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S1. SINGLE-MODE DECOMPOSITION

In this Supplemental Material, we consider the decomposition of the simplest example, a single-mode Gaussian
state with photon loss. Suppose we have prepared a squeezed vacuum state with squeezing parameter r > 0, which
we assumed nonnegative without loss of generality, whose covariance matrix is given by
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After the photon loss channel, whose transmission rate is given by 1 and loss rate is thus 1 — 7, the covariance matrix
transforms to

2r
B B _(nes"+1—-n 0

By setting ne=2" + (1 — n) = e 2%, we can decompose the covariance matrix V as
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where W’s first matrix element is nonnegative when r > 0. Here we call s an actual squeezing parameter because
this is the squeezing parameter that is actually involved in complexity, which will be clear below. We note that such
a decomposition is not unique. For our purpose, however, we maximize the matrix W and minimize the energy of the
pure Gaussian state V, to minimize the quantum resource (see below for another decomposition from the Williamson
decomposition.). We emphasize that a similar decomposition has been used to accelerate the classical algorithm for
simulating Gaussian boson sampling quadratically in Ref. [I]. However, the purpose of the decomposition was to avoid
simulating the density matrix rather than a pure state, not to take advantage of the fact that the thermal part, namely,
the random displacement part, should not significantly increase the complexity. Furthermore, the optimization we
implement significantly minimizes the simulation cost. As an example, the Williamson decomposition from Ref. [I]
gives the following decomposition:
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Here, the squeezing parameter of the pure state is
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One can easily show that ¢ > s, namely, our minimization, gives a smaller photon number for the quantum part.

S2. EXISTING CLASSICAL ALGORITHMS AND OUR CLASSICAL ALGORITHM

In this Supplemental Material, we compare our classical algorithm with existing algorithms simulating Gaussian
boson sampling. First, we compare it with the ezact simulation algorithms from Refs. [IH3]. These exact simulation
algorithms are typically used for estimating the running time for classical computers to simulate the experiments [4-
6]. One significant limitation of such algorithms is that their complexity increases substantially even if we simply
introduce a large displacement before the photon number measurement. This is because the large displacement will
introduce more output photons on average, which increases the matrix size of which we compute the (loop) hafnian for
sampling. It implies that the classical algorithms do not discriminate between quantum resources, which are photons



from squeezed states, and classical resources, which are photons from displacement, as long as there exist quantum
resources. Therefore, even when there are a large number of thermal photons due to photon loss, which is the case
in the current experiments (see Table I in the main text), the complexity analysis based on these types of algorithms
inevitably overestimates the complexity of the corresponding experiments. Furthermore, the appropriate target of
hardness is typically an approximate simulation instead of an exact simulation [7HJ]. Therefore, the running time
from these exact algorithms overestimates the complexity of the existing experiments, taking into account additional
experimental noise.

Let us now introduce approximate classical algorithms designed to simulate lossy boson sampling. Various types
of algorithms exist for this purpose. First, we consider efficient classical algorithms using classical states. The key
idea of these algorithms is to find the closest classical state, such as a thermal state [TI0HI2] or a separable state [13],
which are easy to efficiently sample from. One significant drawback of these algorithms is that they cannot improve
the accuracy by increasing the running time because the closest classical state is fixed for each algorithm for given
parameters of a lossy boson sampler, and thus we cannot enhance the quality of the approximate state by increasing
the running time. Therefore, although these approximations provide a boundary of efficient classical sampling and
an important benchmark for demonstrating quantum advantage, they are not appropriate to simulate lossy boson
samplers or characterize their complexity unless the loss rate is very large.

Another relevant type of classical algorithm that takes advantage of photon loss is matrix product operators [T4HI6].
The main idea is that since external noise, such as photon loss, reduces the amount of the entanglement of the output
state, such a tensor network method may be able to reduce the complexity of simulating the corresponding lossy
boson samplers. However, although the required bond dimension does not necessarily increase rapidly for the high
loss regime, simulating the recent experiments is still too expensive as the output photon number increases. Another
drawback is that since the matrix product operators simulate density matrices, the cost is at least quadratically larger
than simulating a pure state, which is the case in the present work.

