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Bias-field digitized counterdiabatic quantum optimization
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We introduce a method for solving combinatorial optimization problems on digital quantum computers, where
we incorporate auxiliary counterdiabatic (CD) terms into the adiabatic Hamiltonian, while integrating bias terms
derived from an iterative digitized counterdiabatic quantum algorithm. We call this protocol bias-field digitized
counterdiabatic quantum optimization (BF-DCQO). Designed to effectively tackle large-scale combinatorial
optimization problems, BF-DCQO demonstrates resilience against the limitations posed by the restricted co-
herence times of current quantum processors and shows clear enhancement even in the presence of noise.
Additionally, our purely quantum approach eliminates the dependency on classical optimization required in
hybrid classical-quantum schemes, thereby circumventing the trainability issues often associated with variational
quantum algorithms. Through the analysis of an all-to-all connected general Ising spin-glass problem, we
exhibit a polynomial scaling enhancement in ground-state success probability compared to traditional DCQO
and finite-time adiabatic quantum optimization methods. Furthermore, it achieves scaling improvements in
ground-state success probabilities, increasing by up to two orders of magnitude, and offers an average 1.3×
better approximation ratio than the quantum approximate optimization algorithm for the problem sizes studied.
We validate these findings through experimental implementations on both trapped-ion quantum computers and
superconducting processors, tackling a maximum weighted independent set problem with 36 qubits and a spin
glass on a heavy-hexagonal lattice with 100 qubits, respectively. These results mark a significant advancement
in gate-based quantum computing, employing a fully quantum algorithmic approach.
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Introduction. Ising spin-glass problems are of utmost
interest in both science and industry due to their vast ap-
plications. Particularly, combinatorial optimization problems,
which can be formulated as solving for low-energy states
of Ising spin-glass Hamiltonians, exemplify such applica-
tions [1]. Generally, these complex optimization problems
belong to the NP-hard class, making them difficult to solve
on classical computers. Recent theoretical and experimen-
tal developments in this area make it a crucial topic for
further exploration on current quantum computers [2–4]. A
major drawback of current quantum computing hardware
is its limited coherence time, connectivity, and presence
of noise. These limitations pose significant challenges for
widely studied quantum optimization algorithms such as the
adiabatic quantum optimization (AQO) algorithm and the
quantum approximate optimization algorithm (QAOA) [5,6].
To overcome these challenges, several alternative methods
have been proposed, including the counterdiabatic (CD) pro-
tocols. In the case of AQO, CD protocols help to speed up the
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evolution and reduce the quantum circuit depth by suppressing
nonadiabatic transitions through the addition of CD terms
[7–9]. For QAOA, CD protocols aid in designing an efficient
variational circuit ansatz that quickly converges towards the
solution [10,11]. Despite the advantages of CD protocols,
tackling large-scale problems remains a challenge, especially
when it is crucial to consider higher-order CD terms, which
increases the number of quantum gates.

In this Letter, we propose a method to tackle general Ising
spin-glass instances with long-range interactions through an
iterative algorithm. The output from each iteration is fed back
as a bias to the input of the next iteration. This combined
approach of a digitized counterdiabatic quantum optimiza-
tion algorithm with a bias field, called BF-DCQO, shows a
drastic reduction in the time to reach both exact and approx-
imate solutions compared to state-of-the-art approaches. This
includes DCQO [12] as well as hybrid variational quantum al-
gorithms such as QAOA, which have been recently applied to
large-scale problems [13–15]. Additionally, BF-DCQO does
not require any classical optimization subroutines, thus over-
coming the trainability issues faced by variational quantum
optimization algorithms [16]. We experimentally demonstrate
the potential of the proposed method on trapped-ion quan-
tum computers with up to fully connected 36 qubits and
superconducting quantum processors with sparsely connected
100 qubits. We will discuss the advantages of the proposed
BF-DCQO method in the light of competing protocols for
approaching quantum advantage for industry use cases.
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DCQO algorithm. An adiabatic quantum optimization pro-
tocol to find the ground state of an Ising spin-glass problem
with all-to-all connectivity is described by the Hamilto-
nian Had(λ) = [1 − λ(t )]Hi + λ(t )Hf . Here, Hi is the initial
Hamiltonian whose ground state can be easily prepared, typ-
ically chosen as a transverse field Hi = −∑N

