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Research Interest: Audio Signal Processing & Al
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Audio source separation

Audio source localisation/tracking
Audio event detection/localisation
Audio scene classification

Audio tagging

Audio search and retrieval

Audio rendering

Audio recognition

X
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Models:

Physicsbased models
Perceptually motivated models
Datadriven models

Hybrid models

X ®
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Data:
A Audiconly
A Multimodal (audio, visual, texts, EEG, et



(Large) Audio Models 5 SURREY

Learninggeneral/universal audio representationBom large scale audio data shows
promising performance in downstream tasks (classification, separation, retrieval, etc):

PANNgKong, et al, 2020): large scale CiNided audio model
Audio2VecTagliasacchat al, 2020): sequence to sequence unsupervised model
CLAR (ATahan andMohsenzadeh2021): selsupervised model

COLA (Saeed et al, 2021): self supervised model

BOYtA (Niizumiet al, 2021): self supervised model

AST (Gong et al, 2021): large scale transfo#inased audio model

ATST (Li and Li, 2022): transforrdased model

MAEAST (Baade et al, 2022): salpervised model

SSAST (Gong et al, 2022):-saffervised AST model

AudioMAE (Huang et al, 2022): sslipervised model

BEATs (Chen et al, 2023): audio-fpagning with acoustic tokenizers

ASIT(Atito et al, 2024): selsupervised models for general audio representation
SSLAM (Alex et al, 2025): sgipervised learning from audio mixtures

Too oo oo oo oo oo o o o o o o To

mean Average Precision MAP) on AudioSet: 31.4 (2017) -> 55.8 (2025)



PANNSs: Large-Scale Pre-trained Audio Neural Networks

WavegramLogmelCNN forAudioSetagging
A TimeR 2 Y I Xvgvegiad 0 = LI dza
A Logmel spectrogram

Data augmentation, e.g. usspecAugment
randomly mask time and frequency stripes
of logmel spectrogram
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2D CNN
layers

f

Reshape to (N, C, T, F)

MaxPooling1D, s=4

ConvlD block

MaxPooling1D, s=4

ConvlD block

MaxPooling1D, s=4

Conv1D block

ConvlD, k=11, s=5

t

Feature
maps

f

Conv2D block

Logmel

I
Q. Kong, Y. Cao, T. Igbal, Y. Wehd/Vang, and M. DRlumbley "PANNSs: largscale pretrained audio neural networks foky,,eform
audio pattern recognition"|EEE/ACM Transactions on Audio Speech and Language Pro@320é?DF [codd


https://personalpages.surrey.ac.uk/w.wang/papers/KongCIWWP_TASLP_2020_postprint.pdf
https://github.com/qiuqiangkong/audioset_tagging_cnn
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PANNsS: Demo 1 SURREY

Music: 0.661
Speech: 0.039
Singing: 0.036
Inside: 0.011
Jingle bell: 0.007/
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Audio Classification on AudioSet

Leaderboard Dataset
View Test mAP v by Date v for | All models v
0.6 =
OmniVec
UAVM (Audio + Video)
0.5 AST (Ensemble) "
AudioVisual Fusion Net

o PANNs—CNN14.(Sifigle)
<
=
-~ 0.4
(%]
i
'_

0.3

L3
0.2
2018 2019 2020 2021 2022 2023 2024 2025
Other models -o- Models with highest Test mAP

https://paperswithcode.com/sota/audielassificatioron-audioset
https://www.codesota.com/audio/classification



https://paperswithcode.com/sota/audio-classification-on-audioset
https://paperswithcode.com/sota/audio-classification-on-audioset
https://paperswithcode.com/sota/audio-classification-on-audioset
https://paperswithcode.com/sota/audio-classification-on-audioset
https://paperswithcode.com/sota/audio-classification-on-audioset
https://paperswithcode.com/sota/audio-classification-on-audioset
https://paperswithcode.com/sota/audio-classification-on-audioset
https://www.codesota.com/audio/classification
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Large Language Models (LLMs) SURREY

Analytice
Widhya

Evolution of Large Language Models

1967 1970 1988 1997 2017 2018
Eliza SHRDLU XCALIBU RNN LSTM Transformers BERT
GPT

Q Q 9

2023

LLaMa Falecon
7 GPT-4 LIMA
' J’ 2022 PaLM 2
b PalLM BARD
- InstructGPT ' Dolly 2
ChatGPT Guanaco

Courtesy to Aravind Paittps://www.analyticsvidhya.com/blog/2023/07/beginneguideto-build-largelanguagemodelsfrom-scratch/
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LOGICAL INFERENCE CHAINS

SEMANTIC PARSING COMMON-SENSE REASONING

PROVERBS PATTERN RECOGNITION
ARITHMETIC AR.THMETIC TRANSLATION
CODE COMPLETION DIALOGUE
JOKE EXPLANATIONS
LANGUAGE UNDERSTANDING READ‘NG COMPREHENSION pHYSICS QA

SUMMARIZATION LANGUAGE UNDERSTANDING

8 billion parameters
540 billion parameters

Figures from Ryan O'Connor: https://www.assemblyai.com/blog/emergdilities-of-largelanguagemodels/

Wei et al, HAEmer gent ab iTrhnsactiorss sn Mac¢hind Learnin@ Rekea®®2Pu age model s, 0



Large Audio -Language Models: Why? 3 SURREY

A Leverage knowledge within LLMSs to address the limitations of audio models
A Zero-shot or few-shot classification

A Explore homogeneity across tasks with LLMs
A Use LLMs as an agent to solve multi-task problems

A Extend the capabilities of audio models for new tasks
A Extending from audio classification to audio captioning/question answering & reasoning
A Extending from audio generation to storytelling & controllable editing
A Extending from audio source separation to language queried audio source separation



Large Audio Language Models

Whisper. automatic speech recognition (ASR)
Wav2Vec 2.0speech to text (STT)
DeepSpeechopensource ASR

Coqui Al speech synthesisand TTS
Jasper andQuartzNet ASR

GPT3 with Whisper ASR + LLMs

Sonix.ai speech transcription and analysis
SpeechBrainplatform for speech models
OpenSTTASR

Gemint text/image/speech

WavLLM speech LLMs

- Examples

¥ SURREY

Wav2CLIPaudio and language mapping
AudioCLIPaudiotext-image alignment
CLAPaudiotext alignment

