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• Deep autoregressive models
 Recurrent neural network (RNN)
 Long short-term memory (LSTM)
 Transformer model

• Deep latent variable models
 Variational autoencoder (VAE)
 Generative adversarial network (GAN)
 Diffusion model
 Flow-based model

• And many others…

Representative Types of Deep Generative Models

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan
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Today’s topic!



Deep Autoregressive Models
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• Intuition: Decompose the generation of a sequence into generating one 
item after another

Deep Autoregressive Models

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan
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A transformer is a Model deep

learningA transformer is a deep Model

modelA transformer is a deep learning Model

introducedA transformer is a deep learning model Model

inA transformer is a deep learning model introduced Model

2017A transformer is a deep learning model introduced in Model



• Intuition: Decompose the generation of a sequence into generating one 
item after another

Deep Autoregressive Models
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𝑃  character A transformer is a )

𝑃  electrical A transformer is a )

𝑃  gene A transformer is a )

𝑃  model A transformer is a )

𝑃  food A transformer is a )

𝑃  musical A transformer is a )

𝑃 𝑥𝑖 𝑥1, 𝑥2, … , 𝑥𝑖−1

Next word Previous words



• Intuition: Decompose the generation of a sequence into generating one 
item after another

Deep Autoregressive Models
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𝑃 𝑥𝑖 𝑥1, 𝑥2, … , 𝑥𝑖−1

Next word Previous words

𝑃 𝑋 = 𝑃 𝑥0  𝑃 𝑥1 𝑥0 𝑃 𝑥2 𝑥0, 𝑥1 … 𝑃 𝑥𝑁 𝑥1, 𝑥2, … , 𝑥𝑁−1

1st word

The whole sentence
𝑋 = 𝑥0, 𝑥1, … , 𝑥N

3rd word given 1st & 2nd words

2nd word given 1st word Last word given all previous words



• Intuition: Decompose the generation of a sequence into generating one 
item after another

Deep Autoregressive Models
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𝑃 𝑋 = 𝑃 𝑥0  𝑃 𝑥1 𝑥0 𝑃 𝑥2 𝑥0, 𝑥1 … 𝑃 𝑥𝑁 𝑥1, 𝑥2, … , 𝑥𝑁−1

= 𝑃 𝑥0 ෑ

𝑖=1

𝑁

𝑃 𝑥𝑖 𝑥1, 𝑥2, … , 𝑥𝑖−1

What we want the model to learn!



Transformers
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(Source: Vaswani et al., 2017)

• A type of neural networks that use the 
self-attention mechanism

What is a Transformer? (Vaswani et al., 2017)

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017. 9

Self-attention
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https://arxiv.org/abs/1706.03762


Jianpeng Cheng, Li Dong, and Mirella Lapata, “Long Short-Term Memory-Networks for Machine Reading,” EMNLP, 2016. 

Self-attention Mechanism (Cheng et al., 2016)
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A transformer is a __________

fiction characterelectrical device

deep learning model family of genes

A transformer is a ?Uniform attention

A transformer is a ?Variable attention

Transformers learn what to attend to from big data!

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

https://arxiv.org/pdf/1601.06733
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https://arxiv.org/pdf/1601.06733
https://arxiv.org/pdf/1601.06733


Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)
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A transformer is a ?

q vk q vk q vkq vk

query key value
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https://arxiv.org/abs/1706.03762


Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)
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A transformer is a ?

q vk q vk q vk q vk

0.1 0.5 0.2 0.2Attention 
score (Sums to 1)
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https://arxiv.org/abs/1706.03762


Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)
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A transformer is a ?

q vk q vk q vk q vk

0.1 0.5 0.2 0.2

Prediction

Attention 
score

Weighted sum by attention

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

https://arxiv.org/abs/1706.03762


Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)
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A transformer is a ?

0.1 0.5 0.2 0.2

Prediction

Attention 
score

q vk q vk q vkq vk
query

key
value
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https://arxiv.org/abs/1706.03762


Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)
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A transformer is a ?