Our algorithm addresses such drawbacks of the existing algorithms. Although our algorithm is generally an
approximate sampler because of the truncation of singular values, the complexity of our algorithm does not increase
by introducing a displacement on the output state. Therefore, one can significantly reduce the complexity when a
given boson sampler contains a large number of thermal photons. In addition, our algorithm can efficiently improve
its accuracy from a thermal-state approximation to the ideal distribution by increasing the running time depending
on the target approximation error, which is due to the fact that the MPS method enables us to take into account the
contribution from V), in contrast to the thermal state approximation that approximates V, by a trivial vacuum state’s
covariance matrix loys. As emphasized repeatedly in the main text, an interesting feature of our algorithm is that in
one extreme case where we set the MPS part to be a vacuum state, it becomes a thermal state approximation, which
recovers the concept of the previous results in Refs. [10, [T1]. Also, our new algorithm has a significant advantage over
the previous matrix product operator algorithms [I5, [I6] in that we remove the thermal photons W, which enables a
drastic reduction in resource utilization for the MPS algorithm.

At a high level, our algorithm resembles another type of classical algorithm designed for approximate noisy samplers
exploiting the fact that the output probability of noisy quantum devices typically converges to an easy distribution [17-
24]. More formally, the noisy output probabilities can be expanded as polynomials with different degrees in terms
of the noise parameter, with the lowest degree of polynomials being a distribution that is easy to sample from (e.g.,
uniform distribution in Refs. [23] 24]). Thus, by appropriately choosing the degree, one can control the accuracy of
the approximate samplers by increasing the running time. Our approximate sampler resembles this type of algorithm
in that one extreme case gives a distribution that is easy to sample from, and as we increase the running time, we can
improve the algorithm’s accuracy. To the best of our knowledge, however, this type of classical algorithm requires a
large amount of noise to be efficient and so has not been implemented for finite-size experiments yet.

Still another type of classical algorithm is specialized to spoof benchmarking but not necessarily to simulate
the ground-truth sampler [25]. We emphasize that the proposed algorithm in this work is not designed to spoof
benchmarking but truly to approximately simulate the ground-truth distribution.

S3. MPS CONSTRUCTION

In this Supplemental Material, we provide the method for MPS construction of Gaussian states based on Ref. [26].
While the method in that reference is typically inefficient, we employ the property of Gaussian states to make it efficient
so that we can efficiently find the reduced density matrix of a bipartition A : B and its spectral decomposition because
the reduced density matrix is still a Gaussian state and Gaussian states can always be written as a product of thermal



states pr followed by a Gaussian unitary operation [27]:
b = Teall) (0l] = Uspr0 = 3 pr(m) sl (I (S9)
n=0

where pr(n) = [[,cpni"/(i; + 1)™! and 7, is the mean photon number of the ith mode’s thermal state. One can

easily find Up and {7, };ep by Williamson decomposition of the covariance matrix of the state in the B part [27].
Hence, the eigenstates of the reduced density matrix are always a number state followed by a Gaussian unitary
operation.

Here we recall the method of constructing an MPS proposed in Ref. [26] with adapting Gaussian states’ properties.
First, we apply the singular value decomposition along the first mode and the rest of the modes with a prechosen
bond dimension y:
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Here the approximation is due to truncation from the predetermined bond dimension, and the state |¢)) can always
be written as 1) = U|n = 0) by Williamson decomposition of a pure Gaussian state; and, as emphasized before, the
singular values )\[ ] can be easily found by performing the Williamson decomposition for the marginal covariance matrix
over the blpartltlon between the first mode and the rest of the modes as in Eq . Also, the eigenstates {|<I>a]>},
{\@ElM]ﬂ are always photon number states followed by Gaussian unitary operations. Thus, we can characterize the
eigenstate |‘I>£3{"M]> = U[Q"'M]|TL£31'”M]> as {U[Q”'M],n[oi"M]}. We then rewrite it in number basis |n[22]> as
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where A2 = P72 32 50 |85 M]) s the eigenstate of the reduced density matrix of the [3- - - M] part and AL
are the singular values, which can be easily identified. Practically, we need only to compute matrices A by
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where V[2-M] = {3--M]iy(2--M] By iterating this procedure, we obtain all the matrix elements, which is summarized
as
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Therefore, the remaining calculation to obtain all the matrix elements is (n1|V|ny), for number states |ny) and
|n2) and a Gaussian unitary operator V. This quantity has already been studied in Refs. [28] 29] by noting that any
Gaussian unitary operation can be decomposed as V =0U,8 (T)Ul, where passive unitary operations U; and U and
single-mode squeezers S(r) = ®;5(r;):