CLAFLAION audiotext alignment

Pengi audio classification & AQA
QwenAudio: speech, music, general audio
AudioLM Speech/music generation
LTU audio QA and reasoning
SALMONNSspeechaudiomusic LLMs
ImageBind image, text, audio, depth
ONEPEACEaudiotext-image

MuseNet music instrumental composition & style transfeAudioGPT Speech, Music, Talking Head

MusicVAE melody generation, remixing, and style
interpolation

JukeBox raw music with vocals and lyrics
Riffusion text to music generation

MusicLM text to music generation

REMI symbolic music generation (e.g. MIDI)
DeepBachclassic music composition

AIVA music generation assistant

UniAudio: speech/sound/music/singing

AudioLDM text to audio generation
AudioLDM2: text to audio generation
ReAudioLDM text to audio generation
T-CLAPaudiotext alignment

WavCraft text prompted audio editing
APTFLLM LLM based AQA and reasoning



(Large) Audio -Language Datasets
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AudioCapgKim et al, 2019)

Clotho Prossost al, 2020)
SoundDesc&oepke et al, 2021)
LAIONAuUdio630K (Wu et al, 2023)
Auto-ACD (Xu et al, 2024)
Audio-FLAN (Xue et al, 2025)
SeaBenciAudio (Liu et al, 2025)
MusicSen(Salganilet al, 2026)

WavCapgMel et al, 2023)
SoundVECapsgYuan et al, 2024)
AudioSetCapgBai et al, 2025)

o To T o Do T Io Do Do
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CLEARApdelnour et al, 2018)
DAQA [Fayek and Johnson 2019)
ClothoAQA (Lipping et al, 2022)
MUSIGAVQA (Li et al, 2022)
MClothoAQABehera et al, 2023)
OpenAQASM (Gong et al, 2023)
AudioMCQHe et al, 2025)

Audio Flamingo 3 (Goel et al, 2025)
JamendeMT-QA (Koh et al, 2026)
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Leaderboard: MMAU-v05.15.25

Open-Source Open-Access Proprietary Fine-tuned

Sound Music Speech Avg
Name Size Test-mini Test Test-mini Test Test-mini Test Test-mini Test
Audio-Thinker B 8.4B 81.98 78.8 74.25 73.8 76.88 75.16 77.7 75.98
Nova 2 Omni - 81.08 77.87 70.36 66.37 81.98 81.82 77.8 75.28
Step-Audio-2 § - 84.04 80.60 73.56 68.23 75.15 72.75 77.58 73.86
MiMo-Audio 7B 81.68 77.2 74.25 69.73 68.17 70.77 74.7 72.59
Audio Flamingo 3 8.2B 79.58 75.83 73.95 74.47 66.37 66.97 73.30 72.42
Qwen2.5-0mni 8.2B 78.10 76.77 65.90 67.33 70.60 68.90 71.50 71.00
Step-Audio-2-mini 8.3B 79.30 75.57 68.44 66.85 68.16 66.49 72.73 70.23
Gemini 2.5 Pro - 75.08 70.63 68.26 64.77 71.47 72.67 71.60 69.36
Gemini 2.5 Flash - 73.27 69.50 65.57 69.40 76.58 68.27 71.80 67.39
Gemini 2.0 Flash - 7117 68.93 65.27 59.30 75.08 72.87 70.50 67.03
DeSTA2.5-Audio 8B 70.27 66.83 56.29 57.10 71.47 71.94 66.00 65.21
Kimi-Audio 8.2B 75.68 70.70 66.77 65.93 62.16 56.57 68.20 64.40
Audio Reasoner 8.2B 67.87 67.27 69.16 61.53 66.07 62.53 67.70 63.78

https://sakshil13.github.io/mmau_homepage/#leaderboarti5-parsed



Trends and Open Questions in  LLAMS
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Open challenges:
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Fusion of audio and language models : aligning/fusing audio-text data

Applications to audio tasks : addressing existing challenges in audio tasks

Extending to multi -modality : text, audio, visual, or more modalities

Data scarcity : audio-language dataset shortage for building audio-language models

Extending to multi -tasks : exploring in new tasks & solving multi-task problems

Multi -lingual models and datasets : lacking multi-lingual models and datasets

Real-time streaming : demands for real-time processing for applications in live captioning, gaming, and
customer service

Low -resource language support : growing interest in training models for underrepresented languages
for inclusiveness

Safety issues : growing concerns about toxicity and privacy issues

Explaining models : explaining and interpreting different choices and decisions made by the model
Object hallucination : struggling in answering discriminative questions related to the identification of
specific object sounds within an audio clip

A Performance evaluations : lack of common evaluation protocols, tools and benchmarks
Applications _:
A Accessibility, voice assistants, content creation, and human-computer interaction



Typical Methods for Fusing Audio and Language 5 SURREY

A Aligning audio-texts with contrastive pretraining
A Examples: CLAP, CLAP-LAION, AudioCLIP, Wav2CLIP, T-CLAP, etc.

A Tokenizing audio and texts, then followed by LLMs
A Examples: Moshi, VITA, LSLM, Voicebox, FunAudioLLM, LauraGPT, etc.

A Fusing embeddings with cross-attention
A Examples: Q-former

A Cascading acoustic models with LLMs
A Examples: naive ASR+LLM+TTS

A Combination of the above schemes
A Examples: SPIRIT-LM, Spectron, etc.



Task 1: Audio to Text Generation

AAutomated audio captionindAAC) is a crossodal
translation task which aims at generating a natural language
description given an audio clip

AThis task requires detecting the audio events and their spatial
temporal relationships and describing these information using
natural language

AApplications
AAudio retrieval

AAssist hearingmpared to understand environmental sounds
ASubtitle for sounds in TV programs
AAAC started in 2017, and has received increasing attention in

recentthree years with freely available datasets released and
being held as a task in DCAB&llenges 20202022

al

UNIVERSITY OF

SURREY

o

|

AAC
system

G62YL Yy

|

Gl t1a

Y S| ND



& UNIVERSITY OF

An Example: CNN-Transformer Encoder -Decoder $ SURREY

Log Mel-Spectrogram a

CNN Encoder

A

00000000

Audio Latent Representation g

[ Softmax ]
I
[ Linear ]

?