0.1 0.5 0.2 0.2

Prediction

Attention 
score

q vk q vk q vkq vk
query

key
value

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

The query vector captures 
the information needed to 
predict the next word.

https://arxiv.org/abs/1706.03762


Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)
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A transformer is a ?

0.1 0.5 0.2 0.2

Prediction

Attention 
score

q vk q vk q vkq vk
query

key
value
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The key vector captures 
the information that a 
word can offer.

https://arxiv.org/abs/1706.03762


Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)
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A transformer is a ?

0.1 0.5 0.2 0.2

Prediction

Attention 
score

q vk q vk q vkq vk
query

key
value
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The value vector captures 
the actual information of 
a word when matched.

https://arxiv.org/abs/1706.03762


Jianpeng Cheng, Li Dong, and Mirella Lapata, “Long Short-Term Memory-Networks for Machine Reading,” EMNLP, 2016.

Why Self-Attention Mechanism?
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(Source: Cheng et al., 2016)
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https://arxiv.org/pdf/1601.06733
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Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformer Layers (Vaswani et al., 2017)
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𝑥1 𝑥2 𝑥3 𝑥4 ?

𝑞2 𝑣2𝑘2 𝑞3 𝑣3𝑘3 𝑞4 𝑣4𝑘4𝑞1 𝑣1𝑘1
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𝛼1
4 𝛼2

4 𝛼3
4 𝛼4

4

ℎ4

https://arxiv.org/abs/1706.03762


Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)
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𝑥1 𝑥2 𝑥3 𝑥4 ?

𝛼1
4 𝛼2

4 𝛼3
4 𝛼4

4

𝑞2 𝑣2𝑘2 𝑞3 𝑣3𝑘3 𝑞4 𝑣4𝑘4𝑞1 𝑣1𝑘1
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𝛼1
3 𝛼2

3 𝛼3
3

ℎ3 ℎ4

https://arxiv.org/abs/1706.03762


Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)
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𝑥1 𝑥2 𝑥3 𝑥4 ?

𝛼1
4 𝛼2

4 𝛼3
4 𝛼4

4

𝑞2 𝑣2𝑘2 𝑞3 𝑣3𝑘3 𝑞4 𝑣4𝑘4𝑞1 𝑣1𝑘1
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𝛼1
3 𝛼2

3 𝛼3
3

ℎ3 ℎ4

𝛼1
2 𝛼2

2

ℎ2

https://arxiv.org/abs/1706.03762


Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)
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𝑥1 𝑥2 𝑥3 𝑥4 ?

𝛼1
4 𝛼2

4 𝛼3
4 𝛼4

4

𝑞2 𝑣2𝑘2 𝑞3 𝑣3𝑘3 𝑞4 𝑣4𝑘4𝑞1 𝑣1𝑘1
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𝛼1
3 𝛼2

3 𝛼3
3

𝛼1
2 𝛼2

2

ℎ2 ℎ3 ℎ4

𝛼1
2

ℎ1
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Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)
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𝑥1 𝑥2 𝑥3 𝑥4 ?

𝛼1
4 𝛼2

4 𝛼3
4 𝛼4

4

𝑞2 𝑣2𝑘2 𝑞3 𝑣3𝑘3 𝑞4 𝑣4𝑘4𝑞1 𝑣1𝑘1
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𝛼1
3 𝛼2

3 𝛼3
3

𝛼1
2 𝛼2

2

𝛼1
1

ℎ2 ℎ3 ℎ4ℎ1

https://arxiv.org/abs/1706.03762


RNN vs. Transformer
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𝑥0 𝑥1 𝑥2 𝑥𝑡

ℎ𝑡

A A A A⋯

⋯

Memory
(state)

Memory
bottleneck

ℎ𝑡

Self-attention mechanism

Efficiently aggregate 
past information

RNN Transformer

𝑥0 𝑥1 𝑥2 𝑥𝑡⋯

Pros: Requires less GPU memory
Cons: Memory bottleneck

Pros: Alleviate memory bottleneck constraints
Cons: Requires more GPU memory



Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)
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𝑥1 𝑥2 𝑥3 𝑥4 ?

