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AIの発展と課題

•AIの成功を支える3つの要素 

• アルゴリズム: アテンション機構やU-NETなどの機械学 

習アーキテクチャ、バックプロパゲーションなどの最適化 

手法の発展 

• ビッグデータ: インターネットを通じた豊富な学習データ 

• ハードウェア: 並列化やGPGPUなどのコンピュータハー 

ドウェアの進歩 

•AIの課題（限界） 

1. アルゴリズムのスケーリングの課題 

• 精度を上げるにはより大量の学習データと複雑な学習モデルが必要 

2. ビッグデータの課題 

• 良質な学習データ(テキスト、画像、実験、シミュレーションデータなど)の枯渇 

3. ムーアの法則の終焉 

• HPC技術における微細化・エネルギー効率の限界 

4. 最適化における困難 

• 非凸性の高いランドスケープにおける膨大な数の局所最小解の存在、勾配消失



量子回路

• 量子回路 = 量子ビットに演算するゲート操作の回路図 

• 量子ビット(qubit) 

•  と  の重ね合わせの状態をとる 

• -qubitの量子回路 →  個の  スピン 

• ヒルベルト空間の次元:  

• 量子計算 = 重ね合わせ + 並列性 ＋ 干渉 + 測定による収縮

|0⟩ |1⟩
N N S = 1/2

2N

Arute, F., Arya, K., Babbush, R. et al. Nature 574, 505 (2019)



量子多体系の波動関数

• 量子多体状態 

•  スピン系 

• ハミルトニアン →  の行列 

• 波動関数の係数 

→  の長さのベクトル (or  本足のテンソル) 

•  が大きくなると行列の次元、波動関数のサイズは 

指数関数的に増加 

• 古典計算は困難

N
2N × 2N

2N N

N
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次元の呪い (curse of dimensionality)

•高次元でサンプル数が爆発 

•  元超立方体(1辺の長さ 2, 体積 )に対する  次元単位球の体積の割合 

•  で 0.2%,  で ,  で  

• サンプリングで球の体積を計算しようとすると, 標準偏差に対する平均値の割合は指数関

数的に小さい 

• 次元が高くなるにつれて指数関数的に大きな  が必要となる 

• 通常の数値積分などでも同様
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計算機実験 — モンテカルロ法
モンテカルロ積分

次元の呪い (curse of dimensionality)

n次元超立方体 (1辺の長さ 2, 体積 2n)に対する n次元単位球の体積の割合
q =

πn/2/Γ(n2 + 1)

2n
∼ (π/n)n/2

n = 10 で 0.2%, n = 20 で 10−8, n = 100 で 10−70

モンテカルロ積分で球の体積を計算しようとすると, 標準偏差に対する平均値の割合は指数関数的に小さい
q√

q(1− q)
∼ √q

次元が高くなるにつれて指数関数的に大きな M が必要となる
c.f. 通常の数値積分 (台形公式等)でも同様
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モンテカルロ積分
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テンソルとテンソルのダイアグラム表記

• テンソル:  次元的な数字の並び (=多次元配列) 

•ベクトル 

•行列 

• 3階テンソル 

• 階テンソル → 本の足 

• スカラー（数字) → 足なし

n

n n

：

：

：



テンソルのデータ量

•全ての足の次元を  と仮定すると 

• 2本足テンソル =  行列 

• 5階テンソル 

•  階テンソル 

•足の本数が増えるにつれて、データ量(=要素数)は指数関数的に増える 

• 注: 足の次元(ボンド次元と呼ぶ)は  あるいは  であらわすことが多い

χ
χ × χ

n

χ D

*

蕊・

*

蕊・

Tijkln O(χ5)

O(χn)

O(χ2)



テンソルの縮約

• テンソルの縮約 (contraction) 

• 共通する足について和を取る 

• 2階テンソル同士の縮約 → 結果は2階テンソル 

• 行列行列積 

•一般のテンソルの縮約も同様に表現できる

＝ A BC

Graphical representations for tensor network

＝ A BC

AB

C

Contraction of a network

Matrix product

＝ A BC

Generalization to tensors

（縮約）
= Calculation of a lot of multiplications

AB

C

D ＝



行列のテンソル表現と低ランク近似

•行列  (二次元データ) = 2本足テンソル 

• ダイアグラム表現 

• 行列を2つの行列の積への分解 

•  の次元を「行列のランク」と呼ぶ 

•低ランク近似 

•  行列を分解すると通常ランク  

• 重要な 個( )の情報のみ残す 

• データサイズ:  

• 例: , のとき:  （98%削減) 

• 「低ランク近似」による情報圧縮 

• たくさんの足のあるデータ(=テンソル)も同様に分解・低ランク近似可能

A : Aij

k

n × n = n
r r ≪ n

n2 → n × r + r × n = 2rn
n = 10000 r = 100 n2 = 100000000 → 2rn = 2000000

＝ B CA

=

Aij = ∑
k

BikCkj



• グレースケール画像(1614 x 2178)を行列とみなして低ランク近似
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計算機実験 I (講義 4)

特異値分解

特異値分解による画像圧縮
特異値の分布とランク r近似 (1614→ 2178グレイスケール写真)

r = 1 r = 2 r = 3 r = 4

r = 5 r = 10 r = 20 r = 50
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特異値分解

特異値分解による画像圧縮
特異値の分布とランク r近似 (1614→ 2178グレイスケール写真)
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特異値分解による画像圧縮 ＝ A BC

特異値の分布



• グレースケール画像(1614 x 2178)を行列とみなして低ランク近似
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様々なテンソルネットワーク表現

• 量子多体系の量子状態： 

• F. Verstraete, J. I. Cirac,  arXiv, cond‐mat/0407066 (2004) 

• G. Vidal, Phys. Rev. Lett. 101, 110501 (2008) 

• R. Orús, Ann. Phys. 349, 117 (2014) 

•統計力学模型の分配関数： 

• M. Levin and C. P. Nave, Phys. Rev. Lett. 99, 120601 (2007) 

• G. Evenbly and G. Vidal, Phys. Rev. Lett. 115, 180405 (2015) 

• 量子回路 

• F. Arute, et al., Nature 574, 505 (2019) 

• Y. Lie , et al., SC '21 Proceedings, 3 (2021) 

• データ科学・機械学習 

• E. Stoudenmire and D. J. Schwab, NIPS 29, 4799 (2016) 

• Z.-F. Gao et al., Phys. Rev. Research 2, 023300 (2020) 

• Gourianov et al., Nat. Comput. Sci. 2, 30 (2022)

(a)

小さいテンソルに分解

(b) (c)
TPS(PEPS)

ZE-FENG GAO et al. PHYSICAL REVIEW RESEARCH 2, 023300 (2020)

FIG. 1. (a) Graphical representation of the weight matrix W in a
fully connected layer. The blue circles represent neurons, e.g., pixels.
The solid line connecting an input neuron xi with output neuron
y j represents the weight element Wji. (b) MPO factorization of the
weight matrix W . The local operators w(k) are represented by filled
circles. The hollow circles denote the input and output indices, il and
jl , respectively. Given ik and jk , w(k)[ jk, ik] is a matrix.

different kernels are used to extract different features. A
graphical representation of W is shown in Fig. 1(a).