i=1 σ x
i with the

ground state |+〉⊗N , where N is the number of spins. The
final Hamiltonian, corresponding to the spin glass, is Hf =∑N

i< j Ji jσ
z
i σ z

j + ∑N
i=1 hiσ

z
i . Here, λ is a time-dependent con-

trol function that describes the adiabatic path. In the adiabatic
limit, i.e., λ̇(t ) → 0, the system follows the instantaneous
eigenstates. However, in practice, following the slow adia-
batic evolution is affected by hardware noise and the limited
coherence time. On the other hand, fast evolution results in
nonadiabatic transitions. To overcome this challenge, CD pro-
tocols have been proposed [7,8]. In CD protocols, the idea
is to introduce an auxiliary velocity-dependent [λ̇(t )] term
to the Hamiltonian to suppress nonadiabatic transitions. This
takes the form Hcd(λ) = Had(λ) + λ̇Aλ, where Aλ is known as
the adiabatic gauge potential [17]. Obtaining and realizing Aλ

is a highly resource-demanding task for many-body Hamil-
tonians. Rather, there are several proposals to obtain this in
an approximate way [18–23]. We consider the nested com-
mutator method where the adiabatic gauge potential can be
written as the series expansion A(l )

λ = i
∑l

k=1 αk (t )O2k−1(t ).
Here, l is the expansion order, and the operator Ok (t ) =
[Had,Ok−1(t )] with O0(t ) = ∂λHad. In the limit l → ∞, the
exact Aλ can be obtained. The CD coefficient αk (t ) can be
calculated by variational minimization as detailed in the Sup-
plemental Material [24]. To solve for the Ising spin-glass
problem, we simply consider the first-order approximation as
A(1)

λ = −2α1[
∑N

i=1 hiσ
y
i + ∑N

i< j Ji j (σ
y
i σ z

j + σ z
i σ

y
j )]. The time

evolution of the Hamiltonian in the given equation, even with
the first-order CD term, is a challenging task on current ana-
log quantum processors due to a lack of flexibility. Also, an
important fact to notice is that the obtained CD terms are non-
stoquastic with off-diagonal matrix entries being imaginary.
The realization of such terms on current quantum annealers
is unfeasible. To overcome this challenge, digitized counter-
diabatic quantum protocols have been proposed to realize the
CD protocols on gate-model quantum computers [25]. Not
only does the digital approach provide the flexibility to realize
arbitrary CD terms, it also helps to further improve the CD
protocols because of the flexibility in the control parameters.
To realize the time evolution of the CD Hamiltonian, we
use the first-order product formula [26] with a number of
Trotter steps ntrot, step size �t , and total evolution time T .
The unitary describing the evolution is given by |ψ (T )〉 =
[
∏ntrot

k=1

∏nterms
j=1 exp{−i�tγ j (k�t )Hj}]|ψi〉. Here, |ψi〉 is the ini-

tial ground state and Hcd = ∑nterms
j=1 γ j (t )Hj , where nterms is the

number of local Pauli operators Hj . Each product of matrix
exponentials is decomposed into quantum gates with one- and
two-qubit gates. Even with the first-order CD approximation,
a polynomial scaling enhancement in ground-state success
probability has been shown in comparisons to finite-time
AQO [12,27]. Going for higher-order CD terms can improve
the results further but this comes at the cost of additional
quantum gates. The main advantage of this approximate CD
protocol is that, even with a very short evolution time or circuit

depth, one can obtain low-energy states in comparison to dig-
itized adiabatic evolution. To obtain similar performance, one
would require very long-depth digitized adiabatic evolution,
which is not feasible because of the limited coherence time
and the noise. This main feature is the key to developing the
concept of bias field for the CD protocol.

