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Abstract: <p>Convex optimization, linear and semidefinite programming in particular, has been a standard tool in gquantum information theory,
giving certificates of local and quantum correlations, contextuality, and more. Increasingly, similar methods are making headways in quantum
many-body physics, giving lower bounds -- and thus certificates -- on the ground state energy. The disadvantage of such methods is that they do not
scale well to large system sizes, whether those systems are multiparty Bell scenarios or lattice models of numerous sites. Machine<br />

learning is entering the field as the latest buzzword. While it provides a more scalable alternative to convex programming and enables forming new
conjectures, the outcome of learning methods remains uncertified. In this talk, | introduce the most important paradigms in machine learning for
guantum information theory, give an overview of some earlier work in the field, argue for the importance of certifiable predictions of learning
algorithms, and present some of our preliminary results.</p>
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An aphorism

“The question of whether machines can think is about as
relevant as the question of whether submarines can swim.”
— Edsger Dijkstra
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Related issues

@ Machine learning gives you scalable predictions, but no certificates.
@ Convex relaxations give you certificates, but they are not scalable.

© Quantum optimization gives you some optimum, but no certificates.
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Related papers

F. Baccari, D. Cavalcanti, P. Wittek, and A. Acin. “Efficient device-independent
entanglement detection for multipartite systems.” Physical Review X, 7:021042, 2017.

P. Huembeli, A. Dauphin, P. Wittek, C. Gogolin. “Automated discovery of

characteristic features of phase transitions in many-body localization.”
arXiv:1806.00419, 2018.

F. Baccari, C. Gogolin, P. Wittek, A. Acin. "Verification of Quantum Optimizers."
arXiv:1808.01275, 2018.
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Overall objectives

@ Use machine learning for intuition
e Possible quantum enhanced techniques.

@ Obtain certificates
© Repeat.

Out of scope: interpretability (e.g. arXiv:1802.03930, arXiv:1807.10300).
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If only machine learning was intelligent!

t-SNE on a good day
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If only machine learning was intelligent!

t-SNE on a good day
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t-SNE on a bad day

See DOI:10.23915/distill.00002
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Separable/entangled state classifier
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Figure: Left: tSNE for the FNN trained for 2 x 2 systems. Right: tSNE for the FNN trained for
2 x 3 systems. Perplexity in both cases is set to 50.
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A Separability-Entanglement Classifier via Machine Learning

A Separability-Entanglement Classifier via Machine Learning
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The problem of determining whether a given quantum state is entangled lies at the heart in quantum infor-
mation processing. Despite the many methods — such as the positive partial transpose (PPT) criterion and the
k-symmetric extendibility criterion — to tackle this problem, none of them enables a general, practical solution
due to the problem’s NP-hard complexity. Explicitly, states that are separable form a high-dimensional convex
set of vastly complicated structure. In this work, we build a new separability-entanglement classifier under-
pinned by machine learning techniques. Our method outperforms the existing methods in generic cases in terms
of both speed and accuracy, opening up the avenues to explore quantum entanglement via the machine learning
approach.

t-ph] 3 May 2017

Pirsa: 18080000 Page 10/43



This is a trap

Uncertified results by learning algorithms create animosity towards
these methods.
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A standard trick

Focus on something that can actually be certified

Local measurements

Set of states » Set of correlations

pAl,...,AN (M-’T:I ®®MJ‘V>
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Polynomial optimization problems

We are interested in finding the global minimum p* of a polynomial p(x):

Py — p* = min p(x), (1)

where K is a not necessarily convex set defined by polynomial inequalities
gf(x) 2011: 1,...,!'.
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Polynomial optimization problems, round 2

The generic form is:

inf Tr(p(X)p)
such that
Tr(p) =1,p>0
glX)20, i=l..,8
Tr(q(X)p) >0, j=1,....1
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Polynomial optimization problems, round 2

The generic form is:

inf Tr(p(X)p)
such that
Tr(p) =1,p>0
glX)20, i=l..,8
Tr(q(X)p) >0, j=1,....1

What is the measure here?
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Semidefinite programming relaxations

We replace the optimization problem by the following SDP: such that
min 3 Pt
¢ w
such that
M(y) = 0,

M(giy) > 0,i=1,...,r.

Z Qwyw =0,=1,...,1.
lw|<2k

Pironio, S.; Navascués, M. & Acin, A. Convergent relaxations of polynomial
optimization problems with noncommuting variables. SIAM Journal on Optimization,
SIAM, 2010, 20, 2157-2180. arXiv:0903.4368
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Efficient multipartite entanglement detection
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Two-body correlators and moving beyond linear programming

(AW) one-body
(A.,(,i) A(,’?) ) two-body

(AL AR ANy full-body
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How about the Ising model?

