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S1 Decomposition of Two-qubit Gates with v/:SWAP

In Fig. 5 of the main text, we showed decompositions of the parametric two-qubit gates Rzz(y)
and Rzz(p) x SWAP in terms of the two-qubit gate v/iSWAP and one-qubit gates U; _14. Here,
we give explicit forms of the U; in terms of hardware-native one-qubit gates Rz(f € R) =
exp(—iZ6/2) and Rx(¢ € Z) = exp(—iX¢m/4) where X and Z are Pauli operators. The

one-qubit gates in the decomposition of Rzz(y) from Fig. 5a are,

U; = Rz(m)Rx(1)Rz(c)Rx(1)Rz(7/2),
Uy = Rz(n/2)Rx(1)Rz(7/2),

Us = Rx(1)Rz(5)Rx(1),

Us = Rz(v)Rx(1)Rz(a)Rx(1)Rz(7),

Us = Rz(7)Rx(1)Rz(7/2), (S1)
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5, and I is the identity. Note that gates in each line in Eq. (S1) are applied right to left. The



one-qubit gates in the decomposition of Rzz(y) x SWAP from Fig. 5B are,

Uz = Rz(ry)Rx(1)Rz(k1),
Us = Rz(m/2)Rx(1)Rz(7/2),

Us = Rz (ki )Rx(1)Rz(C1),

Uso = Rz(r/2)Rx(1)Rz(Cy),

Uwi = Rz(r1)Rx(1)Rz(a)Rx(1)Rz(x,),
Uss = Rz(r/2)Rx(1)Rz(3)Rx(1)Rz(w/2),
Uss = Rz(k2)Rx(1)Rz(Cs)Rx(1)Rz(ry),

Uys = Rz(k3)Rx(1)Rz((4)Rx(1)Rz(7/2).

For simplicity, below we give the values for the gate angles only for 0 < ¢ < 7:
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S2 Number of Native Gates Executed on Hardware
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Figure S1: Number of native gates executed on hardware. Number of native one-qubit
Rz and Rx gates and two-qubit v/ :SWAP gates executed on the hardware as a function of the
problem size (related to the iteration step).

In Fig. S1, we show the number of native one-qubit Rz and Rx gates and two-qubit /i SWAP
gates executed on the hardware as a function of the problem size up to N = 72. The number of

gates scales linearly with the problem size.

S3 Random Sampling and Extreme Value Distribution

In the main text we compared the approximation ratio of the quantum-enhanced greedy algo-
rithm with the approximation ratio of bit strings drawn randomly from a uniform distribution.
The cost for a bit string B = (By,--- ,By) is C' = Zz‘N:1,j<i w;;Z;Z; where Z; = (—1)Pi. The
average value of C' is 0 for random B;, therefore the average approximation ratio of random

samples is 7 = 1/2 (see Methods). Here, we elaborate on the distribution of C' for random B;,

and the expected best random guess from many random samples.



For random bits B; and weights w;;, each term in the cost is a Bernoulli random variable
with mean 0 and variance 1. The cost C, which is the sum of these random variables, is a
normally distributed random variable with mean 0 and variance N(N —1)/2 as N — +o0 [see
Fig. S4].

Suppose we draw M random bit strings and keep the one which has the minimum cost
C. The probability density for the best random guess converges for sufficient samples to
the type-1 generalized extreme value distribution, also called the Gumbel distribution, C' ~
Gumbel(pps, oar), where ppyr = /N(N —1)/2- @11 —1/M) and o)y = \/N(N —1)/2-
&1 —1/eM) — pp. @1 is the inverse of the cumulative distribution function of the normal

distribution. The mean value of the Gumbel distribution is,

Chesna (N, M) = = (1+ (54)

|
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where v ~ 0.577215... is the Euler-Mascheroni constant. Eq. (S4) is expected to hold for
1 < M < 2", The upper limit for M is set by the fact that when M saturates this limit, the
best random guesses sample from the tail of the distribution of C', where the assumption that
is normally distributed is no longer valid.