haf(¥n, n,)
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where Us and U; correspond to the unitary matrix that characterize the unitary operators U, and Uy, and ¥ is a

matrix obtained by
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where X,,, n, is obtained by repeating ¥’s block matrices by nm; and ng times. Hence, the complexity of obtaining
all the matrix elements of A, or equivalently I' and A, is O(Mdx? x (hafnian of £, ,)), and the complexity of
computing the hafnian of ¥, n, is O(2(*1t72)/2) [30, B1]. Therefore, two crucial factors determine the complexity:
the bond dimension x and the maximum of |n; + na| = . ((11); + (n2);). While we study the scaling of the bond
dimension x in Methods of the main text more comprehensively, both the bond dimension and the maximum |r 4 ;]
are affected by the amount of entanglement. The former is evident, and the latter is because for a pure multimode
Gaussian state, the reduced state on part B over a bipartition A : B becomes more thermalized when the parties A
and B are highly entangled. For example, if they are a product state, the reduced state is still a pure state. Also, we
emphasize that the matrix size of Yy, n, is much smaller than the matrix size for computing the output probability of
the actual output state, which includes the random displacement. Hence, our MPS construction is, in general, much
more efficient than directly sampling from the output state using the best-known classical algorithm [I], [3] when the
loss rate is large.

S4. SINGULAR VALUES OF OUTPUT STATE OF GAUSSIAN BOSON SAMPLING

In this Supplemental Material, we analyze the distribution of singular values of MPS more quantitatively. By
analysis, we show that we need only the bond dimension x = polylog(1/¢) for a fixed number of squeezed states and
squeezing parameters and that we may not efficiently reduce the simulation error for the transmission rate scaling as
n = O(1/v/N). To this end, we consider K two-mode squeezed states out of M mode for fixed K and M and provide
a way to truncate singular values as in Methods of the main text. We directly study K two-mode squeezed states’
singular values for a bipartition instead of entanglement entropy. Then the reduced density matrix of one part of
two-mode squeezed states can be written as a product of thermal states

= ® (Z pa(ni)lng) nz|> an )|n)(n| = Z Z (1- R)KRk‘nMn‘v (525)
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where 7o = sinh? s is the mean photon number of thermal states 7 obtained by partial trace, ps (n;) = nyt/(ni41)m

and pi(n) = Hfil pa(n;). Here, we have decomposed the sum into the total photon number sector k and outcomes
that have the same photon number, namely, n such that ). n; = k. For the last expression, we define R =n/(n+1).
Then for each sector k, we have eigenvalues (1 — R)X RF for (KJF,f*l) terms. Thus, the distribution of the sum of
eigenvalue for each sector k follows a negative binomial distribution. Now we analyze the error when we truncate this

up to [ photon sector. For this case the number of singular values we keep is given by

Xin(KJF:_l), (S26)
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which becomes the bond dimension we use for MPS. The probability we lose by the truncation is

a= > (TN e R =, (s27)
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where Iy is the regularized incomplete beta function. Here, since (1 — R)X R¥ is a monotonically decreasing function
in k, the best way of choosing the singular values to minimize the error is to choose from the lowest photon number
sectors. We also note that the truncation number [ determines the largest |n; + nq| that appeared in the direction
construction of MPS of the output Gaussian state (see Methods in the main text). Hence, if [ needs to increase at
most logarithmically, the part for computing hafnians for the direct construction of the MPS is efficient.

Note that the tail probability of binomial distribution with probability p of obtaining at least k£ + 1 success out of
n trials, or, equivalently, multiple Bernoulli trials, is 1 — I1_,(n — k, 1 + k). Thus, the right-hand side is equivalent to
obtaining at least [ + 1 successes from the binomial with K + [ trials with success probability R. Using concentration

inequality for X = ZlK:{l X; with Bernoulli random variable X; with probability R [32], we have

Pr[X > (1+ 0)E[X]] < exp <—§32E[X]> : (S28)

and choosing ¢ = [/E[X] —1=1/[(K +1)R] —1 > 0 (thus, [ > KR/(1 — R)), the probability we lose by truncation is
upper bounded as

2
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Now let us consider a fixed-size circuit, that is, one in which K, i, and R are fixed. Then

e < exp (—; ((KL)R - 1)2 (K + l)R) < exp (—?%R) , (S30)

where ¢ is a nonzero constant lower bound of ¢ for [ > KR/(1 — R). Thus, in order to bound the error by e, it is
sufficient to choose

—3loge 1
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which leads to the upper bound of the bond dimension
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Therefore, the bond dimension to achieve error € is x = poly log(e_l). It also guarantees that the computation of
hafnians is efficient for the direct construction of MPS since I can be chosen to be O(loge™1).

