
made significant strides, producing speech of such high quality
that it is nearly indistinguishable from human speech. Various
techniques have been introduced to address speech generation
in TTS, such as the monotonic alignment algorithm [32],
which aligns phoneme features with spectrogram features,
and a prosody predictor [|1], used to guide model training
and enhance expressiveness. Recent advances in TTM are
evident in models like MusicLM [8], Noise2Music [33],
MusicGen [34], and MeLoDy [13]. Similar to AudioLDM,
the MusicLM model aligns music and language embeddings
through contrastive pretraining modules, which enables text-
free model optimization, alleviating the scarcity of music-
text pairs. MusicLM also includes a semantic modeling stage
based on w2v-BERT [35] to enhance the model performance.
MusicGen uses a language modeling approach for music
generation, enhanced with a mechanism for conditioning the
model with melodic features for improved controllability.
Meanwhile, MeLoDy, a diffusion model guided by language
modeling, achieves significant computational reduction in mu-
sic generation compared to MusicLM.

In this paper, we propose a unified framework for audio
generation, which encompasses a breadth of topics including,
but not limited to, speech, sound effects, and music generation.

B. Diffusion Models

Diffusion models [36], [37] have demonstrated high sample
quality in a variety of tasks including image generation [38]—
[40], image restoration [41], speech generation [42]—-[44],
and video generation [45], [46]. In the realm of speech or
audio synthesis, these models have been explored for both
mel-spectrogram generation [31], [47] and waveform genera-
tion [48]-[50]. However, the iterative nature of generation in a
high-dimensional data space often results in slow training and
inference speeds. One solution involves the use of diffusion
models in a more restricted latent space, a strategy exemplified
in image generation [23]. This idea has been adopted in various
audio generation works, including AudioLDM [4], Make-An-
Audio [15], and TANGO [51]. These works utilize latent
diffusion models trained on a continuous latent space. On the
other hand, there are also studies that explore diffusion in the
discrete latent space. For instance, DiffSound [14] employs a
discrete autoencoder to mitigate redundancy [52], [53] in the



Fig. 1. The overview of théAudioLDM 2 architecture. The AudioMAE feature is a proxy that bridges ¢beditioning information to LOA translation
stage (modelled by GPT-2) and th®A to audio generatiostage (modelled by the latent diffusion model). The probabilistic switcher controls the probability
of the latent diffusion model using the ground truth AudioMAR,{) and the GPT-2 generated AudioMAE featuRy ) as the condition. Both the AudioMAE

and latent diffusion models are self-supervised pre-trained with audio data.

audio waveform and create a compressed representationfoWill be used in later stages as the conditioning information
mel-spectrograms. DiffSound utilizes text-conditional discrefer audio generation. We implement the functidn with auto-

diffusion models to generate discrete tokens. regressive modelling, which is introduced in Section IlI-C.
(i) LOA to audio generationfollowed byM , function G
1. AubioLDM 2 accepts an LOA estimatiofi as input condition and estimates
A. Overview the audio data. During the training process, when the training

Letx 2 R+ represent an audio signal, where is the length datax is available, the ground trutkf will be also available

of the audio samples ir. An audio generation process caﬁJSingA( ), allowing the optimization oG in a self-supervised
be denoted a#d : C 7! x, whereC is the conditioning manner. Speci cally, instead of using the LOA estimatitre

information ancH is the conditional audio generation system.'vI (C), we condition the generation of based on the/ =

The direct generation ok from C is usually challeng- A(x), which can be formulated as
ing [54]. Motivated by regeneration learning [55], we pro-
pose to utilize an intermediate featud, as an abstrac-

gon gf X, ;0 kt)_”dg?”tgi g\jlvp bEtl‘INEt’ﬁ@ fan?@ ?ﬁ mltro- We introduce the detail oA () in Section IlI-B. Since the
uced in -section 1i-bL. We ca € teatur € an- processH; only involvesx as the training data, Equation (2)

guage of audio (LOA). The LOA feature is calculated b¥neans modeG can be optimized in a self-supervised manner

\\/(vith: aAéZI)f 'Srlljpv;?\'/?sheg rg?)rrfgsrg]nstaﬁggiole;ornli_r%Arrfggglzmgu\évﬁhom any audio annotation. This self-supervised scheme can
oo leviate th ity of th dio data label d id
as AudioMAE [21], [55]. The LOA feature should be a eviate the scarcity of the audio data labels [4] and provide

. . . . a robust backbone for the overall generation system. Note
representation that is potentially easier to model comparﬁ]da

ith d tai naful tic inf i boLt t the self-supervised learning here does not refer to the
WIth X and contain meaningiul semantic Information abolit o .0 AydioLDM 2, for example, the functioM still needs

és ![Irl]ustrated"m F(ljgure L, W'tth the mtermedmti regresctanéat?gired data to optimize. We implement the funct®mvith the
» the overall audio generation process can be denoted a atent diffusion model, which is introduced in Section IlI-D.

