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Abstract. Finding the ground state of the Ising spin-glass is an important and challenging problem (NP-hard, in fact) in condensed matter physics. However, its applications spread far beyond physic due to
its deep relation to various combinatorial optimization problems, such
as travelling salesman or protein folding. Sophisticated and promising
new methods for solving Ising instances rely on quantum resources.
In particular, quantum annealing is a quantum computation paradigm,
that is especially well suited for Quadratic Unconstrained Binary Optimization (QUBO). Nevertheless, commercially available quantum annealers (i.e., D-Wave) are prone to various errors, and their ability to
ﬁnd low energetic states (corresponding to solutions of superior quality)
is limited. This naturally calls for a post-processing procedure to correct errors (capable of lowering the energy found by the annealer). As a
proof-of-concept, this work combines the recent ideas revolving around
the DIRAC architecture with the Chimera topology and applies them in
a real-world setting as an error-correcting scheme for quantum annealers.
Our preliminary results show how to correct states output by quantum
annealers using reinforcement learning. Such an approach exhibits excellent scalability, as it can be trained on small instances and deployed
for large ones. However, its performance on the chimera graph is still
inferior to a typical algorithm one could incorporate in this context, e.g.,
simulated annealing.
Keywords: Quantum error correction · Quantum Annealing · Deep reinforcement learning · Graph neural networks.

1

Introduction

Many complex and signiﬁcant optimization problems (such as all of Karp’s 21
NP-complete problems [18], the travelling salesman problem [17], the protein
folding problem [3], ﬁnancial portfolio management [26]) can be mapped into
the problem of ﬁnding the ground state of the Ising spin-glass. Sophisticated and
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promising new methods for solving Ising instances rely on quantum computation,
particularly quantum annealing.
Quantum annealing is a form of quantum computing particularly well-tailored
for optimization [13,27]. It is closely related to adiabatic quantum computation [19], a paradigm of universal quantum computation which relies on the adiabatic theorem [14] to perform calculations. It is equivalent (up to polynomial
overhead) to the better-known gate model of quantum computation [19]. Nevertheless, commercially available quantum annealers (i.e., D-Wave) are prone to
various errors, and their ability to ﬁnd low energetic states is limited.
Inspired by the recently proposed deep reinforcement learning method for
ﬁnding spin glass ground states [8], here, we propose a new post-processing error correction schema for quantum annealers called Simulated Annealing with
Reinforcement (SAwR). In this procedure, we combine deep reinforcement learning with simulated annealing. We employ a graph neural network to encode
the Ising instance into an ensemble of low-dimensional vectors used for reinforcement learning. The agent learns a strategy for improving (ﬁnding a lower
energy state) solutions given by the physical quantum annealer. The process of
ﬁnding the lower energy state involves ”ﬂipping” spins one by one according to
the learned strategy and recording the energy state after each step. The solution
is deﬁned as the lowest energy state found during this procedure. In Simulated
Annealing with Reinforcement, we start with simulated annealing and, at low
temperature, we replace the Metropolis-Hasting criterion with a single pass of
spin ﬂipping procedure.
Unlike recent error-correcting schema [24,25,30] we do not utilize multiple
physical qubits for representing single logical qubits. This approach allows for
a far greater size of problems to which our method applies. However, the performance of SAwR is still inferior to a typical algorithm one could incorporate
in this context, such as simulated annealing. Nevertheless, using reinforcement
learning for post-error correction is still an open and promising avenue of research.

2
2.1

Ising Spin Glass and Quantum Annealing
Quantum Annealing in D-Wave

The Ising problem is deﬁned on some arbitrary simple graph G. An Ising Hamiltonian is given by:
HIsing (σ) =

X
hi,ji∈G

Ji,j σi σj +

X

hi σi ,

(1)

i

where σi ∈ {+1, −1} denotes the i-th Ising spin, σ = {σ1 , . . . , σn } is the vector
representation of a spin conﬁguration. hi, ji denotes neighbours in graph G,
Ji,j strength of interaction (coupling coeﬃcient) between i-th and j-th spin.
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Fig. 1: Overview of our method, arrows represent subsequent steps. First, we deﬁne
the Ising instance by providing couplings strength and biases (external magnetic ﬁeld
strength). Then we obtain the proposed solution from a quantum annealer. Here, it is
represented by a single Chimera unit cell rendered as a graph. Black nodes represent
spin value σi = −1 and white nodes represent spin value σi = 1. Edges represent couplings between spins. In the next step, we encode such an instance using a graph neural
network into the matrix of encodings, where each row corresponds to the embedding
of a vertex. Then this matrix is passed through a decoder to obtain Q-values of actions
associated with each vertex. The spin ﬂipping procedure involves ”ﬂipping” spins one
by one according to Q-Values, starting from the highest and recording the energy state
after each step. The solution is deﬁned as the lowest energy state found during this
procedure.