The quantum-enhanced algorithm has a total of /V iterative steps. For each of these steps,

the embedded QAOA scanned a grid of angles of size 16 x 16 and sampled 256 bit strings for
each pair of angles. This leads to a total of N x 16 x 16 x 256 = 21° NV bit strings generated in
practice for a given problem instance. This is about M ~ 10° bit strings generated for problem

sizes N = 40, 56, and 72. Generating at random this many bit strings and keeping the best one

would lead to an average approximation ratio r ~ (0.8-0.9 according to Eq. (S4) and as shown
in Fig. S2. For comparison, achieving the average approximation of » ~ 0.92 of the quantum-
enhanced algorithm with random sampling would require generating an average M ~ 107, 10,

and M = 10'? random bit strings for N = 40, 56, and 72, respectively [Fig. S2].
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Figure S2: Performance of random sampling through the lens of extreme value statistics.
Approximation ratio r based on Eq. (S4) as a function of the number M of uniformly drawn
random bit strings for different problem sizes N = 40, 56, and 72. Dashed lines report the
performance for the quantum-enhanced greedy algorithm and the corresponding number of
bitstrings needed to be drawn at random on average to match that performance.

S4 Finite-Size Classical Greedy Baseline for SK Problem In-
stances

When provided with random bit strings, the quantum-enhanced greedy algorithm maps to a clas-
sical greedy algorithm for solving the optimization problem of interest. We proved in Methods
that for an infinite-size Sherrington-Kirkpatrick (SK) instance, the classical greedy algorithm
has an approximation ratio of r ~ (.848497.... Here, we run the algorithm on finite-size SK

problems to get a more realistic number with respect to the finite sizes studied in this work.
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Figure S3: Performance of the classical greedy baseline. A. Average ground state energy
density obtained by the classical greedy algorithm on 1,000 SK problem instances. As N —
+00, it converges to —24/2/m /3. B. Average approximation ratio r versus the problem size N
for the classical greedy algorithm. Each data point is averaged over 1,000 random SK problem
instances. For N — +o00, we expect that r = 1/2 + /2/7/3P ~ 0.848497... where P is the
Parisi constant (see Methods). For N < 16, the exact ground state is computed by brute force.
For larger sizes, the ground state is approximated as described in Methods. Error bars indicate
one standard deviation.

SS Average Spectrum of Sherrington-Kirkpatrick Problem
Instances

We consider SK problem instances with random weights 1. For each problem instance of size

N, we iterate over all possible 2V bit strings and store the corresponding cost. The nature of

the weights &1 strongly restricts the possible values of the cost, making it possible to store the
costs C' € Z as a map 'map[C] = N’ with N counting the number of bit strings with the given
cost, and which is updated during the iteration over the bit strings. The set of all costs is called
the spectrum.

For various problem sizes, we generate 1,000 random problem instances. We compute
their individual spectra, average them, and plot the result as a probability distribution P(C)

in Fig. S4. We find that it is symmetric around C'= 0 and that the bulk are fitted well by a
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Figure S4: Spectrum of Sherrington-Kirkpatrick models. For each problem size N = 8§, 12,
16, 20, and 24, we compute the spectra for 1,000 randomly generated problems. The spectra
are then averaged and plotted as a probability distribution. Error bars indicate one standard
deviation.

Gaussian. This shows that, as expected, Cyin >~ —Chax and that a randomly generated bit string
would be symmetrically distributed between the two extrema of the spectrum, leading to an
average approximation ratio r ~ 1/2 for solving SK models by random sampling.

For various problem sizes, we generate 1, 000 random problem instances. For each of them,
we count the number of bit strings having the optimal cost Cy,. As shown in Fig. S5, the
average (which is ~ 3) is roughly independent of N. Therefore, the ground states of SK +1
problems are not massively degenerate and appear to occupy a fraction of the total space that
is exponentially suppressed in N. Note that it is not possible to infer anything about the exact

scaling with N for large N due to the small sizes accessible.

