


AI

ML

NN

Audio ML





Applications – Tasks

Tasks can be framed as mappings across modalities:
• Audio → Audio (effects, enhancement)

• Text → Audio (generation, synthesis)

• Multiple Audio channels → Single Audio (mixing, audio-conditioned transformations, style 
transfer)

• Audio → Multiple Audio (source separation)

• Audio → Text (transcription, description)

• Audio → Symbols / Numbers (discrete classes, timestamps for segmentation such as beat 
detection)

• Audio → Intermediary → Audio (audio codecs)



Modalities and Representation

Figures from: Choi, Keunwoo & Fazekas, György & Cho, Kyunghyun & Sandler, Mark. (2017). A Tutorial on Deep Learning for Music Information Retrieval. https://arxiv.org/abs/1709.04396 and McCarthy, R.A., Zhang, Y., Verburg, S.A. et al. Machine Learning in 
Acoustics: A Review and Open-source Repository. npj Acoust. 1, 18 (2025). https://doi.org/10.1038/s44384-025-00021-w





















Figure from: Chung, J., Gulcehre, C., Cho, K., & Bengio, Y. (2014). Empirical Evaluation of Gated Recurrent Neural Networks on Sequence Modeling. https://arxiv.org/pdf/1412.3555





Figure from: Vaswani, Ashish et al.: “Attention Is All You Need”, https://papers.nips.cc/paper_files/paper/2017/file/3f5ee243547dee91fbd053c1c4a845aa-Paper.pdf





Figure from: Engel, Jesse et al.: “DDSP: Differentiable Digital Signal Processing”, https://arxiv.org/pdf/2001.04643



Figure from: Hayes, Ben et al.: “A review of differentiable digital signal processing for music and speech synthesis”, https://comma.eecs.qmul.ac.uk/assets/pdf/Hayes_DDSP_Review.pdf



Figure from: Hayes, Ben et al.: “A review of differentiable digital signal processing for music and speech synthesis”, https://comma.eecs.qmul.ac.uk/assets/pdf/Hayes_DDSP_Review.pdf









Figure from: Lemercier, Jean-Marie et al.: “Diffusion Models for Audio Restoration”, https://arxiv.org/pdf/2402.09821





Audio Examples
System Application/Task Year Architectures and methods Representations Team

Dragon NaturallySpeaking v.11 Automatic Speech Recognition 
(ASR, STT) 2010 “Pre-NN Era”: GMM-HMM (Hidden Markov Models + Gaussian 

Mixtures) MFCC → Phonemes → Text Nuance / Dragon

Whisper Automatic Speech Recognition 
(ASR, STT) 2022 Transformer encoder–decoder + small CNN front-end Mel-spectrogram → Text tokens OpenAI

Flite + HTS Speech Synthesis (TTS) 2012 “Pre-NN Era”: HSMM + parametric synthesis Text labels → Phonemes → MFCC/F0 → 
LPC synthesis

CMU + Nagoya Inst. of 
Technology (HTS)

HSMM–FCN (MDN-HSMM) Speech Synthesis (TTS) 2016 “Early NN era”: FCN (MLP) + HSMM + vocoder synthesis Text labels → Phoneme/state features 
→ Acoustic params Nagoya Inst. of Technology (HTS)

WaveNet Speech Synthesis (TTS) 2016 Causal dilated CNN Text (conditioning) → μ-law 8-bit 
waveform (PCM) DeepMind

StyleTTS 2 Speech Synthesis (TTS) 2023 Transformer (text encoder) + CNN (style encoder) + FCNs 
(duration/prosody) + CNN GAN (decoder/vocoder)

Text → Acoustic features (dur/prosody 
+ style) → Mel-spectrogram NTU Singapore

Clara Music Generation (symbolic) 2018 LSTM MIDI tokens OpenAI (Christine McLeavey 
Payne)

Music Transformer Music Generation (symbolic) 2018 Transformer (relative attention) MIDI tokens Google Magenta

SampleRNN Music Generation (audio) 2017 RNN (hierarchical) + FCN Quantized waveform samples (μ-law), 
hierarchical RNN states Mila (Université de Montréal)

Jukebox Music Generation (audio) 2020 CNN VQ-VAE + Transformers (priors & upsamplers) VQ-VAE codes (multi-level) OpenAI