hi is external magnetic ﬁeld (bias) aﬀecting i-th spin. The goal is to ﬁnd spin
conﬁguration, called ground state,
σ ∗ = arg min HIsing (σ).

(2)

σ

such that energy of HIsing is minimal. This is an NP-hard problem. Quantum annealing is a method for ﬁnding the ground state of (1). This is done by adiabatic
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evolution from the initial Hamiltonian HX of the Transverse-ﬁeld Ising model
to the ﬁnal Hamiltonian HIsing . The Hamiltonian of this process is described by
P

H(t) = A(t)HX + B(t)HIsing ,
x

(3)

x

where HX = i σ̂i and σ̂i is the standard Pauli X matrix acting on the ith qubit. The function A(t) decreases monotonically to zero, while B(t) increases monotonically from zero, with t ∈ [0, tf ], where tf denotes total time
of anneal [11,27]. For a closed system, the adiabatic theorem guarantees that if
the initial state is the ground state, then the ﬁnal state will be arbitrarily close
to the ground state, provided all technical requirements are met [14]. In summary, the systems start with a set of qubits, each in a superposition state of −1
and 1. By annealing, the system collapses into the classical state that represents
the minimum energy state of the problem, or one very close to it.
The D-Wave 2000Q is a psychical realization of the quantum annealing algorithm. Sadly, the idealized conditions of the adiabatic theorem are nearly
impossible to be realized in a physical device. In such an open system, there is
inevitable thermal noise which may cause decoherence [7]. Furthermore, due to
technical limitations, those device suﬀers from programming control errors on
the hi and Ji,j terms, which can unintentionally cause the annealer to evolve
according to the wrong Hamiltonian [1].
2.2

D-Wave 2000Q

At the heart of every D-wave quantum annealer lies the Quantum Processing
Unit (QPU), which is a lattice of interconnected qubits. While its physical details
are beyond the scope of this paper4 , it is necessary to mention some technical
details. In QPU, qubits can be thought of as loops being ”oriented” vertically or
horizontally (see ﬁgure 2) and connected to each other via devices called couplers.
How qubits and couplers are interconnected is described by QPU topology.
As of the time of writing, there are two available architectures of D-Wave
quantum annealers, namely 2000Q with Chimera topology deployed in 2017 and
Advantage with Pegasus topology deployed in 2020. Third, called Advantage 2
with Zephyr topology [2] is stated to release in 2023-2024 [5]. In this work, we
will focus on the 2000Q device and Chimera topology.
Chimera Topology The basic building block of Chimera topology is a set
of connected qubits called a unit cell. Each unit cell consists of four horizontal
qubits connected to four vertical qubits via couplers which form bipartite connectivity as seen in ﬁgure 3. Unit cells are tiled vertically and horizontally with
adjacent qubits connected, creating a lattice of sparsely connected qubits.
It is conceptually valuable to categorize couplers into internal couplers which
connect intersecting (orthogonal) qubits and external couplers which connect
colinear pairs of qubits (that is, pairs of qubits that lie in the same row or
4

Interested reader may ﬁnd details in [4] and [12]
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Fig. 2: Qubits are represented as horizontal and vertical loops. This graphic shows
three coupled unit cells with eight qubits each. Green dots represent internal couplers
connecting qubits inside the unit cell, while blue bars represent external couplers connecting diﬀerent unit cells.

column). The notation Cn describes the Chimera grid composed of n×n coupled
unit cells, consisting of 8n2 qubits. D-Wave 2000Q device is equipped with C16
QPU, with more than 2000 qubits [6].
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Fig. 3: Diﬀerent renderings of Chimera unit cell as graph. Nodes represent qubits and
edges represent internal couplers.

