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The Original Transformer (vaswani et al., 2017)

« The original transformer model was proposed
for machine translation
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The Original Transformer (vaswani et al., 2017)
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Cross-attention (vaswani et al., 2017)
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Self-Attention vs. Cross-Attention
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Dzmitry Bahdanau, Kyunghyun Cho, and Yoshua Bengio, “Neural Machine Translation by Jointly Learning to Align and Translate,” /CLR, 2015.
Jianpeng Cheng, Li Dong, and Mirella Lapata, “Long Short-Term Memory-Networks for Machine Reading,” EMNLP, 2016.
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Transformer Encoder vs. Decoder (vaswani et al., 2017)
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LSTMs vs. BiLSTMSs
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Decoder-only vs. Encoder-only Transformer

Decoder-only transformer Encoder-only transformer
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Decoder-only Transformers (vaswani et al., 2017)
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Encoder-only Transformer (vaswani et al., 2017)
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Encoder-only Transformer (vaswani et al., 2017)
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Encoder-only Transformer (vaswani et al., 2017)
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Encoder-only Transformer (vaswani et al., 2017)
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Encoder-only Transformer (vaswani et al., 2017)
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Encoder-only Transformer (vaswani et al., 2017)

Xq X, X3 X4 ?
| | | |

qi Ak % g )k % q3) (s N V3 qs) \k Uy

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

() ()7 O (hy)
Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and lllia Polosukhin, “Attention Is All You Need,” NeurlIPS, 2017. 16

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


https://arxiv.org/abs/1706.03762

Decoder-only vs. Encoder-only Transformer

Decoder-only transformer
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Decoder-only vs. Encoder-only Transformer

Decoder-only transformer Encoder-only transformer

Access to only past information Access to past & future information
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Decoding Strategies
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Deep Autoregressive Models

- Intuition: Decompose the generation of a sequence into generating one

item after another
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Probability Beam Search Text is Less Surprising
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Beam Search

...to provide an overview of the
current state-of-the-art in the field
of computer vision and machine
learning, and to provide an
overview of the current
state-of-the-art in the field of
computer vision and machine
learning, and to provide an
overview of the current
state-of-the-art in the field of
computer vision and machine
learning, and to provide an
overview of the current
state-of-the-art in the field of
computer vision and machine
learning, and...

Ari Holtzman, Jan Buys, Li Du, Maxwell Forbes, and Yejin Choi, “The Curious Case of Neural Text Degeneration,” ICLR, 2020.
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¢ Do We Really Want the Most Probable Sequence?

Human

...which grant increased life span
and three years warranty. The
Antec HCé series consists of five
models with capacities spanning
from 400W to 900W. Here we
should note that we have already
tested the HCG-620 in a previous
review and were quite satisfied
With its performance. In today's
review we will rigorously test the
Antec HCG-520, which as its model
number implies, has 520W capacity
and contrary to Antec's strong
beliefs in multi-rail PSUs is

equipped...
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Deep Autoregressive Models

- Intuition: Decompose the generation of a sequence into generating one
item after another
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Decoding Strategies

—  Greedy search Pick the most probable word at each step

Search-based —

Pick the most probable word sequences jointly

o Beam search considering the top-K probable sequences so far

— Random sampling Sample randomly from the raw output distribution

Sample randomly from the output distribution

Sampling-based ——  Top-K sampling considering only the top-K probable words

Sample randomly from the output distribution
—  Top-p sampling considering only the top several probable words
that make up the top p% of the distribution

23
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Decoding Strategies

—  Greedy search Pick the most probable word at each step

Search-based —

Pick the most probable word sequences jointly

o Beam search considering the top-K probable sequences so far

— Random sampling Sample randomly from the raw output distribution

Sample randomly from the output distribution

Sampling-based ——  Top-K sampling considering only the top-K probable words

Sample randomly from the output distribution
—  Top-p sampling considering only the top several probable words
that make up the top p% of the distribution
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Beam Search
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Beam Search
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Beam Search

A transformer is a

Beam size =3

0.4 0.3
device used
0.4 0.3 0.2
electrical engineering for
0.1 0.2
bill that
0.6 . 0.3
learning device
0.3 0.2 0.2
deep concept concept
0.1 0.1
purple class
0.4 0.4
of model
0.2 0.3 0.3
concept that technique
0.3 0.1
for class

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

and so on!
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Probability Beam Search Text is Less Surprising
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Beam Search

...to provide an overview of the
current state-of-the-art in the field
of computer vision and machine
learning, and to provide an
overview of the current
state-of-the-art in the field of
computer vision and machine
learning, and to provide an
overview of the current
state-of-the-art in the field of
computer vision and machine
learning, and to provide an
overview of the current
state-of-the-art in the field of
computer vision and machine
learning, and...