_ . . The following sections provide a detailed introduction to
Ho=G M :C71 ¥ 7l (1) AudioLDM 2 In Section 1lI-B, we discuss the audio represen-
where¥ is the estimation of the ground truth LOA. As denotetations employed imrAudioLDM 2 including the AudioMAE
in (1), the audio generation processAfdioLDM 2includes and VAE features. These features also serve as the generation
the following two steps: targets for the two stages withiudioLDM 2 Section 11I-C

(i) Conditioning information to LOA translatioriThe func- introduces the auto-regressive modeling of the AudioMAE
tion M : C 7! ¥ aims to produce the LOAY based on feature with GPT-2. In Section IlI-D, we elucidate the process
C, which could be the conditional information from othewf generating audio waveforms via the latent diffusion model,
modalities, such as audio and text. As a potentially bettathich applies a VAE for feature compression and generates
representation of in terms of audio generation, the generatedudio conditioned on the LOA. The LOA here can be based

Hi=G A:x7'Y T & 2



on either ground truth or GPT-2-generated data, which corre-
sponds to self-supervised training and joint training with GPT-
2 (Section 111-D3), respectively.

B. Audio Representation Learning

Motivated by MusicLM [8] and AudioLM [26], which
perform semantic and acoustic modelling on two types of dis-
crete representations [25], [56], we adopt a similar two-stage
modelling approach. However, our work differs in that we ) ) ) )
K th ntinuous semantic and acoustic representati Iﬁ:} 2. The inuence of on audio reconstruction from LOAX with the
WO!’ on the co h . ) ) ’ p Rtbnt diffusion model. The reconstruction closely resembles the ground truth
which can potentially provide richer information comparedhen =1, suggesting tha¥ -, retains suf cient audio details. However,

with discrete representatlons used by preV|ous studies [ with =2 or 4, the reconstruction diverges slightly from the original audio,
| K dobt AudioMAE d . indicating that while the post-processed AudioMAE feature may not include
[35]. In our work, we adop udio [21] and varia- all details, it nonetheless accurately preserves semantic content.

tional autoencoder (VAE) [57] as the semantic and acoustic
representation learning modules, respectively. Despite serving
similar purposes, AudioMAE and VAE differ in architecturefor the AudioMAE encoder. The patch siZe is typically
and objectives, yielding distinct representations. Further detailssigned to be a common factor fand F. Patch splitting
on representation learning are provided below. and embedding are performed using a convolutional neural
1) Semantic Representation Learning with the AudioMABetwork with a kernel size dP, a stride ofP, andD output
To accurately represent diverse types of audio, encompassth@nnels. This yields an output shapeTdf F° D, where
speech, music, and sound effects, the L®@Ashould effec- D is the AudioMAE embedding dimensioi,’ = T=P, and
tively capture both the semantic and the acoustic details Bf = F=P. The resulting output feature of the AudioMAE
audio signals. Therefore, we propose to use a self-supervisedoderg 2 RT’ F” D has the same shape as the input and
pretrained AudioMAE [21] as the representation extractios usually treated as the feature for downstream tasks after
module for functionA for its generality and high accuracypretraining [21].
on the downstream audio classi cation task [21]. 2) AudioMAE Feature Post Processings shown in Fig-
The audio masked autoencoder (AudioMAE) is an audiore 1, once the AudioMAE featureE are computed, we
self-supervised pre-training model, which learns representatroduce an additional pooling step to aggregaténto Y ,
tions from unlabeled audio data without relying on manuallwhere 2 |* represents a hyper-parameter used in the post-
labeled annotations. An AudioMAE consists of an encoderocessing pooling step. This pooling step aims to reduce the
and a decoder, both realized with an architecture similar $equence length, facilitating easier estimation in the function
the vision transformer (ViT) [58]. During self-supervised preM . Speci cally, we perform a two-dimensional average-max
training, input patches to the encoder, which are usually meboling [52] on the rst two dimensions & 2 RT° F° D in
spectrograms, are randomly masked and the decoder leawhich the pooling kernel size and stride have the same value
to reconstruct the masked patches [21]. Compared with othe@ |*. The two-dimensional pooling operation can help to
audio self-supervised pretraining models, AudioMAE has th@eserve the time-frequency relationship in the output. The
following two advantages: nal output after pooling,Y , is reshaped into a embedding
(i) The AudioMAE has been veried to work well in thesequence with shape D, in whichL = T¥F% 2 To
general audio domainFor example, an AudioMAE can befacilitate implementation, is chosen so that is always a
effectively pre-trained on AudioSet [59], with state-of-the-afpositive integer. We demonstrate the effect of different choices
performance on the downstream audio classi cation tasks. ofi in Figure 2. In the remaining sections of this paper, if
comparison, typical audio self-supervised models focus orisanot speci ed, we'll refer toY simply asY .
speci ¢ domain, such as the MERT [60] on music and the 3) Acoustic Representation Learning with VARVe use
HUBERT [61] on speech. a VAE for feature compression and for learning an audio
(i) AudioMAE features are potentially better for generativéepresentatiorz, which has a signi cantly smaller dimension
tasks than other discriminative pre-training methoBsilding thanx [4]. The VAE we used in this work is a convolutional
upon the contrastive loss or next token prediction classi carchitecture that consists of encoders with down-sampling
tion loss as the learning objective, previous systems sucheaasl decoders with up-sampling following the architecture de-
wav2vec [62] and BYOL-A [63] utilize a discriminative ap-scribed in [4]. The forward pass of the VAE can be formulated
proach during pre-training. In comparison, AudioMAE focuseas V : X 7! z 7! X, where X is the mel-spectrogram
on a generative process by learning the reconstruction of tfex and X is the reconstruction ok. The reconstruction
masked patches. X can be converted to the audio wavefomusing a pre-
For an input audio signal, AudioMAE rst calculates the trained HiFIGAN vocoder [64]. Following AudioLDM [4],
log mel spectrogranX 2 RT F, whereT represents the we calculate a reconstruction loss and a discriminative loss
time steps of the mel spectrogram, aRddenotes the mel based onX andX to optimize the parameters of the VAE.
bins. The mel spectrograX is then treated as an image andVe also calculate the KL divergence betweeand a standard
split into patches each of siZ2 P, serving as the input Gaussian ( = 0; 2 = 1) as a loss function to limit the