Now let us turn our attention to the case where n = ©(1/VK). When n = 0(1/VK), s = 0(1/VK), n = O(1/K),
and R =7/(7 + 1) = 1/K. First, we note that if we select [ = 0, the number of singular values is xo = 1 and the
error is also eg = 1 — (1 — R)® ~ 1 — (1 —1/K)X ~ 1 —1/e. Thus, it recovers the same scaling as Refs. [10, [T}, [13].

Again, using concentration inequality for X = ZZK:{l X; with Bernoulli random variable X; with probability R and

choosing § = I/E[X|—1=1/[(K +1)R] —1 > 0 (thus, l > KR/(1 — R)), we have

2
€ < exp (—; (([(Jlrl)R - 1) (K + l)R) . (S33)

The difference from the fixed-size circuit case is that we are interested in the regime where R ~ i ~ 1/K. Note that
we chose [ to be larger than KR/(1—R) = Kin = O(1) for R = O(1/K). Then the bound we obtained gives, for large

K,
exp <_§ (U(frl)R _ 1)2(K+Z)R> ~ exp <_;’ <(KKi - 1)2 KKTZ) ~ exp (_;(z_ 1)2> L (s30)

and thus the cost to achieve € is

Xt = i (K +: - 1) <(I+ 1)(K +ll - 1> <(I+ 1)(K+l71!_1)l =0(%) =0 (<log1>K/2> : (S35)

k=0

Therefore, the upper bound of the cost from the concentration inequality increases exponentially in K.



a) Bond dimension for truncation error=0.01 (b)03 Memory for truncation error=0.01 (c) Time scale for truncation error=0.01 (d) Largest matrix size for truncation error=0.01

Frontier (RAM)
Frontier (Storage)

NS NN
102 2, 05\ 209 1013\1‘0,_?10(3

102 102

Number of squeezed states (r
Number of squeezed states (r

Number of squeezed states (r

.
=)

0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0

Transmission rate Transmission rate Transmission rate Transmission rate
(?03 Bond dimension for truncation error=0.01 (ﬂm? Memory for truncation error=0.01 (gioz Time scale for truncation error=0.01 (h)103 Largest matrix size for truncation error=0.01
o AN n o o TN N\
— — — —

Frontier (RAM)

Frontier (Storage)

05 205 o T
1072 205 dous_ 102 102

G5 NS

Number of squeezed states (r

Number of squeezed states (r
Number of squeezed states (r
Number of squeezed states (r

) i
0.2 0.4 0.6 0.8 1.0

[y
=3

0.2 0.4 0.6 0.8
Transmission rate Transmission rate Transmission rate Transmission rate

g s
IS

0.2 0.4 0.6 0.8

Iy
S

0.2 0.4 0.6 0.8

FIG. S1. Computational cost estimate for constructing an MPS that achieves truncation error 0.01 with squeezing parameter
(a-d) r = 1.0 and (e-h) r = 1.5. The costs are characterized by (a)(e) MPS bond dimension, (b)(f) memory usage, (c)(g) time
scale, and (d)(h) the matrix size for which we have to compute the hafnian.

S5. IMPLEMENTATION

We implement our simulation algorithm using Python. Specifically, GPU computations are optimized by using the
CuPy library, and distributed computation is achieved by using the Message Passing Interface (MPI) using the MPI
for Python library. We also develop a custom CUDA kernel for a minor subroutine in CUDA C++, which interfaces
with Python through CuPy. Part of the algorithm is taken or modified from the source code of the Strawberry Fields
library [33] as well as The Walrus library [34].