U ﬂ D ﬂ U U ﬂ U Audio-Text Representation R

[ Add & Norm ]4—

[ Feed Forward ]
%

[ Add & Norm }‘—
I

Multi-Head
Attention

K S
| Add&Norm Je—

Masked
Multi-Head

Attention

Transformer 63 g a

"

Word Embedding

4

i Decoder

Common challenges in
automated audio captioning

AData scarcity

ARepresentations of audio, text and
audio -text

ADiversity of captions
AMulti -lingual captioning

Alnteractions with other modalities
(e.g. vision)

A

Y. Hou, Q. Ren, A. MitchelW. Wang, J. Kang, TBelpaemeand D.Botteldooren"Soundscape Captioning using
Sound Affective Quality Network and Large Language Mod&EE Transactions on Multimedi2026.

Y. Zhu, Y. Zhang, L. XiaoW. Wang, and A. Men, "Zershot Diverse Audio Captioning with Diffusion
Models",Knowledge Based Systeri626.

Y. Zhang, X. Xu, R. Du, H. Liu, Y. Dong, AH. Tan,W. Wang, and Z. Ma, "Zer8hot Audio Captioning Using Soft and
Hard Prompts,TEEE Transactions on Audio Speech and Language Procegsin@3, pp. 2045 2058, May 2025.

Y. Zhang, H. Yu, R. Du, ZH. Tan,W. Wang, Z. Ma, Y. Dong, "ACTUAL.: audio captioning with caption feature space
regularization,'|EEE/ACM Transactions on Audio Speech and Language Proceseln81, pp. 2643 2657, 2023.

X. Mei, X. Liu, M. Plumbley, and W. Wang, "Automated audio captioning: an overview of recent progress and
new challenges" EURASIP Journal on Audio Speech and Music Processji2§22.

F. Xiao, J. Guan, H. Lan, Q. Zhu, adl Wang, "Local information assisted attentioee decoder for audio
captioning,"IEEE Signal Processing Lettensol. 29, pp. 1604608, 2022.
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Audio Captioning Demos




~  UNIVERSITY OF

_ _ _ _ $ SURREY
Task 2: Audio Question Answering & Reasoning
Acoustic Prompt Tuning (APT): an adapter extending LTU  Romanticmusicis hemgyf”
LLMs/VLMs to the audio domain using an improved soft- LLaMA LLM
prompting approach H‘:E
Motivati [Lura Aadpters
otivation:
O EG]-
A Existing works on LALMs used pretrained audio T T
embeddings as soft prompt and adjust the LLM with
Parameter-Hficient Fine-Tuning (PEFT). g@ Q- 8 8 —
A However, they cannot generalize to multi -modal ‘ ” ’
setting , e.g., audio-visual language models. et ) Describe the sound?
A Can we extend the off -the-shelf language models 5: - E} . 21
to the audio domain rather than  training a o - M T
dedicated LLM (~7B to 708)7 64 Input Aut_iia-Text Pair

Fig. An example ofin audio LLM structure (TU (Gong et al, 2023)).

J. Liang, X. Liu, W. Wang, M. DRlumbley H. Phan, EBenetos AcBusticPromptTuning: Empowering Large Language Models with
Audition Capabilities [EEE Transactions on Audio Speech and Language Processih@3, 949- 961,2025 arXiv:2312.00249



~  UNIVERSITY OF

. | 5 SURREY
Task: Audio Reasoning APT

Acoustic Prompt Tuning (APT): an adapter extending LLMs/VLMs to the audio domain
using an improved soft-prompting approach 1. interleaved acoustic and text embeddings

. A A N\
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Ny == o= t ..... .F A ] ....... T _____________ T ____________________ - :

L[ projection J
A [Embedding Iayer] -
L S — 4 8
|
E — L] D’A B O, nstruction -aware archit%‘cture [ LLM* I_’ I_E &
" O § S " Em W - § EES D ESE § ESE O BN O EEE N Em W -~ m
] |
udio ; : Tokenizer ]
i i Encoder| . L Aligner = ] )
_______ - - - — - . | .
i i. __— Tokenizer T 3. Multi -task training
Input A
spectrogram . . . . <AUDIO?> is the first sound; <AUDIO> is the second sound. Question: How many sound events in total?

learned query Input text



APT Experimental Results

Table 3: Zero-shot performance comparison with audio language models. We group the methods in
terms of their training strategy. “#Params.” denotes the number of trainable parameters and “#Pairs”
represents the number of audio-text pairs. 1 indicates the higher number, the better performance.

Model #Params. #Pairs AudioSet (mAPT) AudioCaps (SPICET) Clotho (SPICET)
Audio-language models trained with the contrastive loss

AudioCLIP (Guzhov et al|,[2022) 30M 2M 25.9

CLAP (Elizalde et al|,[2023) 190M 128k 5.8

One-for-all models for various audio tasks

LTU (Gong et all,2027) 96M 57M 185 17.0 119
Pengi (Deshmukh et all,|20273) >191IM 34M - 18.2 12.6
APT-LLM 101M 26M 147 171 11.6

Table 4: Performance comparison in audio captioning tasks. 1 indicates the higher number, the better
performance.

Model AudioCaps Clotho
SPICEt SPIDEr{ SPICE{ SPIDErt

Specialised systems trained with task-specific examples

PANNSs-BART (Xu et all, 2021) 0.153 0.183 0.083 0.127
CNN-GPT2 (Kim et al/, 2023) 0.167 0.438 0.111 0.215
WSAC+PD (Kouzelis & Katsouros, 2023) 0.173 0.403 0.123 0.247
One-for-all models for various audio tasks

APT-LLM 0.191 0.402 0.132 0.248

UNIVERSITY OF

SURREY

Table 5: Accuracy (%) of various methods on ESC-50 in the few-shot settings.

Accuracyt

5-way 12-way
Specialised systems trained with task-specific examples

ProtoNet (Snell et all, 2017 88.2 71.7
MatchNet (Vinyals et all, 2016)  86.8 71.8
HPN (Liang et al}, 2022) 88.7 78.7
Audio language models trained with constractive learning
TIP-adapter (Zhang et al|,2022) 97.5 95.6
Treff adapter (Liang et al},[2023) 98.5 96.3
One-for-all models for various audio tasks

APT-LLM 91.0 542

Table 3: Benchmarking APT on the natural
language audio reasoning task.

Model AccuracyT (%)
the baseline 209
APT-Vicuna v1.1 62.9
APT-Vicuna v1.5 63.8

APT-LLM has a promising result on common audio tasks without fine-tuning on task-specific data. After fine-tuning for two

epochs, APT-LLM achieves the best performance on downstream tasks.



