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Why this event?

1. Quantum Software Focus

2. Opportunity to meet with Sabre Kais again

3. Quantum Data Analytics Focus
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Review Articles

1. Quantum Machine Learning

Jacob Biamonte and others

Nature 549, 195-202 (2017)

2. Tensor Networks in a Nutshell

Jacob Biamonte and Ville Bergholm

in review (2019) arXiv:1708.00006

3. Complex Networks from Classical to Quantum

Jacob Biamonte, Mauro Faccin and Manlio De Dominico

Communications Physics 2, 53 (2019)

4. Pushing Tensor Networks to the Limit

Anastasiia A. Pervishko and Jacob Biamonte

Physics 12, 59 (2019)

5. Charged String Tensor Networks

Jacob Biamonte

Proceedings of the National Academy of Sciences 114, 2447 (2017)
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Why ‘simulators’?

1. Concept: Time-scales of physical processes can be much shorter

than time to simulate those processes with conventional computer

algorithms

2. Past: Wind tunnels simulate 
uid dynamics|now nearly replaced

with supercomputers

3. Future: Quantum systems are di�cult to simulate with

supercomputers

! replace computer algorithms with actual physics
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Experiments towards new computers

1. Idea: build a physical system and measure it ! ‘simulator’

2. Goal: increased control ! programmable simulator ! universal

computer...

3. Manufacturing technologies now enable precise control at the small

scale

4. The world is racing to utilize natural physical processes to compute

5. Example: replace simulated annealing with physical annealing!
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Today’s talk

Part I. Breaking Things: when do simulators fail?

1. When do stochastic annealers fail?

2. When do variational quantum approximate optimization algorithms

fail (QAOA)?

Part II. Optimistic Predictions: how far can simulators be pushed?

3. Merging quantum simulation with machine learning?

4. Does variational quantum computation admit a universal model of

quantum computation?
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Part I. When do simulators fail?

1. When do stochastic annealers fail?

Computational Phase Transition Signature in Gibbs Sampling

H. Philathong, V. Akshay, I. Zacharov, J. Biamonte

in review (2019) arXiv:1906.10705

H. Philathong V. Akshay I. Zacharov
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Satisfiability Instances

1. The k-satis�ability (k-SAT) problem is a decision problem

determining satis�ability of Boolean formula.

2. We let a k-SAT instance consist of M clauses over N Boolean

variables.

3. The clause density of a random instance is de�ned by the simple

faction � = M=N.
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Satisfiability Phase Transition Signature arXiv:1906.10705
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Figure 1: Percent of satisfiabity and run-time versus clause density. For every

clause density �, we generated 1; 000 2-SAT instances (left) and 3-SAT

instances (right). �c = 1 and �c = 4:27 for 2-SAT and 3-SAT respectively;

Simple resolution SAT for � < �c and UNSAT for � > �c ; Hard resolution for

� ∼ �c .
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Ground State Occupancy of Thermal States

1. We encode 2 (3)-SAT instances into Hamiltonians ! ground state

minimizes instance.

2. 2-SAT maps directly to two-body Hamiltonians; requires

long-range ! all-to-all connectivity

3. Thermal equilibrium ideally described by Gibbs state,

�� =
e��H

Z
; Z = trfe��Hg; (1)

H is the 2 (3)-SAT Hamiltonian, � is inverse temperature.

4. Occupancy in the (possibly degenerate d) lowest-energy, �min,

subspace becomes

p (�min; �) =
1

Z

dX
i=1

hi j e��H jii =
d

Z
e���min : (2)

5. The quantity p (�min; �) accesses the di�culty of sampling the

solution.
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Ground State Occupancy of Thermal States arXiv:1906.10705
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Figure 2: Occupancy of the thermal ground state corresponding to

Hamiltonians embedding 2-SAT instances (left) and 3-SAT instances (right)

across the algorithmic phase transition. (26 spins; � = 1; 2; 3; vertical bars,

standard deviation).

Empirical. For �xed �, there exists problem instances requiring

signi�cant sampling time to recover the ground-state.
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Ground State Occupancy of Thermal States arXiv:1906.10705

What average inverse temperature is required to ensure that the
occupancy of the ground thermal state,p (� min; � ), is greater than 0.9?