Speci cally, we treat the generation of as a language
modelling task and choose the GPT-2 (Generative Pre-trained
Transformer 2) [22] model as the backbone. GPT-2 is based
on a transformer architecture and was originally trained on
8 million documents for a total ofi0 GB of text using an
unsupervised learning approach [22]. GPT-2 has been used
in a variety of natural language processing tasks, such as text
completion, question answering, and language translation [67],
[68]. Initialized with pre-trained weights, we netune the GPT-

2 model based on teacher forcing [69], so that during model
training, $ will be generated based on both the condition
C and the ground truth sequengg;:::;y, 1, wherey, is
thel th vector in LOA sequencd® . Speci cally, the GPT-

2 model M is trained to maximize the likelihood of a
sequencePr(y1;yo; ;YL jC), which can be interpreted into
the following optimization objective:

\'2
argmax Ec [Pr(y1C; )  Pr{yiys iy 1.C )L ()
1=2
Fig. 3. Visualization of the latent space based on tSNE and ten randonphere Ec represents the expectation operator with respect

selected classes in the ESC50 [65] dataset. Each point in the gure represents -
an audio clip. The AudioMAE feature space tends to group similar audio cliﬁg the variableC. We calculate the mean squared error

together, indicating more semantic structure than in the VAE feature.  l0Ss [54] betweery; and$yy = M (yi; 5y 1;C) to op-
timize Equation (3). We directly optimize the regression of
continuous vectorsy;, without discretizing the AudioMAE
variance of the VAE latent space. feature space and estimating the token index. The condition
4) Comparison between AudioMAE and VA&ince both C in Equation (3) can encompass a exible range of data
AudioMAE and VAE are based on autoencoders for repreepresentations, including audio representations, text embed-
sentation learning, one might wonder why we use a VAHings, phoneme embeddings, or visual clues. We adopt the
for representation learning instead of directly modeling thaixture of experts [70] approach and use multiple encoders
AudioMAE latent space. Part of the reason is that AudioMARs feature extractors to calculafe GivenK systems as the
does not primarily focus on reconstruction quality, and it®ature extraction modules, the shape of the output from the
latent space compression ratio is not as high as that of theh systemCy;k 2f 1;::;;KgisLx Dy, in whichLy is the
VAE. On the other hand, the VAE exhibits good reconstrugequence length of theth system andy is the dimension
tion ability and a higher compression level than AudioMAEoef the feature. We apply a linear transformation layer after
making VAE more suitable for mel-spectrogram compressiothe output of each feature extraction module to unify the
Furthermore, as shown in Figure 3, we visualize the latesinbedding dimension t®, for an easier process of the
representation of AudioMAE and VAE on the ESC-50 [65GPT-2 model. For modules that extract global features from
dataset using tSNE [66]. The visualization demonstrates thiaé input without sequential information, such as CLAP [71]
the latent representation of AudioMAE can group similasr ImageBind [18], we havé, = 1. The nal condition
audio at a closer region in the latent space. In contrast, e= [ C,;:::Ck ] is a concatenation o, along the sequence
representation of VAE exhibits more overlap between differefgngth dimension. The nal conditio@ has a shape df Do,
audio classes. This indicates that the representations for {igereL = I|<<=1 L. We introduce several condition modules
AudioMAE and VAE are distinct. AudioMAE contains morewe used in this paper as follows.
information on the semantic side, while VAE representatioDL AP or contrastive language and audio pretraining [71], is a