S6 Additional Details Regarding Matrix Product State Sim-
ulations
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Figure S5: Degeneracy of the optimal solutions. Probability of finding an optimal solution
multiplied by the total number of valid solutions as a function of the problem size /N. In other
words, this is the average degeneracy of the optimal solution versus N. Each data point is
averaged over 1, 000 randomly generated problem instances. Error bars indicate one standard
deviation.

The quantum-inspired classical algorithm of the main text simulates shallow circuits up to
N = 72 qubits using a tensor network approach based on matrix product states (57). Such
circuits are truncated one-layer QAOA circuit with two swap cycles embedded into a one-
dimensional lattice with open boundary conditions, as shown in Fig. S6. The circuits are shallow
enough to be executed exactly with a relatively low bond dimension (the bond dimension is a
control parameter of a matrix product state simulator), independent of the number of qubits
involved. We embed the graph problem randomly onto the one-dimensional topology of the
matrix product state. The truncated one-layer QAOA circuit of Fig. S6 loads at random a to-

tal of 2(N — 1) edges of the graph problem (to be compared with the total number of edges
N(N —1)/2). It has been shown that simulating, even approximately, generic QAOA circuits

with matrix product states is hard (58, 59).
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Figure S6: Quantum circuit simulated with matrix product states. A graph problem of N
nodes is embedded at random onto the linear topology of the matrix product state simulating /V
qubits (57). A total of four layers of two-qubit gates are used in a brick wall pattern on even/odd
edges.

S7 Data: Approximation Ratio Versus Problem Size

Problem size Quantum Q-inspired Random QAOA; (29) Greedy SDP (41-43)
N=8  097(2) 0.989(9)

N=24 097(2) 0.959(5)
N =40 0.93(2) 0.964(4)
N =56 093(2) 0.963(4)
N=72 092(1) 0.954(3)
N = o0 1/2  0.698688... 0.848497... 0.917090...

Table S1: Approximation ratio. Approximation ratio 7 for different methods and different
problem sizes N. The data is the same as in the figure of the main text showing the approxima-
tion ratio versus the problem size.

We provide in Table S1 the data from the figure of the main text showing the approximation

ratio versus the problem size.



S8 Exact Small-Scale Simulations with Nontruncated QAOA
Circuits

We worked with truncated QAOA circuits in the main text due to hardware limitations. Here, we
provide additional data for the quantum-enhanced greedy algorithm based on exact small-scale

classical simulations of the QAOA with a complete (nontruncated) circuit.
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Figure S7: Performance of the quantum-enhanced greedy algorithm based on exact small-
scale QAOA simulations. 1 — r, with r the average approximation ratio over 100 random SK
instances, as a function of the problem size V. For each of these instances, the complete (non-
truncated) QAOA is executed with various number of layers p = 1, 2, and 4. Results are shown
for the QAOA and the quantum-enhanced greedy algorithm. Two baselines are represented by
the hatched regions: The classical greedy baseline with 1 — r >~ (0.12 for the largest sizes con-
sidered (see Fig. S3) and the random sampling baseline with 1 — r = 1/2. Error bars indicate
one standard deviation.

Data are plotted in Fig. S7. The performance of the QAOA increases with the number of

layers p. It is systematically above the random sampling baseline 1 —r = 1/2, but barely passes

the classical greedy baseline 1 — r ~ (.12 at p = 4, and achieves systematically worse perfor-



mance for p < 4. On the other hand, the quantum-enhanced greedy algorithm performs better
than the classical greedy baseline. In addition, we observe that improving the performance of
the underlying QAOA by increasing the number of layers p leads to an improvement in the
performance of the quantum-enhanced greedy algorithm. The improvement over the QAOA or

the classical greedy baseline is between x 10 and x50.