𝛼1
4 𝛼2

4 𝛼3
4 𝛼4

4

𝑞2 𝑣2𝑘2 𝑞3 𝑣3𝑘3 𝑞4 𝑣4𝑘4𝑞1 𝑣1𝑘1
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𝛼1
3 𝛼2

3 𝛼3
3

𝛼1
2 𝛼2

2

𝛼1
1

ℎ2 ℎ3 ℎ4ℎ1

Number of computations 
& memory requirement 
both grow quadratically 
to the sequence length

https://arxiv.org/abs/1706.03762


• The memory requirement for self-attention grows quadratically!

• There are many efficient transformer variants
 Transformer-XL
 Linear Transformer
 Performer
 Longformer
 Reformer
 Swin Transformer
 … just to name a few

Efficient Transformers

Yi Tay, Mostafa Dehghani, Dara Bahri, and Donald Metzler, “Efficient Transformers: A Survey,” ACM Computing Surveys, 55(6):109, 2022. 26

(Source: Tay et al., 2022)
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https://arxiv.org/pdf/2009.06732


(Source: Vaswani et al., 2017)

• Goal: Learn to represent words as vectors

• Intuition: Synonyms should have close embeddings

• Should antonyms be far apart?
 Not quite, antonyms usually fall in the same “topic”
 For example, “happy” & “sad” are both emotions

Word Embedding

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017. 27

happy
joyful

pasta
ramen

sushi
sad

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

https://arxiv.org/abs/1706.03762


jalammar.github.io/illustrated-word2vec

Word Embedding: A Toy Example

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

28

(Source: Alammar, 2019)

High-dimensional vectors!

https://jalammar.github.io/illustrated-word2vec/
https://jalammar.github.io/illustrated-word2vec/
https://jalammar.github.io/illustrated-word2vec/


jalammar.github.io/illustrated-word2vec

Word Embedding: A Toy Example
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(Source: Alammar, 2019)

https://jalammar.github.io/illustrated-word2vec/
https://jalammar.github.io/illustrated-word2vec/
https://jalammar.github.io/illustrated-word2vec/


jalammar.github.io/illustrated-word2vec

Word Embedding: A Toy Example
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(Source: Alammar, 2019)

https://jalammar.github.io/illustrated-word2vec/
https://jalammar.github.io/illustrated-word2vec/
https://jalammar.github.io/illustrated-word2vec/


jalammar.github.io/illustrated-word2vec

Word Embedding: A Toy Example
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(Source: Alammar, 2019)

https://jalammar.github.io/illustrated-word2vec/
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https://jalammar.github.io/illustrated-word2vec/


jalammar.github.io/illustrated-word2vec

Word Embedding: A Toy Example
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(Source: Alammar, 2019)

Gender?!

https://jalammar.github.io/illustrated-word2vec/
https://jalammar.github.io/illustrated-word2vec/
https://jalammar.github.io/illustrated-word2vec/


jalammar.github.io/illustrated-word2vec

Word Embedding: A Toy Example
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(Source: Alammar, 2019)

Age?!

https://jalammar.github.io/illustrated-word2vec/
https://jalammar.github.io/illustrated-word2vec/
https://jalammar.github.io/illustrated-word2vec/


jalammar.github.io/illustrated-word2vec

Word Embedding: A Toy Example
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(Source: Alammar, 2019)

https://jalammar.github.io/illustrated-word2vec/
https://jalammar.github.io/illustrated-word2vec/
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jalammar.github.io/illustrated-word2vec

Word Embedding: A Toy Example
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(Source: Alammar, 2019)

Noun?!

People?!

https://jalammar.github.io/illustrated-word2vec/
https://jalammar.github.io/illustrated-word2vec/
https://jalammar.github.io/illustrated-word2vec/


jalammar.github.io/illustrated-word2vec

Word Embedding: Arithmetic
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(Source: Alammar, 2019)

https://jalammar.github.io/illustrated-word2vec/
https://jalammar.github.io/illustrated-word2vec/
https://jalammar.github.io/illustrated-word2vec/


• A word embedding layer is functionally equivalent to one-hot encoded 
words followed by a dense layer → But way faster thanks to hashing!