Ari Holtzman, Jan Buys, Li Du, Maxwell Forbes, and Yejin Choi, “The Curious Case of Neural Text Degeneration,” ICLR, 2020.
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¢ Do We Really Want the Most Probable Sequence?

Human

...which grant increased life span
and three years warranty. The
Antec HCé series consists of five
models with capacities spanning
from 400W to 900W. Here we
should note that we have already
tested the HCG-620 in a previous
review and were quite satisfied
With its performance. In today's
review we will rigorously test the
Antec HCG-520, which as its model
number implies, has 520W capacity
and contrary to Antec's strong
beliefs in multi-rail PSUs is

equipped...
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Decoding Strategies

—  Greedy search Pick the most probable word at each step

Search-based —

Pick the most probable word sequences jointly

T Beam search considering the top-K probable sequences so far

— Random sampling Sample randomly from the raw output distribution

Sample randomly from the output distribution

Sampling-based ——  Top-K sampling considering only the top-K probable words

Sample randomly from the output distribution
—  Top-p sampling considering only the top several probable words
that make up the top p% of the distribution
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:§; Temperature adjusts the contrast of the distribution! 0

Shivam Mehta, “The need for sampling temperature and differences between whisper, GPT-3, and probabilistic model's temperature,” Shivam Mehta's Blog, 2023

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Top-K vs Top-p Sampling

Top-K sampling
K=5

Top-p sampling
p = 0.95

Shivam Mehta, “The need for sampling temperature and differences between whisper, GPT-3, and
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Balancing Coherence & Interestingness
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Ari Holtzman, Jan Buys, Li Du, Maxwell Forbes, and Yejin Choi, “The Curious Case of Neural Text Degeneration,” ICLR, 2020.
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Decoding Strategies

—  Greedy search Pick the most probable word at each step

Search-based —

Pick the most probable word sequences jointly

o Beam search considering the top-K probable sequences so far

— Random sampling Sample randomly from the raw output distribution

Sample randomly from the output distribution

Sampling-based ——  Top-K sampling considering only the top-K probable words

Sample randomly from the output distribution
—  Top-p sampling considering only the top several probable words
that make up the top p% of the distribution
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Tokenization

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

34



Breaking Words into Subwords

transformer —— trans form er
beautiful — beaut iful
whatsoever — what so ever

midwestern — mid west ern

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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OpenAl's Tokenizer

There's a lady who's sure all thais gold
And she's buying to Heaven

When she gets there she knows, if the stores are all closed

With a word she can get what she came for

and she's buying ao Heaven

Text Token IDs

platform.openai.com/tokenizer

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Byte-pair Encoding (BPE) (Gage, 1994; Sennrich et al., 2016)

Corpus

new
news
hewer
newest
best
low

lower

Learned vocabulary

Iteration
1 n e w s r t b 1 o
4x
2 n e w s r t b 1 o ne
4x
3 n e w s r t b 1 o ne new
2X
4 n e w s r t b 1l o ne new er
2X
5 h e w s r t b 1 o ne new er es
2X
6 n e w s r t b 1 o ne new er es est
2X
7 n e w s r t b 1l o ne new er es est 1lo
2X
8 n e w s r t b 1 o ne new er es est lo low
>

Merge inputs in the ordering how the merging rules were learned

Philip Gage, “A New Algorithm for Data Compression,” The C Users Journal, 12(2):23-38, 1994.
Rico Sennrich, Barry Haddow, and Alexandra Birch, “Neural Machine Translation of Rare Words with Subword Units,” ACL, 2016.

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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OpenAl's Tokenizer

Too common

Less common

Token IDs

platform.openai.com/tokenizer

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Byte-pair Encoding for Music (Fradet et al., 2023)
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(Source: Fradet et al., 2020)

Nathan Fradet, Nicolas Gutowski, Fabien Chhel, and Jean-Pierre Briot, “Byte Pair Encoding for Symbolic Music,” EMMLP, 2023.
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Byte-pair Encoding for Music (Fradet et al., 2023)

7 Pitch + Velocity + Duration + TimeShift
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(Source: Fradet et al., 2020)
Nathan Fradet, Nicolas Gutowski, Fabien Chhel, and Jean-Pierre Briot, “Byte Pair Encoding for Symbolic Music,” EMMLP, 2023. 40
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Four Paradigms of Music Generation