S9 Quantumness in the Second Versus the Third Step of the
Iterative Algorithm

In the main text, we studied the case of the quantum-enhanced algorithm with quantum-generated
bit strings, and the randomized classical greedy algorithm with randomly generated bit strings.
Here, we consider a mix-and-match scenario for step 2 (selection) and step 3 (decision) of the
algorithm, where in each of these steps, the bit strings may be generated randomly or from a
quantum computer. Specifically, we used quantumly generated bit strings in both steps 2 and
3 in the quantum algorithm in the main text, and using randomly generated bit strings in both
steps 2 and 3 maps to the randomized classical greedy algorithm in the main text. Here, we
additionally consider two mores cases: one case where we use quantumly generated bit strings
for the selection step and randomly generated bit strings for the freezing step, and another case
with vice versa.

We consider exact small-scale simulations using QAOA with one layer (p = 1). Data are
plotted in Fig. S8 and show that the use of quantum-generated bit strings is comparatively very
beneficial to inform the selection step. Using random or quantum-generated bit strings in the
freezing step give nearly equal answers when the selection step is done with quantum-generated
bit strings. We explain this as follows. If a variable 7 is selected, and we use random bit strings in

the freezing step, expectation values of all observables that do not involve Z; are 0. Therefore,

the only relevant nonzero term in the cost is v;Z;, thus Z; is frozen to Z; = —sign(v;). If
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Figure S8: Contribution of bit string selection and freezing steps to the performance of
the quantum-enhanced greedy algorithm. The algorithm includes steps which select and
freeze bit strings which can randomly generated or be the output of a quantum computer. The
greedy baseline corresponds to the bit strings being random in both steps while the algorithm
works with the output of a quantum computer in both steps. Here, the intermediate scenarios

are considered. The data are 1 — r, with r the average approximation ratio over a 100 random
SK instances, as a function of the problem size /N. For each of these instances, the complete

(nontruncated) QAOA is emulated classically a single layer (p = 1). Error bars indicate one
standard deviation.

instead, quantum-generated bit strings are used in the freezing step, the relevant terms in the
cost are both one-body term v;Z; and two-body terms |w;;Z;(Z;)|. The two-body terms may
be nonzero; However, they tend to be small relative to |v;| in the intermediate iterative steps.
Therefore, predominantly, the freezing again leads to Z; = —sign(v;). This need not be true at

arbitrary p, but appears to be true at p = 1.

S10 Performance Versus Runtime



We investigate the performance versus runtime of different algorithms for a single typical
N = 72 variables Sherrington-Kirkpatrick instance with random +1 weights.

We implement classical heuristics such as tabu search (60) and simulated annealing (61,62),
a classical semidefinite programming solver (4/—43), the classical randomized greedy algorithm
developed in this work as well as its quantum-enhanced version executed on quantum hardware
and executed through classical matrix product state simulations (see the main text and the Meth-
ods). We also report data for the truncated one-layer QAOA executed at the first iterative step

of the quantum-enhanced greedy algorithm.
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Figure S9: Relative performance versus runtime for different approaches. A typical N =

72 variables Sherrington-Kirkpatrick instance with random 1 weights is considered. Classical
execution is performed on a single core of an Intel Skylake E5-2686 v5 3.1GHz processor.

Data are plotted in Fig. S9. Tabu search and simulated annealing find the best answer in
the least amount of time, with standard parameterization. The classical randomized greedy
algorithm is a randomized algorithm that will return a different solution at every run. The

distribution (over 256 independent runs) shows the distribution of solutions and the runtime



is that of obtaining a single solution. For the truncated one-layer QAOA, we also display the
distribution of solutions (over 256 shots), assuming optimal angles. The runtime is that of
obtaining a single bit string by running a single QAOA circuit at optimal angles. Quantum refers
to running on Rigetti Aspen-M-3 superconducting processor and classical to quantum-inspired
classical simulations based on matrix product states (see the Methods). Finally, the quantum-
enhanced greedy algorithm is displayed: The iterative process with the freezing of a single
variable at a time requires running the QAOA N = 72 times to get to the final solution. At each
step, we assume we know the optimal angles. The runtime is that of collecting 256 shots for
each of the 72 iterative steps at optimal angles. We note that for this specific problem instance,
the quantum run returned a better solution than the classical (quantum-inspired) simulation.