Word Embedding Layer

37

makesramen happymakesramen happy⋯

Dense layer

⋯⋯

Embedding layer

cool

ramen

cat

⋮ ⋮

⋮ ⋮

cat
ramen

happy

⋯

0
1

0

0
0

0

0
0

1
⋮

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan



(Source: Vaswani et al., 2017)

• Intuition: A word could have different meanings at 
different positions

• Positional encoding provides positional information of 
the words to the model

Positional Encoding

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.
erdem.pl/2021/05/understanding-positional-encoding-in-transformers 38

Added to the 
word embedding

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

Position 1

Position 2

Position 3

(Source: erdem.pl)

https://arxiv.org/abs/1706.03762
https://erdem.pl/2021/05/understanding-positional-encoding-in-transformers
https://erdem.pl/2021/05/understanding-positional-encoding-in-transformers
https://erdem.pl/2021/05/understanding-positional-encoding-in-transformers
https://erdem.pl/2021/05/understanding-positional-encoding-in-transformers
https://erdem.pl/2021/05/understanding-positional-encoding-in-transformers
https://erdem.pl/2021/05/understanding-positional-encoding-in-transformers
https://erdem.pl/2021/05/understanding-positional-encoding-in-transformers
https://erdem.pl/2021/05/understanding-positional-encoding-in-transformers
https://erdem.pl/2021/05/understanding-positional-encoding-in-transformers


Transformers for Music Generation

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan
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• We can now handle music with multi-pitch at the same time
 In the literature, “polyphonic” & “multi-pitch” are often used interchangeably

Representing Polyphonic Music

40

Note_on_65, Note_on_68, Time_shift_eighth_note, Note_on_77, Note_on_80, 
Time_shift_half_note, Note_off_77, Note_off_80, Note_on_73, Note_on_77, 
Time_shift_dotted_quarter_note, Note_off_65, Note_off_68, ...

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan



• Data
 Yamaha e-Piano Competition dataset (MAESTRO)

• Representation
 128 Note-On events
 128 Note-Off events
 100 Time-Shift events (10ms–1s)
 32 Set-Velocity events

• Model
 Transformer

Music Transformer (Huang et al., 2019)

Cheng-Zhi Anna Huang, Ashish Vaswani, Jakob Uszkoreit, Noam Shazeer, Ian Simon, Curtis Hawthorne, Andrew M. Dai, Matthew D. Hoffman, Monica Dinculescu, and Douglas Eck, 
“Music Transformer: Generating Music with Long-Term Structure,” ICLR, 2019. 41

Almost the same
representation as 
PerformanceRNN

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

Examples of generated music

Expressive dynamics

Expressive timing

https://arxiv.org/abs/1809.04281
https://arxiv.org/abs/1809.04281
https://arxiv.org/abs/1809.04281


Jianpeng Cheng, Li Dong, and Mirella Lapata, “Long Short-Term Memory-Networks for Machine Reading,” EMNLP, 2016.

Why Self-Attention Mechanism?

42

(Source: Cheng et al., 2016)
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Cheng-Zhi Anna Huang, Ashish Vaswani, Jakob Uszkoreit, Noam Shazeer, Ian Simon, Curtis Hawthorne, Andrew M. Dai, Matthew D. Hoffman, Monica Dinculescu, and Douglas Eck, 
“Music Transformer: Generating Music with Long-Term Structure,” ICLR, 2019.
Cheng-Zhi Anna Huang, Ashish Vaswani, Jakob Uszkoreit, Noam Shazeer, Ian Simon, Curtis Hawthorne, Andrew M. Dai, Matthew D. Hoffman, Monica Dinculescu, and Douglas Eck, 
“Music Transformer: Generating Music with Long-Term Structure,” Magenta Blog, December 13, 2018.