APT Demos

"first_recording: "Creaking pier.wav"

"second_recording "Machetes sliding 2.wav"

"first_recording: "Rain and Storm.wav"

"second_recording "Car vs. Freight Train.wav"

Code:
Paper:

UNIVERSITY OF

SURREY

"first_recording: "Creaking pier.wav",
"second_recording "Machetes sliding 2.wav",
"question': "In which recording are the sound
events more evenly distributed?",
"answebhY baSO2yRA

"first_recording: "Rain and Storm.wav",
"second_recording "Car vs. Freight Train.wav",
"question': "Does the second recording have a
calming effect like the first recording?",

"answer’; "yes"


https://github.com/JinhuaLiang/APT
https://arxiv.org/abs/2312.00249
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Task 3: Text to Audio Generation

Potential Applications:

Related Works:

Computational M f ol ey \ a Ldbel -® {Audio Generation

Game developer: e.g., A ghost is
haunting a house.

Audio producer: e.g., high heels hitting
metal ground.

Movie producer: e.g., the laser sound

from a laser gun.
Y

Automatic content creation

Endless music
Audiobook with ambient noises
White noise for meditation

Data Augmentations

Acoustic Scengong et al., 20195ound event
(Liu et al., 2019)FootStegComunitet al. 2019> X

Text -to -Audio Generation

DiffSoundYang et al., 2022AudioGenKreuket
al., 2022, Make-an-Audio(Huang et al., 2023)

Text -to -Music Generation
MusicLM(Andrea et al., 2023)
Modusai(Flavio et al., 2023)
Noise2Musi¢Huang et al., 2023)

Others

JukeBoxDhariwalet al., 2020) AudioLM(Borsos
et al., 2022)SingSongDonahue et al., 202%) X
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1. Contrastive Language
(CLAP) Encoders

Align audio and text in one space.

-Audio Learning

2. Latent Diffusion Models

Learn to generate VAE latent conditioned on CLAP
embedding

3. Mel-spectrogram Autoencoder
Learn latent representations.

4. Mel -to -Waveform Vocoder
Reverse Mel back to waveform

<" UNIVERSITY OF
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—— Training -—-—---- Sampling

Seltsupervised training

LSk

Audio data

=
Encoder

Contrastive
objective

“A cat meowing
then screaming as

a young boy Text VAE
talking with no - $ EYe R:
background noise” =

Text prompt '

Generated audio

H. Liu, Z. Chen, Y. Yuan, X. Mei, X. Liu, DMandic,W. Wang,M. D. Plumbley, AudioLDM: textto-audio generation with latent diffusion
models," inProc. IEEE International Conference on Machine Learnil@ML 2023), Hawaii, USA, 229 July, 2023.
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AudioLDM  Experimental Results |
Model Datasets Text Params | FD| ISt KLJ| FADJ| | OVLt REL?
Ground truth - - - - - - - 83.61  80.11
DiffSound’ (Yang et al., 2022) AS+AC v 400M | 47.68 4.01 252 7.75 | 45.00 43.83
AudioGen' (Kreuk et al., 2022)  AS+AC+8 others v 285M - - 2.09 3.13 - -
AudioLDM-S AC X 181IM | 2948 6.90 1.97 243 | 63.41  64.83
AudioLDM-L AC X 739M | 27.12 751 1.86 2.08 | 64.30 64.72
AudioLDM-L-Full AS+AC+2 others X 739M 23.31 8.13 1.59 1.96 65.91 65.97
AudioLDM-L AudioLDM-L-Full AudioLDM-S DiffSound Ground truth
50 | ™ OVL | mm oOVL | wem ovL ] s OVL | | mmm OVL
mam REL s REL | s REL s REL R
o & & o & & o & & o & «S;Q N & &

Trained on a single 3090 or A100 GPU!



AudioLDM 2 LLM+LDM

Auto -regressive modeling:
Explicit modeling of temporal dependencies.
Enjoy the advance of recent LLM development.
Good in -context learning performance.
¥ Long generation sequence/ lack of parallelism
¥ Long range dependencies

K Error propagation

Waveform

v

35 QRREY

Waveform Generatior

! dzZRA 2 ¢

Language of Audi

I~

NJ

A
7

J

e.g., 16 vectors for 10 second

Training

v

(5t b ,
Diffusion Model

AR modeling

» LLM

A

Conditions (e.g., text

S

Diffusion -based approach:
Stable

State-of-the -art generation quality
Flexible formulation for manipulation, interpolation, etc.
¥ Do not explicitly model temporal dependencies

K Less flexible on duration

Can we utilize both advantages from LLM and Diffusion?

Code: https://github.com/haoheliu/audioldm?2

Inference

Waveform Generatior

A

Diffusion Model

A

Language of Audip

LLM
t

Conditions (e.g., text

—




AudioLDM 2 - Architecture ¥ SURREY

Language of Audio Calculation / Prediction ] Language of Audio (LOA) J Self-supervised Pretrained Generation Model
A:z—Y, o M:C—Y, Yy or }A/A G:Yy—z or G:Y\—=z

________________________ 7 - - - - = ======-"="=~~"""1
: : ---------------------------- :‘l :...l-lll-llllllll-lll-: "“'% j

I I
I 1 |
I 1 |
I Patches patches' : £ Universal I
: &S A :')'““, : Language of Audio : Vi V¥ V‘ H Vocoder :
: -
1| AudioMAE Emy [ (LOA) ' K Vv Q i |
1 » L A mp! Freq w ¥y » : Transformer Block |, : — |
! - EEOE--=-- "—;—; Xn il I
I Time ! - 1 : RN . Decoder y
_______________ A e A et T rw mAn Pyred | : Yy Vv il : Train |
A(-): Audio to LOA Encoder §3 &% i G4---2=" | : K Vv Q Pf H :
from = - ————— == === = - - £ - - - : | Transformer Block lr ;‘F |
[ | F = :
| GPT-2 1 BT : : : VAE :
I ] H H
O o000 oOoOo0oo I3 : Encoder !
| e : ~ AudioMAE | 1 : :
inear Projection Heads : * Infer 2 ,—1=G(5; &):
| e e ——— : Switcher Features p L e & 3): Mel FilterBank | !
| & 1] I ™ Phonemes Y : STFT |
| CLAP FLAN-T5 | | | . I
= == I — ' _ Encoder_ _ ' ! - |
3 |
L) &= | :
I Audio Text Transcription : & **"H T
e L. S 1
M(-) : Any Modality to LOA Translator G(-) : LOA to Audio Generator

