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Abstract

Text-to-audio (TTA) generation with fine-
grained control signals, e.g., precise timing con-
trol or intelligible speech content, has been ex-
plored in recent works. However, constrained
by data scarcity, their generation performance
at scale is still compromised. In this study,
we recast controllable TTA generation as a
multi-task learning problem and introduce a
progressive diffusion modeling approach, Con-
trolAudio. Our method adeptly fits distribu-
tions conditioned on more fine-grained infor-
mation, including text, timing, and phoneme
features, through a step-by-step strategy. First,
we propose a data construction method span-
ning both annotation and simulation, augment-
ing condition information in the sequence of
text, timing, and phoneme. Second, at the
model training stage, we pretrain a diffusion
transformer (DiT) on large-scale text-audio
pairs, achieving scalable TTA generation, and
then incrementally integrate the timing and
phoneme features with unified semantic rep-
resentations, expanding controllability. Fi-
nally, at the inference stage, we propose pro-
gressively guided generation, which sequen-
tially emphasizes more fine-grained informa-
tion, aligning inherently with the coarse-to-
fine sampling nature of DiT. Extensive experi-
ments show that ControlAudio achieves state-
of-the-art performance in terms of temporal
accuracy and speech clarity, significantly out-
performing existing methods on both objec-
tive and subjective evaluations. Demo samples
are available at: https://control-audio.
github.io/Control-Audio/.

1 Introduction

Text-to-audio (TTA) generation systems aim at
synthesizing high-fidelity audio samples that are
consistent with the given natural language descrip-
tion, e.g., "A bird is chirping" (Liu et al., 2023;
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Ghosal et al., 2023; Huang et al., 2023; Evans et al.,
2024a). Recent efforts are exploring more fine-
grained control for TTA systems, which can be
categorized into two main classifications. The first
group adds precise timing control, e.g., "A bird is
chirping, at 2-5 seconds"”, with innovations span-
ning conditioning techniques (Wang et al., 2025d;
Xie et al., 2024) and training-free latent manipula-
tion (Jiang et al., 2025). The second group works
on intelligible audio generation, e.g., "A bird is
chirping, and a man is saying: ’it’s a very sunny
day’", by introducing additional modules to encode
both audio and speech semantic information (Lee
et al., 2024b; Jung et al., 2025). However, as expen-
sive to collect large-scale text-audio datasets with
precise timing and speech information, their con-
trollable generation performance at scale remains
limited, and none of the prior work explores timing-
controlled and intelligible TTA generation, e.g., "A
bird is chirping, at 0-5 seconds, and then a man is
saying: ’it’s a very sunny day’, at 7-10 seconds",
within a unified framework.

In this work, we propose ControlAudio, a pro-
gressive diffusion modeling approach to progres-
sively capture the target distribution conditioned on
fine-grained information, (text, timing, phoneme),
enabling controllable TTA generation at scale. Our
designs cover data construction and representation,
model training, as well as guided sampling, each of
which progressively integrates more fine-grained
condition information, thereby expanding control-
lability at scale. In data construction, we collect
large-scale (text, audio) pairs, and then construct
more expensive datasets, (text, timing, audio) and
(text, timing, phoneme, audio), with both annota-
tion and simulation methods, predefining the target
distribution of each training stage. For the represen-
tation of text and timing information, we develop
a structural prompt, enabling a pre-trained text en-
coder to precisely encode them without fine-tuning.
Given the timing indication, namely the duration
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of the speech event, we naturally extend the vocab-
ulary of the same encoder with phoneme tokens, re-
alizing unified semantic modeling for text, timing,
and phoneme features with a single text encoder.

With target distributions predefined by datasets
constructed above, we introduce progressive diffu-
sion training, fulfilling high-quality TTA synthe-
sis at pre-training and gradually integrating fine-
grained control signals at continual learning stages.
At the first stage, we pre-train a diffusion trans-
former (DiT) in the latent space directly com-
pressed from the waveform space, solely condi-
tioned on text indication, achieving high-fidelity
TTA at scale. At the second stage, we fine-tune
the latent DiT on both text and timing conditions,
enabling the model to precisely control the tim-
ing windows of each sound event. In control-
lable TTA generation, a common issue is the sac-
rifice of text-conditioned synthesis quality with-
out fine-grained conditions (Wang et al., 2025d).
Hence, in ControlAudio, we switch the condition
between the text condition and the (text, timing)
condition at the second stage, avoiding catastrophic
forgetting in progressive training. At the final
stage, given the audio generation prior learned
in prior stages, we continually train the diffu-
sion model by switching the condition among
text, (text, timing), and (text, timing, phoneme),
achieving high-fidelity audio synthesis conditioned
on flexible indication.

In generation, diffusion models demonstrate a
coarse-to-fine sampling nature. Along the entire
trajectory, they generate large-scale features at the
early stage and synthesize fine-grained details in
the following steps, iteratively refining the genera-
tion results. In controllable TTA systems, condition
signals show diverse control granularity as well.
Hence, for timing-controlled and intelligible au-
dio generation, we design progressive guided sam-
pling, where the timing condition first guides the
sampling to indicate the timing windows as large-
scale features and then the phoneme condition is
introduced to indicate the speech content as small-
scale features. In comparison with a fixed guidance
signal, our method gradually emphasizes more fine-
grained condition information, inherently aligned
with the diffusion sampling process. Extensive ex-
periments demonstrate that ControlAudio achieves
state-of-the-art performance on controllable audio
generation tasks, significantly outperforming exist-
ing methods in both objective and subjective evalu-
ations of temporal accuracy and speech clarity.

2 Related Work

2.1 Controllable TTA Generation

Recent works have explored temporal con-
trol in TTA generation through two main
paradigms. Training-based methods, such as MC-
Diffusion (Guo et al., 2024), PicoAudio (Xie et al.,
2024) and Audio ControlNet (Zhu et al., 2026a),
rely on predefined event classes, which limits their
flexibility for open-domain prompts. More re-
cent approaches, including AudioComposer (Wang
et al., 2025d), PicoAudio2 (Zheng et al., 2025)
and DegDiT (Liu et al., 2026), adopt natural lan-
guage as the control interface, but often face am-
biguity when describing complex multi-event sce-
narios. Alternatively, training-free methods such
as TG-Diff (Du et al., 2024) and FreeAudio (Jiang
et al., 2025) enforce temporal alignment during
inference, but typically incur high computational
overhead and struggle in dense event settings. In
parallel, generating intelligible speech remains a
fundamental challenge. Most TTA models produce
speech as indistinct vocalizations. While models
like VoiceLDM (Lee et al., 2024b), VoiceDiT (Jung
et al., 2025) and UmbraTTS (Glazer et al., 2025)
achieve high-quality speech synthesis, they are de-
signed as specialized TTS systems and lack uni-
fied control over general audio events. Moreover,
prior work on controllable dialogue, such as CoV-
oMix2 (Zhang et al., 2025), primarily focuses on
speech-only scenarios. To address these limita-
tions, we propose a unified framework for timing-
controlled generation of general audio events and
intelligible multi-speaker dialogue.

2.2 Progressive Modeling

In recent cross-modal generation tasks, such as
video or avatar generation conditioned on diverse
control signals (Zhao et al., 2025; Zhu et al., 2026b;
Lin et al., 2025; Hu et al., 2025), progressive
modeling has proven effective in handling multi-
condition video generation. However, its advan-
tages have only been partially explored in TTA gen-
eration, such as in long-form narrative audio (Guo
et al., 2025) and video-to-audio (Tian et al., 2025;
Dai et al., 2026) generation, and have not yet been
extended to controllable TTA generation, where
precise timing control and intelligible speech re-
main critical yet largely unresolved challenges. To
address this gap, ControlAudio leverages progres-
sive modeling to enable stage-wise controllability
and fine-grained regulation across different levels.
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ControlAudio: Progressive Model Training for TTA Generation
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Figure 1: The end-to-end Progressive Diffusion Modeling of ControlAudio, which combines a progressive model
training with a progressive guided sampling process for decoupled control of temporal structure and speech content.

