
Variational ground state search on the 
BrainScaleS-2 neuromorphic hardware

15th March 2021, Virtual APS March Meeting

Robert Klassert1, Andreas Baumbach1, Stefanie Czischek1,2 and Martin Gärttner1

1 Kirchhoff-Institut für Physik, Ruprecht-Karls-Universität Heidelberg, Im NeuenheimerFeld 227, 
69120 Heidelberg, Germany
2 Department of Physics and Astronomy, University of Waterloo, Ontario, N2L 3G1, Canada



APS March Meeting

Simulating many-body systems with neural quantum states

2 / 7



APS March Meeting

Simulating many-body systems with neural quantum states

system of N qubits:

2 / 7



APS March Meeting

Simulating many-body systems with neural quantum states

system of N qubits:

desired variational ansatz:
● efficient representation 
● efficient sample generation

2 / 7



APS March Meeting

Simulating many-body systems with neural quantum states

system of N qubits:

desired variational ansatz:
● efficient representation 
● efficient sample generation

expectation values

synthetic 
measurement 
distribution

optimization

2 / 7



APS March Meeting

Simulating many-body systems with neural quantum states

system of N qubits:

desired variational ansatz:
● efficient representation 
● efficient sample generation

expectation values

synthetic 
measurement 
distribution

optimization

Restricted 
Boltzmann 
machine

2 / 7



APS March Meeting

Simulating many-body systems with neural quantum states

system of N qubits:

desired variational ansatz:
● efficient representation 
● efficient sample generation

expectation values

synthetic 
measurement 
distribution

optimization

Restricted 
Boltzmann 
machine

2 / 7



APS March Meeting

Simulating many-body systems with neural quantum states

system of N qubits:

desired variational ansatz:
● efficient representation 
● efficient sample generation

expectation values

synthetic 
measurement 
distribution

optimization

Restricted 
Boltzmann 
machine

2 / 7



APS March Meeting

Simulating many-body systems with neural quantum states

system of N qubits:

desired variational ansatz:
● efficient representation 
● efficient sample generation

expectation values

synthetic 
measurement 
distribution

optimization

Restricted 
Boltzmann 
machine

2 / 7



APS March Meeting

Why neuromorphic hardware for neural quantum states?

BrainScaleS-2 (BSS2) 
neuromorphic chip

3 / 7



APS March Meeting

Why neuromorphic hardware for neural quantum states?

● BSS2 implements physical SNN as continuous dynamical system

BrainScaleS-2 (BSS2) 
neuromorphic chip

Spiking neural network 
(SNN)

3 / 7



APS March Meeting

Why neuromorphic hardware for neural quantum states?

● BSS2 implements physical SNN as continuous dynamical system

BrainScaleS-2 (BSS2) 
neuromorphic chip

Spiking neural network 
(SNN)

3 / 7



APS March Meeting

Why neuromorphic hardware for neural quantum states?

● BSS2 implements physical SNN as continuous dynamical system

BrainScaleS-2 (BSS2) 
neuromorphic chip

Spiking neural network 
(SNN)

spiked!

3 / 7



APS March Meeting

Why neuromorphic hardware for neural quantum states?

● BSS2 implements physical SNN as continuous dynamical system

BrainScaleS-2 (BSS2) 
neuromorphic chip

Spiking neural network 
(SNN)

spiked!

3 / 7



APS March Meeting

Why neuromorphic hardware for neural quantum states?

● BSS2 implements physical SNN as continuous dynamical system
● inherent parallelism enables fast sampling independent of network size 

BrainScaleS-2 (BSS2) 
neuromorphic chip

Spiking neural network 
(SNN)

spiked!

3 / 7



APS March Meeting

Why neuromorphic hardware for neural quantum states?

● BSS2 implements physical SNN as continuous dynamical system
● inherent parallelism enables fast sampling independent of network size 
● recently Czischek et al., arXiv:2008.01039 (2020), show high-fidelity encoding of 

Bell pairs 
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