Symbolic music generation

-

Text-based

Program_change_80,

Note_on_60, Time_shift_2, Note_off_ 60,
Note_on_60, Time_shift_2, Note_off_ 680,
Note_on_76, Time_shift_2, Note_off 67,
Note_on_67, Time_shift_2, Note_off 67,

Pitch

Image-based

Piano roll

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

Audio-domain music generation

Time series-based

PO -

Waveform

Image-based
z
- Time
Spectrogram
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Transformers beyond Languages
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Vision Transformer (ViT) (Dosovitskiy et al., 2021)

Transformer Encoder

4 i
o - @) @) @ @;J @1;
J

* Extra learnable
[class] embedding [ Linear Projection of Flattened Patches

\

Representing an image as
a sequence of patches

(Source: Dosovitskiy et al., 2021)

Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua Zhai, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold, Sylvain
Gelly, Jakob Uszkoreit, and Neil Houlsby, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale,” ICLR, 2021.
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Audio Spectrogram Transformer (AST) (Gong et al., 2021)

» [.inear > Olltpllt

Transformer Encoder

ba)

| | |

* i S
Input Spectrogram ! .
- ial I

FE > 6 : 7 8

§ " Patch Split with Overlap E

(Source: Gong et al., 2021)

Yuan Gong, Yu-An Chung, and James Glass, “AST: Audio Spectrogram Transformer,” Interspeech, 2021.
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Representing audio
as a sequence of
spectrogram patches
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Tokenizing a Graph
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Token type
Node id (from|to)
Node/edge type

Sungho Lee, Jaehyun Park, Seungryeol Paik, and Kyogu Lee, “Blind Estimation of Audio Processing Graph,” ICASSP, 2023.
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45


https://arxiv.org/pdf/2303.08610

Estimating Audio Processing Graph (Lee et al., 2022)

Blind estimation framework

Parameter
Estimator

Prototype
Decoder

Reference
Encoder

Prototype decoder

Prototype decoding
[ Transformer ]

T T T T
n Token type

Token type
. 4|3|| Node id (from|to Node id (from|to
Tokenized n (tromito) (from|to)
graph ty3| Node/edge type Node/edge type
representation Xg X7
+ -
Vg U1
in| eqs |del| e3s ! Is | ez |out
(Source: Lee et al., 2023)
Sungho Lee, Jaehyun Park, Seungryeol Paik, and Kyogu Lee, “Blind Estimation of Audio Processing Graph,” ICASSP, 2023. 46
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Estimating Audio Processing Graph (Lee et al., 2022)

Dry

Reference

Estimation

Sungho Lee, Jaehyun Park, Seungryeol Paik, and Kyogu Lee, “Blind Estimation of Audio Processing Graph,” ICASSP, 2023.
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(Source: Lee et al., 2023)

sh-lee97.github.io/apg
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Recap

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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The Original Transformer (vaswani et al., 2017)

/ Output \
Probabilities

Linear

(" N
| Add & Norm |<ﬁ

Feed
Forward

/ - Add & Norm
Add & Norm \

Multi-Head
Feed Attention
Forward T 7 Nx

Decoder

Add & Norm
aske

Multi-Head Self-attention

ttenti

Self-attention ~

Encoder

o

o J

Positional D ¢ Positional
Encoding Encoding

Input Output
Embedding Embedding

\ Inputs/ Outputs
(Source: Vaswani et al20T7y &hiﬁed right) /

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and lllia Polosukhin, “Attention Is All You Need,” NeurlIPS, 2017.
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Cross-attention (vaswani et al., 2017)

Output
Probabilities

-
Cross-attention
Forward Nx
— er
Nix K Add & Norm y
f—’l Add & Norm | TEE
Multi-Head Multi-Head
Attention Attention
A /) A J )
] J U v,
Positional A Positional
Encodin D ¢ i
coding Encoding
Input Output
Embedding Embedding
Inputs Outputs
(Source: Vaswani et al., 2017) (shifted right)

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

Cross-Attention

Self-attention : S £ - = A
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(Source: Cheng et al., 2016) 1992

<end>

(Source: Bahdanau et al., 2015)

Dzmitry Bahdanau, Kyunghyun Cho, and Yoshua Bengio, “Neural Machine Translation by Jointly Learning to Align and Translate,” /CLR, 2015.
Jianpeng Cheng, Li Dong, and Mirella Lapata, “Long Short-Term Memory-Networks for Machine Reading,” EMNLP, 2016.
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Decoder-only vs. Encoder-only Transformer