Usually, the number of elements or neurons, Nx and Ny, are
very large, and thus there are a huge number of parameters
to be determined in a fully connected layer [9]. The convo-
lutional layer reduces the variational parameters by grouping
the input elements into many partially overlapped kernels, and
one output element is connected to one kernel. The number of
variational parameters in a convolutional layer is determined
by the number of kernels and the size of each kernel. It could
be much less than that in a fully connected layer. However, the
total number of parameters in all the convolutional layers can
still be very large in a deep neural network which contains
many convolutional layers [10]. To train and store these
parameters raises a big challenge in this field. First, it is time
consuming to train and optimize these parameters, and may
even increase the probability of overfitting. This would limit
the generalization power of deep neural networks. Second,
it needs a big memory space to store these parameters. This
would limit its applications where the space of hard disk is
strongly confined; for example, on mobile terminals.

There are similar situations in the context of quantum in-
formation and condensed-matter physics. In a quantum many-
body system, the Hamiltonian or any other physical operator
can be expressed as a higher-order tensor in the space spanned
by the local basis states [33]. To represent exactly a quantum
many-body system, the total number of parameters that need
to be introduced can be extremely huge, and should in prin-
ciple grow exponentially with the system size (or the size of
each “image” in the language of neural network). The matrix
product operator (MPO) was originally proposed in physics to
characterize the short-range entanglement in one-dimensional
quantum systems [34,35], and is now a commonly used
approach to represent effectively a higher-order tensor or
Hamiltonian with short-range interactions. Mathematically, it
is simply a tensor-train approximation [36,37] that is used to
factorize a higher-order tensor into a sequential product of
the so-called local tensors. Using the MPO representation, the
number of variational parameters needed is greatly reduced

since the number of parameters contained in an MPO just
grows linearly with the system size. Nevertheless, it turns
out that to provide an efficient and faithful representation
of the systems with short-range interactions whose entangle-
ment entropies are upper bounded [38,39] or, equivalently,
the systems with finite excitation gaps in the ground states.
The application of MPOs in condensed-matter physics and
quantum information science has achieved great successes
[40,41] in the past decade.

In this paper, we propose to solve the parameter problem in
neural networks by employing the MPO representation, which
is illustrated in Fig. 1(b) and expressed in Eq. (5). The starting
point is the observation that the linear transformations in a
commonly used deep neural network have a number of similar
features as the quantum operators, which may allow us to
simplify their representations. In a fully connected layer, for
example, it is well known that the rank of the weight matrix
is strongly restricted [42–44] due to short-range correlations
or entanglements among the input pixels. This suggests that
we can safely use a lower-rank matrix to represent this layer
without affecting its prediction power. In a convolutional
layer, the correlations of images are embedded in the kernels,
whose sizes are generally very small in comparison with the
whole image size. This implies that the “extracted features”
from this convolution can be obtained from very local clusters.
In both cases, a dense weight matrix is not absolutely neces-
sary to perform a faithful linear transformation. This peculiar
feature of linear transformations results from the fact that the
information hidden in a data set is just short-range correlated.
Thus, to accurately reveal the intrinsic features of a data set,
it is sufficient to use a simplified representation that catches
more accurately the key features of local correlations. This
motivates us to adopt MPOs to represent linear transformation
matrices in deep neural networks.

There have been several applications of tensor network
structures in neural networks [37,45–50]. Our approach dif-
fers from them by the following aspects: (1) It is physically
motivated, emphasizes more on the local structure of the
relevant information, and helps to understand the success of
deep neural networks. (2) It works in the framework of neural
networks, in the sense that the multiple-layer structure and
activation functions are still retained and the parameters are
entirely optimized through algorithms developed in neural
networks. (3) It is a one-dimensional representation, and is
flexible to represent the linear transformations including both
the fully connected layers and the entire convolutional layers.
(4) It is also used to characterize the complexity of image data
sets. (5) A systematic study has been done. These issues will
become clear in the following sections.

The rest of the paper is structured as follows. In Sec. II,
we present the way the linear layers can be represented by
MPO and the training algorithm of the resulting network. In
Sec. III, we apply our method systematically to five main
neural networks, including FC2, LeNet-5, VGG, ResNet, and
DenseNet on two widely used data sets, namely, MNIST and
CIFAR-10. Experiments on more data sets can be found in
Sec. II. A in the Supplemental Material (SM) [51]. Finally, in
Sec. IV, we discuss the relation with previous efforts and the
possibility to construct a framework of neural networks based
on the matrix product representations in the future. In the SM
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single-qubit gates chosen randomly from X Y W{ , , } on all qubits, 
followed by two-qubit gates on pairs of qubits. The sequences of gates 
which form the ‘supremacy circuits’ are designed to minimize the circuit 
depth required to create a highly entangled state, which is needed for 
computational complexity and classical hardness.

Although we cannot compute FXEB in the supremacy regime, we can 
estimate it using three variations to reduce the complexity of the circuits. 
In ‘patch circuits’, we remove a slice of two-qubit gates (a small fraction 
of the total number of two-qubit gates), splitting the circuit into two 
spatially isolated, non-interacting patches of qubits. We then compute 
the total fidelity as the product of the patch fidelities, each of which can 
be easily calculated. In ‘elided circuits’, we remove only a fraction of the 
initial two-qubit gates along the slice, allowing for entanglement 
between patches, which more closely mimics the full experiment while 
still maintaining simulation feasibility. Finally, we can also run full 
‘verification circuits’, with the same gate counts as our supremacy cir-
cuits, but with a different pattern for the sequence of two-qubit gates, 
which is much easier to simulate classically (see also Supplementary 
Information). Comparison between these three variations allows us to 
track the system fidelity as we approach the supremacy regime.