Visualizing Musical Self-attention (Huang et al., 2018)

43

(Each color represents an attention head)

First chord
Current chord

(Source: Huang et al., 2018)

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

https://arxiv.org/abs/1809.04281
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Cheng-Zhi Anna Huang, Ashish Vaswani, Jakob Uszkoreit, Noam Shazeer, Ian Simon, Curtis Hawthorne, Andrew M. Dai, Matthew D. Hoffman, Monica Dinculescu, and Douglas Eck, 
“Music Transformer: Generating Music with Long-Term Structure,” ICLR, 2019.
Cheng-Zhi Anna Huang, Ashish Vaswani, Jakob Uszkoreit, Noam Shazeer, Ian Simon, Curtis Hawthorne, Andrew M. Dai, Matthew D. Hoffman, Monica Dinculescu, and Douglas Eck, 
“Music Transformer: Generating Music with Long-Term Structure,” Magenta Blog, December 13, 2018.

Visualizing Musical Self-attention (Huang et al., 2018)
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(Each color represents an attention head)

(Source: Huang et al., 2018)

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan
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• Measuring mean relative attention

• The MMT model attends more to notes

Positive/negative gain 

that are 𝟒𝑵 beats away in the past

(Source: Dong et al., 2023)

Analyzing Musical Self-attention (Dong et al., 2023)
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Hao-Wen Dong, Ke Chen, Shlomo Dubnov, Julian McAuley, and Taylor Berg-Kirkpatrick, “Multitrack Music Transformer,” ICASSP, 2023.

Positive/negative gain 

that has a pitch in an octave above 
which forms a consonant interval

(Source: Dong et al., 2023)

https://arxiv.org/abs/2207.06983


Learned Pitch Embedding (Dong et al., 2023)

Hao-Wen Dong, Ke Chen, Shlomo Dubnov, Julian McAuley, and Taylor Berg-Kirkpatrick, “Multitrack Music Transformer,” ICASSP, 2023.

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan
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(Source: Dong et al., 2023)
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Learned Pitch Embedding (Dong et al., 2023)

Hao-Wen Dong, Ke Chen, Shlomo Dubnov, Julian McAuley, and Taylor Berg-Kirkpatrick, “Multitrack Music Transformer,” ICASSP, 2023.

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan
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(Source: Dong et al., 2023)
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Learned Pitch Embedding (Dong et al., 2023)

Hao-Wen Dong, Ke Chen, Shlomo Dubnov, Julian McAuley, and Taylor Berg-Kirkpatrick, “Multitrack Music Transformer,” ICASSP, 2023.

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan
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(Source: Dong et al., 2023)

Transformer models can 
learn the concept of octaves!

https://arxiv.org/abs/2207.06983


Transformers for Multitrack Music Generation
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• Using MIDI program change messages
 Program numbers:  1–128 (or 0–127)

 128 instruments in 16 families

Representing Multiple Instruments

www.cs.cmu.edu/~music/cmsip/readings/GMSpecs_Patches.htm 50
(Source: Roger Dannenberg)

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

http://www.cs.cmu.edu/~music/cmsip/readings/GMSpecs_Patches.htm


• Data: ClassicalArchives + BitMidi + MAESTRO

• Representation: “instrument:velocity:pitch”
 Time shifts in real time (sec)

• Model: Transformer

MuseNet (Payne et al., 2019)

Christine Payne, “MuseNet,” OpenAI, 2019. 51

bach piano_strings start tempo90 
piano:v72:G1 piano:v72:G2 piano:v72:B4 
piano:v72:D4 violin:v80:G4 piano:v72:G4 
piano:v72:B5 piano:v72:D5 wait:12 
piano:v0:B5 wait:5 piano:v72:D5 wait:12 
...