DCQO with longitudinal bias field. Initialization plays a
crucial role in the success of AQO and DCQO. Instead of
starting with a random initial state, beginning with a good
one that encodes some information about the final solution
is beneficial [28,29]. Several proposals exist for such warm
starting techniques, wherein inexpensive classical methods
are used to solve a relaxed version of the problem and then
utilize this solution as an input for the quantum algorithm
[30,31]. These techniques inherit the performance guaran-
tee of the classical algorithm. Then, we propose a different
approach where the solution from DCQO is fed back as
a bias to the input state for the next iteration. The total
Hamiltonian, which includes the longitudinal bias field, is
defined as

H (λ) = [1 − λ(t )]H̃i + λ(t )Hf + λ̇A(l )
λ , (1)

with H̃i = ∑N
i=1[hx

i σ
x
i − hb

i σ
z
i ]. Here, the value of the longi-

tudinal bias field, hb
i = 〈σ z

i 〉, is obtained by measuring the
qubits in the computational basis in each iteration. Note
that we start from DCQO, which is equivalent to setting
all bias fields to zero. Since DCQO is expected to sample
low-energy states of the spin-glass Hamiltonian, the Pauli-Z
expectation value can serve as an effective bias for the next
iteration, steering the dynamics toward the actual solution.
Because the bias term alters the initial Hamiltonian and,
consequently, the initial ground state, the new ground state
|ψ̃i〉 must be used as the input for the next iteration. The
smallest eigenvalue of the single-body operator [hx

i σ
x
i − hb

i σ
z
i ]

is given by λmin
i =−

√
(hb

i )2+(hx
i )2, and its associated eigenvector

is |φ̃〉i = Ry(θi )|0〉i, where θi = 2 tan−1( hb
i +λmin

hx
i

). Therefore,

the ground state of H̃i can be prepared using N y-axis rota-
tions as |ψ̃i〉 = ⊗N

i=1 |φ̃〉i = ⊗N
i=1 Ry(θi)|0〉i. In Fig. 1(a), the

schematic diagram depicting the BF-DCQO is shown.
To analyze the performance of the BF-DCQO, we consider

400 random instances of the spin-glass problem, with cou-
pling Ji j and hi obtained from a Gaussian distribution with
a mean of 0 and a variance of 1. The scheduling function is
λ(t ) = sin2[π

2 sin2( πt
2T )] and we use hx

i = −1. We only con-
sider first-order CD terms and the CD coefficient changes
during each iteration since the initial Hamiltonian changes.
In this case, we analytically calculate the exact form of the
CD coefficient α1 for the Hamiltonian in Eq. (1). Figure 1(b)
illustrates the ground-state success probability with increas-
ing system size for BF-DCQO with ten iterations and naive
DCQO, given a fixed evolution time T with three Trotter steps.
In both cases, the success probability pgs = |〈ψgs | ψ f (T )〉|2,
where |ψgs〉 is the actual ground state of the spin-glass Hamil-
tonian, decreases exponentially with system size. However,
the exponential factor for BF-DCQO is smaller than that for
DCQO, indicating a polynomial scaling advantage. We no-
ticed that not all 400 instances are improved by the inclusion
of the bias field. In some cases, if the solution from the first
iteration of DCQO leads to undesired outcomes, employing an
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FIG. 1. BF-DCQO for the Ising spin-glass problem with an all-to-all interaction. In (a), the schematic of the BF-DCQO procedure is shown.
In (b), the ground-state success probability is plotted for system sizes ranging from 10 to 20 qubits. For each system size, 400 randomly
generated spin-glass instances are taken from a normal distribution with a mean of 0 and a variance of 1. We present the scaling of the
BF-DCQO algorithm with ten iterations and the standard DCQO, with simulation parameters �t = 0.1 and ntrot = 3. The error bars represent
the standard deviation of the random instances. In (c), the classification of the 400 instances using enhancement in success probability as a
criterion, counting the number of instances successfully tackled by either the bias- or antibias-field DCQO, and those that failed in both cases.
In (d), emulation results for a randomly generated spin-glass problem with 29 qubits are shown. We performed 39 iterations of BF-DCQO,
displaying the increasing approximation ratio on the y axis. For each iteration, we used ntrot = 2, nshots = 1000, and the IonQ Forte 1 noise
model, accessed through IonQ Cloud [32]. Additionally, the associated all-to-all connected graph is depicted.

antibias field hb
i = −〈σ z

i 〉 may help suppress these outcomes.
In Fig. 1(c), the number of instances enhanced by the bias
field is depicted. For the unsuccessful instances, employing
an antibias field shows improvement. However, there are few
instances where both the bias and antibias fields fail. This
is primarily due to the simulation parameters we have cho-
sen in this work, and altering them may lead to successful
results.