We first check that the patch and elided versions of the verification 
circuits produce the same fidelity as the full verification circuits up to 
53 qubits, as shown in Fig. 4a. For each data point, we typically collect 
Ns = 5 × 106 total samples over ten circuit instances, where instances 
differ only in the choices of single-qubit gates in each cycle. We also 
show predicted FXEB values, computed by multiplying the no-error prob-
abilities of single- and two-qubit gates and measurement (see also Sup-
plementary Information). The predicted, patch and elided fidelities all 
show good agreement with the fidelities of the corresponding full cir-
cuits, despite the vast differences in computational complexity and 
entanglement. This gives us confidence that elided circuits can be used 
to accurately estimate the fidelity of more-complex circuits.

The largest circuits for which the fidelity can still be directly verified 
have 53 qubits and a simplified gate arrangement. Performing random 
circuit sampling on these at 0.8% fidelity takes one million cores 130 
seconds, corresponding to a million-fold speedup of the quantum pro-
cessor relative to a single core.

We proceed now to benchmark our computationally most difficult 
circuits, which are simply a rearrangement of the two-qubit gates. In 
Fig. 4b, we show the measured FXEB for 53-qubit patch and elided ver-
sions of the full supremacy circuits with increasing depth. For the larg-
est circuit with 53 qubits and 20 cycles, we collected Ns = 30 × 106 samples 
over ten circuit instances, obtaining F = (2.24 ±0.21) × 10XEB

−3  for the 
elided circuits. With 5σ confidence, we assert that the average fidelity 

of running these circuits on the quantum processor is greater than at 
least 0.1%. We expect that the full data for Fig. 4b should have similar 
fidelities, but since the simulation times (red numbers) take too long to 
check, we have archived the data (see ‘Data availability’ section). The 
data is thus in the quantum supremacy regime.

The classical computational cost
We simulate the quantum circuits used in the experiment on classical 
computers for two purposes: (1) verifying our quantum processor and 
benchmarking methods by computing FXEB where possible using sim-
plifiable circuits (Fig. 4a), and (2) estimating FXEB as well as the classical 
cost of sampling our hardest circuits (Fig. 4b). Up to 43 qubits, we use 
a Schrödinger algorithm, which simulates the evolution of the full quan-
tum state; the Jülich supercomputer (with 100,000 cores, 250 terabytes) 
runs the largest cases. Above this size, there is not enough random access 
memory (RAM) to store the quantum state42. For larger qubit numbers, 
we use a hybrid Schrödinger–Feynman algorithm43 running on Google 
data centres to compute the amplitudes of individual bitstrings. This 
algorithm breaks the circuit up into two patches of qubits and efficiently 
simulates each patch using a Schrödinger method, before connecting 
them using an approach reminiscent of the Feynman path-integral. 
Although it is more memory-efficient, the Schrödinger–Feynman algo-
rithm becomes exponentially more computationally expensive with 
increasing circuit depth owing to the exponential growth of paths with 
the number of gates connecting the patches.

To estimate the classical computational cost of the supremacy circuits 
(grey numbers in Fig. 4b), we ran portions of the quantum circuit simu-
lation on both the Summit supercomputer as well as on Google clusters 
and extrapolated to the full cost. In this extrapolation, we account for 
the computation cost of sampling by scaling the verification cost with 
FXEB, for example43,44, a 0.1% fidelity decreases the cost by about 1,000. 
On the Summit supercomputer, which is currently the most powerful 
in the world, we used a method inspired by Feynman path-integrals that 
is most efficient at low depth44–47. At m = 20 the tensors do not reason-
ably fit into node memory, so we can only measure runtimes up to m = 14, 
for which we estimate that sampling three million bitstrings with 1% 
fidelity would require a year.

On Google Cloud servers, we estimate that performing the same task 
for m = 20 with 0.1% fidelity using the Schrödinger–Feynman algorithm 
would cost 50 trillion core-hours and consume one petawatt hour of 
energy. To put this in perspective, it took 600 seconds to sample the 
circuit on the quantum processor three million times, where sampling 
time is limited by control hardware communications; in fact, the net 

Single-qubit gate:
25 ns

Qubit
XY control

Two-qubit gate:
12 ns

Qubit 1
Z control

Qubit 2
Z control

Coupler

Cycle 1 2 3 4 5 6 m
Time

ColumnRow

7 8

A B C D C D BA

A

B

D

C

ba

W

W

X

X

Y

0

0

0

0

0

Fig. 3 | Control operations for the quantum supremacy circuits. a, Example 
quantum circuit instance used in our experiment. Every cycle includes a layer 
each of single- and two-qubit gates. The single-qubit gates are chosen randomly 
from X Y W{ , , }, where  W X Y= ( + )/ 2  and gates do not repeat sequentially. 
The sequence of two-qubit gates is chosen according to a tiling pattern, 
coupling each qubit sequentially to its four nearest-neighbour qubits. The 

couplers are divided into four subsets (ABCD), each of which is executed 
simultaneously across the entire array corresponding to shaded colours. Here 
we show an intractable sequence (repeat ABCDCDAB); we also use different 
coupler subsets along with a simplifiable sequence (repeat EFGHEFGH, not 
shown) that can be simulated on a classical computer. b, Waveform of control 
signals for single- and two-qubit gates.
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correlations, it is still highly correlated in space because the fine grid 
dependence is repeated.

Truncating the Schmidt decomposition in equation (2) approxi-
mates ui in an orthonormal time-dependent basis that evolves with 
the fluid flow to optimally capture spatially correlated structures. 
This is in contrast to classical scientific computing techniques 
(implemented through, for example, finite-difference or spectral 
methods) where the bases are structure-agnostic; that is, they are 
chosen a priori and disregard any structure in the solution.