3
3.1

Results
Reinforcement Learning Formulation

We will consider standard reinforcement learning setting deﬁned as Markov Decision Process [29] where an agent interacts with an environment over a number
of discrete time steps t = 0, 1, . . . , T . At each time step t, the agent receives a
state st and selects an action at from some set of possible actions A according
to its policy π, where π is a mapping from set of states S to set of actions A.
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Flip 5th spin

Flip 1st spin

Flip nth spin

Fig. 4: Overview of single episode. To simplify, we show it on a single Chimera unit
cell. White nodes represent σi = 1 and black nodes represent σi = −1 We start in
some state s0 and one by one we ﬂip spins until all spins are ﬂipped. The solution is
deﬁned as spin conﬁguration σ ∗ corresponding lowest energy state found during this
procedure.

In return, the agent receives a scalar reward rt and moves to next state st+1 .
The process continues until the agent reaches a terminal state sT after which
the process restarts. We call one
of such process an episode. The return
P pass
−t k
at time step t, denoted Rt = Tk=0
γ rt+k is deﬁned as sum of rewards that
agent will receive for rest of the episode discounted by discount factor γ ∈ (0, 1].
The goal of the agent is to maximize the expected return from each state st .
We will start by deﬁning state, action, and reward in the context of the Ising
spin-glass model.
– State: a state s represents the observed spin glass instance, including both
the spin conﬁguration σ, the coupling strengths {Jij } and values of external
magnetic ﬁeld {hi }.
– Action: an action a(i) means to ﬂip spin i. By ﬂipping spin we mean changing
is value to opposite. For example, after agent performs action a(i) , spin σi = 1
becomes σi = −1. Agent can ﬂip each spin once.
(i)
– Reward: the reward r(st ; at ; st+1 ) is deﬁned as the energy change after
ﬂipping spin i from state st to a new state st+1 .
Starting at t = 0, an agent ﬂips one spin during each time step, which moves
him to the next state (diﬀerent spin conﬁguration). The terminal state sT is met
when the agent has ﬂipped each spin. The solution is deﬁned as spin conﬁguration
σ corresponding lowest energy state found during this procedure.
An action-value function Qπ (s, a) = E(Rt | st = s, at = a) is the expected
return for selecting action a in state s and following policy π. The value Qπ (s, a)
is often called Q-value of action a in state s. The optimal action-value function
Q∗ (s, a) = maxπ Qπ (s, a) which gives the maximum action value for state s and
action a achievable by any policy. As learning optimal action-value function is in
practice infeasible, We seek to learn function approximator Q(s, a; Θ) ≈ Q∗ (s, a)
where Θ is set of learnable model parameters. We denote policy used in such
aproximation as πΘ .
3.2

Model Architecture

Our model architecture is inspired by DIRAC (Deep reinforcement learning for
spIn-glass gRound-stAte Calculation), an Encoder-Decoder architecture introduced in [8]. It exploits the fact that the Ising spin-glass instance is wholly
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described by the underlying graph. In this view, couplings Ji,j become edge
weights, external magnetic ﬁeld hi and spin σi become node weights. Employing DIRAC is a two-step process. At ﬁrst, it encodes the whole spin-glass instance such that every node is embedded into a low-dimensional vector, and
then the decoder leverages those embeddings to calculate the Q-value of every
possible action. Then, the agent chooses the action with the highest Q-value. In
the next sections, We will describe those steps in detail.
Encoding As described above, the Ising spin-glass instance can be described in
the language of graph theory. It allows Us to employ graph neural networks [10,9],
which are neural networks designed to take graphs as inputs. We use modiﬁed
SGNN (Spin Glass Neural Network) [8] to obtain node embedding. To capture
the coupling strengths and external ﬁeld strengths (i.e., edge weights Ji,j and
node weights hi ), which are crucial to determining the spin glass ground states,
SGNN performs two updates at each layer, speciﬁcally, the edge-centric update
and the node-centric update, respectively.
Lets z(i,j) denote embedding of edge (i, j) and z(i) embedding of node i.
The edge-centric update aggregates embedding vectors from from its adjacent
nodes (i.e. for edge (i, j) this update aggregate emmbedings z(i) and z(j) ), and
then concatenates it with self-embedding z(i,j) . Vector obtained in this way is
then subject to non-linear transformation (ex. ReLU(x) = max(0, x)). Mathematically it can be described by following equation
k+1
k
k
k
)),
+ z(j)
) ⊕ φθ (z(i)
z(i,j)
= ReLU(γθ (z(i,j)