It is just a polynomial optimization problem of commuting variables:

N
H((?) = Z Jijoioj + Z h;o;.
1

<ig> i=
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Denoising Pikachu
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Other lattice models

The quantum Ising model is a lot harder to relax:

N N
H(d) = Z Jijofof + Z hiof + +Zg,-af-‘.
i=1 i=1

<ij>

Various flavours of the Hubbard model:

Heroe = Z [cjcs + csTcr - ’y(c:[ci + csc,)] — 2\ Z cic,
r

<rs>
The fermionic operators are subject to the following constraints:
{Cr: Cl-} — (Srera

fial e} =0,
{C,rg Cs} — O.
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How to exploit sparsity

a) An example of graph G that is not chordal, together with an option of edges to add
(shown in red) in order to obtain a chordal extension G¢. Notice that the new edges
are chosen to “break” the larger cycles, such as for example the cycle {1,5,9,8}. b)
The graph G¢ and its corresponding maximal cliques C;, shown in the different colors.
In this example, the graph has n. = 6 cliques, out of them two are composed of 4
vertices, while the remaining ones consist of 3 vertices each. The G¢ is much sparser.
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Sparse version
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Chordal branch and bound

Example of sequences of upper and lower bounds obtained during a branching
procedure for a 2D Ising model of lattice size 15 x 15. The convergence is met,

o o © L2 o O o &

4 6 8
Step

N+

- § g §- B804

L G- -

10 12 14 16

yielding a certified value for the ground state energy and configuration, after less than

20 steps, instead of having to explore all of the 222> configurations.

arXiv:1808.01275
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The advantage of exploiting sparsity
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The problem is finding the ground state energy for a 2D Ising ferromagnetic model
with random Gaussian magnetic field, close to the phase transition at ¢ = 1.5. The
time estimation was averaged over 100 disorder realizations, except for the largest
system size, where the averaging was reduced to 10 samples. The comparison is shown
in a linear scale and double logarithmic in the inset. The dashed lines in the inset are

power laws of the form L0 and L®, demonstrating the claimed polynomial scaling of
the runtime N° for BB vs. N3 for CBB.

Pirsa: 18080000 Page 26/43



Rigetti 19Q
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D-Wave 2000Q
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Verifying quantum optimizers

D-Wave CBB
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Left: Comparison of the lowest energy value for a disordered phase at ¢ = 1.5 on a
triangular lattice on a 2040-qubit quantum annealer and the chordal branch and bound
algorithm. Right: comparison of the corresponding ground state spin configuration for
the case where the lowest energy was not achieved. Yellow spins are +1 and black one
-1.
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Discriminative learning

Pirsa: 18080000 Page 31/43



Generative models

A

Training set Discriminator

'fffj {fﬁg’ {Fake

Generator ~Fake image

From https://sthalles.github.io/intro-to-gans/

LeCun: “GANs is the most interesting idea in the last ten years in machine learning.”
Because you can generate creepy fake dogs!

Figure: Source: arXiv:1609.03126
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A note on convolution

A blurring and an edge-detecting filter.

0/{0|0]|0|0
0/1/1(1(|0
O/1/1(1|0
0/1{1[1(0
0/0{0[|0|0O

Based on http://www.wildml.com/2015/11/understanding-convolutional-neural-networks-for-nlp/
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Representation and abstraction

96 basic filters in layer 1 in CaffeNet reference implementation:

From https: //devblogs.nvidia.com/parallelforall /deep-learning-computer-vision-caffe-cudnn/

Representation: glue anything at the end. XGBoost, SVM, DBSCAN, k-NN, and so on.
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Quantum machine learning

RBMs are a good fit for quantum-enhanced sampling and are used as
domain-independent feature extractor that transforms raw data into hidden units.

This idea was the main reason why deep learning was introduced and why BMs started
the deep learning revolution in 2006.

They are quintessentially generative.

http://deeplearning.net/tutorial /rbm.html
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Stanford | ONLINE S

Quantum Information Theory

Machine Learning
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Beyond the Landau paradigm in many-body physics

Towards machine learning-assisted research: finding the transition to many-body
localized phase.

=% Phase discriminator}

D,

Adversarial ]

arXiv:1710.08382, arXiv:1806.00419
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Representation and intuition
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The output of the neural network directly provides a meaningful estimate of the phase
diagram for a finite system N = 12 from just 50 disorder realizations, while traditional
quantities, like the gap statistics (background on the right) are still far too noisy. The
dots on the left are the extrapolated phase boundary in the thermodynamic limit

obtained from 100 disorder realizations via the data collapse for systems up to N = 18.
The symbols on the right are the phase boundaries based on the average adjacent gap

ratio r and the dznamical sein fraction f for systems of size up to N =722
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The real deal: generative models
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We approximate the joint probability distribution p(x, y).
One-hot encode the label (same as feedforward networks).
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Plug in a quantum computer
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Ready to take to plunge?

@ Keep another eye on the PhysicsML page: https://physicsml.github.io/.
@ Know deep learning well.
e Generative models especially.

@ Know convex optimization well.
@ It's all open source:

e https://gitlab.com/peterwittek/ncpol2sdpa: Generate and solve SDP
relaxations.

e https://gitlab.com/FBaccari/Chordal_BB: Chordal branch and bround.

e https://github.com/apozas/ml-projects/: ML projects with QI as an
application area.

e https://github.com/PatrickHuembeli/
Adversarial-Domain-Adaptation-for-Identifying-Phase-Transitions:
Phase transitions with adversarial networks.
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Summary

Certification of ML predictions is indispensable.

Focus on problems that can be certified and apply ML there.

°
Q
@ Ensure that certificates scale to system sizes that ML can handle.
@ Naive research in this area is damaging.

o

https://peterwittek.com/pi.pdf
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