A gap of a few orders of magnitude need to be closed for the quantum-enhanced greedy
algorithm to be competitive with state-of-the-art classical methods. As noted in the main text,
the complexity of the quantum-enhanced greedy algorithm is O[(N/K') Negges] With Negges the
number of two-body terms in the graph problem and K the number of variables frozen at each
iteration step. Here, we emphasize that minimizing runtime was not a goal of this work. Re-
ducing the runtime of the underlying QAOA is one direction: One could imagine an adaptive
scheme for setting the number of shots at each iterative step. Another direction would seek
to reduce the length of the iterative process by, e.g., implementing freezing strategies consid-
ering multiple variables at a time (/X of them at once) and brute-forcing the problem once it
becomes small enough. We believe this would bring for N = 72 the quantum-enhanced greedy

algorithm in the 0.1 to 1 seconds range of runtime. Moreover, SK problem instances have the

largest possible number of edges Negges ~ O(N?) because of the all-to-all connectivity. Sparser

graphs with, e.g., Negees ~ O(NN), might lead to a better absolute and relative runtime for the

quantum-enhanced greedy algorithm.



S11 Dealing with Hard Constraints by Example: Portfolio
Optimization

S11.1 Problem Definition

We take as an example the portfolio optimization problems of Ref. (49). The goal is to build
a portfolio maximizing the potential return while minimizing the volatility from a given basket
of N assets. Whether an asset is selected for the portfolio is encoded as a binary variable.
Without entering into the details (refer to Ref. (49)), the problem takes the form of minimizing
an objective function with binary variables and nonzero scalar parameters v; and w;;, as per the
definition of the cost function (Eq. (1)) in the main text. In addition to the minimization, there

are two hard constraints on what makes a valid portfolio. They are of the form,

N N
Z: < A, and Z,_l w;Z; > B, with A, B, y; € R. (S5)

i=1
The first inequality constrains the maximum size of the portfolio and the second one the mini-

mum expected return from the portfolio. The parameters A, B, and y; are provided as part of

the problem.

S11.2 Hard Constraints in the Quantum-Enhanced Greedy Algorithm

The hard constraints of Eq. (S5) can be enforced classically as part of the quantum-enhanced
greedy algorithm, thus ensuring that the final bit string is necessarily a valid solution. Moreover,
it is not required to introduce auxiliary slack variables to map the inequalities into equalities,
making the algorithm even more friendly for near term quantum devices.

The algorithm presented in the main text is modified as follows to account for the con-
straints. In the freezing step, a variable otherwise identified as being a candidate for freezing,
will not be frozen if it would take the potential final solution out of the space of valid bit strings.

However, this may only be possible for certain types of constraints, including those of Eq. (S5).



Different strategies can be envisioned to adapt the freezing decision process. For instance, if
freezing to a classical value is not possible, then the other value can be selected despite its
higher cost. One could also go back to the election step and select another variable for freezing.

Whereas the hard-constraints will be fulfilled independently of the underlying quantum al-
gorithm (e.g., QAOA or adiabatic quantum evolution), it might be advantageous for these al-
gorithms to favor in-constraint bit strings for their output. A possible approach is to design
quantum circuits working within the in-constraint space, as discussed in general in Ref. (/2)
and more specifically for Hamming constrained problems in Ref. (63), but it is practically in-
feasible on current quantum hardware due to noise. Another typical approach uses penalty
terms that will disfavor the appearance of out-of-constraint bit strings, but implementing them
on near-term devices and tuning their strength can be challenging. Another strategy might be
to classically filter the out-of-constraint bit strings returned by the quantum algorithm, if any.

