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| am a HEP physicist ~recently transitioned to
Google Al research

e Master thesis on Bottomonium decays @
Belle
e PhD @ UZH on WH -> tau tau @ CMS
e Post-doc @ U. Rochester
e CERN Fellow / Staff
e Jettagging
e Top physics
e B-physics (B-parking effort)
e Google Al focusing on audio
e Ambient and music



Disclaimer #1

The ML field is HUGE and moving fast

e Itis hard (if not impossible) to have a detailed
view of all the developments

e My views (and this presentation) are
necessarily biased by my research field and
lab

]
LY

New submissIons/y

180000 1
170000
160000 1
150000 -
140000 A
130000 A
120000 A
110000 A
100000 A
90000 A
80000 A
70000 +
60000 -
50000 1
40000
30000 +
20000 A
10000 -

gfin+econ
g-bio

stat

eess

s

math

physics+gr-qc+nlin+nucl+quant-ph

astro-ph
cond-mat
hep-*

From arXiv stats



https://info.arxiv.org/help/stats/2021_by_area/index.html

A case in point

'GEOMETRIC
DEEP LEARNING

ICLR 2021 Keynote - "Geometric Deep Learning: The Erlangen Programme of ML" - M Bronstein



https://www.youtube.com/watch?v=w6Pw4MOzMuo

Disclaimer #2

HEP

e Large labelled synthetic datasets
e Well established metrics
e High-precision simulations
e Generally high accuracy is required
e High-level signals
e Low-ish compute power

AlI/ML in an industry research lab

Some large labelled dataset, but
generally small and noisy

Huge unlabelled datasets

Mapping human
behaviours/preferences, metrics are a
guidance, but not necessarily a target
No synthetic data

Low-level signals (pixels,
waveforms/spectrograms, clicks,
tokens, etc..)

High compute power



Audio signal processing 101 - accelerated and condensed

log(|STFT(x¢,0)%)

Vocoder (ML)

Images from wikimedia [1], [2] 6


https://commons.wikimedia.org/wiki/File:Waveform_of_Habana_syndrome_sound.png
https://commons.wikimedia.org/wiki/File:Spectrogram-19thC.png

Generative models
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Transformers
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Transformers - Attention is all you need - arxiv:1706.03762
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https://arxiv.org/abs/1706.03762

Transformers types

Encoder only

[ Embeddings ]

[ Inputs ]

Encoder - decoder

[ Next token ]
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[ Inputs ]
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Decoder only
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Next token
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Inputs
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Long sequences (1) - Local attention: ETC, BigBird

arxiv:2004.08483 arxiv:2007.14062

Watts{Strogatz

I
FIII..ILJ.IIl



https://arxiv.org/abs/2004.08483
https://arxiv.org/abs/2007.14062

Long sequences (2) - Perceiver |/O, Peformer
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https://arxiv.org/abs/2107.14795
https://arxiv.org/abs/2009.14794

LMs, why so successful? - Training on unsupervised data

arxiv:1810.04805
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BERT e
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Masked Sentence A Masked Sentence B

Unlabeled Sentence A and B Pair

Pre-training

GPT-2 [paper] [graphic]
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https://arxiv.org/abs/1810.04805
https://d4mucfpksywv.cloudfront.net/better-language-models/language_models_are_unsupervised_multitask_learners.pdf
https://paperswithcode.com/model/gpt2-based-next-token-language-model

LMs got bigger: LLMs 100
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“We trained PaLM-540B on 6144 TPU v4 chips for 1200 hours...”
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https://arxiv.org/abs/2204.02311
https://arxiv.org/abs/2005.14165
https://arxiv.org/abs/2203.15556
https://arxiv.org/abs/2201.08239

LLMSs scaling rules
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https://arxiv.org/abs/2203.15556

Transformers outside languages: Vision Transformers

Vision Transformer (ViT)

arxiv:2010.11929
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https://arxiv.org/abs/2010.11929

Transformers outside languages: AudioLM / MusicLM

Acoustic tokens Semantic tokens

SoundStream w2v-BERT a rXiV: 2 2 09 031 4 3
j google-research.github.io/seanet/audiolm/examples/
A :
[ Intermediate Layer ] —»[ k-means ]
kel :
'

)
% arxiv:2301.11325

google-research.github.io/seanet/musiclm/examples/
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MuLan (Text) W

Generated audio

“Hip hop song with
l . violin soio*

MuLan (Audio)

