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Motivation : Grover Algorithm
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Task: Out of NV items in an tion of the Grover

unstructured database, M
are marked. Find a marked
item. |2|

operation in the
2D space spanned

by |w) and |).

Algorithm:

1. Prepare the superposition of all items:

Reinforcement Learning (RL):

N

: Z i) = sin@ |w) + cos @ |1) (1)

K3

e Interaction between an agent and an environment: the agent performs, at timestep ¢, an action a; and
receives the new state s¢yq of the environment and a reward 7441 in return

e Agent’s behavior is determined by its current policy 11

with sin = /2% |w) = ﬁziw 4), |1) = JNl_iMzi%M 4).
2. Apply the Grover operator G (k times):

G=Q2 @ -1)0 (2)

e Goal: learn optimal policy which maximizes the expected cumulative reward G; = ZZO:O kart 1 k11, Where
0 <~ < 1is a discount tactor

e The agent learns by interacting with the environment and updating its policy with the received information

Grid-World:

e Environment: 2D grid with a start and finish cell; cell positions as states:
finish cell is the only rewarded state

with the oracle O:

e Agent’s actions: {left, right, up, down}
e Goal: find the shortest path from start to finish

e ['pisodic: the agent is reset to its starting cell after finding a reward or after a certain number of steps
(strictly episodic)

),  else.

O i) — {— |4) , if item 4 is marked, i € M

3. Measuring the final state
G¥ ) = sin([2k + 1)0) |w) + cos([2k + 1]6) |1) (4)

yields success probability p = sin®([2k + 1]6).

Hybrid RL Algorithm

e Quadratic speedup in terms of sample complexity compared to a classical algorithm |3, 4]

e Hybrid: enhancement of a classical RL agent (e.g., SARSA, Q-Learning, Projective Simulation) with The Search Length Dilemma

amplitude amplification

. . Which search length L should we choose for the hybrid RL algorithm?
Prerequisites:

e Quantum registers for actions |a) 4, states |s) g, and rewards |r) p

e In a deterministic and strictly episodic environment, the environment’s response on an entire action sequence

Lesser risk that

a of length L can be described as Higher chance to
find shortest path L < Limin
Upny |@) 4 10)5 10) g = |@) 4 |5(@)) g |7(@)) R - (5) Less qubits Higher reward

probability

& gates required

. The unitary Ug,, can be used to create a phase kick-back oracle Of (see eq. (3)). e
1
I:L - Algorithm: Smaller Search Length Larger Search Length
iy . Ny =
| L.Forachosen search length L, prepare the weighted superposition of all sequences: 1) = > ~+/1l(a) |@)
;":-: 2. Prepare the reward register in the |—) p state. = HeeRL Ry
. 5 esearch Questions:
k | 3. Apply the Grover operator G = (2 |¢) (| — 1)Op (k times). Here, we choose k according to [1]. . | 3 . _
S A8 A e | T - 1. Given that we know the length L,;, of the shortest winning path, how do different strategies
AL . Measure the action register to receive a candidate sequence a’. with varying L perform?
' n Al , : : : LY
5. Play a” with the classical agent and update the agent’s policy Il according to the outcome. 2. Do we still have a quantum advantage in terms of performed actions if we release the strictly q
0. If the estimated reward probability exceeds the quantum profitability threshold, continue training classi- episodic condition for the classical agent? '
cally; else, return to step 1. 3. Knowing only L1 and L9 such that L; < Ly, < Lo, which strategies are optimal? P

Fixed Goal Scenario: L,,;, exactly known

Variations of the Hybrid RL Agent

Simulation:
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Figure 2: Cutout of the Grid-World S
layout used in the simulations. 5. Strategies with varying search length:
(Symbols: thick lines — walls, star — e Stochastic: at the start of an episode, randomly choose between using Ly
goal, robot — start position, triple ar- | . or the actual length L
tow — one-way door) 5 6- 7I 8l T 10- 50 50 100 o Alternating: use the oracle Op with L, for the first k£ /2 Grover iterations
Length and the oracle with the actual length L for the second k/2 iterations
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