Example of 
generated music

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

https://openai.com/research/musenet


• Data: Lakh MIDI Dataset (LMD)

• Representation: as shown →

• Model: Transformer

Multitrack Music Machine (Ens & Pasquier, 2020)

Jeff Ens and Philippe Pasquier, “MMM : Exploring Conditional Multi-Track Music Generation with the Transformer,” arXiv preprint arXiv:2008:06048, 2020. 52

(Ens & Pasquier, 2020)
youtu.be/NdeMZ3y-84Q

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

https://www.arxiv.org/pdf/2008.06048
https://www.arxiv.org/pdf/2008.06048
https://www.arxiv.org/pdf/2008.06048
https://youtu.be/NdeMZ3y-84Q
https://youtu.be/NdeMZ3y-84Q
https://youtu.be/NdeMZ3y-84Q


• Data: Symbolic Orchestral Database (SOD)

• Representation:  “(beat, position, pitch, duration, instrument)”

• Model:  Multi-dimensional Transformer

Multitrack Music Transformer (Dong et al., 2023)

Hao-Wen Dong, Ke Chen, Shlomo Dubnov, Julian McAuley, and Taylor Berg-Kirkpatrick, “Multitrack Music Transformer,” ICASSP, 2023. 53

(Source: Dong et al., 2023)

Example of 
generated music

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

https://arxiv.org/abs/2207.06983


• Channel 10 is reserved for drums

• Encoded by MIDI pitches 35–81

• Models that support drums
 MuseNet (Payne et al., 2019)

 Song from PI (Chu et al., 2017)

 MMM (Ens and Pasquier, 2019)

 and many more…

Drums in MIDI

en.wikipedia.org/wiki/General_MIDI
Christine Payne, “MuseNet,” OpenAI, 2019.
Hang Chu, Raquel Urtasun, and Sanja Fidler, “Song From PI: A Musically Plausible Network for Pop Music Generation,” ICLR Workshop, 2017.
Jeff Ens and Philippe Pasquier, “MMM : Exploring Conditional Multi-Track Music Generation with the Transformer,” arXiv preprint arXiv:2008.06048, 2020. 54

(Source: Wikipedia)

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

https://en.wikipedia.org/wiki/General_MIDI
https://en.wikipedia.org/wiki/General_MIDI
https://openai.com/research/musenet
https://arxiv.org/abs/1611.03477
https://arxiv.org/abs/2008.06048
https://arxiv.org/abs/2008.06048
https://arxiv.org/abs/2008.06048


• PerformanceRNN (Oore et al., 2020)

• REMI (Huang et al., 2020)

• MuMIDI (Ren et al., 2020)

• Compound Word (Hsiao et al., 2021)

• REMI+ (von Rütte et al., 2023)

• TSD (Fradet et al., 2023)

• and so on…

The Many Representations for Music Generation

Sageev Oore, Ian Simon, Sander Dieleman, Douglas Eck, and Karen Simonyan, “This Time with Feeling: Learning Expressive Musical Performance”, Neural Computing and Applications, 
32, 2020.
Yu-Siang Huang and Yi-Hsuan Yang, “Pop Music Transformer: Beat-based Modeling and Generation of Expressive Pop Piano Compositions,” MM, 2020.
Yi Ren, Jinzheng He, Xu Tan, Tao Qin, Zhou Zhao, and Tie-Yan Liu, “PopMAG: Pop Music Accompaniment Generation,” MM, 2020.
Wen-Yi Hsiao, Jen-Yu Liu, Yin-Cheng Yeh, and Yi-Hsuan Yang, “Compound Word Transformer: Learning to Compose Full-Song Music over Dynamic Directed Hypergraphs,” AAAI, 2021.
Dimitri von Rütte, Luca Biggio, Yannic Kilcher, and Thomas Hofmann, “FIGARO: Generating Symbolic Music with Fine-Grained Artistic Control,” ICLR, 2023.
Nathan Fradet, Nicolas Gutowski, Fabien Chhel, and Jean-Pierre Briot, “Byte Pair Encoding for Symbolic Music,” EMNLP, 2023. 55

github.com/Natooz/MidiTok

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

https://arxiv.org/abs/1808.03715
https://arxiv.org/pdf/2002.00212
https://arxiv.org/pdf/2002.00212
https://arxiv.org/pdf/2002.00212
https://arxiv.org/pdf/2008.07703
https://arxiv.org/pdf/2008.07703
https://arxiv.org/pdf/2101.02402
https://arxiv.org/pdf/2101.02402
https://arxiv.org/pdf/2101.02402
https://arxiv.org/pdf/2201.10936
https://arxiv.org/pdf/2201.10936
https://arxiv.org/pdf/2201.10936
https://arxiv.org/pdf/2301.11975
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• JSBach Chorale