is less semantically structured. Therefore according to tBgstem that learns a joint audio-text embedding space, in which
de nition of LOA in Section Ill-A, AudioMAE is more paired audio and language data have a closer distance in the
suitable than VAE on calculating the LOA. latent space. CLAP has been successfully applied as a condi-
tioning module to audio generation such as AudioLDM [4]. In
N . . . this study, we employ a pre-trained CLARXt encoder as the
C. Conditioning Information to LOA Translation with GI:)T'Zdefault conditioning module for extracting text embeddings as
This subsection introduces the design of the funclibn As conditions. However, in scenarios where text captions (e.g.,
introduced in Section IlI-A, the input to the mod8l: Y 7! x  “A man is speaking happily with background static noise”)
can be calculated using the AudioMAE. However, during irare unavailable, such as for text-to-speech tasks, we use the
ference, when we perform audio generation with the conditi@@_AP audio encoder as the conditioning module instead of
C, the ground truth LOAY = A(x) is unavailable. Therefore, using CLAP text encoder, in the same way as [4].
we need another model that can genelatgiven C, denoted
byM :C! ¥, where represents trainable parameters. Ihttps://github.com/LAION-Al/CLAP



FLAN-T5. The CLAP model, as a module that calculateBr(zpjz1;Y; )Qthz Pr(z; 1jz:;Y; ) Pr(z7), in whichY
global-level conditions, has been found to have issues in cap-the LOA as the condition signal and the denotes the
turing the temporal information in the text data [72]. To allowarameter of the model for learning the reverse diffusion.
for this, we use another pretrained text encoder to captufewe marginalizez;...r we can derive the lower bound of
the semantic information of the textual input, which mighlog[Pr(zojY; )] based on the evidence lower bound (ELBO)
contain useful details such as temporal orders. Speci callgnd Bayes' rule [36]:

we utilize FLAN-T5 [73], which is an enhanced version of
the text-to-text transfer transformer (T5) model [74] based on . .
the netuning on a mixture of tasks Iog[Pr(z;Y, )1 loglPr(zojza; Y5 )]

Phoneme Encoderis a widely adopted module in text-to- . . .

speech research for extracting helpful information regarding KLIPT(ze ajzeY: )lid(z 1z 20)ls (6)
phonemes [2], [11], which are the smallest units of sound in t=2

a language that can distinguish one word from another [7¥jhereKL () is the function for calculating KL divergence,
In this work, we follow the structure introduced in Natu@nd a(z: 1jz:;2o)) is the target conditional diffusion distri-
ralSpeech [2] to build a phoneme encoder, in the form &ition that has a closed-form solution gives and z; [36].

a stack of transformer encoder layers. We preprocess frllowing [36], we can derive the loss function that maximizes
textual input into phonemes using the open-source tool EspdBR lower bound of Equation (6) as:

phonemizers’ and append a stop token after each phoneme

sequence to mark the end of the sequence for the transforrg@min [Ero:vitf 1o gij(p Zo+ P T octY: ) il

model. @)

Except for the phoneme encoder, which does not haveag shown in Figure 1, we utilize a Transformer-UNet (T-UNet)
readily available pre-trained weights, the parameters of @llchitecture as the functid@in Equation (7), which is similar

other pre-trained feature extraction models are kept frozghine UNet used in AudioLDM [4] but with more transformer

during the experiment. layers. The T-UNet architecture consists of a series of encoders
with downsampling and a series of decoders with upsampling,
D. LOA to Audio Generation with Latent Diffusion Model and there are skip connections between encoders and decoders