Figure 3: Minimum � for 2-SAT (left) and 3-SAT (right) such that the ground
state occupancy,p (� min; � ), is greater than 0:9 across the algorithmic phase
transition (26 spins).
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Towards variational quantum circuits as machine learning mod-
els

1. A hybrid quantum-classical algorithm to minimize the energy of a
spin Hamiltonian [Nat. Comm. 5, 4213 (2014)]

2. Frarhi and othersarXiv:1411.4028 , 2014

3. A quantum algorithm to train neural networks using low-depth
circuits
Guillaume Verdon, Michael Broughton, Jacob Biamonte
in review (2019) arXiv:1712.05304

4. Machine Learning Phase Transitions with a Quantum
Processor
Alexey Uvarov, Andrey Kardashin, Jacob Biamonte
in review (2019) arXiv:1906.10155
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1. Select a parametrized quantum circuit (an ansatz)

j (� )i = Uk (� k ) : : : U1(� 1) j0i

2. Minimize some objective function

3. (Example.) h (� )j H j (� )i over � by estimating each term
h (� )j H� j (� )i separately
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De�nition (Variational Statespace)
The variational statespace of al -parameterizedn-qubit state preparation
process is the complex linear extension ofj (� )i over all possible
assignments of real numbers� .

Spanfj  (� )i j � � R� l g � C
 n
2 (3)

arXiv:1903.04500
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De�nition (Bounded Objective Function)

We call a family of objective functions e�ciently computable when
uniformly generated by calculating the expected value of an operator with
bounded linear extension over


 � f 1; X ; Y ; Zg
O (ln n) � f 1; X ; Y ; Zg
O (poly ln n) � f 1; X ; Y ; Zg
 n:
(4)

DeepQuantum.AI Biamonte 15



Variational Statespace Examples

Examples include preparingj (� )i by either

1. a quantum circuit with� 2 (0; 2� ]� l tunable parameters as

j (� )i = � l Ul j0i 
 n (5)

whereUl is adjusted by� l

2. by tuning accessible time-dependent and appropriately bounded
parameters (� k (t ) corresponding to HermitianA(k) ) as

j i = T f e� {
P

� k (t )A(k)
g j0i 
 n (6)

whereT time orders the sequence and superscriptk indexes thekth
operatorA(k)

An interesting connection between variational algorithms and quantum
control is only now being explored.
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Poly-Computable Objective Function arXiv:1903.04500

De�nition (Poly-Computable Objective Function)

An objective function

f : j� i � O(poly( n)) ! R+ (7)

is called poly-computable provided poly(n) independent physical copies of
j� i can be e�ciently prepared to evaluate poly(n) expected values taken
from a subset of the Pauli algebra onn qubits.

We say an objective functionaccepts j� i i�

f (j� i � O(poly( n)) ) = f (j� i ; j� i ; : : : ; j� i ) < � (8)

evaluates strictly less than a chosen parameter �.
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Objective Function Examples

E�ciently computable objective function examples include:

1. Hamiltonian's in the Pauli basis known to be non-vanishing for at
most some poly(n) terms.

2. Calculating the expected value

h� j H j � i =
X

J ab::: c
��:::
 h� j � a

� � b
� � � � � c


 j� i (9)

In variational quantum computing, (9) is evaluated term-wise (i.e. each
h� j � a

� � b
� � � � � c


 j� i is evaluated on the quantum processor, scaled and
then the entire sum is evaluated classically). The goal is to vary overj� i
and minimize (9).
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Boolean Satis�ability

1. SAT-instances are embedded into Hamiltonians,

H SAT =
X

l

P(l ); (10)

wherel indexes each clause in the instance.

2. Unsatis�able assignments are penalized with at-least 1 unit of energy

3. QAOA with H x =
P

i � (i )
x and V = H SAT calculates the energy

approximation,

EQAOA
g = min

� ;�
h (� ; � )j H SAT j (� ; � )i : (11)
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Self-driving eigensolver

1. We can consider expected values of the RIG

f H; �; + ; RgO(ln n) (12)

2. The divergenceE2 = hH2i � h Hi 2 vanishes if and only if the
prepared state is an eigenstate of the Hamiltonian.

3. HerehHi 2 is calculated by �rst calculatinghHi and hH2i is

calculated by expanding
� P

J ab::: c
��:::
 � a

� � b
� � � � � c




� 2
and evaluating

not more than� poly(n)2 expected values.
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