We first apply the decomposition in equation (2) to DNS solu-
tions of the INSE (equation (7)) for the TDJ shown in the top row of 
Fig. 2a. The TDJ comprises a central jet flow along the x direction, 
and Kelvin–Helmholtz instabilities in the boundary layer of the jet 
eventually cause it to collapse (see equations (9)–(15) for the initial 
flow conditions). We decompose each velocity component accord-
ing to equation (2), which is an exact representation if d(n) = Γ2D(n) 
with (for details, see Supplementary Section 2)

Γ
2D(n) = min(4n, 4N−n). (4)

Figure 1b shows the Schmidt numbers d99(n, t) such that equation 
(2) represents the DNS solutions for the velocity fields with 99% 

accuracy in the L2 norm (more details on the Schmidt coefficients 
are provided in Supplementary Section 1). We find that d99(n, t) are 
well below their maximal values Γ2D(n) for n > 1. More specifically, 
we define χ

99

= max d

99

(n, t) as the maximal value of d99 for all n 
and time steps. We obtain χ99 = 25, and the interscale correlations 
captured by equation (2) with d(n) = min

(
Γ

2D(n), 25
)
 are shown 

by the blue-shaded area M in Fig. 1b. d99(n, t) is entirely contained 
within this blue area. Note that the Schmidt numbers are shown on 
a logarithmic scale in Fig. 1b, and thus the area M is much smaller 
than the area D corresponding to DNS.

We obtain qualitatively similar results for the DNS solutions 
to the TGV in 3D, where vortex stretching causes a single, large, 
ordered fluctuation to collapse into a turbulent flurry of small-scale 
structures (see the top row in Fig. 3a for visualization and equation 
(16) in the Methods for the initial flow conditions). In three spatial 
dimensions, the representation in equation (2) is exact if d(n) equals 
(Supplementary Section 2)

Γ
3D(n) = min (8n, 8N−n). (5)

The Schmidt numbers d99(n, t) resulting in a 99% accurate represen-
tation of the DNS solutions are shown in Fig. 1c. We find χ99 = 207, 
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Fig. 2 | 2D temporally developing jet. Dynamical simulation of the INSE in 2D for a planar jet streaming along x with Re!=!1,000, as defined in the Set-up 
of numerical experiments section in the Methods. a, Snapshots of the vorticity and velocity fields taken at t/T0!=!0.25, 0.75, 1.25, 1.75 (left to right). 
Red corresponds to positive vorticity (counter-clockwise flow) and blue to negative vorticity (clockwise). The top row corresponds to DNS results on 
a quadratic 210!×!210 grid (cf. Fig. 1a). Rows 2–4 are MPS results with different maximal bond dimensions χ. The bottom three rows are for URDNS on 
quadratic grids, as indicated. b, Reynolds stress τ12 (equation (14)) between the streamwise and cross-stream directions as a function of time and y 
coordinate. Red (blue) corresponds to positive (negative) stress.
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偏微分方程式のシミュレーション

•場のテンソルネットワーク表現 

• 流れの場、密度の場 

• 同次多項式表現(quantics tensor 

train (QTT) representation) 

• 長い空間スケールと短い空間スケール 

の分離(低ランク近似) 

• 乱流のように無数の長さスケールが混 

合場合に有効 

• テンソルネットワークで圧縮したままで 

シミュレーションを実行 

• テンソルネットワークを使うことで、乱 

流を正しく捉えたまま、効率的なシミュ 

レーションが可能
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correlations, it is still highly correlated in space because the fine grid 
dependence is repeated.

Truncating the Schmidt decomposition in equation (2) approxi-
mates ui in an orthonormal time-dependent basis that evolves with 
the fluid flow to optimally capture spatially correlated structures. 
This is in contrast to classical scientific computing techniques 
(implemented through, for example, finite-difference or spectral 
methods) where the bases are structure-agnostic; that is, they are 
chosen a priori and disregard any structure in the solution.

We first apply the decomposition in equation (2) to DNS solu-
tions of the INSE (equation (7)) for the TDJ shown in the top row of 
Fig. 2a. The TDJ comprises a central jet flow along the x direction, 
and Kelvin–Helmholtz instabilities in the boundary layer of the jet 
eventually cause it to collapse (see equations (9)–(15) for the initial 
flow conditions). We decompose each velocity component accord-
ing to equation (2), which is an exact representation if d(n) = Γ2D(n) 
with (for details, see Supplementary Section 2)
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than the area D corresponding to DNS.

We obtain qualitatively similar results for the DNS solutions 
to the TGV in 3D, where vortex stretching causes a single, large, 
ordered fluctuation to collapse into a turbulent flurry of small-scale 
structures (see the top row in Fig. 3a for visualization and equation 
(16) in the Methods for the initial flow conditions). In three spatial 
dimensions, the representation in equation (2) is exact if d(n) equals 
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The Schmidt numbers d99(n, t) resulting in a 99% accurate represen-
tation of the DNS solutions are shown in Fig. 1c. We find χ99 = 207, 
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Fig. 2 | 2D temporally developing jet. Dynamical simulation of the INSE in 2D for a planar jet streaming along x with Re!=!1,000, as defined in the Set-up 
of numerical experiments section in the Methods. a, Snapshots of the vorticity and velocity fields taken at t/T0!=!0.25, 0.75, 1.25, 1.75 (left to right). 
Red corresponds to positive vorticity (counter-clockwise flow) and blue to negative vorticity (clockwise). The top row corresponds to DNS results on 
a quadratic 210!×!210 grid (cf. Fig. 1a). Rows 2–4 are MPS results with different maximal bond dimensions χ. The bottom three rows are for URDNS on 
quadratic grids, as indicated. b, Reynolds stress τ12 (equation (14)) between the streamwise and cross-stream directions as a function of time and y 
coordinate. Red (blue) corresponds to positive (negative) stress.
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量子回路とテンソルネットワーク

• 量子回路 ⇒ テンソルネットワーク 

• 任意の量子回路はテンソルネットワークとして表現可能 

• テンソルネットワーク 

　⇒ 「量子状態・回路を“構造付き”で理解・計算・評価するための共通言語」 

• 量子回路の古典シミュレーション　(テンソルネットワークシミュレータ) 

• 多体量子状態の圧縮表現 (変分波動関数) 

• 量子誤り訂正コードの設計・解析 

• 量子優位性・古典困難性の評価
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教師あり学習と教師なし学習

教師あり(supervised) 教師なし(unsupervised)

入力からラベルを予測（識別） データ分布そのものを学ぶ



機械学習における行列圧縮

•行列の情報を蓄えるためのデータ量を大幅に圧縮できる 

• テンソルの行列積分解と同様 

•行列の演算コストの低下 

• 大きな行列を直接かける代わりに、小さいテンソルを順番に 

かけることでコストが低下 

• 訓練・予測時間の低減 

•無駄な自由度の削減による最適化（訓練）の効率アップ 

• テンソルネットワーク近似で性能が変わらないことは、元の表現には「無駄」が多いことを示唆 

• 過学習の抑制、汎化性能の向上も期待できる

A
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FIG. 1. (a) Graphical representation of the weight matrix W in a
fully connected layer. The blue circles represent neurons, e.g., pixels.
The solid line connecting an input neuron xi with output neuron
y j represents the weight element Wji. (b) MPO factorization of the
weight matrix W . The local operators w(k) are represented by filled
circles. The hollow circles denote the input and output indices, il and
jl , respectively. Given ik and jk , w(k)[ jk, ik] is a matrix.

different kernels are used to extract different features. A
graphical representation of W is shown in Fig. 1(a).