The simulation algorithm uses a single GPU for the computation and storage of a single-mode MPS tensor. During
the MPS calculation, all tensors are computed independently on different GPUs, which fills tensor entries with
appropriately calculated hafnian values. Hafnians of equal-sized square matrices are computed in parallel for numerical
efficiency, and this is possible because the hafnian calculation algorithm is data-independent. To avoid impractical
memory costs, we limit the maximum number of parallel hafnians to a value dependent on the size of the input
matrices, and we loop over subbatches to complete all hafnians. After a tensor is completed, the tensor is saved to
the local SSD for later use during sampling.

Additionally, since the computational cost for different modes varies dramatically, GPUs that completed the
designated tensor calculations are used to accelerate the computation of more costly tensors. Specifically, when
challenging tensors have too many parallel hafnians to compute and other GPUs are available, subbatches are sent
via the communication fabric for computation, and the results are later collected.

For the sampling algorithm, the computed single-mode MPS tensors are loaded to each GPU. During the sampling
procedure, a vector is passed from one mode to the next via the communication fabric after some operations with
local tensors for sampling. After the vector is sent to the next GPU, a new tensor is received from the previous GPU
for new samples, resulting in a stream of samples that propagate through the chain. This process is also performed in
a parallel manner via batch parallel random displacement generation, matrix multiplications, and weighted random
choices. For the largest simulations, 100 samples are processed in parallel on a single GPU for numerical efficiency
and reasonable memory costs. Therefore, 100 x M samples are processed in parallel on M GPUs.

S6. COMPUTATIONAL COST ESTIMATION

In this Supplemental Material, we further provide estimates of the computational cost of our algorithm for simulating
larger systems and that for simulating systems that take into account the experimental architecture. First, as in the
main text, to make the analysis simple and consistent, we again assume the same conditions for the setup: (i) input
squeezing parameters and loss rates are uniform across the modes, (ii) all the inputs are squeezed states without any
vacuum states although they are not necessarily satisfied in the current experiments. We emphasize that while the
USTC’s experiments used a different number of squeezed state inputs, 50, from the number of modes, 144, i.e., many
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FIG. S2. Computational cost estimate for constructing an MPS that achieves truncation error 0.01 with squeezing parameter
(a-c) and (g-i) » = 1.0 and (d-f) and (j-1) » = 1.5. We consider the USTC’s setup in (a-f) and Xanadu’s setup in (g-1). The
costs are characterized by (a)(d)(g)(j) MPS bond dimension, (b)(e)(h)(k) memory usage, and (c)(f)(i)(l) time scale. The dots
represent the relevant parameters in each experiment, and we do not present them in (j-1) because Xanadu’s largest squeezing
parameter is lower than r = 1.5. We averaged over ten different random circuits.

of the inputs were the vacuum, in our analysis, we set them to be equal to remove the dependence on the position of
input squeezed states.

We again consider three different circuit ensembles: (a) the worst-case circuits as in Extended Data Fig. 2, (b) the
circuits similar to the USTC’s experiments, and (c) the circuits similar to Xanadu’s experiments. More specifically,
for (b) and (c), we model the USTC’s experiment using the same structure with local beam splitters and assume that
local beam splitters follow Haar-random unitaries. We also model Xanadu’s experiment using the same 3D structure



with local Haar-random random unitary beam splitters.

We present the estimate for the worst-case circuit in Fig. and the one for the circuit modeling the experiments
in Fig. [S2] Here, the required bond dimension for achieving a certain truncation error is obtained by considering
the bipartition in Extended Data Fig. 2(c) and using Eq. for the worst-case circuits analytically and directly
numerically computing all the largest singular values for the USTC and Xanadu’s setup. The required memory usage
is estimated by

(8 bytes) x (bond dimension)? x (the number of modes) x (local Hilbert space dimension), (S36)

where 8 bytes is for Complex64 variables, and we set local Hilbert space dimension 4 as our simulation. The time
scale represents the time cost to prepare the MPS by counting the number of matrix elements without taking into
account the complexity of computing each element (see below), which is estimated by

bond dimension

2
10000 ) x (local Hilbert space dimension), (S37)

(600 secs) x (

where 600 secs is to use our simulation time as a benchmark, which used ¥ = 10* bond dimension. We note that the
time scale can vary for different computing devices or be significantly reduced by employing more resources. Finally,
we obtain the largest matrix size for which we have to compute the hafnian to construct an MPS, which is equal to 2!
in Eq. (S27)). This corresponds to the cost of computing each element of MPS that was not taken into account in the
time scale. In fact, as presented in the figure, for the relevant regimes for the current experiments, the matrix size is
not too large to compute in a reasonable time. Also, Ref. [31] shows that computing the hafnian of matrix size less
than 50 x 50 is still possible with a reasonable computational cost. Note that although we do not present the matrix
size estimate in Fig. because of numerical uncertainty, based on the worst-case circuit results, we expect that the
matrix size is not an immediate obstacle for the current experimental parameters.