However, this requires that the density of valid bit strings is sufficiently high.

S11.3 Results

Ref. (49) introduced Zeno dynamics embedded into QAOA to deal with hard-constraints in the
form of Eq. (S5). The authors generated a problem of each size N = 4,...,10 and solved it

using a one-layer QAOA circuit with Zeno dynamics. The corresponding data points are re-

ported in Fig. S10, with an approximation ratio of about r ~ (.74, independent of N. Here, the
approximation ratio is defined with respect to the best and worst solutions of the in-constraint
space.

On the exact same set of problems, we run the quantum-enhanced greedy algorithm. We
use a one-layer QAOA circuit. We use two-body expectation values to inform the selection
process. The freezing decision is such that if setting a variable to a classical value makes

the solution invalid, the other value is selected despite its higher cost. The constraints on all
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Figure S10: Performance of different approaches for constrained portfolio optimization
problems from Ref. (49). Average approximation ratio for different problem sizes N computed
from classical emulations. Each size N corresponds to a given problem provided by Ref. (49).
The Zeno dynamics data points were extracted from Ref. (49) and serve as a reference. The
performance of the quantum-enhanced greedy algorithm (based on a one-layer QAOA circuit)
and its classical greedy counterpart are also displayed, with and without filtering. The classical
greedy baseline data points are averaged over 100 trials. Error bars indicate one standard devi-
ation.

problem instances are relatively loose since bit strings drawn at random have more than a 50%
chance of being valid. This makes it possible to classically filter bit strings outputted from
the QAOA. Here, filtering means discarding bit strings not fulfilling the hard constraints of
Eq. (S5). For example, an N —bit string {1,1,1,1,...1} will not fulfill the first constraint of
Eq. (S5) Y.V, Z; < Afor A = N/2as SN, Z, = N. Thu, such a bit string would be
discarded.

We try the filtered and unfiltered versions as well as the classical greedy baseline where
bit strings are generated at random. Results are plotted in Fig. S10. We find that filtering bit
strings leads to better performance. We also find that the classical greedy baseline systemati-

cally outperforms the one-layer QAOA circuit with Zeno dynamics data and that it has a very



high approximation ratio r = 0.95 for the sizes considered.

S11.4 Outlook

It would be precipitate to draw conclusions about the absolute performance of the quantum-
enhanced algorithm in the presence of constraints since: (i) the classical greedy baseline per-
forms very well, making it difficult to discern any significant improvements; and (ii) the prob-

lem set is very limited, with just one instance per problem size and all problems being relatively

small (N < 10). Further work is required to extend the analysis to a statistically significant
problem set. Moreover, it would be interesting to explore the different parameters entering the
quantum-enhanced algorithm. Tighter constraints would not enable filtering out bit strings and
it would be worthwhile to explore problems (not necessarily related to portfolio optimization)
for which sampling the valid space of solutions is difficult due to the problem size. Finally, we
note that a QAOA circuit with Zeno dynamics could be embedded in the quantum-enhanced

algorithm presented here.

S12 Classical Greedy Baseline for Other Graphs

The randomized greedy algorithm is iterative from step ¢ = 1 to ¢ = N for a graph with NV

nodes. At step ¢, we select an active variable at random. This means that there are N — 1 other
variables in the problem, including ¢ — 1 frozen ones and N — ¢ active ones. The goal is to find
the classical value to which freeze this variable to minimize the objective function [Eq. (1)]. In
the following, we show how one can derive the classical greedy baseline analytically for other

problems than the SK instances considered in the main text. The list is nonexhaustive.