Usually, the number of elements or neurons, Nx and Ny, are
very large, and thus there are a huge number of parameters
to be determined in a fully connected layer [9]. The convo-
lutional layer reduces the variational parameters by grouping
the input elements into many partially overlapped kernels, and
one output element is connected to one kernel. The number of
variational parameters in a convolutional layer is determined
by the number of kernels and the size of each kernel. It could
be much less than that in a fully connected layer. However, the
total number of parameters in all the convolutional layers can
still be very large in a deep neural network which contains
many convolutional layers [10]. To train and store these
parameters raises a big challenge in this field. First, it is time
consuming to train and optimize these parameters, and may
even increase the probability of overfitting. This would limit
the generalization power of deep neural networks. Second,
it needs a big memory space to store these parameters. This
would limit its applications where the space of hard disk is
strongly confined; for example, on mobile terminals.

There are similar situations in the context of quantum in-
formation and condensed-matter physics. In a quantum many-
body system, the Hamiltonian or any other physical operator
can be expressed as a higher-order tensor in the space spanned
by the local basis states [33]. To represent exactly a quantum
many-body system, the total number of parameters that need
to be introduced can be extremely huge, and should in prin-
ciple grow exponentially with the system size (or the size of
each “image” in the language of neural network). The matrix
product operator (MPO) was originally proposed in physics to
characterize the short-range entanglement in one-dimensional
quantum systems [34,35], and is now a commonly used
approach to represent effectively a higher-order tensor or
Hamiltonian with short-range interactions. Mathematically, it
is simply a tensor-train approximation [36,37] that is used to
factorize a higher-order tensor into a sequential product of
the so-called local tensors. Using the MPO representation, the
number of variational parameters needed is greatly reduced

since the number of parameters contained in an MPO just
grows linearly with the system size. Nevertheless, it turns
out that to provide an efficient and faithful representation
of the systems with short-range interactions whose entangle-
ment entropies are upper bounded [38,39] or, equivalently,
the systems with finite excitation gaps in the ground states.
The application of MPOs in condensed-matter physics and
quantum information science has achieved great successes
[40,41] in the past decade.

In this paper, we propose to solve the parameter problem in
neural networks by employing the MPO representation, which
is illustrated in Fig. 1(b) and expressed in Eq. (5). The starting
point is the observation that the linear transformations in a
commonly used deep neural network have a number of similar
features as the quantum operators, which may allow us to
simplify their representations. In a fully connected layer, for
example, it is well known that the rank of the weight matrix
is strongly restricted [42–44] due to short-range correlations
or entanglements among the input pixels. This suggests that
we can safely use a lower-rank matrix to represent this layer
without affecting its prediction power. In a convolutional
layer, the correlations of images are embedded in the kernels,
whose sizes are generally very small in comparison with the
whole image size. This implies that the “extracted features”
from this convolution can be obtained from very local clusters.
In both cases, a dense weight matrix is not absolutely neces-
sary to perform a faithful linear transformation. This peculiar
feature of linear transformations results from the fact that the
information hidden in a data set is just short-range correlated.
Thus, to accurately reveal the intrinsic features of a data set,
it is sufficient to use a simplified representation that catches
more accurately the key features of local correlations. This
motivates us to adopt MPOs to represent linear transformation
matrices in deep neural networks.

There have been several applications of tensor network
structures in neural networks [37,45–50]. Our approach dif-
fers from them by the following aspects: (1) It is physically
motivated, emphasizes more on the local structure of the
relevant information, and helps to understand the success of
deep neural networks. (2) It works in the framework of neural
networks, in the sense that the multiple-layer structure and
activation functions are still retained and the parameters are
entirely optimized through algorithms developed in neural
networks. (3) It is a one-dimensional representation, and is
flexible to represent the linear transformations including both
the fully connected layers and the entire convolutional layers.
(4) It is also used to characterize the complexity of image data
sets. (5) A systematic study has been done. These issues will
become clear in the following sections.

The rest of the paper is structured as follows. In Sec. II,
we present the way the linear layers can be represented by
MPO and the training algorithm of the resulting network. In
Sec. III, we apply our method systematically to five main
neural networks, including FC2, LeNet-5, VGG, ResNet, and
DenseNet on two widely used data sets, namely, MNIST and
CIFAR-10. Experiments on more data sets can be found in
Sec. II. A in the Supplemental Material (SM) [51]. Finally, in
Sec. IV, we discuss the relation with previous efforts and the
possibility to construct a framework of neural networks based
on the matrix product representations in the future. In the SM
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教師なし学習 - 生成モデル

•手書き数字画像 

• 数字として意味のある画像の確率分布:  