3 Preliminary

3.1 Diffusion-based TTA Generation

Diffusion-based (Peebles and Xie, 2023; Li et al.,
2024) TTA models are typically trained to learn a
conditional reverse of a data-to-noise forward pro-
cess (Ho et al., 2020), progressively removing noise
from an initial random state conditioned on a text
prompt over multiple diffusion steps. This frame-
work consists of three main modules: 1) an au-
dio varational autoencoder (VAE), responsible for
transforming the audio sample into a compressed
latent representation while ensuring the reconstruc-
tion quality; 2) a pretrained text encoder, which
encodes a text prompt into conditioning embed-
dings; and 3) a latent diffusion model, which pre-
dicts the denoised audio latents conditioned on the
text embeddings. In ControlAudio, we employ a
DiT-based architecture to ensure scalability (Evans
et al., 2025), conditioned on the text, timing, and
phoneme embeddings to generate the latent audio
representation directly compressed from the wave-
form, without cascaded decoding (Liu et al., 2023;
Guo et al., 2024; Dai et al., 2025).

3.2 Classifier-Free Guidance

Classifier-Free Guidance (CFG) (Ho and Salimans,
2022; Wang et al., 2025b) emphasizes the guid-
ance of a conditioning signal c during sampling. At
each sampling step, CFG-guided diffusion models
produce two predictions: a conditional estimation
eg(xt, ¢) and an unconditional estimation €g(z¢, ().
Then the final prediction is obtained by extrapolat-
ing these two terms with a guidance scale w > 1:

€g(xy,¢) = eg(ay, 0) +w - (eg(xt,c) — ee(sct,@)).
(D

Typically, a larger guidance scale w encourages
stronger alignment with the condition, which may
increase fidelity while sacrificing diversity.

4 ControlAudio

4.1 Motivation

As discussed above, current TTA generation qual-
ity has been advanced with latent diffusion models,
while the quality of controllable generation, e.g.,
precise timing control or intelligible speech control,
is still limited. Although diverse innovations have
been proposed, their synthesis quality at scale is
still compromised by data scarcity. Moreover, pre-
vious research rarely achieves versatile TTA gener-
ation, namely, integrating additional fine-grained
control signals while preserving high-fidelity audio
generation solely conditioned on text.

In this work, we propose a progressive diffusion
modeling design covering data construction and
representation, model training, and guided sam-
pling to tackle these difficulties, achieving text-
guided, timing-indicated, and intelligible audio
generation with a single diffusion model. Figure 1
illustrates our overall progressive strategy.

4.2 Dataset Construction

Data Scarcity. For TTA generation, we can collect
various publicly available datasets, which comprise
millions of weakly-labeled text-audio pairs (Ap-
pendix A.1), supporting high-quality synthesis at
scale. However, these datasets typically contain
only high-level textual descriptions, lacking the
fine-grained annotations required for controllable
synthesis (Wang et al., 2025a). Specifically, train-
ing timing-controlled and intelligible TTA gener-
ation requires datasets that combine speech with
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general audio events under precise timing annota-
tions. Yet, such datasets are rare: existing timing-
annotated audio datasets are limited in scale and
lack transcriptions for speech segments, while pub-
licly available speech datasets do not have reliable
temporal labels. To overcome this limitation, we
first construct a multi-source dataset.

Annotated Data. Our data annotation pipeline be-
gins with the AudioSet-SL (Hershey et al., 2021)
dataset, chosen for its reliable temporal annotations
while lacking corresponding speech transcripts. To
create the ControlAudio dataset, we first select
all clips containing "human speech" and then ex-
tract a clean speech track from each using a dual-
demixing strategy inspired by MTV (Weng et al.,
2025) that leverages both MVSEP (Solovyev) and
Spleeter (Hennequin et al., 2020). The clean track
is subsequently segmented into individual events
using the original timestamps. Finally, each seg-
mented event is transcribed using Gemini 2.5 Pro!.
Further details of the pipeline and prompt design
are provided in Appendices A.3 and G. This tran-
scription process enriches the dataset i.e., expand-
ing condition to (text, timing, phoneme) for fine-
grained control. For example, a generic annotation
like (man speaking, <3.00,5.00>) is transformed
into a specific, content-rich event (man speaking:
"It’s been raining all day.", <3.00,5.00>).
Simulated Data. To further expand our dataset, we
construct a large-scale simulated dataset guided by
real-world data distribution. Specifically, we first
analyze the AudioSet-SL dataset to derive statisti-
cal priors on speech activity patterns, with further
details provided in Appendix A.4. These distri-
butions guide our synthesis process, which pro-
portionally simulates two main scenarios: single-
speaker scenarios (monologue) are created by com-
bining multiple utterances from the same speaker
in LibriTTS-R, while multi-speaker scenarios (di-
alogue) are formed by sampling from different
speakers. After composing the speech samples, we
simulate a plausible temporal arrangement for the
utterances. Finally, the composed speech is mixed
with non-speech backgrounds from WavCaps (Mei
et al., 2024) and VGG-Sound (Chen et al., 2020) at
a signal-to-noise ratio sampled from a uniform 2 to
10 dB range (Jung et al., 2025). Through this simu-
lation pipeline, we generate an additional 171,246
complex audio scenes, significantly expanding the
scale and diversity of our training data.

"https://deepmind.google/models/gemini/pro/

( )
1. Text Prompt

Text: In the light rain with rumbling thunder, a man is speaking,
then a little girl greets him.

2. Structured Prompt for Text and Timing Representation

Text and Timing: In the light rain with rumbling thunder, a man
is speaking, then a little girl greets him.

@({Light rain & <0.00,10.00>}

@{Rumbling thunder & <5.00,5.75><8.00,8.75>}

@{A man speaking & <0.00,4.50>}

@{A little girl greets & <6.00,7.50>}

3. Structured Prompt for Phoneme Representation

Text, Timing and Phonme: In the light rain with rumbling
thunder, a man is speaking, then a little girl greets him.

@{Light rain & <0.00,10.00>}

@{Rumbling thunder & <5.00,5.75><8.00,8.75>}

@{A man speaking & <0.00,4.50><IHI><T><S><PAD><B><IHI>
<N><PAD><R><EYI><N><IH0><NG><PAD><AOI><L><PAD><D><EYI>}
@{A little girl greets & <6.00,7.50><HH><AH0><L><OWI><PAD><D>
<AEI><D><IY0>}

Speech Content:"It's been raining all day." , "Hello daddy!"

g J

Figure 2: An illustrative example for structured prompt.

4.3 Unified Semantic Modeling

To address the challenge of encoding diverse con-
dition information, including text, timing, and
phoneme features, we propose a unified seman-
tic modeling approach that handles them with a
single text encoder in a progressive and coarse-to-
fine manner. This approach avoids the complexity
of multiple specialized modules (Lee et al., 2024b)
by first establishing a robust structural representa-
tion, providing a simple yet effective solution for
rendering fine-grained content in audio generation.
Structured Prompt for Text and Timing Rep-
resentation. The foundation of our approach is
the Structured Prompt (y;), a novel representation
we design to explicitly and unambiguously define
the composition of an acoustic scene. The prompt
employs a standardized format using special to-
kens to delimit event descriptions and their precise
start-and-end times, as illustrated in Figure 2. We
propose this format to overcome the critical limita-
tions of using free-form natural language for con-
trol. Natural language is often ambiguous; for in-
stance, a prompt like "an alarm sounds from low to
high from I second to 9 seconds" creates confusion,
as a model must disentangle whether "from...to"
refers to a change in pitch or a temporal boundary.
Moreover, natural language descriptions become
verbose and difficult to parse as scene complex-
ity increases. In contrast, our structured format
provides a concise, scalable, and machine-readable
representation, forming a robust foundation for gen-
erating complex, temporally-aligned audio.
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Figure 3: Overview of our CoT-based LLM planning pipeline. Given a user-provided free-form caption, the
LLM performs multi-step reasoning to extract audio events with their temporal spans, infer speech content when
applicable, and generate a structured prompt that encodes both timing and content for controllable audio generation.