• MusicNet

• Essen Folk Song Dataset

• Wikifonia

• Lakh MIDI Dataset

• MetaMIDI

• MAESTRO

Symbolic Music Datasets

56
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https://github.com/czhuang/JSB-Chorales-dataset
https://github.com/czhuang/JSB-Chorales-dataset
https://github.com/czhuang/JSB-Chorales-dataset
https://zenodo.org/records/5120004
https://zenodo.org/records/5120004
https://ifdo.ca/~seymour/runabc/esac/esacdatabase.html
https://ifdo.ca/~seymour/runabc/esac/esacdatabase.html
http://www.synthzone.com/files/Wikifonia/Wikifonia.zip
http://www.synthzone.com/files/Wikifonia/Wikifonia.zip
https://colinraffel.com/projects/lmd/
https://colinraffel.com/projects/lmd/
https://www.metacreation.net/projects/metamidi-dataset
https://www.metacreation.net/projects/metamidi-dataset
https://magenta.tensorflow.org/datasets/maestro
https://magenta.tensorflow.org/datasets/maestro


muspy.readthedocs.io/en/stable/datasets/datasets.html

Symbolic Music Datasets

57

(Source: MusPy Documentation)
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Four Paradigms of Music Generation
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Symbolic music generation

Text-based Image-based

Audio-domain music generation

Image-basedTime series-based

Program_change_0,
Note_on_60, Time_shift_2, Note_off_60, 
Note_on_60, Time_shift_2, Note_off_60, 
Note_on_76, Time_shift_2, Note_off_67, 
Note_on_67, Time_shift_2, Note_off_67, 
...

MIDI

Time

Pi
tc

h

Piano roll Waveform

Time

Fr
eq

ue
nc

y

Spectrogram

So far!

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan



Recap
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Jianpeng Cheng, Li Dong, and Mirella Lapata, “Long Short-Term Memory-Networks for Machine Reading,” EMNLP, 2016. 

Self-attention Mechanism (Cheng et al., 2016)
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A transformer is a __________

fiction characterelectrical device

deep learning model family of genes

A transformer is a ?Uniform attention

A transformer is a ?Variable attention

Transformers learn what to attend to from big data!

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

https://arxiv.org/pdf/1601.06733
https://arxiv.org/pdf/1601.06733
https://arxiv.org/pdf/1601.06733
https://arxiv.org/pdf/1601.06733
https://arxiv.org/pdf/1601.06733


Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)
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A transformer is a ?

0.1 0.5 0.2 0.2

Prediction

Attention 
score

q vk q vk q vkq vk
query

key
value

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

https://arxiv.org/abs/1706.03762


Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)
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A transformer is a ?

0.1 0.5 0.2 0.2

Prediction

Attention 
score
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The query vector captures 
the information needed to 
predict the next word.

https://arxiv.org/abs/1706.03762


Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)

63

A transformer is a ?

0.1 0.5 0.2 0.2

Prediction

Attention 
score

q vk q vk q vkq vk
query

key
value

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

The key vector captures 
the information that a 
word can offer.

https://arxiv.org/abs/1706.03762


Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)
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A transformer is a ?
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Attention 
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The value vector captures 
the actual information of 
a word when matched.

https://arxiv.org/abs/1706.03762


Jianpeng Cheng, Li Dong, and Mirella Lapata, “Long Short-Term Memory-Networks for Machine Reading,” EMNLP, 2016.

Why Self-Attention Mechanism?
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(Source: Cheng et al., 2016)
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RNN vs. Transformer

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan
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𝑥0 𝑥1 𝑥2 𝑥𝑡

ℎ𝑡

A A A A⋯

⋯

Memory
(state)

Memory
bottleneck

ℎ𝑡

Self-attention mechanism

Efficiently aggregate 
past information

RNN Transformer

𝑥0 𝑥1 𝑥2 𝑥𝑡⋯

Pros: Requires less GPU memory
Cons: Memory bottleneck

Pros: Alleviate memory bottleneck constraints
Cons: Requires more GPU memory



Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.