• Born機械（Born-machine）表現 

• 確率分布を量子状態と対応づける 

• この量子状態に対して測定を行うと　　　　　の確率で  が得られる 

• 量子状態のテンソルネットワーク表現 

• 負の対数尤度を最小化するようにテンソルを最適化

⃗v
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training set no larger than Dmax. As shown in the previous
section, this means that all training patterns are remembered
exactly. As the number of training patterns increases, MPS
with a fixedDmax will eventually fail in remembering exactly
all the training patterns, resulting in L > ln jT j. In this
regime, generations of the model usually deviate from
training patterns (as illustrated in Fig. 3 on the MNIST data
set). We notice that, with jT j increasing, the curves in the
figure deviate from ln jT j continuously. We note that this is
very different from the Hopfield model, where the overlap
between the generation and training samples changes
abruptly due to the first order transition from the retrieval
phase to the spin glass phase.
Figure 2(a) also shows that a largerDmax enables MPS to

remember exactly more patterns and produce smaller L
with the number of patterns jT j fixed. This is quite natural
because enlarging Dmax amounts to the increase of the
parameter number of the model and, hence, enhances the
capacity of the model. In principle, ifDmax ¼ ∞, our model
has infinite capacity, since arbitrary quantum states can be
decomposed into MPS [17]. Clearly, this is an advantage
of our model over the Hopfield model and inverse Ising
model [14], whose maximal model capacity is proportional
to system size.
Careful readers may complain that the inverse Ising

model is not the correct model to compare with, because its
variation with hidden variables, i.e., Boltzmann machines,
do have infinite representation power. Indeed, increasing
the bond dimensions in MPS has similar effects to
increasing the number of hidden variables in other gen-
erative models.
In Fig. 2(b), we plot L as a function of system size N,

trained on jT j ¼ 100 random patterns. As shown in the
figure, with Dmax fixed, L increases linearly with system
size N, which indicates that our model gives a worse

memory capability with a larger system size. This is due to
the fact that keeping the joint distribution of variables
becomes more and more difficult for MPS when the
number of variables increases, especially for long-range
correlated data. This is a drawback of our model when
compared with fully pairwise-connected models such as
the inverse Ising model, which is able to capture long-
distance correlations of the training data easily. Fortunately,
Fig. 2(b) also shows that the decay of memory capability
with system size can be compensated by increasing Dmax.

C. MNIST data set of handwritten digits

In this subsection, we perform experiments on the
MNIST data set [51]. In preparation, we turn the grayscale
images into binary numbers by threshold binarization and
flattened the images row by row into a vector. For the
purpose of unsupervised generative modeling, we do not
need the labels of the digits. Here, we further test the
capacity of the MPS for this larger-scale and more mean-
ingful data set. Then, we investigate its generalization
ability via examining its performance on a separated test
set, which is crucial for generative modeling.

1. Model capacity

Having chosen jT j ¼ 1000MNIST images, we train the
MPS with different maximal bond dimensions Dmax, as
shown in Fig. 3. AsDmax increases, the final L decreases to
its minimum ln jT j, and the images generated become more
and more clear. It is interesting that, with a relatively small
maximum bond dimension, e.g., Dmax ¼ 100, some crucial
features show up, though some of the images were not as
clear as the original ones. For instance, the hooks and loops
that partly resemble the numerals “2,” “3,” and “9” emerge.
These clear characters of handwritten digits illustrate that
the MPS has learned many “prototypes.” Similar feature-to-
prototype transitions in pattern recognitions could also
be observed by using a many-body interaction in the
Hopfield model, or equivalently, using a higher-order
rectified polynomial activation function in the deep neural
networks [52]. It is remarkable that, in our model, this can
be achieved by simply adjusting the maximum bond
dimension of the MPS.
Next, we train another model with the restriction of

Dmax ¼ 800. The NLL on the training data set reaches 16.8,
and many bonds have reached maximal dimension Dmax.
Figure 4 shows the distribution of bond dimensions. Large
bond dimensions are concentrated in the center of the
image, where the variation of the pixels is complex. The
bond dimensions around the top and bottom edge of
the image remain small, because those pixels are always
inactivated in the images. They carry no information and
have no correlations with the remaining part of the image.
Remarkably, although the pixels on the left and right edges
are also white, they also have large bond dimensions

FIG. 3. NLL average of a MPS trained using jT j ¼ 1000
MNIST images of size 28 × 28, with varying maximum bond
dimensions Dmax. The horizontal dashed line indicates the
Shannon entropy of the training set ln jT j, which is also the
minimal value of L. The inset images are generated by the MPS
trained with different Dmax (denoted by the arrows).
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because these bonds learn to mediate the correlations
between the rows of the images.
The samples directly generated after training are shown

in Fig. 5(a). We also show a few original samples from the
training set in Fig. 5(b) for comparison. Although many of
the generated images cannot be recognized as digits, some
aspects of the result are worth mentioning. Firstly, the MPS
learned to leave margins blank, which is the most obvious
common feature in the MNIST database. Secondly, the
activated pixels compose pen strokes that can be extracted
from the digits. Finally, a few of the samples could already
be recognized as digits. Unlike the discriminative learning
task carried out in Ref. [32], it seems we need to use much
larger bond dimensions to achieve a good performance in
the unsupervised task. We postulate the reason to be that,
in the classification task, local features of an image are
sufficient for predicting the label. Thus, MPS is not
required to remember longer-range correlation between
pixels. For generative modeling, however, it is necessary
because learning the joint distribution from the data

consists of (but not limited to) learning two-point corre-
lations between pairs of variables that could be far from
each other.
With the MPS restricted to Dmax ¼ 800 and trained with

1000, we carry out image restoration experiments. As shown
in Fig. 6, we remove part of the images in Fig. 5(b) and then
reconstruct the removed pixels (in yellow) using conditional
direct sampling. For column reconstruction, its performance
is remarkable. The reconstructed images in Fig. 6(a) are
almost identical to the original ones in Fig. 5(b). On the other
hand, for row reconstruction in Fig. 6(b), it makes interesting
but reasonable deviations. For instance, for the rightmost
image in the first row, the “1” shape has been bent to a “7.”

2. Generalization ability

In a glimpse of its generalization ability, we also tried
reconstructing MNIST images other than the training
images, as shown in Figs. 6(c) and 6(d). These results
indicate that the MPS has learned crucial features of the
data set, rather than merely memorizing the training
instances. In fact, even as early as only 11 loops trained,
the MPS could perform column reconstruction with similar

FIG. 4. Bond dimensions of the MPS trained with jT j ¼ 1000
MNIST samples, constrained to Dmax ¼ 800. Final average NLL
reaches 16.8. Each pixel in this figure corresponds to the bond
dimension of the right leg of the tensor associated to the identical
coordinate in the original image.

(a) Generated (b) Original

FIG. 5. (a) Images generated from the same MPS as in Fig. 4.
(b) Original images randomly selected from the training set.

