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Amazing what progress we have made in 4 years!
Maybe | should have more hope
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ArXiv: 1410. 3831

Recently, it was suggested that modern RG techniques
developed in the context of quantum systems such as ma-
trix product states and tensor networks have a natural
interpretation in terms of variational RG [17]. These new
techniques exploit ideas such as entanglement entropy
and disentanglers which create a features with a mini-
mum amount of redundancy. It is an open question to see
whether these ideas can be imported into deep learning
algorithms. Our mapping also suggests a route for apply-
ing real space renormalization techniques to complicated
physical systems.



(Quantum State Preparations

- Cold atoms: preparing Bose-Einstein
condensates
» Paul Wigley et al., Nature, 2016
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* Quantum computing with SQUIDS, NV centers,
efc.

» Brian B. Zhou et al. Nature Physics, 2016
» R. Barends et al. Nature, 2016

(perhaps soon) Quantum machine learning (HHL)
» P. Rebenfrost et al., PRL 2014




T'he quantum state preparation problem

Drive system with a control
GOAL: Given sdimecoagtriiftdd, ke.)T) determine the

Hamiltonian (7-1(?)‘) such that the overlap t

% | a {arget st maximized:
/’g " __ i SN

F[H

Initial state 7‘- Schrédingerg olutor’\__k final state
for some ti
Na * Target %@ﬁ)
Evolved state




GOAL
prepare states in non-integrable Ising model

1. Two-Level System = 5% + h(t)S”

2. Many-Body System H(t) = Z S8 185 + h, S + he()S7
J



 Machine Learning

Reinforcement Learning in a Nutshell

RL states S = {s}

—» - Reinforcement Learning (RL)

rewards R = {r}

» available actions A = {a}

cumulative expected reward
or Q-function Q(s, a)

encodes experience/knowledge
agent ¢ /\

g ENVIRONMENT
— - %) )

LU o A © e 0

rewards R = {r(t) € [0, 1] \/

)

-1.0, +2.0, -

4.0, +8.0}

GOAL: maximise cumulative expected reward / Q-function (s, a)

starting from state s and taking action a

Sutton and Barto, Reinforcement Learning: an Introduction, MIT press (2015)



feedback loop,
@ updates Q(s, a)

1 startfromstate so = (t=0,h = —1)
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2
— how do we chose actions?

3
and use it to update Q)(s, a)

RL Applied to the State Preparation Problem
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Fidelity optimization

- We discretize the protocols (bang-bang protocols):

h(t) € {—h*, h*}

Il

h=(1:1:0: 0: 1:0: 1!0!0!D 50’ 1 ’1)

We will take:
h* =

P T—




Initially, the agent has no knowledge about the problem
and tries out random strategies...

Every episode (see bottom left corner), the computer
learns new bits of information about the problem.



How hard is this optimization problem?



Many-body problem

* Non-integrable chain of qubits: quantum

system

L
H(t) =) (=JS;S5F 1 + h(t)ST + h.S})

{

|7ybz> Ground-state of H, with h =-2

‘TP*) Ground-state of H, with h =+2

we take [>=6




Stochastic descent and local minima

- Start from an initial random protocol
-cg.: h=(1,1,0,0,1,0,1,0,0,0,0,1,1)
- Compute fidelity between final and target state f, = (.521
 Propose updating a single bit h =(1,1,1,0,1,0,1,0,0,0,0,1,1)

* If F1> Fo, accept update

« Continue until a local maximum is reached




Stochastic descent
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* For a non-convex landscape, multiple minima are found




Measuring order parameters

- We can define a variance order parameter:
#sample
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Measuring order parameters
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T'he single qubit phase diagram
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Many-body system phase diagram
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Manifold learning and clustering

- t-SNE: t-distributed stochastic neighbor embedding
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Clustering in Glassy Phase
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Conclusion

* RLIs an interesting paradigm for studying nonequilibrium
physics

» Quantum control can be understood in the language of phase
diagrams and phase transitions
* For a large class of control problems, it is equivalent to a spin-
glass:
> Extremely rugged energy-like landscape
» Exponential complexity in finding optimal control protocol
> Effective Ising glass - non-local frustrated couplings
* Exhibit a clustering transition we think is analogous to constraint
satisfaction problems
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