To evaluate the performance of the algorithm in the pres-
ence of hardware noise, we use a noisy emulator that mimics
the actual noise model of a trapped-ion hardware system,
IonQ Forte. We consider a fully connected 29-qubit spin-glass
instance and implement the BF-DCQO algorithm. The en-
ergy distribution across each iteration is shown in Fig. 1(d).
Remarkably, even with just ntrot = 2 steps and the number
of shots nshots = 1000, the algorithm guides the dynamics
toward the solution. By iteration 29, the exact ground state
was obtained. Additionally, it is clear that the approximation
ratio Eobtained/Egs improves with each iteration.

An important aspect of BF-DCQO is that it does not
require any classical optimization subroutines as in variational
quantum algorithms (VQAs). This feature makes it an
impressive approach, as the main drawback of VQA lies in
trainability issues such as barren plateaus and local minima.

The presence of noise makes it even harder to rely on VQAs.
Since we have already seen the successful performance
of BF-DCQO in noisy conditions, we compare its
performance with QAOA, a widely used variational quantum
optimization algorithm. We consider ten random instances
of the long-range spin-glass problem across various sizes.
Ground-state success probability and approximation ratio are
used as metrics for comparison. We also compare BF-DCQO
with bias-field QAOA in the Supplemental Material [24].

To maintain the same circuit depth, we consider QAOA
with p = 3 layers and BF-DCQO with ntrot = 3. For optimiz-
ing the QAOA circuit, we use the COBYLA optimizer with
a maximum of 300 iterations. For each instance, the best
solution out of 20 random initializations is considered for
QAOA. A similar performance is obtained by doing quantum-
annealing initialization, as in Ref. [33]. For BF-DCQO, we
employ just ten iterations of feedback. In Fig. 2, we plot
the success probability enhancement ratio, which is the ratio
of the ground-state success probability obtained with BF-
DCQO vs QAOA, as well as the enhancement ratio of the
approximation ratio. Despite requiring two orders of magni-
tude fewer iterations, BF-DCQO outperforms QAOA in both
metrics. Moreover, the success probability enhancement ratio
increases with system size, showing a 75× improvement for
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FIG. 2. Comparison between simulated BF-DCQO and QAOA
(p = 3). The analysis was conducted on ten different random all-to-
all connected spin-glass instances, with system sizes ranging from 10
to 20 qubits. For QAOA, we used 20 different random initializations
with the COBYLA optimizer and kept the best, setting the maximum
number of iterations at 300. This was contrasted with ten iterations
of BF-DCQO, where ntrot = 3.

the 20-qubit case. On average, we observe a 1.3× improve-
ment in the approximation ratio with BF-DCQO.

Experimental implementation. For the experimental val-
idation of BF-DCQO, we consider a 36-qubit trapped-ion
quantum processor, IonQ Forte, and a 127-qubit supercon-
ducting quantum processor, ibm_brisbane. We explore two
problems that can be suitably mapped to the hardware connec-
tivity: a randomly generated weighted maximum independent
set (WMIS) problem with 36 nodes, implemented on trapped-
ion hardware, and an instance of the Ising spin-glass problem
on a heavy-hexagonal lattice with 100 spins, implemented on
superconducting hardware.

The WMIS is a combinatorial optimization problem where
the objective is to identify a subset of vertices in a graph that
are mutually nonadjacent (an independent set) and have the
highest possible total weight. Given a graph G = (V, E ) with
vertices V and edges E , each vertex v ∈ V has an associated
weight w(v). The task is to find a subset of vertices I ⊆ V
such that no two vertices in I are connected by an edge in
E , while maximizing the sum of the weights of the selected

vertices,

Maximize
∑

v∈I

w(v), subject to (u, v) /∈ E ∀ u, v ∈ I.