Structured Prompt for Phoneme Representa-
tion. Our approach to synthesizing intelligible
speech is built upon the temporal structure pro-
vided by the prompt. A key insight is that the
explicit timing windows (<start,end>) assigned to
each speech event naturally define the total dura-
tion of the utterance. This design is consistent with
recent TTS studies (Anastassiou et al., 2024; Lee
et al., 2024a; Chen et al., 2025), which highlight
the importance of duration information as a use-
ful constraint for guiding speech generation, either
through explicit modeling or by conditioning on the
overall utterance duration. Building on this insight,
our framework further organizes such temporal in-
formation into structured, event-level timing win-
dows, enabling more fine-grained and interpretable
control over the generation process.

This simplification makes it natural and highly
efficient to use the same, single text encoder to
progressively model both the coarse-grained tem-
poral structure and the fine-grained speech con-
tent. We therefore represent the speech content
at the phoneme level (e.g., "hello" — [HH, AHO,
L, OW1]). Phonemes provide a more direct,
pronunciation-aware signal than words, reducing
ambiguity and improving the acoustic consistency
of the generated speech. By augmenting our single
encoder’s vocabulary with these phoneme tokens,
it learns to render the precise phonetic sequence
within the specified temporal boundaries, naturally
inheriting the ability to handle speech duration.
Chain-of-Thought (CoT) LLM Planning. Given
a user-provided free-form description, we employ
a CoT-based LLM to convert it into the structured
prompt format. The model decomposes the input
into temporally-aligned audio events, infers speech
content when applicable, and organizes them into
a unified representation with explicit timing and
phoneme-level information. This process resolves

ambiguities in natural language and ensures con-
sistent alignment between semantic content and
temporal structure, producing reliable control sig-
nals for controllable audio generation.

4.4 Progressive Model Training

To train our model for multi-condition audio gener-
ation, we adopt a progressive three-stage training
strategy. This approach allows the model to ac-
quire fine-grained control capability incrementally,
where each new stage builds upon and refines the
skills learned previously, ensuring a stable and ef-
ficient learning process. At each stage, the model
is optimized using the conditional diffusion objec-
tive (Ho et al., 2020), where a network is trained to
predict the noise € added on the clean audio latents:

L=FE,cnos[lle—eolzet,70(e))3] .

where z; is the noisy latent at timestep ¢, €y is the
denoising DiT, c is the condition signal, and 7y
is the text encoder. The core of our progressive
strategy lies in how the conditioning signal c is
structured and utilized across the training stages.
Stage 1: TTA Pre-training. We first pre-train a
DiT (Evans et al., 2025) on large-scale text-audio
datasets to learn a robust, general mapping from
textual descriptions to audio latent representation,
ensuring high-fidelity text-guided audio generation.
Stage 2: Timing-Controlled TTA Fine-tuning.
The pre-trained model is then fine-tuned on our
dataset of precisely timing-annotated audio, while
preserving the training on text condition without
timing. This stage specifically optimizes the model
to interpret the structured prompt containing both
text and timing information, achieving fext-guided
and timing-controlled audio generation.

Stage 3: Timing-Controlled and Intelligible TTA
Joint Training. At the final stage, we unfreeze the

1398



text encoder to enable joint optimization for both
timing control and speech intelligibility. The model
is then trained on our full multi-source dataset,
which is a comprehensive mixture of our timing-
annotated real-world audio and the large-scale sim-
ulated data. This final training phase optimizes the
model to jointly generate timing-controlled audio
and speech samples in a coherent and realistic man-
ner, addressing text-guided, timing-controlled, and
intelligible audio generation.

Overall, our progressive model training incre-
mentally acquires finer-grained capabilities while
building upon the foundational skills from previous
stages. Notably, we find that the joint optimization
at Stage 3 not only unlocks speech intelligibility
but also further enhances the model’s previously
learned temporal precision. We attribute these sig-
nificant improvements to two key factors. The first
is the introduction of time-annotated speech data,
which provides a richer, more targeted signal for
learning the alignment between linguistic content
and temporal boundaries. The second is the fine-
tuning of the text encoder, which allows it to be
jointly optimized with the diffusion backbone; this
synergistic training enables both the conditioning
(text encoder) and generation (DiT) components to
co-adapt to the complex, multi-objective task. This
effective co-adaptation is achieved within a simple
yet effective framework, where a single text en-
coder is responsible for processing all conditioning
signals: text, timing, and phoneme features.

4.5 Progressive Guided Sampling

To optimize our capability to handle both timing
and more fine-grained phonetic content, we pro-
pose a Progressive Guided Sampling strategy. This
approach divides the reverse diffusion process into
two phases based on a threshold timestep ¢;, modu-
lating the conditioning prompt and guidance scale
accordingly. Specifically, in the initial sampling
phase (¢t € [1.0,¢1]), we guide the model with a
simplified version of our structured prompt that ex-
cludes phonetic content c;, using a low guidance
scale (wjyy). This encourages the model to first es-
tablish a plausible temporal structure for all audio
events:

T
po(zeralzr,a) =[] polzialze). )
t=t1+1

For the remainder of the sampling process (t €

(t1,0.0]), we switch to the complete, phoneme-
inclusive structured prompt co and a higher guid-
ance scale (wp;gh).

t1
pG(ZO:t1—1|Zt1,02) - Hpe(zt—l‘zt7c2)' (4)
t=1

This second phase strictly enforces adherence
to the phonetic sequence, ensuring the synthesis
of highly intelligible speech within the established
structure. This coarse-to-fine strategy improves
temporal accuracy and speech clarity by decou-
pling event placement and content rendering.

S Experiments

5.1 Experiment Setting

Implementation Details. Our model follows a
latent diffusion framework with a DiT backbone,
where audio is generated in a compressed latent
space learned by a DAC-VAE (Evans et al., 2024a).
The autoencoder operates at a 16kHz sampling rate
with a latent temporal resolution of 25Hz. The
diffusion model adopts a DiT architecture follow-
ing Stable Audio (Evans et al., 2024b, 2025), and
generates 10-second audio segments in the latent
space. It is conditioned via cross-attention on a
pretrained Flan-T5 (Chung et al., 2024) large text
encoder, where text, timing, and phoneme infor-
mation are unified into a structured prompt and
encoded within a shared embedding space. We
first pretrain a TTA diffusion model for 1M steps,
followed by two additional stages of optimization:
0.5M steps for timing-controlled generation and
0.5M steps with the text encoder unfrozen for joint
training. Each stage is initialized from the check-
point of the previous stage, forming a continuous
multi-stage training pipeline. All stages are trained
on 8 NVIDIA A800 GPUs with a total batch size
of 128. More details on the model architecture
and training are provided in the Appendix B. Pseu-
docode for both training and inference procedures
is provided in Appendix D.

Evaluation Datasets. To objectively evaluate our
method, we utilize several established datasets,
each targeting a specific capability. For timing-
controllable generation, we use the publicly avail-
able test split from AudioCondition (Guo et al.,
2024), whose fine-grained temporal annotations
are ideal for this task. For intelligible speech gen-
eration, we use the AC-Filtered (Lee et al., 2024b)
dataset. To ensure comparability with prior meth-
ods, we rewrite the prompts accordingly, with
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Table 1: Objective and subjective evaluation results on the AudioCondition test set. For each metric, the best result
is bold and the second-best is underlined. * denotes models trained by ourselves. * denotes models evaluated under
a different SED model. ControlAudio full denotes evaluation on prompts covering all event classes in the test set.