(4)

k
where z(i,j)
denotes encoding of edge (i, j) obtained after k layers. Similary
k
z(i) denotes encoding of node i obtained after k layers, γθ and φθ are some
diﬀerentiable functions (ex. feed-foward neural networks) whih demends on set
of paramethers θ. Symbol ⊕ is used to denote concatenation operation.
The node-centric update is deﬁned in similar fashion. It aggregates embedding of adjacent edges, and then concatenates it with self-embedding z(i) . Later
we transform this concatenated vector to obtain ﬁnal embedding. Using notation
from equation 4, ﬁnal result is following:
k+1
k
) ⊕ γθ (Eki )),
z(i)
= ReLU(φθ (z(i)

(5)

X

(6)

Eki =

k
.
z(i,j)

j

Edge features are initialized as edge weights {Ji,j }. It is not trivial to ﬁnd adequate node features, as node weights {hi } and spins σi are not enough.
It is worth noting that both those operations are message passing schema [10].
Edge-centric update aggregate information about adjacent nodes of edge and
edge itself and sends it as a ”message” to this edge. Similarly, node-centric
update aggregate information about edges adjacent to the node and the node
itself. In those edges are also encoded information about neighbouring nodes.
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We also included pooling layers not presented in the original design. We
reasoned that after concatenation, vectors start becoming quite big, so we employ
pooling layers to not only reduce the model size but also preserve the most
essential parts of every vector.
As every node is a potential candidate for action, we call the ﬁnal encoding
of node i its action embedding and denote it as Zi . To represent the whole
Chimera (state of our environment), we use state embedding, denoted as Zs ,
which is the sum over all node embedding vectors, which is a straightforward
but empirically eﬀective way for graph-level encoding [15].
Decoding Once all action embeddings Zi and state embedding Zs are computed
in the encoding stage, the decoder will leverage these representations to compute
approximated state-action value function Q(s, a; Θ) which predicts the expected
future rewards of taking action a in state s, and following the policy πΘ till
the end. Speciﬁcally, we concatenate the embeddings of state and action and use
it as decoder input. In principle, any decoder architecture may be used. Here,
we use a standard feed-forward neural network. Formally, the decoding process
can be written as:
Q(s, a(i) ; Θ) = ψΘ (Zs ⊕ Zi ),

(7)

where ψΘ is a dense feed-forward neural network.
3.3

Training

We train our model on randomly generated Chimera instances. We found that
the minimal viable size of the training instance is C3 (as a reminder, C3 is
Chimera architecture with nine unit cells arranged into a 3 × 3 grid, which
gives us 72 spins). Smaller instances lack couplings between clusters, crucial
in full Chimera, which leads to poor performance. We generate {Ji,j } and {hi }
from normal distribution N (0, 1) and starting spin conﬁguration σ from uniform
distribution. To introduce low-energy instances, we employed the following preprocessing procedure. For each generated instance, with probability p = 10%,
we perform standard simulated annealing before passing the instance through
SGNN.
We seek to learn approximation of optimal action-value function Q(a, s; Θ),
so as reinforcement learning algorithm we used standard n-step deep Q learning [23,20] with memory replay buﬀer. During episode we collect sequence of
states action and rewards τ = (s0 , a0 , r0 , . . . , sT −1 , aT −1 , rT −1 , sT ) with terminal state as ﬁnal element. From those we construct n-step transitions τtn =
(s , a , r
, s ) which we collect in memory replay buﬀer B. Here rt,t+n =
Ptk=nt kt,t+n t+n
γ
r
t+k is return after n-steps.
k=0
3.4

Simulated Annealing with Reinforcement

Simulated annealing with reinforcement (SAwR) combines machine learning and
classical optimization algorithm. Simulated annealing (SA) takes its name from
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a process in metallurgy involving heating a material and then slowly lowering
the temperature to decrease defects, thus minimizing the system energy. In SA,
we start in some state s and in each step, we move to a randomly chosen neighboring state s′ . If a move lowers energy E(s) of the system, we accept it. If it
doesn’t, we use the so-called the Metropolis-Hasting criterion.
P(accept s′ | s) = min(1, e−β∆E ),

(8)

where ∆E = E(s′ ) − E(s) and β denotes inverse temperature 1/T . In our case,
the move is deﬁned as a single-spin ﬂip. Simulated annealing tends to accept all
possible moves at high temperatures (i.e., lower β). However, it likely accepts
only those moves that lower the energy at low temperatures.
Our idea is to reinforce random sampling with a trained model. It means
that at low temperatures, instead of using the Metropolis-Hasting criterion, we
perform a single pass of the DIRAC episode.