We model the proces& : Y 7! x with a latent diffusion at the same scale. To enhance the modelling capacity of
model (LDM) [23], which is a variant of the denoising diffu-the T-UNet, we insert multiple transformer blocks after the
sion probabilistic models (DDPM) [36]. In contrast to DDPMcoNnvolution operation in each encoder and decoder block.
which directly models the training data, the LDM learns th&peci cally, we havenyans+ 1 transformer blocks, in which
reverse diffusion process in a variational autoencoder (VAEJ1e rst Nyans transformer blocks are a stack of self-attention
based compressed latent space [76], which can reduce l@rs [77] and feed-forward networks. To incorporate the
computational cost. Similar ideas have been adapted to aug®fdition informationY from the ground truth LOA orf
generation, such as AudioLDM [4]. from M () (Section IlI-C), as shown in Figure 1, the last
1) Latent Diffusion Model:We follow the formulation in transformer block changes the self-attention layer to cross-
[ ] to imp|ement the LDM. Given a VAE representatin attention, which accepts the LOA as key and value and fuses
the forward transition is de ned as& steps Markov process With the feature from the previous transformer block as the

in a way that does not include trainable parameters. Given t#éery. Except for text-to-speech generation, we add an extra
dataz, ; at diffusion stept 1, the data distribution of; at cross-attention layer in the transformer block to accept the

stept 2 2;::; T can be formulated as text embedding from FLAN-T5 [73] as an extra condition to
enhance the audio-text relationship learning.

. p——
Azijze 1)= 1 1z 1+ tt 4)

in which the noise schedule hyper-parameter 2 [0; 1]
determines how quickly the noise is blended into the data.
By recursive substitution ofl(zjz; 1) in Equation (4) [36],
we can derive the distribution & givenzy as

o Pp— P
Aztjzo) = = tzo+ 1 ¢ 4; 6 _ T . .
Fig. 4. The samples generated with different classi er-free guidance scales.

where ; = Qizl 1 . and N (0; |) . At the nal The text prompt is'A cat is meowing"

stept = T, the distribution ofz, will be close to a standard 2) Classi er-free Guidance:For diffusion models, control-

Gaussian distribution [36]. lable generation can be achieved by introducin uidance
The LDM learns a backward transition from the prior g y 99

distribution N (0; 1) to the data distributiorz. The reverse ?éFeC:a\)c hhassargggr;]g tf?(taethagi)?tlheer-—;ﬁete?:Lrj\Igiar:JCee fc[)r ]’ui[din]
process models the conditional distributiBm(zg..7jY; )= d 9 9

diffusion models. During training, we randomly discard our
2https://huggingface.colgoogle/ an-t5-large condition Y in Equation (7) with a xed probability (e.g.,
Shttps://github.com/espeak-ng/espeak-ng 10%) to train both the conditional LDM%3(z;t;Y; ) and



the unconditional LDMsG(z;;t; ). For generation, we useincluding Overall Impression (OVL) and Audio and Text
LOA ¥ or Y as the condition and perform sampling with &Relation (REL). We also include an additional metric CLAP
modi ed noise estimatiorGY(z;t;Y ; ): score [15] to measure the correspondancy between the gen-
RV . RV erated audio and text prompt. FAD is a reference-free audio

HzitY: )= wlzit; )+ WGztY: ) (8) guality measure that is calculated based on the distribution
wherew determines the guidance scale. distance between the feature of the target and generated

3) Joint Finetuning: We perform joint netuning with the audios, extracted from the VGGish [86] model. KL divergence
GPT-2 and latent diffusion models based on Equation (1), (Theasures the similarity between the generated and target audio
and (3). As demonstrated by Table V, we found that joiwith the label calculated by the audio tagging model, Patch-out
netuning signi cantly enhances the overall performance ofransformer [87], in the same way as AudioGen [3]. CLAP
the AudioLDM 2system. As depicted in Figure 1, tipgoba- score measures the similarity between audio and text based on
bilistic switchercontrols the source of the conditioning signah pair of pretrained audio and text encoders [71], given by
during the joint training process. During training, the switcher

dynamically chooses between ground truth AudioMAE fea- CLAPScoréx;r) = & & : (9)
tures and GPT-generated AudioMAE features, with probabil- max(kekke k; )
ities set toPy and Ppreq, respectively. wherex andr denote audio and text data, respectivelys
a small value that can avoid zero divisios, is the output
IV. EXPERIMENT SETUP of the CLAP audio encoder ang is the output of CLAP
A. Dataset text encoder. The value range of the CLAP score is between

1 and1 and a larger value indicates a stronger correlation
etween audio and text information.
We use a similar evaluation protocol for text-to-music gen-

The datasets used in this work include AudioSet (AS) | ﬂy
WavCaps [80], AudioCaps (AC) [27], VGGSound (VS) [81],

Free Music Archive (FMA) [82], ~Milion Song ration. For the text-to-speech task, we utilize the commonly