Method Temporal (Obj.) Generation (Obj.) Subjective Efficiency
etho

Eb7 At FAD| KL| CLAP{ Temporalf OVLYT RTF|
Ground Truth 43.37 67.53 - - 0.377 4.52 448 -
AudioLDM Large 6.79 35.66 395 246  0.260 1.84 2.40 1.141
AudioLDM 2 Large 7.75 42.41 3.07 192 0279 - - 1.496
AudioLDM 2 Full Large  6.93 20.47 3.68 215 0283 - - 1.496
Tango 1.60 26.51 2.82 193 0.245 1.68 2.58 1.207
Stable Audio * 11.28 51.67 1.93 175 0.318 1.94 3.44 0.821
CCTA 14.57 18.27 - - - - - 1.207
MC-Diffusion 29.07 47.11 - - - - - -
Tango + LControl 21.46 55.15 - - - - - 1.207
AudioComposer-Small 43.51 60.83 492 200 0.261 3.12 2.52 0.721
AudioComposer-Large 44.40 63.30 - - - - - -
TG-Diff ¥ 26.70 60.06 2.66 - 0.244 - - 1.207
FreeAudio 44.34 68.50 192 173  0.321 - - 1.166
ControlAudio 55.58 79.52 2.61 1.85  0.325 417 341 0.821
ControlAudio full 49.85 71.55 147 130  0.356 3.96 3.75 0.821

examples provided in Appendix F.2. For eval-
uating general TTA performance, we report re-
sults on the AudioCaps test set (Kim et al., 2019).
In addition, we include the LibriTTS-R and Lib-
riSpeech (Panayotov et al., 2015) test-clean splits
for specific ablation studies.

Evaluation Metrics. We conduct a comprehensive
evaluation covering three key aspects: temporal
control, audio quality, and speech intelligibility.
For temporal control, we follow prior work (Guo
etal., 2024; Wang et al., 2025d) and report two met-
rics computed by a sound event detection (SED)
system (Mesaros et al., 2016): event-based mea-
sures (Eb) and clip-level macro F1 score (At). For
audio quality, we employ a suite of standard met-
rics, including Fréchet Audio Distance (FAD), Kull-
back-Leibler (KL) divergence, Fréchet Distance
(FD), Inception Score (IS) (Liu et al., 2023) and
CLAP (Wu et al., 2023). For speech intelligibility,
we conduct both objective and subjective tests. Ob-
jectively, we measure the Word Error Rate (WER)
by transcribing generated speech with the Whisper
Large-v3 model (Radford et al., 2023). Subjec-
tively, we conduct Mean Opinion Score (MOS)
tests where 20 participants rate three aspects on
a five-point scale: Speech Intelligibility, Overall
Quality (OVL), and Relevance to the prompt (REL).
Further details are provided in the Appendix C.

5.2 Main Results

Timing-Controlled Audio Generation. We
compare ControlAudio with several state-of-the-

art TTA models, including AudioLDM (Liu
et al., 2023), AudioLDM 2 (Liu et al., 2024a),
Tango (Ghosal et al., 2023), and our in-house ver-
sion of Stable Audio (Evans et al., 2024a,b, 2025).
We further include methods with explicit temporal
conditioning, such as MC-Diffusion (Guo et al.,
2024) and AudioComposer (Wang et al., 2025d),
as well as training-free baselines TG-Diff (Du et al.,
2024) and FreeAudio (Jiang et al., 2025), cover-
ing a broad range of paradigms for controllable
TTA generation. TG-Diff reports both timing and
audio quality metrics under a training-free frame-
work, but relies on a different sound event detec-
tion model (Turpault et al., 2019) from other base-
lines. CCTA is a variant of MC-Diffusion that uses
only control conditions without textual input, while
Tango + LControl extends Tango with language-
based temporal control. For AudioComposer, we
use its publicly available Small variant for eval-
uation. We evaluate all methods from three per-
spectives: temporal alignment, audio quality, and
efficiency. For efficiency, we measure the real-
time factor (RTF) (Liu et al., 2024b,c) on a single
NVIDIA A800 GPU. As shown in Table 1, Contro-
lAudio achieves competitive or superior temporal
alignment compared to existing methods, while
consistently improving audio quality in both objec-
tive and subjective metrics. A detailed category-
wise breakdown on AudioCondition is provided in
Appendix E.1, reporting Eb and At metrics across
different event categories. Importantly, these im-
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Table 2: Objective and subjective evaluation results on the AC-Filtered.

Objective Subjective

Method

FAD| KL| FDJ] ISt CLAP{T WER] Intelligiblef OVLT REL?T
Ground Truth - - - - 0.523 17.47 4.16 4.45 4.50
AudioLDM 2 Speech  23.55 3.58 102.84 152  0.078 32.74 2.85 1.92 1.60
VoiceLDM-S 4.46 1.52  47.08 340 0479 43.21 2.62 2.55 2.51
VoiceLDM-M 590 143 4640 3.16 0.458 8.84 4.18 3.64 347
VoiceDiT 4.60 - - - 0.220 7.09 - - -
ControlAudio 352 145 3255 443 0513 6.84 4.31 4.15 3.82

provements are achieved without introducing addi-
tional inference overhead, demonstrating a favor-
able trade-off between controllability, quality, and
efficiency.

Intelligible Audio Generation. We further as-
sess the ability of ControlAudio to generate in-
telligible speech on the AC-Filtered, comparing
it with speech-oriented baselines including Audi-
oLDM 2 Speech, VoiceLDM-S, VoiceLDM-M, and
VoiceDiT. To evaluate these baselines lacking na-
tive timing support, we first use an LLLM to predict
a plausible time window from the caption, with fur-
ther details in the Appendix F.2. For this compari-
son, we use the publicly available checkpoints of
VoiceLDM, while directly reporting the results pre-
sented in the original VoiceDiT paper. As shown
in Table 2, ControlAudio achieves lower WER,
superior audio quality, and improved text-audio
semantic alignment compared to all baselines. Sub-
jective evaluations also indicate improvements in
speech intelligibility, overall audio quality, and text
relevance, demonstrating that ControlAudio can
generate clearer and more faithful speech segments
while preserving general audio fidelity.

Text-to-Audio Generation. To verify that intro-
ducing timing and speech content control does not
compromise general TTA generation capabilities,
we evaluate ControlAudio on the AudioCaps test
set under standard natural language captions, com-
paring against both text-to-audio models and other
controllable audio generation baselines. Unlike
prior controllable generation approaches that often
sacrifice audio quality for control precision, Con-
trolAudio maintains high generative performance
while providing fine-grained controllability. As
shown in Table 3, ControlAudio achieves com-
petitive or superior results across multiple audio
quality metrics compared to state-of-the-art base-
lines. These findings demonstrate that our struc-
tured prompt conditioning and vocabulary exten-

Table 3: Objective and subjective evaluation results on
the AudioCaps test set.

Method FAD] KL| FD| N CLAPT
Ground Truth 0.525
AudioGen 1.82 1.69 - - -
AudioLDM 4.96 2.17 29.29 8.13 0.373
AudioLDM 2 2.12 1.54  33.18 8.29 0.281
Tango 1.73 1.27 24.42 7.70 0.315
Tango 2 2.63 112 20.66 9.09 0.375
Stable Audio * 1.52 1.51 1830 13.79 0.538
AudioComposer-S 3.63 1.76 27.57 - -
AudioComposer-L 2.52 1.39 19.25 - -
VoiceLDM-S 13.83 336 6342 4.56 0.217
VoiceLDM-M 9.70 2.81 55.80 4.60 0.272
VoiceDiT 3.55 1.87 - - 0.450
ControlAudio 1.56 1.31 1420  14.49 0.535

sion can be seamlessly integrated into a T2A sys-
tem, enabling precise timing and intelligible speech
control without degrading semantic alignment or
acoustic fidelity.