H. Liu, Y. Yuan, X. Liu, X. Mei, Q. Kong, Q. Tian , YWVavang, Y. Wang , M. Blumbley "AudioLDM2: Learning holistic audio generation
with selfsupervised pretraining [IEEE/ACM Transactions on Audio Speech and Language PrqcedsBig) pp. 2872883, 2024. 7D [ ]


https://personalpages.surrey.ac.uk/w.wang/papers/Liu%20et%20al_TASLP_2024.PDF
https://audioldm.github.io/audioldm2
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AudioLDM 2 - Performance

Textto-Music Generation oMusicCaps

Model FAD] KL| CLAP (%)t OVLf? REL?
GroundTruth - - 25.3 3.82 4.26
SoTAperformance on Text -to- Riffusion 1480 206 190 :
. . . Mousai 7.50 1.59 -
Audio/Music/Speech Generation Tasks MeL oDy s _
MusicLM 4.00 - -
MusicGen-Medium 3.4 1.23 32.0 - -
MusicGen-Medium®  4.89 1.35 29.1 3.37 3.38
AudioLDM-M 3.20 1.29 36.0 3.03 3.25
_ _ _ AudioLDM 2-MSD 4.47 1.32 29.4 3.41 3.30
Textto-Audio Generation oudioCaps AudioLDM 2-Full 3.13  1.20 30.1 3.34  3.54
Model Duration (h) Param FAD| KL| CLAP (%)t OVL 1 REL + _
GroandTrath - - - - 5 1 0L 403 Textto-Speech Generation dnJSpeech
AudioGen-Large 6824 1B 1.82 1.69 - - - —
Make-an-Audio 3000 453 M 266  1.61 - - - Model Mean Opinion Scoret
AudioLDM-Large-FT 9031 730M 196 1.59 - - -
AudioLDM-M 9031 416 M 453 1.99 14.1 361  3.55 GroundTruth 4.63 +0.08
Make-an-Audio 2 3700 93T M 205 1.27 17.3 3.68 3.62 GT-AudioMAE 4.14 +0.13
TANGO 145 866 M 1.73 1.27 17.6 3.75 3.72 FastSpeech? 378 4+ 0.15
AudioLDM 2-AC 145 346 M 1.67 1.01 24.9 3.88 3.90 )
AudioLDM 2-AC-Large 145 712M 142 0.98 24.3 3.89  3.87 AudioLDM 2-LJS 3.65 £ 0.21

AudiolLDM 2-LJS-Pretrained 4.00 +£0.13
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AudioLDM 2 - Demo SURREY

Text input: A traditional Irish fiddle playing a lively reel.
Up Next: The sound of a light saber

We generated a total of 350 audio files with prompts (generated by ChatGPT) without ch@oking.
Codes and more demos: https://audioldm.github.io/audioldm?2/
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Audio Storytelling - WavJourney SURREY

WavJourney Compositional Audio Creation with LLMs

Open Challenges Advantages offered byVavJourney
A Contextual comprehension and design A Create audio storytelling with:

A Understand text instructions A Personalized speakers

A Design storytelling with speech/music/SFX R Lifelike

A Audio production and composition
A Dynamic spatial-temporal relationship
A Interpretable and interactive creation A Impactful sound effects

A Immersive

All simply from texts!

Paper: https://arxiv.org/abs/2307.14335
Code: https://github.com/AudiocAGIl/WavJourney

Dema https://huggingface.co/spaces/AudiAGl/WavJourney
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WavJourney  Overall Architecture } SURREY

Instruction: Generate an Audio - ~ _ ~ - .
audio Science Fiction: Character | Volume Content Description
"Mars News reparting that Music Background 1 -30  Begin Dramatic orchestral news theme, Auto
Humans send light-speed
probe to Alpha Centaurl. Speech Foreground Host -15 Welcome to Mars News .. Auto
Start with news anchor, .
followed by a reporter Music  Background 1 End .- — Auto
Prompts: interviewing a chief peec g, ey b Erhis At =y
Task introduction; engineer fram an s | Forground — e on-site reporter ... Auto
cification; ization that built thi .
Splzsm;:n :ﬁ; fou,:,,_.d b,.l',:nim; Souﬁ nd Foregroumnd -35 Transition swoosh, 1
Earth and Mars =
Government, and end with Saund b ckground 2 30 Begin Background noise of busy Auto
the rews anchar again”. effect engineering office.
l Speech Foreground Reporter =15 We're here at the headquarters of ... Auto
,@ E;:I Speech Foreground Director -15 Thank you, so it's a fantastic ... Auto
% Speech Foreground Reporter -15 This is truly an impressive feat ... Auto
Speech Foreground Director -15 The primary goal is to explore ... Auto
Audio Script Writer
Speach Foreground Reporter -15 Thanks director, so the above ... Auto
Sound
I effect Background 2 -30 End Aute
Sound -
= Foreground -35 Transition swoosh. 1
2y =
'E_' Speech Foreground Hest -15 Back to the studio, as humanity ... Auto
Script Compiler Computer Prograny Music Foreground -25 Orchestral news outro music, 10
‘ Audio script as a list of acoustic elements with attributes
l ___________ . 1 Import relevant APls [TTM, TTS, TTA, MIX, CAT)
_ ! B 2 Define the script text and sound effects for the audio generation
CPY ¥ I £U_| i I 3 For each line in the script
= <:I : E I 4 Generate the foreground speech with TTS (Text-to-Speech)
: = ) I 5 Save the audio file and compute its length
Code Execution i *- 0 | & Generate additional foreground sound effects using TTA (Text-to-Audic)
: Text-to-Speech I 7 Combine all the foreground audio files with CAT (Concatenate audio)
' Text-to-Music | & Determine the background audio lengths and offsets based on the foreground audio lengths
| : B Tﬂ‘t-tﬂahldll:u : 9 Generate background music using TTM (Text-to-Music)
1f‘||{|||ﬂ|k|~ i Qu:l?;?nh:::m:t I 10 Generate background sound effects using TTA (Text-to-Audia)
I : : 11 Combine all the background audio files and the foreground audie file with MIX [Mix audiz)
L ! 12 Save the final composed audio file

Wivid & Engaging ~
Audie Scenes Expert Audio Models Script Compller output (simplified pseudo code)
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WavJourney  Sound Demo for Science Fiction Storytelling SURREY

Paper https://arxiv.org/abs/2307.14335
Code https://github.com/AudicAGI/WavJourney

Dema https://huggingface.co/spaces/AudidGl/WavJourney
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Music to Dance Generation

[
Focus only on

handcrafted musical

\

4 )

No genre
information

”&

" UNIVERSITY OF

SURREY

i Based on 24oint dataset.
J

~N

Lack of hand motion.