This problem is NP-hard because it generalizes the classic
MIS problem by incorporating vertex weights. The WMIS
problem can be mapped to the Ising spin-glass Hamiltonian
by associating a binary spin variable with each vertex, and
defining interactions that penalize adjacent vertices that are
both included, while rewarding vertices that are selected based
on their weights. Since in the WMIS problem the interactions
between the qubits can be long range, trapped-ion systems are
well suited to tackle this problem without requiring any SWAP

gates. In Fig. 3(a), the experimental result from IonQ Forte for
a 36-node WMIS is shown. To optimize access to the hard-
ware, we first ran the BF-DCQO on an ideal local simulator
and then ran only the final circuit corresponding to the last
iteration on the hardware. The error-mitigated experimental
result is in close agreement with the ideal simulation result.
In the experiment, we considered ntrot = 3, nshots = 2500, and
used hardware native gates for circuit implementation. Addi-
tionally, we performed debias error mitigation [34] and circuit
optimization to reduce the total gate counts further. For the
considered WMIS problem, the maximum independent set
size is 16, and the obtained independent set size from the
experiment is 11.

As a second example, we consider a spin-glass problem
on a heavy-hexagonal lattice. Since the interaction terms in
the problem Hamiltonian match the hardware connectivity,
we can consider a large system size of 100 qubits on the
ibm_brisbane hardware. In Fig. 3(b), we show the ideal simu-
lation results for DCQO and BF-DCQO, and the experimental
result for BF-DCQO. We also consider a classical solver,
GUROBI [36], as a reference. We notice that, even with just
ten iterations, BF-DCQO provides a drastic enhancement
compared to DCQO. Additionally, in the absence of noise,
BF-DCQO reaches the solution obtained from GUROBI with
just two Trotter steps. Although the experimental results are
slightly different from the ideal result due to noise, the per-
formance is better than the ideal DCQO. More details on the

FIG. 3. Experimental results: In (a), the ninth iteration of BF-DCQO for a randomly generated 36-node weighted MIS instance is shown.
For the simulations, we used ntrot = 3, and nshots = 1000. In the experimental case on IonQ Forte 1, only the ninth iteration was run, using
nshots = 2500 with error mitigation. The MIS size was 16, and we obtained an independent set of size 11, as depicted in the graph. In (b), the
eighth iteration of BF-DCQO for a nearest-neighbor randomly generated 100-qubit spin-glass instance is displayed. For these simulations, we
used ntrot = 2 and nshots = 25000 and the QISKIT AER MPS simulator [35]. For the experimental results on ibm_brisbane, nshots = 1000 was
used. Additionally, the circuit layout on the hardware is shown.
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experimental implementation can be found in the Supplemen-
tal Material [24].

Discussion and conclusion. We introduced BF-DCQO, an
iterative nonvariational quantum optimization algorithm de-
signed to tackle combinatorial optimization problems mapped
to long-range Ising spin-glass problems. By feeding back
the solution from each iteration as the input for the next
one, BF-DCQO incrementally refines the initial ground state,
bringing it progressively closer to the final ground state. This
iterative approach, combined with CD protocols that prepare
low-energy states using short-depth quantum circuits, makes
BF-DCQO well suited for large-scale combinatorial optimiza-
tion problems on current quantum hardware with limited
coherence times.

Our simulation results demonstrate a polynomial scal-
ing advantage in ground-state success probability compared
to finite-time digitized AQO and DCQO for fully con-
nected spin-glass problems. Additionally, noisy simulations
with realistic noise models for a fully connected 29-qubit

spin-glass problem showcase the algorithm’s robustness,
achieving exact ground states despite the presence of noise.
The absence of classical optimization subroutines in BF-
DCQO helps mitigate trainability issues commonly associated
with VQAs. Comparisons with the QAOA reveal signifi-
cant enhancements in ground-state success probability and
approximation ratios while requiring fewer computational
resources. Although BF-DCQO shows great promise, as
a purely quantum algorithm, future work could also ex-
plore hybrid versions incorporating variational parameters and
higher-order CD terms. Experimental validation on a 36-qubit
trapped-ion quantum computer and a 100-qubit supercon-
ducting quantum computer confirmed good agreement with
ideal simulations. Looking ahead, BF-DCQO could tackle
more challenging instances of long-range spin-glass prob-
lems on next-generation trapped-ion hardware with over 60
qubits, potentially providing empirical evidence of quan-
tum speedup by comparing its performance with classical
algorithms.
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