5.3 Ablation Study

Ablation of Prompt Design. To isolate and eval-
uate the effectiveness of our structured prompt de-
sign, we conduct a targeted ablation study. For this
analysis, we compare a baseline model trained with
conventional natural language descriptions against
our model trained with structured prompts. Cru-
cially, both models are trained only up to Stage 2
of our progressive curriculum, the phase dedicated
specifically to learning timing control. This con-
trolled setting allows us to fairly assess the impact
of the prompt format itself. As shown in Table 4,
the model trained with structured prompts consis-
tently achieves superior temporal alignment and
overall audio quality on the AudioCondition test
set. The results suggest that the structured format
provides a clearer, unambiguous mapping between
events and their time spans, an advantage that be-
comes particularly pronounced in complex scenes
where verbose natural language descriptions can
degrade timing accuracy.
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Table 4: Comparison of prompt formats on the Audio-
Condition test set. We compare Natural Language (NL)
with our Structured Prompt (SP).

Format Ebf At} FAD| KL| CLAP}
NL 4623 6536 411 225 0245
SP 51.62 7081 361 205 0293
NL full 4079 61.06 1.03 136 0376
SPfull 4376 64.82 092 127 0419

Table 5: Comparison of vocabulary extension strate-
gies for intelligible speech synthesis on LibriTTS-R and
LibriSpeech test sets.

LibriTTS-R LibriSpeech
Token Type
WER| UT-MT WER| UT-M?

Ground Truth 3.75 4.17 2.15 4.06
VoiceLDM-S 36.65 2.59 38.61 2.76
VoiceLDM-M 4.98 2.83 9.76 2.77
Word 6.96 4.12 6.44 4.14
BPE 7.53 4.15 5.04 4.20
Phoneme 4.00 4.18 3.62 4.22

Ablation of Vocabulary Granularity. To deter-
mine the optimal vocabulary granularity for intelli-
gible speech, we conduct an ablation study on the
LibriTTS-R and LibriSpeech test-clean datasets.
We first compare three variants of our model, differ-
entiated by their vocabulary: word-level, sub-word
(BPE), and phoneme-level. For broader context,
we also report results from the strong VoiceLDM
baselines. Evaluation metrics include WER for
intelligibility and UTMOS (Saeki et al., 2022)(UT-
M) for speech naturalness. For WER calcula-
tion on LibriSpeech, we adopt a HuBERT-based
ASR model (Hsu et al., 2021), following prior
works (Shen et al., 2023). As shown in Table 5, the
phoneme-level model consistently and significantly
outperforms the other granularities, achieving the
lowest WER and highest UTMOS scores. These
findings confirm that phonemes provide a more di-
rect representation of spoken content, facilitating
a tighter alignment between the prompt and the
acoustic output, which ultimately translates into
substantially clearer and more intelligible speech.

Analysis of Sampling Strategy. We conduct an
analysis to validate our progressive sampling strat-
egy. This coarse-to-fine approach first uses a low
guidance scale (wj,,,) With a simplified, content-
free prompt to establish the temporal structure. It
then transitions to a high scale (wp;gp) with the
full, phoneme-inclusive prompt to render intelligi-
ble speech. As visualized in Figure 4, our analysis

=@~ FAD IS == WER

¥ / N

i 3 6 9 1 3 6 9
Low Guidance Scale (Wjow) High Guidance Scale (Whigh)

Figure 4: Analysis of Progressive Sampling parameters
(Wiow»> Whign)- This study reveals a clear trade-off be-
tween audio quality and speech intelligibility.

of varying wyo,, and wp;gp, reveals a clear trade-off:
a low initial scale is crucial for overall audio quality,
while a high subsequent scale is essential for speech
intelligibility. This study empirically identifies the
optimal configuration as (Wiyy = 3, Whigh = 9),
confirming the effectiveness of our approach. For
a total of 7' = 100 sampling steps, we set the
transition timestep to t; = 88. We also exam-
ine the sensitivity of ¢1: a smaller ¢; (longer low-
guidance phase) improves audio quality, while a
larger 1 reduces the steps for phoneme refinement
and harms intelligibility. The performance remains
stable across a reasonable range of ¢;. Detailed sen-
sitivity results of ¢; are provided in Appendix E.2.

6 Conclusion

In this work, we introduced ControlAudio, which
recasts controllable TTA generation as a multi-task
learning problem solved via a progressive diffusion
modeling strategy. This progressive approach is
applied across data construction, model training,
and inference, enabling our model to incremen-
tally master fine-grained control from text, timing,
and phoneme conditions. Extensive experiments
demonstrate that ControlAudio achieves state-of-
the-art performance in both temporal accuracy and
speech clarity. Our work’s potential for misuse in
creating deceptive content or voice impersonations
underscores the urgent need for robust detection
methods and responsible Al governance.
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Limitations

Despite its promising results, our work has several
limitations. First, while ControlAudio pioneers the
generation of intelligible speech within a timing-
controlled TTA framework, its control is primar-
ily limited to the speech content. The framework
currently lacks explicit mechanisms to manipulate
crucial stylistic attributes such as emotion, prosody,
or speaker identity. Second, a fundamental ten-
sion between generating high-quality general audio
versus intelligible speech persists. Although our
model unifies these tasks, we observe a potential
trade-off where heavily optimizing for one modal-
ity can slightly impact the fidelity of the other in
complex, co-occurring scenes. Finally, the perfor-
mance of our model is inherently constrained by the
availability of large-scale, richly annotated audio-
speech datasets, which remain scarce. Our reliance
on a combination of existing annotated data and
simulated data, while effective, suggests that perfor-
mance could be further enhanced with the advent
of more comprehensive and higher-quality training
corpora in the future.
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A Training Datasets

A.1 Pretraining Datasets and Preprocessing

Table 6 provides a comprehensive summary of all
corpora used for pretraining our TTA backbone.
To learn a robust mapping between text and au-
dio, we aggregate a diverse mixture of large-scale,
publicly available datasets. This includes datasets
with descriptive captions, such as the large-scale
WavCaps (Mei et al., 2024) and the widely-used
AudioCaps (Kim et al., 2019), as well as corpora
with high-level event labels, like the massive Au-
dioSet (Gemmeke et al., 2017). This rich combi-
nation of data sources, spanning both detailed de-
scriptions and a wide vocabulary of sound classes,
allows the model to learn robust and versatile se-
mantic representations.

All audio samples from these sources undergo a
standardized preprocessing pipeline. First, all au-
dio is resampled to 16kHz and converted to a mono-
channel format. To accommodate the fixed-size in-
put requirement of our diffusion model, all clips are
processed into a uniform 10-second duration. Sam-
ples shorter than 10 seconds are right-padded with
silence, while for samples longer than 10 seconds,
arandom 10-second segment is cropped.

Table 6: Details about audio-text datasets we use.

Dataset Hours(h) Number  Text
AudioCaps 109 44K caption
WavCaps 7090 400K  caption
Clotho v2 152 7k caption
AudioSet 5800 M label
FSD50k 108 51K label
ESC-50 2.8 2K label
VGG-Sound 550 210k label
MTT 200 24K caption
MSD 7333 880K  caption
FMA 900 11K caption

A.2 Timing-Controlled Datasets

For the timing-control fine-tuning stage, our dataset
is constructed based on AudioSet-Strong (Hershey
etal., 2021), which contains 1.8M audio clips. This
dataset is crucial as it provides dense, frame-level
timestamps for 456 sound event classes. However,
since AudioSet-Strong only provides categorical
labels (e.g., "Dog"), not descriptive text, we gener-
ate richer captions for each timed event. Inspired
by the methodology of WavCaps (Mei et al., 2024),

we employ a large language model (LLM) to create
a unique textual description for each segmented
audio event.