Dataset (MSD) [83], LJSpeech (LJS) [28], an d - MOS) f luati
GigaSpeech (GGS) [84]. AudioSet is the largest aud(?j)Se mean opinion score (MOS) for evaluation [75].

classi cation dataset at the time of writing, with aroundC Subjective Evaluation
two million ten-seconds of audio ansR7 different classes. ]
WavCaps is a dataset with ChatGPT-assisted weakly-labeldg Use Amazon Mechanical Tdika crowd-sourced platform,
audio captions. WavCaps contains 403,050 audio clips wi €valuate subjective metrics including OVL, REL, and MOS.
an average duration of 68 seconds. AudioCaps is a sublBg instructions on how to perform evaluation are clearly
of AudioSet with handcrafted captions, containing aboifiustrated for the raters with examples. Speci cally, for O\/L,
46,000 ten-second audio clips. VGGSound is a large-scifiers were aske¢dow would you rate the overall quality
single-label audio-visual dataset, which contains over 200,08bthis music? Consider its resemblance to real-world audio
videos. We only utilize the audio data and the labels in tr@d its naturainesswith a ve-point scale ranging frond-
VGGSound. FMA is a large music dataset without captiong,xce"em qualityto 1-Bad quality Similarly, for REL, the
containing 106,574 music tracks from 16,341 artists arftfestion posed wasijow would you rate the relevance of
14,854 albums. For the Million Song Dataset, we only utilizB1USIC t0 the text description®ith a similar ve-point scale
the labelled subset proposed in [85], which contains aroufff résponses. In evaluating MOS, the question wdsw
510,000 music tracks with metadata such as tags, titles, 41@gural does this recording sound? Take into account emotion,
artist names. LJSpeech is a single-speaker speech datR&tedy, and other human-like detailsjth options ranging
with 13,100 short audio clips and detailed transcription§0m completely unnatural speech perfectly natural speech
GigaSpeech is a multi-speaker large-scale English spedéh ensure the credibility of the evaluation result, we set
recognition corpus with around 10,000 hours of auditgquirements for the crowd—sour(_:e worker with a minimum
labeled with transcriptions. The test and development set ®ferage approval rate 60%and with at leasb0 approvals in
GigaSpeech are not included during training. All the audi$i€ record. Each audio clip is evaluated by at léatifferent
data used in this work are resampled 16 kHz for easier raters. All three subjective metrics have a Likert scale [55]
comparison with previous works [4], [15]. We use only th@etween one and ve, where a Igrger number indicates better
audio data with paired text labels to train the GPT-2 model [Rgrformance. Study raters received payment at or above the
optimizing Equation (3). We train the latent diffusion mode¥S minimum wage. We average the scores among all raters
with all the audio data regardless of annotation by optimiziri"d Samples as the nal score for a system.
the objective in Equation (6) in a self-supervised manner.

D. Model Architecture Details
B. Evaluation Metrics We perform the experiment with two sizes of the latent

We mainly focus on the text-to-audio generation task t%n‘fusmn model,AudioLDM 2 and AudioLDM 2-Large with

evaluate the effectiveness @fudioLDM 2 We follow the transformer layer numberﬂtrans = 2 and Nuans = 6 (Sec-
evaluation protocol of AudioGen [3], which calculates botﬂon lll-D), respectively. We use a pre-trained AudioMAE
objective metrics such as Frechet Audio Distance (FAD),4hitps:/irequester.mturk.com/

Kullback-Leibler Divergence (KL), and subjective metrics Shttps://github.com/facebookresearch/AudioMAE



with a patch size ofl6 16 and no overlapping, resulting during model training. We train the latent diffusion model
in a 768dimension feature sequence with lendgifi2 for and netune the GPT-2 model on eight NVIDIA A100 80GB
every ten seconds of mel spectrogram. In a similar way @PUs. We follow the settings described in AudioLDM [4]
the idea introduced in [89], on calculating the LOA, we and change the default classi er-free guidance scale during the
gather the output of the ladt6 transformer layers from the Denoising Diffusion Implicit Models (DDIM) [90] sampling to
AudioMAE encoder and perform averaging as the nal 3:5. For both GPT-2 netuning and the latent diffusion model,
We perform self-supervised pre-training on bdthdioLDM we utilize the AdamW [91] optimizer with a learning rate of

2 and AudioLDM 2-Largewith the audio data mentioned in10 4 and 10000steps of linear warming up without decay.
Section IV-A. The GPT-2 model we employ has an embedding

dimension of 768 with 12 layers of transformers. For joint V. RESULT

ne—tuning, we set the probablllty of USing ground truth LOAWe evaluated our proposed System on three primary au-
Y and LOA estimation? as Py = 0:25, andPyeq = 0:75, dio generation tasks: text-to-audio, text-to-music, and text-
respectively. to-speech. The three basic systems were trained on three
different datasets: AudioCaps (general audio), MSD (music),
TABLE | and LJSpeech (speech), and are denotechdioLDM 2-

THE SETUP OF THE PRIMARY EXPERIMENTS WE PERFORMEB-ULL ) ¢ ’
REPRESENTS A COMBINATION OF FIVE DIFFERENT DaTASETancLUping  AC, AudioLDM 2-MSD and AudioLDM 2-LJS respectively.

