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Analog quantum simulation
• Emulate one quantum system by engineering another to mimic it 

• Feynman’s original idea for quantum supremacy 
Feynman, Int. J. Theor. Phys. 21, 467 (1982)  

• Already an experimental reality, especially using AMO systems

Greiner Lab, Harvard



Analog quantum simulation

Analog quantum simulation has no natural notion of error correction

How does one assess when an analog quantum simulation result is robust 
to noise/imperfections?



Idealized analog quantum simulation
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Realistic analog quantum simulation
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Realistic analog quantum simulation
e.g. Simulation of static properties

h�Oi small?

Physicist Intuition: for many questions we “care 
about” (coarse-grained observables) microscopic 

imperfections in the model (Hamiltonian) should not matter. 

Intuition comes from condensed matter physics: 
renormalization flow, universality classes, etc.

Aims:

1. To formalize this intuition 
2. To develop tools to identify when this intuition is correct and when it is not



Quantifying parameter sensitivity

Greiner Lab, Harvard

A quantum simulator produces parameterized probability distributions
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Ideal many-body Hamiltonian dependent on K parameters
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Quantifying parameter sensitivity

Greiner Lab, Harvard

Robustness: how different are the output distributions under perturbations of 
the Hamiltonian parameters?

�

A quantum simulator produces parameterized probability distributions
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Quantifying parameter sensitivity

Greiner Lab, Harvard

Robustness: how different are the output distributions under perturbations of 
the Hamiltonian parameters?
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Kullback-Leibler divergence: a measure of difference between probability 
distributions



Quantifying parameter sensitivity

Greiner Lab, Harvard

Robustness: how different are the output distributions under perturbations of 
the Hamiltonian parameters?
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Quantifying parameter sensitivity
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Quantifying parameter sensitivity
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Spectral analysis of the FIM
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Quantum simulation of this model is trivially robust if all ⇣k ⇡ 0



Parameter space compression (PSC)
Sethna group, Cornell University

Why the unreasonable effectiveness of simple models in physics?
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e.g. particle diffusion

Plante & Cucinotta

Equation for particle density

Only 3 parameters! 



PSC and Fisher Information
Model dependent on K parameters � = (�1,�2, ...,�K)

Parametrized probability distribution 
over measurement outcomes {pm(�)}
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Key observation:
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PSC and Fisher Information
Model dependent on K parameters � = (�1,�2, ...,�K)
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Another way to think about this: 
Sensitivity analysis — FIM is the expected value of the Hessian:
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Parameter space compression
e.g. particle diffusion

Discrete time/space diffusion in 1D
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Equation for particle density

Machta et al. Science, 342, 604 (2013)

Observable here is the full particle 
density. 

If we ask what the particle density is at 
every time step, then eigenvalues are 
clustered. 

But if we only ask every few time steps, 
then eigenvalues separate, and a few 
important parameters emerge, and these 
are R, V, D.



Parameter space compression
e.g. particle diffusion

Discrete time/space diffusion in 1D
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Equation for particle density

Machta et al. Science, 342, 604 (2013)

Some terminology

Stiff parameters

Sloppy parameters

Diffusion is a sloppy model



Parameter space compression
Sloppiness abounds!

From the Sethna group website

This phenomenon has been demonstrated for many models in physics and 
biophysics. 

Models of nature tend to be sloppy, and this is why science is even possible



PSC and quantum simulation
Main point

PSC and model sloppiness are prerequisites for non-trivial robustness of quantum 
simulation

Are the quantum many-body models that people are interested in simulating 
sloppy?