(a) column reconstruction on
training images

(b) row reconstruction on training
images

(c) column reconstruction on test
images

(d) row reconstruction on test
images

FIG. 6. Image reconstruction from partial images by direct
sampling with the same MPS as in Fig. 4. (a,b) Restoration of
images in Fig. 5(b), which are selected from the training set. (c,d)
Reconstruction of 16 images chosen from the test set. The test set
contains images from the MNIST database that were not used for
training. The given parts are in black (dark) and the reconstructed
parts are in yellow (light). The reconstructed parts are 12 columns
from either (a,c) the left or the right and (b,d) the top or the bottom.
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量子回路への埋め込み

• 発想 

• テンソルネットワークの計算(縮約）を「量子回路＋測定」 

で置き換える 

• 量子回路による量子計算 

• 状態準備→測定→サンプル生成（ビット列) 

• 量子回路は、確率的にビット列を吐き出す「サンプリングマシン」と見なせる 

• 「ユニタリ制約」 

• 一般のテンソルネットワーク 

• 非ユニタリな行列を含むため、単純な変換では量子回路に埋め込めない

サンプル生成を量子回路＋測定

で高速に実行可能 

（古典計算のボトルネック回避）

量子操作は「ユニタリ」で

なければならない

|0⟩

|0⟩

|0⟩

|0⟩

Z

H

H

X

X

Z

・
・
・

・
・
・



教師あり学習の埋め込み

• テンソルネットワークによる教師あり学習 

• 教師あり学習もテンソルネットワークで実現可能 

• 入力データ：量子回路の 初期状態 として符号化 

• ラベル：量子状態の 一部を測定 して取得 

• 分類問題を「状態準備＋測定」として定式化 

• ループのないテンソルネットワーク 

• 行列積状態 MPＳ、ツリーテンソルネットワーク TTN 

• 葉から順次「アイソメトリ（isometry）」に変換 

• 変換後のテンソルを「ユニタリ」の一部として量子回路 

に埋め込み
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Figure 2: Input data is mapped to a normalized order N tensor with a rank-1 product structure.

Figure 3: For the case of a grayscale image and d = 2, each pixel value is mapped to a normalized
two-component vector. The full image is mapped to the tensor product of all the local pixel vectors
as shown in Fig. 2.

The feature map Eq. (2) defines a kernel which is the product of N local kernels, one for each
component xj of the input data. Kernels of this type have been discussed previously in Vapnik [20, p.
193] and have been argued by Waegeman et al. [21] to be useful for data where no relationship is
assumed between different components of the input vector prior to learning.

3 Classification Model

In what follows we are interested in classifying data with pre-assigned hidden labels, for which we
choose a “one-versus-all” strategy, which we take to mean optimizing a set of functions indexed by a
label `

f `(x) = W ` · �(x) (4)

and classifying an input x by choosing the label ` for which |f `(x)| is largest.

Since we apply the same feature map � to all input data, the only quantity that depends on the label
` is the weight vector W `. Though one can view W ` as a collection of vectors labeled by `, we
will prefer to view W ` as an order N + 1 tensor where ` is a tensor index and f `(x) is a function
mapping inputs to the space of labels. The tensor diagram for evaluating f `(x) for a particular input
is depicted in Fig. 4.

Because the weight tensor W `
s1s2···sN

has NL · dN components, where NL is the number of labels,
we need a way to regularize and optimize this tensor efficiently. The strategy we will use is to
represent W ` as a tensor network, namely as an MPS which have the key advantage that methods for
manipulating and optimizing them are well understood and highly efficient. An MPS decomposition
of the weight tensor W ` has the form

W `
s1s2···sN
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Figure 4: The overlap of the weight tensor W ` with a specific input vector �(x) defines the decision
function f `(x). The label ` for which f `(x) has maximum magnitude is the predicted label for x.
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Figure 5: Approximation of the weight tensor W ` by a matrix product state. The label index ` is
placed arbitrarily on one of the N tensors but can be moved to other locations.

and is illustrated in Fig. 5. Each A tensor has d m2 elements which are the latent variables parame-
terizing the approximation of W ; the A tensors are in general not unique and can be constrained to
bestow nice properties on the MPS, like making the A tensors partial isometries.

The dimensions of each internal index ↵j of an MPS are known as the bond dimensions and are the
(hyper) parameters controlling complexity of the MPS approximation. For sufficiently large bond
dimensions an MPS can represent any tensor [22]. The name matrix product state refers to the fact
that any specific component of the full tensor W `

s1s2···sN
can be recovered efficiently by summing

over the {↵j} indices from left to right via a sequence of matrix products (the term “state” refers to
the original use of MPS to describe quantum states of matter).

In the above decomposition Eq. (5), the label index ` was arbitrarily placed on the tensor at some
position j, but this index can be moved to any other tensor of the MPS without changing the overall
W ` tensor it represents. To do so, one contracts the tensor at position j with one of its neighbors,
then decomposes this larger tensor using a singular value decomposition such that ` now belongs to
the neighboring tensor—see Fig. 7(a).

4 “Sweeping” Optimization Algorithm

Inspired by the very successful DMRG algorithm developed for physics applications [17, 8], here we
propose a similar algorithm which “sweeps” back and forth along an MPS, iteratively minimizing the
cost function defining the classification task.

To describe the algorithm in concrete terms, we wish to optimize the quadratic cost
C = 1

2

PNT

n=1

P
`(f

`(xn) � y`
n)2 where n runs over the NT training inputs and y`

n is the vector
of desired outputs for input n. If the correct label of xn is Ln, then yLn

n = 1 and y`
n = 0 for all other

labels ` (i.e. a one-hot encoding).

Our strategy for minimizing this cost function will be to vary only two neighboring MPS tensors at a
time within the approximation Eq. (5). We could conceivably just vary one at a time, but varying two
tensors makes it simple to adaptively change the MPS bond dimension.

Say we want to improve the tensors at sites j and j + 1. Assume we have moved the label index `
to the MPS tensor at site j. First we combine the MPS tensors A`

sj
and Asj+1 into a single “bond

tensor” B
↵j�1`↵j+1
sjsj+1 by contracting over the index ↵j as shown in Fig. 6(a).