Demystifying Transformers (Vaswani et al., 2017)
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𝑥1 𝑥2 𝑥3 𝑥4 ?

𝛼1
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4 𝛼3
4 𝛼4
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𝑞2 𝑣2𝑘2 𝑞3 𝑣3𝑘3 𝑞4 𝑣4𝑘4𝑞1 𝑣1𝑘1
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𝛼1
1

ℎ2 ℎ3 ℎ4ℎ1

Number of computations 
& memory requirement 
both grow quadratically 
to the sequence length

https://arxiv.org/abs/1706.03762


(Source: Vaswani et al., 2017)

• Goal: Learn to represent words as vectors

• Intuition: Synonyms should have close embeddings

• Should antonyms be far apart?
 Not quite, antonyms usually fall in the same “topic”
 For example, “happy” & “sad” are both emotions

Word Embedding

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017. 68

happy
joyful

pasta
ramen

sushi
sad

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

https://arxiv.org/abs/1706.03762


(Source: Vaswani et al., 2017)

• Intuition: A word could have different meanings at 
different positions

• Positional encoding provides positional information of 
the words to the model

Positional Encoding

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and Illia Polosukhin, “Attention Is All You Need,” NeurIPS, 2017.
erdem.pl/2021/05/understanding-positional-encoding-in-transformers 69

Added to the 
word embedding

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

Position 1

Position 2

Position 3

(Source: erdem.pl)
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• Data
 Yamaha e-Piano Competition dataset (MAESTRO)

• Representation
 128 Note-On events
 128 Note-Off events
 100 Time-Shift events (10ms–1s)
 32 Set-Velocity events

• Model
 Transformer

Music Transformer (Huang et al., 2019)

Cheng-Zhi Anna Huang, Ashish Vaswani, Jakob Uszkoreit, Noam Shazeer, Ian Simon, Curtis Hawthorne, Andrew M. Dai, Matthew D. Hoffman, Monica Dinculescu, and Douglas Eck, 
“Music Transformer: Generating Music with Long-Term Structure,” ICLR, 2019. 70

Almost the same
representation as 
PerformanceRNN

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan

Examples of generated music

Expressive dynamics

Expressive timing

https://arxiv.org/abs/1809.04281
https://arxiv.org/abs/1809.04281
https://arxiv.org/abs/1809.04281


Cheng-Zhi Anna Huang, Ashish Vaswani, Jakob Uszkoreit, Noam Shazeer, Ian Simon, Curtis Hawthorne, Andrew M. Dai, Matthew D. Hoffman, Monica Dinculescu, and Douglas Eck, 
“Music Transformer: Generating Music with Long-Term Structure,” ICLR, 2019.
Cheng-Zhi Anna Huang, Ashish Vaswani, Jakob Uszkoreit, Noam Shazeer, Ian Simon, Curtis Hawthorne, Andrew M. Dai, Matthew D. Hoffman, Monica Dinculescu, and Douglas Eck, 
“Music Transformer: Generating Music with Long-Term Structure,” Magenta Blog, December 13, 2018.

Visualizing Musical Self-attention (Huang et al., 2018)
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(Each color represents an attention head)

First chord
Current chord

(Source: Huang et al., 2018)

Hao-Wen Dong, Generative AI for Music and Audio Creation (PAT 464/564), University of Michigan
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• Measuring mean relative attention

• The MMT model attends more to notes

Positive/negative gain 

that are 𝟒𝑵 beats away in the past

(Source: Dong et al., 2023)

Analyzing Musical Self-attention (Dong et al., 2023)
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Hao-Wen Dong, Ke Chen, Shlomo Dubnov, Julian McAuley, and Taylor Berg-Kirkpatrick, “Multitrack Music Transformer,” ICASSP, 2023.

Positive/negative gain 

that has a pitch in an octave above 
which forms a consonant interval

(Source: Dong et al., 2023)

https://arxiv.org/abs/2207.06983


Transformer II

Next Lecture

(Source: Holtzman et a., 2020)

Probability

Time step
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