S7. BAYESIAN TEST

As mentioned in the main text, Refs. [5 [6) B5] employ the Bayesian test as a benchmark. In this Supplemental
Material, we show that the test is not suitable for our purpose and our sampler because our sampler is closer to the
ground-truth distribution than the experimental sampler is but our sampler is far from the experimental sampler.
To see this, we compute the TVD of all the pairs between the ideal, MPS, and experimental samplers, as illustrated
in Fig. a). The figure clearly shows that while the MPS sampler is a good approximation of the ground-truth
distribution, it still has a large distance to the experimental sampler. Therefore, as shown in the figure, even though
our sampler approximates the ideal distribution better than the experiments in TVD, it fails to pass the Bayesian
test, where the Bayesian score is defined as

oL Pl (m;) Prd(N)
score = A log O 4 @) ,
< 2 P (my) PrO (V)

(S38)

where G stands for the ground truth and Pr(i)(m) is the output probability of obtaining an outcome m a sampler
i, which is either ideal or a mock-up sampler, and pr® (N) is the probability of obtaining total N photons. Thus,
a positive score means that the ground-truth distribution is a better approximation than the mock-up distribution.
Consequently, the failure of our sampler to pass the Bayesian test does not imply that our sampler is not a good
approximation of the ground-truth distribution.

S8. INTERMEDIATE-SCALE EXPERIMENTS

In this Supplemental Material, we display an additional plot for intermediate cases: Borealis’s M = 216 (low) case
and Jiuzhang2.0’s M = 144 with P65-1 and P65-2. For each case we choose x = 600, 1000, 2000 with d =4 (d =6
is used for sampling by patching the tensors.), respectively. We numerically demonstrate that the bond dimensions
are sufficient to achieve better scores than experiments in XEB and two-point correlation benchmarking, as exhibited
in Fig. Also, each case entails an error of 0.0114,0.0078,0.0162, respectively. For all cases with the chosen bond
dimensions, our MPS simulator achieves comparable XEB scores and two-point correlation functions.
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FIG. S3. (a) TVD between the experimental sampler, MPS sampler (x = 20), and the ideal sampler. (b) The Bayesian score
of the MPS sampler. The error bars are the standard deviation obtained by 1,000 bootstrapping resamples.

S9. GROUND-TRUTH DISTRIBUTION OF JIUZHANGS3.0

We note that Ref. [35] used a slightly different ground-truth distribution from the one we used for benchmarking.
More specifically, Jiuzhang3.0 applied 8-fold local beam splitters to each output mode for implementing pseudo-
photon-number-resolving detection (PPNRD), which makes M = 144 output modes into M = 1152 modes. In our
simulation we treat the experiment as M = 144 modes instead of M = 1152 because the purpose of additional linear-
optical circuits is to implement PPNRD and they are local beam splitters. In other words, after generating samples
by photon numbers, we transform the photon numbers to photon clicks for both the experiment and our sampler
to compute the correlation functions of photon clicks for 144 modes. We consider threshold detectors instead of
PNRDs because the photon number for each output port is not dilute enough to mimic the true PNRD in experiment,
especially for the high case.

Also, we remark that Ref. [35] modeled the ground-truth distribution as a lossy and partial distinguishable GBS,
additionally incorporating the partial distinguishability noise into the ground truth, while we still employ the lossy
GBS as the ground truth. Hence, for our analysis, the partial distinguishability causes a deviation between the
experimental and ground-truth samplers, which allows the MPS to have a larger truncation error. We expect that if
we include additional noises into the ground-truth distribution, the truncation error of MPS has to decrease further;
that is, the bond dimension has to be chosen larger than the present simulation because the ground-truth distribution
becomes closer to the experimental sampler. However, the partial distinguishable GBS model used in Ref. [35] can
be easily implemented by constructing two independent MPSs for two distinguishable input sources. In addition,
since a single-mode squeezed state is split into two smaller squeezed states, the cost of each MPS is smaller than the
indistinguishable GBS model.
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