Control of
many-body quantum dynamies

Simone Montangero - Ulm University

KITP - 01/03/2013




Optimal control




Optimal control




Optimal control




Optimal control




Optimal control

* Few-body quantum systems: standard optimal control
(high-accuracy, complete knowledge, many iterations...)

H. Rabitz, NJP (2009)
Altafini & Ticozzi IEEE (2012)




Optimal control

* Few-body quantum systems: standard optimal control
(high-accuracy, complete knowledge, many iterations...)

* Many-body? H. Rabitz, NJP (2009)

Altafini & Ticozzi IEEE (2012)




CRAB optimization

Control —




CRAB optimization

* Simple and versatile optimal control technique

+ Unique optimal control integrated with
tensor network methods (t-DMRG, ...)

* Works for open systems




CRAB optimization

* Simple and versatile optimal control technique Control

+ Unique optimal control integrated with
tensor network methods (t-DMRG, ...)

* Works for open systems




CRAB optimization

* Simple and versatile optimal control technique @il
+ Unique optimal control integrated with Many body
tensor network methods (t-DMRG, ...) quantum systems

* Works for open systems




CRAB optimization

A,

Control

* Simple and versatile optimal control technique Control

+ Unique optimal control integrated with Many body
tensor network methods (t-DMRG, ...) quantum systems

* Works for open systems Decoherence
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Chopped RAndom Basis

Expand control field over n ¢
“randomized” basis functions

Multivariable
Reduced basis method function minimization
Functional 6 = Direct Search
minimization methods
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Optimal QPI" crossing

atoms in cavities!
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CRAB Optimized dynamies
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Closed loop optimization
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Paradigm shift

Under which conditions
can we control MBQS?




(Quantum speed limit
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see also T. Caneva, M. Murphy, T. Calarco, R. Fazio, SM, V. Giovannetti, and G. E. Santoro,
Phys. Rev. Lett. 103, 240501 (2009).
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New questions

time 15 min

[s there something “new”
we can learn/achieve/gain
exploiting the control MBQS?
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Entanglement Storage Units

inset:
T VS noise intensity
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Atom chip experiments at (QS1.

see also R. Biiker et. al. Nat. Phys. 2011
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20 win

Single Photon Source at 30
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Control complexity

What are the physical limits of control of MBQS?
Controllability, Reachability, Quantum Speed Limit, ...

* Are there any algorithmic/informational limits?

+* How to characterize the complexity of the optimization task?

T. Caneva, A. Silva, R. Fazio, T. Calarco, S. Montangero, Arxive: 1301.6015
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Reversibility
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Diagonal KEntropy

we are inferested in
quantifying the state
complexity

v Introduces a preferrt 515

Sy = Z Onn 10E Prn v At equilibrium for d *qual
to VN entropy (positive, aaaiuve, U tor T=0)

v Constant for stationary (diagonal) states

D Z Prm|En(t))(Em(t)| v Constant for adiabatic processes

v Only increases from stationary states in
closed systems  Sq(T') > S4(0)

v Obeys fundamental Thermodynamical
equation:

AE:TAS+Z§TE AN
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v Only increases from stationary states in
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v Obeys fundamental Thermodynamical
equation:
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A. Polkovnikov, Annals of Physics (2011).
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Diagonal entropy reduction
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Reversed quantum dynamics

Multiple random (time &
strength) quenches

Initial ground state

CRAB optimization
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Reversed quantum dynamics

Multiple random (time &
strength) quenches

Initial ground state

CRAB optimization
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Robustness

[s all that robust against noise?
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Complexity

Error
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Complexity

S
L0 g(nf/B(N))= exp[(nf/B(N))A2]
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Scaling of the number of parameters with the system size B(N)
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Reversibility and Information
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(Conjecture

The complexity of the control task (control bandwidth) scales
as the dimension of the accessible Hilbert space
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Conclusions

* CRAB optimization can be applied successtully to MBQS dynamics
opening new perspectives.

* Using optimal control it is possible investigate qualitatively new
phenomena

* Optimal trajectories are robust with respect to noise and
perturbations.

* Complexity of control task can be characterized by the degrees of
freedom of the optimal driving field.

* Non-integrable MBQS are exponentially complex to be optimized
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