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e Transformers are a very sucessfull deep learning technique, especially in problems of
stochastic nature. Quantum mechanical systems have this characteristic. Here we use them

to study dynamics governed by the Schrodinger Equation.

’Lin et al., 2021.

"Vaswani et al., 2017;

Transformer Archictecture
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e A decoder-only transformer minimizes the loss function for next possible token.

® An input token is embedded in a ng,p, vector and the position information is included in a
positional embedding, as attention is permutation equivariant.

® An implementation based on ® was used in this work.

3Karpathy Andrej, 2022, NanoGPT, Github Repository.

‘ Transformer Generation

® As an initial benchmark of the implementation, we trained a model with nyg,45 = N apers = 4

and ng,;, = 64, on a set of 20 Bossa Nova Songs.

Robos sabem cantar?

Robo do Samba PI'Ompt
Moc¢a dmo corpo, do Hodo, roo-gaiganto

Can Robots sing?

Samba Robot

Body girl, from Hodo, roo-gaiganto
The prefo your ianquiina

Elastas mortado ineira para as tamar

e GPT understands Bossa Nova's

O prefo seu ianquiina .
it s sAtle e i 2 tamar structure in terms of paragraphs,
Pai, afasta de mim esse calice
Pai, afasta de mim esse calice
Pai, afasta de mim esse calice
Pai, afasta de mim esse calice
Pai, afasta de mim esse calice
De vinda Gina Geni!

Father, take this chalice away from me
Father, take this chalice away from me
Father, take this chalice away from me
Father, keep this chalice from me
Father, keep this chalice from me
Welcome Gina Geni!

sentences and authors.
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Generation

A béncao, Gera

® The lyrics are gibberish and with

Blessings, Generates

A beleza tama tristeza tem sempre uma esperanca

A tristeza tem sempre uma esperancga Beauty sadness always have hope

Sadness always has hope

many portuguese gramatical

Como dia a ha hoda Like day there is hoda

mistakes.

Caque eE gracama que a gente sente Caque e gracama that we feel

Como quem partir

Muto meu Brefeira ascido Like someone leaving

My Brefeira ascido

Seilé vai se estrena pra pran .
Seilé go launch for for n

T~ A

English human translation

Dynamics of a free quantum particle |

e [n a quantum mechanical system:

- The position of a particle is not uniquely determined. It is described by a

wavefunction ¥ (z, t). The probability density of measuring a particle at position

at time t is given by [ (=, ).
- The evolution of ¥(z, t) follows the Schrodinger equation: ih%_ 275’ LWz, )| (z, )
- We implemented the time evolution of a free gaussian particle with periodic boundary

conditions.
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e P different |¢(z, t)fwere simulated with random pairs of xq, po.

e K particle trajectories were sampled for each [ (x, ?f)|2

e Space and time were discretized in L (T) spacesteps (timesteps). Each spacestep corresponds
to a token . Each token position in a sentence corresponds to a time step. The transformer
was trained with 6x107 tokens, from P=11000 distributions and K=200 trajectories.
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Results: generating trajectories

e Ensembles of trajectories were generated with 3 "prompting” methods:

- Method 1:
* Randomly sampled positions il?qastifor the first Cg time steps. Transformer

autocompletes trajectories and generates a new one. A histogram is built with the

new trajectories. GPT Generated Sampled

Example: (Cg=—23)

Prompt Generation
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- Method 2:

* Most frequent positions 2, for the first C g time steps. Transformer autocompletes
trajectories. A histogram is built from autocompleted trajectories.

GPT Generated Sampled
Example: (Cg =23)
Prompt  Generation
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- Method 3:
* [nitial momentum and position were included in the dataset and given as prompt.
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e The resemblance between a generated probability distribution and the exact

probability distribution can be quantified with the Kullback-Leibler (KL) divergence.

KL( [|Q) =Y Plog Conclusions
2 e Transformers are able to partially
reproduce distributions from quantum
Lo mechanics.
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more powerful than context about
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trajectory positions. More simulations

Avg. Min KL

are necessary to understand the best

Avg. KL Divergence, training set

prompting method.

0o L e This proof of concept, is a first step to
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address harder problems in quantum

mechanics, using the transformer

architecture.