Transverse-field Ising model
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Transverse-field Ising model

B0
0.5 1 1.5 2

lo
g 1
0(
ζ
k)

-25

-20

-15

-10

-5

0

β = 10
β = 1

Net magnetization observable

n = 10, J0 = 1

Stiff parameters

Sloppy parameters

Quantum critical point



Transverse-field Ising model
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What is the dominant stiff parameter?
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Fluctuations in Bi and Ji do not matter, as long as these (spatially) average to zero



Transverse-field Ising model
Correlation function observable

n = 10, J0 = 1

Stiff parameter

Sloppy parameters
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Transverse-field Ising model
Correlation function observable

n = 10, J0 = 1

Composition of stiff parameter

Cz(2, 6)
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Transverse-field Ising model
Correlation function observable

n = 10, J0 = 1

Composition of stiff parameter
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Around the critical 
point, the stiff 

parameter is a complex 
linear combination of all 

the parameters (c.f. 
collective phenomena, 
correlations depend on 

the whole system)



Why so sloppy?
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Why so sloppy?
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Use rank as a proxy for sloppiness

⇤ is full-rank, therefore rank(F )  rank(V )

Write as:



Why so sloppy?
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What dictates the rank of V?



Quantum simulation model symmetries
Let G be the group of symmetries of the quantum simulation model, i.e.

[Ug, H(�)] = 0

[Ug, O] = 0
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Translational invariance 
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Quantum simulation model symmetries
Model symmetries reduce rank of V, and hence of F

Algorithm for computing an upper bound on the rank of F: 

1. For all 1<= k <= K, compute the orbit of Hk under the symmetry group 

2. Number of distinct orbits will be the number of unique rows in V, and 
therefore a bound on the rank of V and F  

H(�) =
KX

k=1

�kHk

Recall
{UgHkU

†
g |g 2 G}Orbit:

Such a symmetry analysis allows us to extract the form of the stiff/influential 
parameter as well



Transverse-field Ising model revisited
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For any value of the model parameters, temperature, and any number of spins 

This is a very sloppy model, and hence robustly simulatable. 



Other models
We have studied many other quantum-many body models of interest: 

1. 1D and 2D transverse-field Ising models with varying boundary 
conditions 

2. Heisenberg model 
3. Fermi-Hubbard model 
4. J1-J2-anti-ferromagnetic Heisenberg model (non-nearest neighbor 

interactions) 
5. Random/disordered transverse-field Ising model

See: 
Reliability of analog quantum simulation,  

M. Sarovar, J. Zhang, L. Zeng. arXiv:1603.09283



Scaling the analysis
The true value of a quantum simulator is to extract properties of models 
that are not classically tractable. 

FIM can only be explicitly calculated for small versions of a model. 

We propose the following strategies for scaling this analysis technique: 

1. Symmetry analysis can be done analytically, independent of system 
size. 

e.g. translational invariance a powerful symmetry that implies sensitivity to 
collective parameters for any model size. 

2. Sloppiness and form of stiff parameters carries over from small-scale 
models to large-scale versions.  

e.g. TFIM with correlation function 

See: 
Reliability of analog quantum simulation,  

M. Sarovar, J. Zhang, L. Zeng. arXiv:1603.09283



Transverse field Ising model
Correlation function observable

n = 10, J0 = 1
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Scaling the analysis
The true value of a quantum simulator is to extract properties of models 
that are not classically tractable. 

FIM can only be explicitly calculated for small versions of a model. 

We propose the following strategies for scaling this analysis technique: 

1. Symmetry analysis can be done analytically, independent of system 
size. 

e.g. translational invariance a powerful symmetry that implies sensitivity to 
collective parameters for any model size. 

2. Sloppiness and form of stiff parameters carries over from small-scale 
models to large-scale versions.  

e.g. TFIM with correlation function 
3. Conjecture: 

If a small-scale model is sloppy, then its large-scale version will also 
be sloppy.  

See: 
Reliability of analog quantum simulation,  

M. Sarovar, J. Zhang, L. Zeng. arXiv:1603.09283
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Poster preview
Optimizing coherent quantum feedback network for squeezed-light generation 

Constantin Brif et al.
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QNET model

O. Crisafulli et al. Optics Exp. 21, 18371 (2013)
Proposed and implemented two OPOs coupled in 
feedback configuration to produce enhanced 
squeezing

We perform an optimization study of 
this network to determine optimal 
parameter regimes and limits of 
performance (maximum squeezing, 
maximum squeezing bandwidth, etc.). 

In addition, we determine the 
robustness of the feedback loop to 
parameter fluctuations.