A critical difference in preprocessing this dataset
is the handling of audio duration to preserve the in-
tegrity of the timestamps. Unlike in the pretraining
phase, we do not apply random cropping. Instead,
we consistently take the first 10 seconds of each
audio clip and subsequently filter the event annota-
tions, retaining only those whose timestamps fall
within this 0-10s window. Clips shorter than 10
seconds are right-padded with silence. This deter-
ministic process ensures that the temporal annota-
tions in our final dataset remain perfectly aligned
with the corresponding audio segments.

A.3 Annotated Data Pipeline

This section provides a detailed, step-by-step de-
scription of the pipeline used to create our anno-
tated dataset of real-world speech events with both
precise temporal boundaries and textual transcrip-
tions. The process is as follows:

Initial Data Selection from AudioSet-SL. We be-
gin with the AudioSet-SL dataset (Hershey et al.,
2021), which contains strong, human-verified tem-
poral annotations for a wide range of sound events.
From the full dataset, we first identify and select
all 10-second audio clips that contain at least one
event labeled as "Human speech," "Speech," or any
of their subcategories. This initial filtering yields a
subset of 49,950 clips containing speech.
High-Quality Speech Track Extraction. To ob-
tain high-quality and reliable speech stems, we
employ a dual-demixing comparison strategy in-
spired by MTV (Weng et al., 2025). This strategy
involves comparing the separation outputs from
MVSEP (Solovyev) and Spleeter (Hennequin et al.,
2020) to filter for quality and extract a clean speech
signal for the subsequent processing steps.
Event-Level Segmentation. The extracted clean
speech track is then segmented into individual, non-
overlapping speech events. We use the original,
human-annotated start and end timestamps pro-
vided by AudioSet-SL to perform this segmenta-
tion. Each resulting audio segment represents a sin-
gle, continuous speech utterance from the original
recording. This process yields a total of 173,831 in-
dividual speech segments, which are then prepared
for transcription.

Transcription with Large Language Model.
Each of the 173,831 clean, segmented speech
events is then sent for transcription. We input the
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audio segment into the Gemini 2.5 Pro model with
a direct prompt to generate a precise textual tran-
scription. To ensure the quality of the final anno-
tations, we explicitly instruct the model to return
an empty output if the spoken content in an audio
segment is unintelligible or heavily obscured by
noise. This step serves as a crucial quality filter.

This entire pipeline, from segmentation to fil-
tered transcription, results in our final annotated
dataset. From the initial pool of segments, a total
of 152,070 high-quality, transcribed speech events
are retained. Each event in this dataset is character-
ized by a precise start time, end time, and a verified
textual transcription, providing an authentic and
challenging data source for training our model on
real-world, timed speech.

A.4 Simulated Data Pipeline

In addition to the annotated real-world data, we
developed a pipeline to construct a large-scale sim-
ulated dataset. The goal of this pipeline is to gen-
erate realistic, complex audio scenes with precise
timing and transcription information, guided by the
statistical patterns observed in a real-world dataset.
The process consists of two main stages: deriving
statistical priors and the guided synthesis itself.
Deriving Statistical Priors from AudioSet-SL.
To ensure our simulated data reflects real-world
patterns of speech activity, we first perform a statis-
tical analysis on the speech-containing clips within
AudioSet-SL. We identify two key distributions:

* Speaker Distribution: We find that approxi-
mately 79.1% of clips (39,509 out of 49,950)
feature a single speaker, while 20.9% feature
multiple speakers. This ratio guides the propor-
tion of monologue vs. dialogue scenarios in our
simulation.

» Utterance-per-Clip Distribution: The empiri-
cal distribution is characterized by a prominent
peak at a single utterance per clip (n = 1), which
accounts for 32.20% of all single-speaker scenar-
ios. For n > 1, the frequency of clips generally
decreases as the number of utterances increases,
exhibiting a long tail. We sample from this distri-
bution to determine the number of utterances in
our simulated monologues, with the maximum
number of utterances per clip capped at 8 to fo-
cus on the most prevalent scenarios. The full
distribution is provided in Table 7.

Guided Synthesis Pipeline. The synthesis process
for each 10-second clip is as follows. First, we

Table 7: Empirical distribution of the number of utter-
ances per 10-second single-speaker clip, analyzed from
AudioSet-SL. This distribution guides the synthesis of
our simulated monologue data.

Events (n) Number Percentage (%)
1 12,723 32.20
2 6,462 16.36
3 6,284 15.90
4 5,720 14.48
5 4,201 10.63
6 2,328 5.89
7 1,047 2.65
8 456 1.15
9 150 0.38
10 67 0.17
11 41 0.10
12 20 0.05
n>12 10 0.04
Total 39,509 100.00

determine the scenario type by sampling from the
speaker distribution (a 79.1% chance of a single-
speaker monologue). Next, we source clean speech
utterances with transcripts from the LibriTTS-R
dataset (Koizumi et al., 2023). For a monologue,
we sample a number of utterances (determined by
the utterance-per-clip distribution, and capped at
a maximum of 8) from a single speaker. For a
dialogue, we sample utterances from 2 to 4 differ-
ent speakers, ensuring that no single speaker con-
tributes more than 4 utterances. We then simulate
a plausible temporal arrangement for these utter-
ances within the 10-second window. Finally, the
composed speech-only track is mixed with a non-
speech background audio clip randomly selected
from a filtered subset of WavCaps (Mei et al., 2024)
and VGG-Sound (Chen et al., 2020). The mix-
ing is performed at a signal-to-noise ratio (SNR)
randomly sampled from a uniform distribution be-
tween 2 and 10 dB.

B Model Configurations

This section details the architecture of the base
model used for pretraining, before it is fine-tuned
into ControlAudio. Our diffusion model is built
upon the DiT (Diffusion Transformer) architec-
ture within a latent diffusion modeling (LDM)
paradigm. For pretraining, the model is condi-
tioned on three input types: a natural language
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prompt (prompt), the start time (seconds_start),
and the total duration (seconds_total). All condi-
tions are embedded into a 768-dimensional feature
space. The prompt is encoded using a pretrained
Flan-T5 large model, while seconds_start and
seconds_total are treated as numerical inputs.

The diffusion network backbone is a DiT with 24
layers, 24 attention heads, and a model hidden di-
mension of 1536 (Evans et al., 2024b). The model
utilizes both cross-attention for all conditional in-
puts and global conditioning for duration-related
signals. The internal token dimension of the dif-
fusion model is 64, with a conditional token di-
mension of 768 and a global condition embedding
dimension of 1536.

B.1 Compression Networks

Our audio autoencoder is a variational autoencoder
(VAE) based on the Descript Audio VAE (Evans
et al., 2025) framework, operating at a 16kHz sam-
pling rate. The model is trained from scratch on
the audio portions of large-scale public datasets
to learn a compact audio representation. The
encoder is configured with a model dimension
(d_model) of 128 and uses strides of [4, 4, 4, 10],
resulting in an overall downsampling ratio of 640.
The encoder maps the input waveform into a fi-
nal 64-dimensional latent representation, which is
then used by the decoder for reconstruction. The
model’s input/output channels (io_channels) are
set to 1 for mono audio. We use Snake activation
throughout the network and omit the final tanh ac-
tivation in the decoder.

B.2 Training Details

To improve convergence stability and generation
quality, we adopt several common training strate-
gies (Evans et al., 2025), with configurations spec-
ified in our training setup. We apply Exponen-
tial Moving Average (EMA) to the model param-
eters. For optimization, we use the AdamW opti-
mizer with a learning rate of 5 x 1072, (81, f2) =
(0.9,0.999), and a weight decay of 1 x 1073.