- e e REm R R e REm R M e REm R M M REm R M R REm R M e REm R M e REm R M e REm R M e REm M M e REm M M e REm R M e Rmm R M e Rmm R M e REm R M e Rm M M e R R R e e

Generated Dance Segment /

o o o o e e e

———————————————————————————————————————————————————————————————————————————————————

Audio Imagination2024.

features
N Y
Input Music Audio
AN
a I
MFCC Chroma Beat Envelop
Music Condition
X. Li u, Z . Feng,

Generative
' Model
D Kanoj i a,


https://openreview.net/pdf?id=l3VqZWLLm5

UNIVERSITY OF
CriDDryvw

T AT et

PR
7@ T TEATTARNY Th

X. Liu, X. Dong, S. Qian, D. Kanojid/. Wang,and Z. Feng,GCDance GenreControlled MusieDriven 3D Full Body Dance
Generation,'|EEE Transactions on Multimedi2026. brXiv] [PDH [code, data, & denjo



https://arxiv.org/abs/2502.18309
https://personalpages.surrey.ac.uk/w.wang/papers/Liu%20et%20al_TMM_2026.pdf
https://xinranliu7715.github.io/gcdance/
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Task 4: Language -Queried Audio Source Separation

A LASSi Separate atarget source from an audio A Existing methods

mixture based on the natural language A LASSNet (Liu et al 2022):
descriptions  of the target source first LASS model
A First attempt bridging audio source separation and A SoundFilter (Kilgour 2022):
natural language processing exploiting audio supervision
A Support input arbitrary text to separate desired A CLIPSep(Dong et al. 2023):
sound sources exploiting visual supervision
A Challenges
Language Query: A bird is chirping under the thunder storm A Small scale of data available
for training
i A Open-domain source

separation with texts
A Overlapping sound events
A Processing artefacts and
incomplete separation

LASS

X. Liu, H. Liu, Q. Kong, X. Mei, J. Zhao, Q. Huang, M.Blumbley andW. Wang"Separat&Vhat You Describe: Languag@ueried Audio Source
Separation," ifProc. 23rdinterspeeciConferencdINTERSPEECH 2022), 182 September, 2022, Incheon, Korea.
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Task 4: AudioSep - Architecture
A CLAP/CLIP + ResUNet, trained with 14,000 hours of multimodal data
A A foundation model for open -domain sound separation with texts

A Impressive zero-shot performance in separating speech, music, sounds
e.g., People speak and dog barks o : : Training
Magnitude se arget
/' Mask Residual Waveform L1 Loss
Lgﬂ;ge | QueryNet —»  SeparationNet ! i e sesmmsssesses st S

A

Mixture !
—» STFT  —» Magnitude Phase l

Wavefrom [ oI
Predicted Predicted I nverse I redicte
Magnitude Phase STFT Waveform

X. Liu, Q. Kong, Y. Zhao, H. Liu, Y. Yuan, Y. Liu, R. Xia, Y. Wdlgndldy.andW. Wang, "Separate anything you
describe,"IEEE Transactions on Audio Speech and Language Procesisi8g, 458471, 2025.FDF| ]

Dema https://huggingface.co/spaces/AudiaGl/AudioSep


https://personalpages.surrey.ac.uk/w.wang/papers/Liu%20et%20al_TASLP_2025.PDF
https://github.com/Audio-AGI/AudioSep

Task 4: AudioSep - Results

A AudioSep achieved the state -of -the -art

~ UNIVERSITY OF

%

AUDIOSEP TRAINING DATASETS.

SURREY

_ Caption  Label  Video  Num. clips  Hours
results on multiple datasets. AudioSet X v v 2063839 5300
VGGSound X v v 183 727 550
. . : . - r P=r g7 1 A6
A Impressive zero-shot separation AudioCaps v v v 49768 145
,rj ] - A Lr
performance on MUSIC and ESG50. Clotho v2 v X < 4384 ST
WavCaps v X X 403 050 7568
BENCHAMRK EVALUATION RESULTS OF AUDIOSEP AND COMPARISON WITH BASELINE SYSTEMS.
AudioSet VGGSound AudioCaps Clotho MUSIC ESC-50 Voicebank-DEMAND
SI-SDR  SDRi SI-SDR  SDRi SI-SDR SDRi SI-SDR SDRi SI-SDR SDRi SI-SDR SDRi  PESQ SSNR
USS-ResUNet30 [ 1] - 5.57 - - - - - - - - - - 2.18 9.00
USS-ResUNet60 [ ] - 5.70 - - - - - - - - - - 2.40 9.35
LASSNet [ ] 3.64 147 450 117 -096 332 342 224  -1355 013 211 369 139 0.98
CLIPSep [ "] 0.19 255 122 318 009 295  -148 236  -037 250  -0.68 264 213 1.56
AudioSep-CLIP 660 737 724 750 595 745 454 628 914 1045 890 1003 240 8.09
AudioSep-CLAP 658 730 738 755 645 768 484 651 845 975 916 1024 241 8.95

X. Liu, Q. Kong, Y. Zhao, H. Liu, Y. Yuan, Y. Liu, R. Xia, Y. Wang, M.Blumbley andW. Wang i S e pAaythiag Yeu Describe" ilEEE/ACM
Transactions on Audio Speech and Language Processh@3, 458-471,2025.
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Task 4: AudioSep - Demo |
| dzY 'y 1jdzSNEBY aGa¢KS Sy3aAaAyS az2dzyyR 2F || @OSKAOf S
Mix ; Separated

| dzY 'y 1jdzSNBY a¢KS &adaz2dzyR 2F KAGOAY3 GKS (1Seéeo

Mix “ Separated




- & SUIRREY
Task 4: FlowSep - Motivation

Existing Ideas: I abS&é¢ LRSI
A Discriminativeapproaches. Usingthe generativeapproaches.
A Timefrequencymaskingon
spectrogramto removethe noise Diffusionbasedgeneration
soundsources. frameworkwith rectified flow
matching.
Challenges:
Separatiorsystemby generatingnew
A Challengingvith overlapping audiosampleswith the noisyclipsand
soundevents text promptsasa condition.

A Excessivandinsufficientmasking
leadsto artifacts, includingspectral
holesandincompleteseparation.