Decoder-only transformer

Causal
self-attention

Access to only past information

Output
Probabilities

Linear

'y
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Feed
Forward

Positional
Encoding
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Input
Embedding
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Inputs

Encoder-only transformer
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Forward

Add & Norm

Multi-Head
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Input
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Access to past & future information

(Source: Vaswani et al., 2017)

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez, Lukasz Kaiser, and lllia Polosukhin, “Attention Is All You Need,” NeurlIPS, 2017.
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Decoder-only vs. Encoder-only Transformer

Decoder-only transformer Encoder-only transformer

Access to only past information Access to past & future information

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

—  Greedy search Pick the most probable word at each step

Search-based —

Pick the most probable word sequences jointly

o Beam search considering the top-K probable sequences so far

— Random sampling Sample randomly from the raw output distribution

Sample randomly from the output distribution

Sampling-based ——  Top-K sampling considering only the top-K probable words

Sample randomly from the output distribution
—  Top-p sampling considering only the top several probable words
that make up the top p% of the distribution

54
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—

Probability Beam Search Text is Less Surprising

1 y 3

0.8
2
S 06
3
o 0.4
o

0.2

0

0 20 40 60 80 Time step
Timestep Beam Search

Human

(Source: Holtzman et al., 2020)

Beam Search

...to provide an overview of the
current state-of-the-art in the field
of computer vision and machine
learning, and to provide an
overview of the current
state-of-the-art in the field of
computer vision and machine
learning, and to provide an
overview of the current
state-of-the-art in the field of
computer vision and machine
learning, and to provide an
overview of the current
state-of-the-art in the field of
computer vision and machine
learning, and...

Ari Holtzman, Jan Buys, Li Du, Maxwell Forbes, and Yejin Choi, “The Curious Case of Neural Text Degeneration,” ICLR, 2020.

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

¢ Do We Really Want the Most Probable Sequence?

Human

...which grant increased life span
and three years warranty. The
Antec HCé series consists of five
models with capacities spanning
from 400W to 900W. Here we
should note that we have already
tested the HCG-620 in a previous
review and were quite satisfied
With its performance. In today's
review we will rigorously test the
Antec HCG-520, which as its model
number implies, has 520W capacity
and contrary to Antec's strong
beliefs in multi-rail PSUs is

equipped...
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Temperature
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:§; Temperature adjusts the contrast of the distribution! 0

Shivam Mehta, “The need for sampling temperature and differences between whisper, GPT-3, and probabilistic model's temperature,” Shivam Mehta's Blog, 2023
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Top-K vs Top-p Sampling

Top-K sampling
K=5

Top-p sampling
p = 0.95

Shivam Mehta, “The need for sampling temperature and differences between whisper, GPT-3, and
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Planet Frankenstein

robabilistic model's temperature,” Shivam Mehta’s Blog, 2023
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Breaking Words into Subwords

transformer —— trans form er
beautiful — beaut iful
whatsoever — what so ever

midwestern — mid west ern

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Byte-pair Encoding (BPE) (Gage, 1994; Sennrich et al., 2016)

Corpus

new
news
hewer
newest
best
low

lower

Philip Gage, “A New Algorithm for Data Compression,” The C Users Journal, 12(2):23-38, 1994.
Rico Sennrich, Barry Haddow, and Alexandra Birch, “Neural Machine Translation of Rare Words with Subword Units,” ACL, 2016.

Learned vocabulary

Iteration
1 n e w s r t b 1 o
4x
2 h e w s r t b 1 o ne
4x
3 n e w s r t b 1 o ne new
2X
4 h e w s r t b 1 o ne new er
2X
5 n e w s r t b 1l o ne new er es
2X
6 h e w s r t b 1 o ne new er es est
2X
7 n e w s r t b 1 o ne new er es est 1lo
2X
8 h e w s r t b 1 o ne new er es est lo low
>

Merge inputs in the ordering how the merging rules were learned

Hao-Wen Dong, Generative Al for Music and Audio Creation (PAT 464/564), University of Michigan
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Byte-pair Encoding for Music (Fradet et al., 2023)
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(Source: Fradet et al., 2020)

Nathan Fradet, Nicolas Gutowski, Fabien Chhel, and Jean-Pierre Briot, “Byte Pair Encoding for Symbolic Music,” EMMLP, 2023.
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Next Lecture

VAEs & GANS
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