4

Experiments

We collected data from the D-Wave 2000Q device using default parameters (number of samplings, annealing time, etc.). We have generated 500 random instances
of sizes C4 , C8 , C12 and C16 , corresponding to systems of sizes 128, 512, 1152 and
2048 spins respectively. We used identical distributions to training instances, so
{Ji,j } and {hi } was generated from normal distribution N (0, 1) and starting spin
conﬁguration σ from uniform distribution. We then used quantum annealing to
obtain the low energy states of generated instances.
We have used three methods - standard simulated annealing, a single pass
of spin-ﬂipping procedure and simulated annealing with reinforcement. Results
are shown in ﬁgures 5a and 5b.
We tested for two metrics: the probability of ﬁnding lower energy states and
the mean value of an improvement over starting energy state. To compute the
probability for each Chimera size, we started with proposed solutions obtained
from quantum annealer and tried to lower them using diﬀerent tested methods.
Then we counted those instances for which a lower energy state was found. We
deﬁne the value of the improvement as the diﬀerence between starting energy
state and the lowest energy state found by the tested method in abstract units
of energy.
Simulated annealing with reinforcement achieved lower probabilities of ﬁnding a lower energy state. Although the diﬀerence between SAwR and traditional
simulated annealing is slight, its consistency across all sizes suggests that it is
systemic rather than random noise. The single pass of the spin-ﬂipping procedure
was the order of magnitude worse, reaching approximately 1% success rate.
It is interesting that, on average, SAwR was able to ﬁnd a better low energy
state than simulated annealing, but still, the diﬀerence is not signiﬁcant.
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Probability of finding lower energy state
simulated annealing
SAwR

42.5

Probability in %

42.0
41.5
41.0
40.5
40.0
39.5
128

512

System size

1152

2048

(a) The probability of ﬁnding a lower energy state was computed over 500 random
instances for each Chimera size. Here we decided to omit results for a single pass of the
spin ﬂipping procedure because its results were the order of magnitude worse, making
the ﬁgure hard to read.

Mean value of the improvement
simulated annealing
model
SAwR

6

Mean improvement

5
4
3
2
1

128

512

System size

1152

2048

(b) Mean value of the improvement. We deﬁne the value of the improvement as the
diﬀerence between starting energy state and the lowest energy state found by the tested
method in abstract units of energy. The mean was computed over all instances where
the method could ﬁnd improvement

Fig. 5: Results of our experiments for tested metrics. By model, we deﬁne a single pass
of the spin ﬂipping procedure. SAwR denotes simulated annealing with reinforcement.
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Discussion and Further Work

The real-life Chimera graph is a much more complex problem than the regular
lattice employed in [8], which may be the reason for poor performance. However,
we managed to replicate the excellent scaling of DIRAC. We trained our model
on relatively small instances and employed it for large ones. We did not observe
signiﬁcant diﬀerences in performance relative to the size of the system. Much
more work is needed because more complex architectures are deployed (Pegasus,
Zephyr) by D-wave systems.
One possible avenue of research is changes in architecture. Right now goals
of the encoder and decoder are quite diﬀerent. The encoder tries to encode information while the decoder leverages them for reinforcement learning. Training
them both at the same time might be diﬃcult. One option is to divorce them
from a single architecture. For example, we may use graph autoencoder [16,22]
to train the encoder. Then for the reinforcement learning part, we would use
an already trained encoder and train only the neural network responsible for
approximating the action-value function.
Another option is to use diﬀerent reinforcement learning algorithms. Asynchronous methods have been shown to consistently beat their synchronous counterparts, especially asynchronous advantage actor-critic [21], but asynchronous
Sarsa or Q-learning also look promising. Methods based on Monte Carlo tree
search inspired by AlphaZero [28] also seems promising. It has shown excellent
performance on tasks involving large search space (ex. Chess, Go).
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