Our learning rate schedule consists of two
phases. For the first 99% of training iterations,
the learning rate is held constant at its initial value,
no. For the final 1% of iterations, it then decays
following the InverseLLR formula:

" —power
N = Mo X (1+V) ; (%)

where t' is the step count within the decay phase,

v = 10°, and power = 0.5. This strategy allows
for stable and rapid convergence in the main train-
ing phase, followed by a short period of fine-tuning
with a decaying learning rate.

In this final stage, we initialize the model from
the Stage 2 checkpoint and unfreeze the Flan-T5
text encoder, enabling joint optimization with the
diffusion backbone. The optimization configura-
tions are retained from the previous stages. This
joint training is crucial as it allows the text encoder
to adapt its representations to the composite nature
of our prompt, which includes the structured for-
mat, special tokens for timing, and the extended
phoneme-level vocabulary for speech. As a result,
the model learns a unified representation that maps
diverse inputs, such as semantic descriptions, pre-
cise temporal spans, and intelligible speech content,
to a single, high-quality, timing-controlled audio
output.

C Evaluation

C.1 Objective Metrics

We conduct a comprehensive objective evaluation
to assess our model’s performance in two key areas:
audio quality and semantic alignment with the text
prompt.

Audio Quality. Our primary metric for audio fi-
delity is the Fréchet Audio Distance (FAD), which
measures the distributional difference between gen-
erated and reference audio based on VGGish em-
beddings. To evaluate the consistency of acoustic
event distributions, we also report Kullback-Leibler
(KL) divergence computed using the PANNSs tag-
ging model. For completeness and comparison
with prior works, we include the Inception Score
(IS) and Fréchet Distance (FD) as supplementary
metrics (Liu et al., 2023).

Semantic Alignment. To measure the alignment
between the generated audio and its corresponding
text prompt, we use the LAION-CLAP (Wu et al.,
2023) score. This score is defined as the cosine
similarity between the CLAP embeddings of the
generated audio a and the text prompt ¢:

a-t
CLAP(a.t) = . 6
@8 = Tal Tl ©)

A higher CLAP score indicates better semantic
correspondence in the shared embedding space. All
objective metrics are computed using the official
AudioLDM evaluation toolkit for consistency.

1408



C.2 Subjective Evaluation

For our subjective evaluation, we recruited 20 hu-
man evaluators to rate generated audio samples on
a 5-point Mean Opinion Score (MOS) scale (1-5,
with higher scores being better). The evaluation
was divided into two distinct tasks, each with spe-
cific criteria:

Timing-Controlled Audio Generation. In this
task, participants were presented with an audio clip
and its corresponding timed prompt. They were
asked to rate the audio based on the following two
aspects:

* Temporal Alignment (Temporal): This mea-
sures the accuracy of timestamp adherence. The
question asked was: "How accurately does the
timing of the audio events match the given start
and end times in the prompt?"

* Overall Quality (OVL): This assesses the per-
ceptual quality of the audio clip itself. The ques-
tion asked was: "Ignoring the prompt, how would
you rate the overall quality and realism of the au-
dio clip?"

Intelligible Audio Generation. In this task, partic-
ipants were presented with an audio clip containing
speech and the text it was intended to convey. They
rated the audio based on the following three as-
pects:

* Speech Intelligibility (Intelligible): This mea-
sures the clarity of the spoken content. The ques-
tion asked was: "How clear and understandable
is the spoken content in the audio?"

* Overall Quality (OVL): This assesses the qual-
ity of the entire acoustic scene. The question
asked was: "How would you rate the overall au-
dio quality, including both the speech and any
background sounds?"

¢ Relevance (REL): This measures the semantic
correspondence between the audio and the text.
The question asked was: "How well does the
generated audio, as a whole, match the text de-
scription?"

D Training and Inference Pseudocode

Algorithms 1 and 2 summarize the training and in-
ference procedures of ControlAudio. The training
process follows our progressive three-stage design,

where the model gradually expands its controlla-
bility from text, to timing, and finally to phoneme-
level speech content. During training, different
condition combinations are randomly switched to
preserve previously learned capabilities while intro-
ducing finer-grained control signals. During infer-
ence, we adopt a two-phase progressive sampling
strategy, where temporal structure is first estab-
lished with low guidance and the phoneme con-
dition is then introduced with higher guidance to
refine intelligible speech.

Algorithm 1: Progressive Training

Input: Training datasets D1, D2, D3

Qutput: Trained ControlAudio model €y

Initialize diffusion model €y and a pretrained text
encoder Ty;

Stage 1: Text-to-Audio Pretraining;

for each training step do

Sample (z, ¢ext) ~ D1;

Sample t ~ 1(0,1),e ~ N(0,1);

z¢ < ForwardDiffusion(z, ¢, €);

€+ ¢o(2t, 1, To(Cent))s

Update 6 with ||e — &||%;

Stage 2: Timing-Controlled Training;
for each training step do

Sample (ZL‘, Cext Ctiming) ~ Da;

Randomly choose condition

ceE {Clexu (Clexu Ctiming)};

Sample ¢, €;

z¢ + ForwardDiffusion(z, ¢, €);

€+ eo(ze,t,10(C));

Update 6;

Stage 3: Joint Training with Phoneme;
Unfreeze text encoder 7g;
for each training step do
Sample (1‘7 Ctext, Ctiming Cphoneme) ~ Ds;
Randomly choose condition
ceE {Clexl7 (Clexh Ctiming)7 (Clexl7 Ctiming , Cphoneme)};
Sample ¢, €;
z¢ < ForwardDiffusion(z, ¢, €);
€ < €g(2z¢e,t,70(C));
Update 6;

Algorithm 2: Progressive Sampling

Input: Text prompt c, timestep threshold ¢, guidance
scales Wiow, Whigh

Output: Generated audio sample x

Initialize zp ~ N(0, I);

Construct: ¢1 = (Ciext; Ciiming )}

C2 — (Ctexu Ctiming7 Cphoneme);

fort =T1tot, do
€+ ep(zt,t,c1);
Apply classifier-free guidance with scale wiow;
z¢—1 < Denoise(z¢, €);

for t =t t0 0 do
€+ eo(ze,t,c2);
Apply classifier-free guidance with scale whign;
z¢—1 < Denoise(z¢, €);

Return generated audio © = Decode(zo);
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Table 8: Category-wise performance on the AudioCondition test set.

Ebt

Method Alarm Blender Cat Dishes Dog T-brush Frying Water Speech Cleaner Avg
FreeAudio 40 47 14 20 23 78 60 51 39 72 44.34
ControlAudio 53.08 48.57 27.06 40.55 5041 80.51 61.15 52.01 6423 7826 5558
Att

Method Alarm Blender Cat Dishes Dog T-brush Frying Water Speech Cleaner Avg
FreeAudio 73 67 38 42 59 88 85 81 76 76 68.50
ControlAudio 87.22  69.39 4125 6748 8550 91.67 91.38 82.69 88.65 90.00 79.52

Table 9: Sensitivity analysis of the transition timestep
t1 (coarse range).

t1 | 100 95 90 85 80

FAD| | 582 474 385 340 335
WER| | 598 6.61 683 7.12 7.67

Table 10: Sensitivity analysis of the transition timestep
t1 (fine-grained range).

tr ] 90 89 88 87 86 85

FAD] | 3.85 3.61 352 353 347 340
WER] | 6.83 6.85 6.84 686 7.01 7.12

E Detailed Results

E.1 Category-wise Results on AudioCondition

For the AudioCondition dataset, we provide de-
tailed category-wise results in Table 8, including
both event-based (Eb) and clip-level (At) metrics.
ControlAudio consistently improves performance
across most categories, particularly on speech-
related and temporally complex events.

E.2 Sensitivity Analysis of Transition
Timestep ¢

A clear trade-off between audio quality and speech
intelligibility is observed: smaller ¢; improves
FAD, while larger ¢; benefits WER. A fine-grained
analysis around the selected setting further shows
that the performance remains stable within a mod-
erate range. Based on this trade-off, we sett; = 88
in all experiments.