Next we compute the derivative of the cost function C with respect to the bond tensor B` in order to
update it using a gradient descent step. Because the rest of the MPS tensors are kept fixed, let us show
that to compute the gradient it suffices to feed, or project, each input xn through the fixed “wings” of
the MPS as shown on the left-hand side of Fig. 6(b) (connected lines in the diagram indicate sums
over pairs of indices). The result is a projected, four-index version of the input �̃n shown on the
right-hand of Fig. 6(b). The current decision function can be efficiently computed from this projected
input �̃n and the current bond tensor B` as

f `(xn) =
X

↵j�1↵j+1

X

sjsj+1

B↵j�1`↵j+1
sjsj+1

(�̃n)
sjsj+1

↵j�1`↵j+1
(6)

or as illustrated in Fig. 6(c). The gradient update to the tensor B` can be computed as

�B` = � @C

@B`
=

NTX

n=1

(y`
n � f `(xn))�̃n . (7)
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ポストセレクション問題

• ポストセレクション 

• 一般のテンソル（線形写像）は ユニタリではない 

• 回路化の典型的方法 

• ユニタリの一部に埋め込み 

• 測定により写像を実装 

• 成功=補助量子ビットの測定結果が全て0 

• 成功の場合のみ採用（post-selection） 

•問題点 

• 成功確率が小さいとサンプル効率が著しく低下 

•断熱エンコーディング 

• MPS を断熱的に変形 

• 補助量子ビットの状態に依らず 

分類結果がほぼ同一になるよう設計 

• 「ＭＰＳで（古典）学習 → ポストセレクションあり量子回路 → 断熱エンコーディング → ポストセレ

クションなし量子回路」により、「バレンプラトー問題」も回避できると期待

4

FIG. 2. (a) Illustration of a qMPS-classifier with postselection
(left), a qMPS-classifier without postselection (right), and a
weighted qMPS ansatz (middle). The green boxes labeled M
represent measurements on each qubit. (b) Schematic of how
the loss landscape changes as W1 is gradually increased from
0 to 1.

where pm = Tr[Em
(
ωin

)
] is the probability of obtaining

outcome m, and Wm is the weight assigned to that out-
come. Notice that in general Tr[ε̃ ] →= 1, so ε̃ is not a
valid density operator. Nevertheless, when used in clas-
sifiers, the overall scalar factor does not a!ect the clas-
sification result. Applying this concept to the qMPS-
classifiers leads to an ansatz illustrated in Fig. 2 (a)
which we call weighted qMPS. In the weighted qMPS,
the final measurement outcome is obtained by assign-
ing a weight W

j

m
depending on the measurement out-

come m ↑ {0, 1} of the j-th qubit. Despite the signif-
icant di!erences between qMPS-classifiers with postse-
lection and qMPS-classifiers without postselection, this
weighted qMPS interpolates between these two extremes.
For qMPS-classifiers with postselection set W

j

m
= (1, 0)

so that the circuits keep running only when the mea-
surement outcome is 0, and for qMPS-classifiers without

postselection set W j

m
= (1, 1) to realize partial trace.

To achieve a smooth and gradual transition from
W

j

m
= (1, 0) to W

j

m
= (1, 1), it is necessary to determine

an appropriate scheduling for w in Wm = (1, w), where
we assume to update W

j

m
uniformly for all j. Specif-

ically, given a total optimization iteration count T , we
predefine a schedule wt for t = 0, 1, . . . , T , so that wt

monotonically increases from w0 = 0 to wT = 1. Fig. 2
(b) shows the concept of this process. The loss function
landscape also deforms gradually with the schedule wt.
At each wt, we optimize the unitary gates until the loss

function becomes small enough. This scheduling process
involves engineering considerations, as we have observed
that di!erent datasets require di!erent pacing. Addi-
tionally, we have found that introducing a regularization
term R(W ) = ↓ log Tr[ε̃ ], which can be interpreted as
a measure of success rate Psuccess, further stabilizes the
training process.
Numerical Experiments.— Before demonstrating how

our adiabatic encoding framework resolves the bar-
ren plateaus on two representative datasets, we briefly
outline our implementation settings. For the MPS-
classifiers, we used the Adam optimizer. For the qMPS-
classifiers, whose unitary gates must be updated, we em-
ployed a “Riemannian Adaptive Optimization Method”,
which e!ectively implements an Adam-like algorithm on
Riemannian manifolds [53]. Both classifiers utilized the
same feature map ϑ(x) ↔ (x, 1↓ x). Further implemen-
tation details are provided in the Supplemental Material.

FIG. 3. Adiabatic encoding framework for the first-qubit trig-
ger dataset. Here, “success rate per gate” denoted by Psrpg

is the average success probability at a each two-qubit gate,
which can be calculated from Tr[ω̃ ] at each k-th gate. The
overall circuit’s success probability Psuccess can be calculated
by Psuccess = PL→1

srpg .

We now demonstrate these methods on the first-qubit
trigger dataset, with L = 1024. Directly training a
qMPS-classifier on this dataset is unfeasible due to the
severe barren plateaus. By contrast, we can prepare a
qMPS-classifier with postselection that perfectly classi-
fies the dataset by exactly embedding a pre-trained MPS-
classifier then use adiabatic encoding to remove postse-
lection. Throughout this procedure, the classification ac-
curacy remains at 100%, as shown in Fig. 3. We train
on mini-batches of 212 examples per iteration. In every
update of w, the loss function increases discontinuously
but we train the circuit until the loss function becomes
small enough. Empirically, we find that, from the initial
w1 = 0.002, the w must be increased very gradually in
the early phase of adiabatic encoding to maintain stabil-
ity. However we also observed that once w reaches ap-
proximately 0.02, faster increments do not degrade per-
formance, thus accelerating the scheduling pace.

K. Murota, arXiv:2504.09250

指数関数的に小さくなる成功確率がボトルネック



まとめ

• テンソルネットワークはいたるところに現れる 

• 様々なデータをテンソルネットワークで厳密あるいは近似的に表現できる 

• 低ランク近似による情報圧縮 

• テンソルネットワーク形式 

• データ(=要素数)の削減 

• 計算量の削減 

• Born-machine＋テンソルネットワークによる教師なし学習 

• 量子状態 |ψ⟩ が確率分布 p(x)=|⟨x|ψ⟩|² を定め，測定は p(x) からのサンプリング 

• 量子回路への埋め込み 

• TNの計算（縮約）を「回路＋測定」に置き換え，サンプル生成を量子側で実行 

•今後の展望 

• 測定（＝サンプリング）では量子情報の多く（位相情報）を捨てている 

• サンプリングをせずに「量子 → 量子」ができるか？ 

• 量子デバイスからの直接量子機械学習（Q→Q learning） 

• 量子生成モデルが生成した初期量子状態からの直接量子シミュレーション