MusicLM Music Generation (audio) 2023 Transformer (semantic + acoustic) + CNN AE (SoundStream) Semantic embeddings (MuLan), 
Acoustic tokens (SoundStream) Google Research + IRCAM

MusicGen Music Generation (audio) 2023 Transformer (generation) + CNN AE (EnCodec)
Acoustic tokens (EnCodec), 
Conditioning: Text embeddings / 
acoustic tokens (melody)

Meta AI (FAIR)

Stable Audio 2 Music Generation (audio) 2024 CNN AE + Diffusion with Transformer backbone (DiT) STFT-based latent embeddings Stability AI



System
Dragon NaturallySpeaking v.11

Application/Task:
Automatic Speech Recognition (ASR, STT)

Architectures and methods
“Pre-NN Era”
Proprietary - probably GMM-HMM
(Hidden Markov Models + Gaussian Mixtures) 

Representations
MFCC → Phonemes → Text

Team
Nuance / Dragon

Year

2010



System

Whisper

Application/Task:
Automatic Speech Recognition (ASR, STT)

Architectures and methods
Transformer encoder–decoder
+ small CNN front-end

Representations
Mel-spectrogram → Text tokens

Team
OpenAI

Year

2022



System

Flite +  HTS

Application/Task:
Speech Synthesis (TTS)

Architectures and methods
“Pre-NN Era” - HSMM + parametric synthesis

Representations
Text labels → Phonemes → MFCC/F0 
→ LPC synthesis → Waveform

Team
CMU + Nagoya Inst. of Technology (HTS group)

Year

2012



System

DNN-HSMM

Application/Task:
Speech Synthesis (TTS)

Architectures and methods
“Early NN-era” 
FCN (MLP) + HSMM + Vocoder Synthesis)

Representations
Text labels → Phonemes/state → Acoustic params

Team
Nagoya Inst. of Technology (HTS group)

Year

2016



System

WaveNet

Application/Task:
Speech Synthesis (TTS)

Architectures and methods
Causal Dilated CNN

Representations
Text (conditioning) → μ-law 8-bit waveform (PCM)

Team
DeepMind

Year

2016



System

StyleTTS 2

Application/Task:
Speech Synthesis (TTS)

Architectures and methods
Hybrid: Transformer (text encoder) + CNN (style 
encoder) + FCNs (duration & prosody predictors) + 
CNN GAN (decoder)

Representations
Text → Acoustic features (dur/prosody + style 
conditioning) → Mel-spectrogram
Team
NTU Singapore

Year

2023



System

Clara

Application/Task:
Music Generation (symbolic)

Architectures and methods
LSTM

Representations
MIDI tokens
Team
Christine McLeavey Payne

Year

2018



System

Music Transformer

Application/Task:
Music Generation (symbolic)

Architectures and methods
Transformer (relative attention)

Representations
MIDI tokens

Team
Magenta (Google)

Year

2018



System

SampleRNN

Application/Task:
Music generation (audio)

Architectures and methods
RNN (hierarchical) + FCN

Representations
Waveform (μ-law PCM)
Hierarchical sample-level embeddings

Team
Mila (Université de Montréal)

Year

2017



System

Jukebox

Application/Task:
Music generation (audio)

Architectures and methods
Hybrid: 
CNN (encoder/decoder) + Transformer (priors)

Representations
VQ-VAE tokens

Team
OpenAI

Year

2020



System

MusicLM

Application/Task:
Music generation (audio)

Architectures and methods
Transformer 
( + CNN-based Autoencoder for SoundStream codec )

Representations
Semantic tokens (MuLan)
Acoustic tokens (SoundStream)

Team
Google Research, IRCAM

Year

2023



System

MusicLM

Application/Task:
Music generation (audio)

Architectures and methods
Transformer (generation) 
+ CNN AE (SoundStream codec)

Representations
Semantic tokens/embeddings (MuLan)
Acoustic tokens (SoundStream)

Team
Google Research, IRCAM

Year

2023



System

MusicGen

Application/Task:
Music generation (audio)

Architectures and methods
Transformer (generation) 
+ CNN AE (EnCodec)

Representations
Acoustic tokens (EnCodec)
Conditioning: Text embeddings / acoustic tokens

Team
Meta (FAIR)

Year

2023



System

Stable Audio 2

Application/Task:
Music generation (audio)

Architectures and methods
Diffusion with Transformer backbone (DiT) + CNN AE

Representations
STFT-based latent embeddings

Team
Stability AI

Year

2024
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