AC, AS, WC, VS,AND MSD. THE MODEL WITH Yy USE CLAP TEXT The modelAudioLDM 2-Full represents a version capable of
ENCODER ANDFLAN-TS TO CALCULATE CONDITIONS WHILE THE performing both audio and music generation simultaneously,
MODEL WITH Z USESCLAP AUDIO ENCODER AND THE PHONEME ) L . R

ENCODER AS THE CONDITIONAL MODULES with training data scaled up t@9510 hours, including all

available data mentioned in Section IV-A. In contrast with

Model Param  Dataset Task AudioLDM [4], we do not perform additional model netuning

AudioLDM 2-ACY 8  346M AC TTA on AudioCaps for model trained with the full-scale datasets.

AudioLDM 2-MSDY 8 346M MSD TT™ Models with the sufx Large indicate larger-sized model

AudioLDM 2-Full’ 8 346M  FULL  TTATTM  yariants, such adudioLDM 2-Full-Large

AudioLDM 2-AC-Large/ 8 712m AC TTA

AudioLDM 2-Full-Large/ 8 712m FULL  TTATTM _ _

AudioLDM 2-LJS 1 346M LIS TTS A. Text-to-Audio Generation

AudioLDM 2-LJS-Pretrained 1 346M LJS+GGS TTS

We compare the performance of our proposed model with sev-

eral state-of-the-art systems, including AudioGen-Large [3],

Table | summerize the experiments we performed in thi§. . an-Audio [15], AudioLDM [4], Make-an-Audio 2 [92]
paper. For th_e generation of audio and music, we combine tg\’?d TANGO [51]. To generate the samples for subjective eval-
text embeddings from the CLAP text encoder and FLAN-Tg ;:00 \ve adopt AudioLDM-M, an AudioLDM witt652V

as conditioning andl _degignaté =s as the target SEQUENCe) 4 rameters, from HuggingFdcand run with 100 reverse
for GPT. The conditioning modules for speech generatiqfyqjq, steps. The result of Make-an-Audio 2 is provided

are con gured differently, primarily due to the need to bettegy the author [92]. We use the pre-trained TANGO model

preserve the ne-grained phoneme information in speech s ben-sourced on GitHdko reproduce their result.
nals through a smaller value. Thus, for speech generation, As shown in Table II, our proposedudioLDM 2-AC

we concatenate the outpL_Jt of CLAP audio encoder and tﬁgnicamly outperforms the previous systems across all
phoneme encoder as the input sequence of the GPT-2 moggl,e opiective metrics. The previous best-performing system,

and designateY -; as the target sequence to retain MOFRANGO, achieves a CLAP score af7:6, while our proposed

details. For the speech data, since there are no ava"agl@tem surpasses it with a substantially higher CLAP score of

audio captions (different from transcriptions), we adopt 8,9 aydioLDM 2-Largealso attains the best KL divergence
similar approach as AudioLDM [4] to utilize the CLAP aUd'Oscore of 0:98, considerably improving upon the previous

encoder t.o.compute the embedding as a condition du_rig%TA of 1:27. For the FAD score, our model reach&g?2

model training, and employ the CLAP text encoder durlngstablishing a new SoTA for text-to-audio generation. Our

inference. This method al_so famhtates prompt-based Speagﬁbjective evaluation results are mostly consistent with the

control, as demonstrated in Figure 6. objective metrics, con rming the effectiveness AfidioLDM
2-AC, which achieves an OVL 08:88 and a REL 0f3:90,

E. Training and Inference Setup surpassing AudioLDM and the previous SoTA TANGO by

The latent diffusion model and the GPT-2 model are initialIgcs'gmdc"f:r?t néargma_l'_l'hfhdlffir'er:ce betweiemuc(j;pLDfM 2 th
trained separately. We randomly choosg f 1; 2; 4; 8g during an € broundlruth, which are real audios from the

pre-training of the latent diffusion model to enhance the modépg'%(éips datastt_'-:t I[ (]j IS metre[t}f16t;1nd ?:18 for (f)VL
robustness under conditions with different . Y is only an , respectively, demonstrating the strong periormance

used as key and value in the T-UNet cross-attention IayeorfsOur proposed system. The AudioLDM-M we used is not

thereforeY can have varying length. We train the IatemnetunEd on the AudioCaps datasgt, which may explain its de-
diffusion model based oh0 seconds of random segment frorTgraded performance compared with the metric score reported

the training set. For easier mOde"ng of the T-UNet, we zero-shitps://huggingface.co/spaces/haoheliu/audioldm-text-to-audio-generation
pad the 10 seconds of audio segment intt:24 seconds 7https://github.com/declare-lab/tango