Task 4: FlowSep - Architecture

A Textto-audiogenerationmodelasthe backbone RectifiedFlow

Matchingfor feature generation.

A ExtendedvVAHatent spaceto integratethe noiseaudiofeature.
A FlanT5text encoder,VAHatent decoderand BigVGANocoder.

“Motor revving as a

crowd of people laugh
and applaud”

Flan-T5

Rectified Flow
Matching

Input prompt

bt | B 4l

Target waveform Noise waveform

STFT

VAE
Encoder

A A
: I
1

Z0) RN 4==21

_—]

VAE
Decoder

\

.-"'".-‘..-—

Big
VGAN

e

Output waveform

~  UNIVERSITY OF

% SURREY

| == training
| =asasp> inference |

forward

Y. Yuan, X. Liu, H. Liu, M.D.Plumbley andW.  WaHbbgSef LanguageQuriedSound Separation with Rectified Flow Matching"

in ICASSP 2025
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Task 4: FlowSep

Training data: Testing data:

A total of 1,680 hours of audio from various datasets for
training. When creating the mixture audio samples,
every two audio clips are not sharing any overlapping
sound source classes. All the segments are padded or
cropped to 10 seconds with 16kHz sampling rate, and
we mix two waveforms with a random SNR betweed A ESE0: 2000 mixtures with a SNR atlB.
and 15dB.

A AudioCapsOne of the largest publicly available audio A Aud-ioCaps928lsampIeS by mixing the
captioning dataset, containing 49837-86cond audio clips audio from testing set under random SNR
with human annotated captions. between-15 and 15dB.

A VGGSoundiudio dataset with 200,000 audio clips. Each _ :
sample has a duration of 10 seconds and annotated with A DCASE?2024 Task 8: DG&fih includes
labels.

A VGGSound 2000 mixtures generated from
a group of 200 clean and distinct audio
samples, mixed with random LUFS
loudness between35 and-25dB.

3000 mixtures from 1000 selected audio

A WavC e audio d th dabell clips under an SNR betweelb and 15B.
avCapsLargescale audio dataset with weaklgbelled DCASReal consists of 100 audio clips

captions generated with LLM. We only use the samples less

than 10 seconds and collected a total of 400,000 clips. from readworld scenarios.
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Task 4: FlowSep - Results

A Unlike discriminative network that modify the original audio clips, generated results do
not strictly align with the target audio sample in the temporal dimension.

A Hence, traditional objective metrics are not suitable for evaluating generative models
based separation methods.

AWe apply FADCLAPScorand CLAPScoreffom generative tasks to evaluate the
performance.

TABLE 1
OBJECTIVE EVALUATION ON LASS, WHERE AC, VGG AND ESC ARE SHORT FOR AUDIOCAPS, VGGSOUND AND ESCS0 RESPECTIVELY.,

FAD | CLAPScore T CLAPScore4 T
AC DE-§S VGG ESC AC DE-S DE-R VGG ESC AC DE-§S VGG ESC

Unprocessed 598 405 425 481 | 11.9  23.2 22.7 13.6 191 | 649 713  66.7 T1.3
LASS-Net 5.09  1.83  3.09 3.28 | 144 244 25.3 174 205 | 70.2 766 695  TY.6
AudioSep 4.38 121 230 193 | 136  26.1 29.7 19.0 212 | 696 T8O  T24  BO.S

FlowSep 286 09 206 149 | 219 269 31.3 195 227 | 81.7 801 732 B80.7

Model
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Task 4: FlowSep - Demo

Ground Truth

Query Mixture AudioSep

a person is pressing the
shutter button of the
camera to check something

1 A ) N

s NN I ‘.\\'ﬁ-
[ DRI E DRI
~| ¢/ ~| ¢/

= & ~ &

A Baseline models show incomplete separation with noticeable spectral gaps.
A FlowSemlemonstrates promising capabilities in such situations.
A More demos please refer to

Y. Yuan, X. Liu, H. Liu, M.D.Plumbley andW.  Wa FogvSep BanguageQuriedSound Separation with Rectified Flow Matching”
in ICASSP 2025


https://audio-agi.github.io/FlowSep_demo/
https://audio-agi.github.io/FlowSep_demo/
https://audio-agi.github.io/FlowSep_demo/

' UNIVERSITY OF

SURREY

Task 5: LLMs for Controllable Audio Editing

Audio editing is to change the content of audio by following the instruction precisely.
This work introduces an audio agent that understands the user instruction, decomposes the
Instruction into several tasks, and allocates different tasks to the proper models.

“Add horse hooves in the background”

Instructioninterpreter

AUDIT \
T E LN A e > T5 Encoder
e AR IANE o R T
“Add horse hooves in the background”
v V0V | ( N/ xT N\ A
.\ i. 1l ‘w\ ) ;‘ ﬁ
- \\-.'\-- ! L‘,“ Ly
“Drop the sound of duck quacking”
VAE o R N i VAE
1| Diffusion
Encoder Decoder
“Replace string instrument to drum kit”
“Inpaint” \ /
\ Yy, \_ ~7
I 3 : =
= — e~ (0,1
;l; \\ b i’f i K ( ' )
“Increase resolution”

An example of end-to-end audio editing system: AUDIT

Expert models

J. Liang, H. Zhang, H. Liu, Y. Cao, Q. Kong, X. Liu, W. Wang, M. Plumbley, and E. Benetos, iWavCraft: Audio Editing and Generation with
Large Language Mo d e in$ChR 2024 Workshop on Large Language Model (LLM) Agents, 2024.



WavCraft

Overall Architecture

WavCraft

Task decomposition & Controllable Editing

Human-Computer Co-Creation

PROMPT
- Task introduction;
- Specific instances.

INTRODUCTION

Audio
Programmer

Computer Program

Audio Material(s)

— &

Audio Analysis

Code Execution

v

Edited Audlio

Expert Models

Extract 1-5s in the audio, increase the volume. Generate
water splash sound (low volume) and apply low pass filter
on the output. Mix two sounds together.

\

WAV1 an PASS[WAVI min_i cutﬂff erq Smﬁ max_cutoff_freq=1000.0,
min ralloﬂ L Max rolloﬂ-l.zi

-sru‘ruNFUT w.wo break _points=[1, 41)

wnul TrA(te:b- water splashmg Iensth 30 vclume 2)

OU'I'PUY WAU MIHI[{W;AUD O} (WAVi o)

Enrich the two audio clips | have gave you. Make it like a f1

racing live stream. INSPIRATION INSTRUCTION.