S12.1 Ring Graph with Random +1 weights

We consider a ring graph with random weights w; ;4; = £1 on the edges [Eq. (1)]. We now
compute the average approximation of the classical greedy baseline for this problem following
the same ideas developed for SK problem instances in Methods. For the freezing decision of a
randomly selected node, we need to know the probabilities that (a) none of its nearest-neighbors
are frozen, that (b) one of its nearest-neighbor is frozen, and that (c) both of its nearest-neighbors

are frozen. At step ¢, these probabilities read,

Pa(N,£) = (x:f) (N]\?f; 1), (t=1) (S6)
(N, 0) :2<]€__1l> (xiﬁ) (> 2) (S7)
pe(N, 0) = <]€—_11) (Jff:é) (> 3), (S8)

where p, + py + p. = 1. The final value of the objective function takes the general form,

N N
Cgreedy = ZZ:l CE = Cl + C(2 + Z€=3 Cf7 (89)

where, on average, ), = 0, Cy = —p,(N, ¢ = 2), and Cy>3 = —pp(N, {) — pe (N, E). Hence,
on average, the expectation value obtained for the objective function with the greedy algorithm

on the ring graph is,

N 2N
C1greedy - _pb(N7 l= 2) - Z@:?) [pb(Na 6) + pc(N7 g)] - _? (SIO)
Since the problem is trivially solved with Cl,;, = —Ch.x = —N, this leads to an average

approximation ratio of,

r =

DN | —

C rees 5
(1 + é—‘”) =~ 0.833333... (S11)



S12.2 Random 3-Regular Graphs with Random 41 weights

We employ the same strategy than for the ring graph to solve random 3-regular graphs with
uniform random weights w;; = %1 on the edges {(¢,7)} [Eq. (1)]. In a 3-regular graph, each
node has three neighbors, and we assume N > 3. Therefore, for the freezing decision of a
randomly selected node, we need to know the probabilities that (a) none of its nearest-neighbors
are frozen, that (b) one of its nearest-neighbor is frozen, that (c) two of its nearest-neighbors are

frozen, and that (d) all of its nearest-neighbors are frozen. At step ¢, these probabilities read,

Pa(N.0) = (ﬁ:f) (N];fgl) (N];ff), (¢>1) (512)
po(N. () =3 (fv__ll) @:ﬁ) (N];f;) (0> 2) (S13)
pe(N.0) =3 (fv__ll) (f{_é) @;:ﬁ) (¢>3) (S14)
pa(N,€) = (ir__ll) (]6122) (]f[__?’?)) (€>4), (S15)

where p, + py + p. + pq = 1. The final value of the objective function takes the general form,

N
greedy Z CZ Cl + 02 + CS + 2424 CE, (816)

where, on average, C; = 0, Cy = —pu(N, 0 = 2), C3 = —pp(N,{ = 3) —pC(N,é = 3), and
Cosa = —po(N,€) —p. (N , 6) —3pyg (N , 6) /2. Hence, on average, the expectation value obtained

for the objective function with the greedy algorithm on random 3-regular graphs is,

Ogreedy = - pb(N>€ = 2) pb(N l= 3) pc(N l= 3)

- Z Po(N, €) + pe(N, £) + 3pa(N, €) /2 _ N (S17)

S12.3 Numerical simulations



We perform small-scale noiseless simulations of the quantum-enhanced greedy algorithm
for the ring and random 3-regular graphs with random +1 weights. The simulations are based
on a nontruncated one-layer (p = 1) QAOA circuit and averaged over 100 randomly generated
problem instances. The classical randomized greedy baseline is also displayed. Results are
reported in Fig. S11 with the quantum-enhanced greedy algorithm systematically outperforming

the classical greedy algorithm.
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Figure S11: Exact small-scale simulations for ring and random 3-regular graphs. Approx-
imation ratio r, averaged over 100 random problem instances, as a function of the problem size
N. For each of these instances, a nontruncated one-layer (p = 1) QAOA is executed. Error bars
indicate one standard deviation. A. Ring graphs with random +1 weights. B Random 3-regular
graphs with random +1 weights.
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