TABLE Il
COMPARISON OF MODEL PERFORMANCES ON THAUDIOCAPS EVALUATION SET. GT-AUDIOMAE DENOTE DIRECTLY APPLYING THE GROUND TRUTH
“L ANGUAGE OFAUDIO” Y, TO THE FUNCTIONG FOR AUDIO GENERATION AS DETAILED IN SECTION IlI-A. AudioLDM 2SIGNIFICANTLY SURPASSES
PREVIOUS METHODS IN BOTH SUBJECTIVE AND OBJECTIVE ASSESSMENTALL MODELS ARE TRAINED USING THEAUDIOCAPS TRAINING SUBSET
MODELS MARKED WITH ARE EXCLUSIVELY TRAINED ON THIS SUBSET WHILE THOSE WITH# ARE FINE-TUNED ON IT.

Model Duration (h) Param FABD KL# CLAP" OVL " REL "
GroundTruth - - - - 0:251 404 4.08
GT-AudioMAE - - 1:84 019 0239 387 4:02
AudioGen-Large 6824 1B 1:82 169 - - -
Make-an-Audio 3000 453M  2:66 161 - - -
AudioLDM-Largé’ 9031 739M  1:.96 159 - - -
AudioLDM-M 9031 416M 453 199 (0141 361 355
Make-an-Audio 2 3700 937M  2:05 127 (0173 368 362
TANGO 145 866 M 1:73 127 0176 375 372
AudioLDM 2-AC 145 346M 167 101 0:249 3:88 3:90
AudioLDM 2-Full 29510 346M 1:78 160 (191 383 377
AudioLDM 2-AGLarge 145 712M  1:42 0:98 0:243 3:89 3.87

AudioLDM 2-Full-Large 29510 712M  1:86 164 0:182 379 380

works [4]. As shown in Table Il, the FAD score generally
shows improvement after scaling up the model size, while
the KL divergence and CLAP scores do not exhibit clear
improvements, indicating that scaling the model size might
be more bene cial for enhancing audio quality than audio-
text relations. Despite the signi cant increase in training data,
we did not observe signi cant improvements in the objective
evaluation metrics. On the contrary, all three metrics showed
degraded performance after training on more data. This is
potentially because our test set has a limited distribution, while
the large-scale training data covers a much wider distribution.
The mismatch between the training and test data distributions
results in poorer objective scores.

Nevertheless, when compared with the AudioLDM-M (FAD
4:53) in Table II, which is also a large-scale pre-trained text-
to-audio model without netuning on AudioCapAudioLDM
2 with full-scale training data achieves signi cantly better
performance (FAD1:42 2:13), showing a substantial im-
provement over AudioLDM-M.

B. Text-to-Music Generation

Fig. 5. Examples for text-to-audio generation. In this section, we compare our proposed model with other
text-to-music generation models, including MusicGen [34],
MusicLM [8], MeLoDy [13], Mousai [93], AudioLDM [4],

in [4]. We observe the trend of over tting duringudioLDm and Riffusion [5]. The output of AudioLDM is obtained in

2 training on the AudioCaps training set, due to the limitel® Same way as Table Il. MusicGen is reproduced using the
dataset size. To address this issue we measure the FAD sQbfgal Github repository’. o

on the AudioCaps validation set every ve epochs and treat S shown in Table I, our proposed method signi cantly

the checkpoint before the FAD result shows degradations gﬁtperforms these strong baselines. For instankedioLDM
the nal model. 2-Full outperforms MusicGen by6% 11% and 3:4% on

. . . . , FAD, KL and CLAP scores, respectively. ThaidioLDM 2-
To investigate the scalability chudioLDM 2-AC-Largein D model, which is only trained on music data, does not

o : . . S _dudio generation from a general perspective can benet the
over tting issue and potentially misleading objective metr'cfjerformance in specialised domains as well, demonstrating the

rgsult, the model traineq with a larger dataset, including advantages of our proposed general framework. The general
dioLDM 2-Full and AudioLDM 2-Full-Large are not ne-

tuned on the AudioCaps training set, as performed by previou8nttps://github.com/facebookresearch/audiocraft
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