F LLM Planning
F.1 Chain-of-Thought for Prompt Planning

Recent advances have demonstrated the powerful
planning and cross-modal reasoning capabilities of
large language models (LLMs) (Wang et al., 2025c,
2024). We leverage these capabilities by employing

an LLM to function as a "planner” that automati-
cally converts a free-form natural language caption
(y.) into a precise, structured prompt (y;) for our
generative model. This conversion follows a three-
stage reasoning process inspired by the Chain-of-
Thought (CoT) paradigm, as illustrated in Figure 3.
The process consists of the following steps:

* Event and Timing Planning. Given the in-
put caption, the LLM first identifies a set of
distinct audio events £ = {e;}Y,. For each
event, it infers a corresponding set of timing
spans 7; = {(si1,ti1),...}, where s;;, and t;
are the start and end times in seconds. This multi-
span representation is designed to handle events
that occur multiple times.

* Speech Content Planning. For any event identi-
fied as speech (e; € Espeech), the LLM then infers
a plausible utterance c; that fits the overall con-
text. This step enriches the planned events with
specific, intelligible speech content, resulting in
a set of intermediate tuples (e;, 75, ¢;).

* Prompt Recaption. Finally, the LLM serializes
the extracted information into the final structured
prompt (ys). This process starts with the original
caption (y.) and appends a specially formatted
string for each planned event, which includes its
name, associated time spans, and any inferred
speech content.

F.2 Planning Results for AC-Filtered

To qualitatively assess the effectiveness of our
LLM-based prompt planner, Table 11 presents
several example results on samples from the AC-
Filtered dataset. The table illustrates the planner’s
capability to parse complex, free-form captions
(with or without associated speech text) and con-
vert them into the precise, machine-readable struc-
tured prompts that our framework requires. This
planning process is particularly crucial for enabling
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complex, multi-speaker scenarios. For instance, the
planner can generate prompts that assign different
utterances to distinct speakers at specified times.
This capability stands in sharp contrast to speech-
oriented models like VoiceLDM, which, even when
given a descriptive prompt about a conversation,
can only render the entire speech content as a sin-
gle utterance from one voice. This ability to plan
and generate true dialogues is a key advantage of
our approach for creating realistic acoustic scenes.

G Speech Transcription via ALM

To generate textual transcriptions for our seg-
mented speech events, we utilize the Gemini 2.5
Pro model. Each clean audio segment is provided
as direct input. We designed a prompt that serves a
dual function: it instructs the model to accurately
transcribe the spoken content while simultaneously
acting as a quality filter. Specifically, the prompt
directs the model to return an empty string if the
speech in an audio segment is unintelligible or heav-
ily obscured by noise, thereby automatically dis-
carding low-quality samples. This process ensures
that only clear, valid audio segments are converted
into high-quality audio-text pairs. The full prompt
used for this task is illustrated in Figure 5.
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Table 11: Examples of LLM-based planning results, converting natural language inputs (caption and speech text)

into structured prompts.

Input

Generated Structured Prompt (Output)

Caption: She is talking in the park.
Text: "Good morning! How are you feeling
today?"

She is talking in the park. @ {park ambient
sounds. & <0.00, 10.00>} @ {Female speech,
woman speaking. & <1.50, 6.00> "Good
morning! How are you feeling today?"}

Caption: A child yelling as a young boy talks
during several slaps on a hard surface

Text: "Say yeah, baby. Say yeah, baby. Are you
over tired?"

A child yelling as a young boy talks during
several slaps on a hard surface. @ {Young boy
speaking & <1.50,8.00> "Say yeah, baby. Say
yeah, baby. Are you over tired?"} @ {Child
yelling & <2.00,6.00>} @ {slaps on a hard
surface & <2.50,3.00> <5.00,5.50>}

Caption: A female speaking with some rustling
followed by another female speaking

Text: "The IT services at the King’s University
College are proud to announce that we have
launched"

A female speaking with some rustling followed
by another female speaking. @ {Female speech,
woman speaking & <0.50,6.00> "The IT services
at the King’s University College are proud to
announce that"} @ {rustling & <1.00,5.00>}

@ {Female speech, woman speaking &
<6.50,8.00> "we have launched" }

Caption: A duck quacks followed by a man
talking while birds chirp in the distance

Text: "Mama Mama snow mama come over here,
baby"

A duck quacks followed by a man talking while
birds chirp in the distance. @ {duck quack &
<0.50,1.50>} @{Man speaking & <2.00,7.50>
"Mama Mama snow mama come over here,
baby"} @ {birds chirping in the distance &
<2.50,4.00> <5.50,7.00>}

Caption: Two men speaking with loud insects
buzzing

Text: "I’ve got gloves covered in mid repellent.
Still fishing."

Two men speaking with loud insects buzzing.

@ {Man speaking & <1.00,4.50> "I’ve got gloves
covered in mid repellent."} @ {Man speaking &
<5.00,6.50> "Still fishing."} @ {loud insects
buzzing & <0.00,10.00>}

Caption: A man speaking as a stream of water
splashes and flows while music faintly plays in
the distance

Text: "in the amateur show tonight then tomorrow
on Saturday the broadcasters and the other
amateur cast will be going out hope to do well
there get some good footage hope you enjoy"

A man speaking as a stream of water splashes and
flows while music faintly plays in the distance.
@ {Man speaking & <0.50,9.50> "in the amateur
show tonight then tomorrow on Saturday the
broadcasters and the other amateur cast will be
going out hope to do well there get some good
footage hope you enjoy"} @ {water splashing and
flowing & <0.00,10.00>} @ {faint music in the
distance & <0.00,10.00>}

Caption: People are giggling, and a man speaks
Text: (None)

People are giggling, and a man speaks. @ {people
giggling & <1.00,5.00>} @ {Man speaking &
<2.50,4.50> "What’s so funny?"}

Caption: (None)

Text: "Some people talk about fucking the heads,
but the way I do it, I just put my finger down there
and pull it out."

A person is giving instructions or explaining a
procedure. @{Man speaking & <1.00,9.00>
"Some people talk about fucking the heads, but
the way I do it, I just put my finger down there
and pull it out."}
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Gemini 2.5 pro for Speech Annotation

You are a strict speech transcription assistant.

Your task is to accurately transcribe the spoken content of the short audio segment provided. If the audio
segment is mostly non-speech (e.g., music, noise) or the speech is unintelligible, you must return an empty
transcription and provide a reason, as detailed in the guidelines. Always keep the language as spoken; do not
translate.

Output must be a single, valid JSON object with no extra text.

Guidelines

Punctuation: Keep natural punctuation; do not paraphrase or add words.

Case & Numbers: Write as naturally spoken (e.g., proper nouns capitalized; numbers as spoken).

Multiple Speakers: If multiple speakers are present in the segment, keep it as a single transcript. You may
minimally tag changes (e.g., [F]: ... [M]: ...) if necessary.

Non-speech or Unintelligible:

n.n

* If the segment is non-speech or too noisy: set "transcript": "" and "note": "non_speech" or "too_noisy".
* If only fragments are clear: transcribe only those parts. Never invent or guess words (hallucinate).

nn

Language & Confidence: Provide a "lang" key (e.g., "en", "zh") and a subjective "confidence" key with a
value between 0 and 1.

Strict JSON: Output only the JSON object. Do not add any introductory text or explanations.

Example of a successful transcription: Example of an unintelligible clip:
{ {

"transcript": "Hello, how are you today?", "transcript": "",

"note": "", "note": "too_noisy",

Hlang": "en"’ lllangll: Ul”

"confidence": 0.98 "confidence": 0.80
H }

Figure 5: Gemini 2.5 pro for Speech Annotation.
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