WAND, ='I‘SS|INPLFI'_\N;AVD.te "car accelerating”)

WAVL, = TSS(INPUT_WAV1,

text- car shddmg and s:reechmgbc a stop”)

WAV2 = TrA[!ext- crowd cheering \mlume=5
Iength-l.EN[INPUT w.wn] + LEN[INPUT WAV1))

W-ﬂ\l‘i TTS(text="And tm; race is on! Look at that
acceleration! Oh, what a screech| He's stopping! Unbelievable
perfcn‘nam:e!" volume 10)

OUTPI-IT WAV MIK[[(WAW 0} [WAV].. LEN(WAVD)),
(Wavz, 0), (WAV3, 0)])

Extract baby crying from the audio

2

WANO, _ = TSS{INPUT_WAVD, Reﬂ;"babvcr\ding"}

Then add this audio in the beginning?

WAW TSS{INPLIT W’AVD ten—"bahyr_r\ﬂng'}

OUTPUT_WAVD = MIX{[[INPUT WAV, 0),
(WAVO, LEN(INPUT_WAV1)}])

Now add the baby laughing in the end.

2
\

I ([EINPUT wAVl 0), (WAVO, LENINPUT_WAV1))])

WAVD, ISS{INPUT wnvo nex!—"balw cmng")

WAV1 ‘l'l‘AI:texl- babv laughmg Iength 5 volume 5)

OUYPUT WAV = CAT{[DUTPUT WAVD WAVI]I

UNIVERSITY OF

SURREY



RFM-EDITING

4 T N -3
Instruction: {Add a boat squaking '——-r- = : OO0
i and sailing through water} - -» g 3 """""" > "—'U.'—'L
................................. n [
> v
MSE Loss «—— - %
. g Z
" 2. . Euler «---. -
o A y
<«--Vocoder 1-< § § SN : i
edited wav -
& —y [—J[_][_] \L
concat
- B 000
""" d - g1 ——r- Random Noise t € [tsart 1]
original audio g """"""""""""
g — 000
& 000
concat %%E]
edited audio
'-R@ﬂsﬂ_qm_"_dp_is_@ teloq
— Training ------ » Editing

UNIVERSITY OF

SURREY

Demos here:
https://katelin-glt.github.io/RFMEditingDemo/

Remove continuous frying noises:
Original:
Edited:

Replace someone suddenly sneezes out
loud with several pigeons cooing:

Original: 'y

Edited: IR

L. Gao, Y. Yuan, Y. Chen, Y. Cheng, Z. Li, J. Wen, S. Zhahiyamng, "RFMEDITING: Rectified Flow Matching for 3@&xidedAudio Editing,"
in Proc. IEEE International Conference on Acoustics, Speech and Signal P(0CA381) 2026), Barcelona, Spain, Mgy2026. PDf}


https://personalpages.surrey.ac.uk/w.wang/papers/Gao%20et%20al_ICASSP_2026.pdf

Task 6: Neural Audio Codec

Audio Codec:

AA device or software that
encodes or decodes
digital audio data for
transmission, storage, or
playback.

ACampressor
decompressori
a/ 2RSOc¢

AI\/{PB, FLAC, AAQorbis
elcC.

UNIVERSITY OF

SURREY

Neural Audio Codec:

Z | Residual Vector z N
X —» .. —>» X
Quantization

SoundStream (Zeghidour et al. 2021)
Encodec (Défossez et al. 2021)
Descript (Kumar et al. 2023)
HiFi-Codec (Yang et al. 2023)
SpeechTokenizer (Zhang et al, 2023)

Codec Superb Benchmark (Wu et al. 2024)



https://github.com/voidful/Codec-SUPERB
https://github.com/voidful/Codec-SUPERB
https://github.com/voidful/Codec-SUPERB
https://github.com/voidful/Codec-SUPERB
https://github.com/voidful/Codec-SUPERB

Large scale kmeans is challenging

Task 6: SemantiCodec AudioSet+ Million Song Dataset tigaSpeech

https://github.com/haoheliu/kmeans_pytorch

AUItra-low bit rate (0.31 kbps ~1.40 kbps, token rate 25, 50, or 100 per second)
& Strong semantics in the toker& Variable vocabulary sizes

Semantic Clustering

— )
w Py AudioMAE Feature gﬁ';":g‘::)ck
‘ =2 2 K-means
— —p R o — = - B ...... — . —
G m = -g < <% < I I Clustering ]
AUdiO L T < g

m . Dataset x€R XER S Y e ]RWXKE
H“,' . Y S —
& [] SemantiCodec Encoder l Copy Semantic Code c
= s The stack of Y and E
= L “+ Semantic 00 - o #

Encoder Dataset

Encoder

M- ﬂ —

"""""""""""""""""""""" = ¢ Latent Diffusion ]
Acoustic Code ¢, Decoder

AudioMAE @4 Acoustic 00 o
Acoustic Feature ¥, Codebook

] AudioMAE Feature Y Codebook L
AudioMAE Feature . —
AUdIOMAE Audio — I ...... I - I ﬁ —> After Quantization Eg] BT

Quantized and stacked
semantic and acoustic
features E = [Eg, E,)

VAE
-i- Decoder

)

‘,
e
!
=
—

!

Acoustic Feature

= After Quantization E, | _ _ _ ,m H Condition % Vocoder

https://haoheliu.github.io/SemantiCodec/

[
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CrossAtten


https://haoheliu.github.io/SemantiCodec/
https://github.com/haoheliu/kmeans_pytorch

Task 6: SemantiCodec - Demos

Original HiFiCodec  Encodec = DAC SemantiCodec = DAC SemantiCodec
(2.0 kbps) (1.5 kbps) (1.41 kbps) (1.43 kbps) (0.47 kbps)  (0.35 kbps)

Music
(MUSDB18)

General Audio
(AudioSe)

Speech
(Libri)

More sound demos: https://haoheliu.github.io/SemantiCodec/

50


https://haoheliu.github.io/SemantiCodec/
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Dataset: WavCaps SURREY

X. Mei, C. Meng, H. Liu, Q. Kong, T. Ko, C. ZhaoPMinihley Y. Zou, antlV. Wang, WavCapsA ChatGRAssisted WeakHi,abelled Audio
Captioning Dataset for Audicanguage Multimodal ResearchEEE/ACM Transactions on Audio Speech and Language PrqoedsBR) pp. 3339
3354, 2024.7DF [ 11 ] (https://github.com/XinhaoMei/WavCaps)