E
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https://arxiv.org/abs/2209.03143
https://google-research.github.io/seanet/audiolm/examples/
https://arxiv.org/abs/2301.11325
https://google-research.github.io/seanet/musiclm/examples/

Diffusion models
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Diffusion models basics

Model

\-_—’

pext1|xt)
On — 0@z

Gaussian noise

arxiv:2006.11239
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https://arxiv.org/abs/2006.11239

Diffusion models basics

Model

pg Xt—1 |Xt

\-_—’

Gaussian noise

arxiv:2006.11239
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https://arxiv.org/abs/2006.11239

Diffusion models basics
po(wt—l |£L‘t, y) ~ Vmpe(w|y)

Pe(xt—1|Xta y)
@ , @ csster: Py (4]%) — Vapo (y]2)

Classifier guidance: Vmp9,¢,7 (.’Ely) = prg(a':ly) + ’Yvac,b (a:ly) arxiv:2105.05233
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https://arxiv.org/abs/2105.05233

Diffusion models basics
po(wt—l |£L't, y) ~ Vmpo(w|y)

po(X¢—1]x¢: Y)
@ ’ @ Classifier: D¢ (y|a:) — Vmpqs (’ylil?)

Classifier guidance: pr9,¢,7 (.’L‘ly) = prg(a':ly) + ’vaqu (ajly) arxiv:2105.05233

Classifier-free guidance: Vmp0,¢,7 (33 |y) = VDo (CB |y) _FYV:BPQS (w‘ _)

arxiv:2207.12598
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https://arxiv.org/abs/2105.05233
https://arxiv.org/abs/2207.12598

Diffusion models basics
po(wt—l |£IJt, y) ~ Vmpo(ww)

po(X¢—1]x¢: Y)
@ ’ @ Classifier: D¢ (ylaz) — Vmpqs (y|£l7)

Classifier guidance: pr9,¢,7 (.’L‘ly) = pr9($|y) + ’vaqu (a:ly) arxiv:2105.05233

Classifier-free guidance: Vmp0,¢,7 (33 |y) = VDo (33 |y) _7Va:p¢ (wl _)

arxiv:2207.12598

Negative prompt: Vmp9,¢,7 (:I? |y) = Vzpg (wly) _7V:I:p¢ (ZB |yl )
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https://arxiv.org/abs/2105.05233
https://arxiv.org/abs/2207.12598
https://github.com/AUTOMATIC1111/stable-diffusion-webui/wiki/Negative-prompt

Dall-e 2

ViT arxiv:2204.06125
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https://arxiv.org/abs/2204.06125

'A zombie in the
style of Picasso’

Stable diffusion
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arxiv:2112.10752



https://arxiv.org/abs/2112.10752

Music diffusion - Riffusion and Noise2Music

rock and roll electric guitar solo

P 0:00/0:05 =——— o) i arxiv:2302.03917
28



https://www.riffusion.com/about
https://google-research.github.io/noise2music/
https://arxiv.org/abs/2302.03917

A hybrid approach - MaskGit/Muse

arxiv:2301.00704

Sequential
Decoding

with Autoregressive
Transformers

t=120 t=200 t=255

Scheduled
Parallel

Decoding
with MaskGIT
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https://arxiv.org/abs/2301.00704

A hybrid approach - MaskGit/Muse
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arxiv:2301.00704

Mask-free Editing

A man wearing a christ- A woman wearing a dress
t-shirt with “hello mas sweater. 30
world” written on it

a t-shirt


https://arxiv.org/abs/2301.00704

Conclusions

How would you conclude a presentation on the latest generative Al techniques and
architectures?

In conclusion, we have seen that generative Al techniques and architectures have come a
long way in recent years, from simple models such as Variational Autoencoders to
complex models such as Generative Adversarial Networks and Transformers. These
models have enabled us to generate high-quality images, text, and even music, which was
previously impossible using traditional methods.

However, there are still several challenges that need to be addressed, such as mode
collapse, training instability, and the generation of coherent long-form text. Despite these
challenges, the potential applications of generative Al are vast and exciting, ranging from
generating synthetic data for training models to creating new art forms and even helping
in drug discovery.

As the field of generative Al continues to evolve, it is crucial to keep pushing the
boundaries of what is possible while also addressing the ethical and societal implications
of these technologies. With continued research and development, we can expect even

more impressive and impactful applications of generative Al in the future.
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