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Abstract

The generative adversarial networks (GANs) have recently been applied to esti-
mating the distribution of independent and identically distributed data, and have
attracted a lot of research attention. In this paper, we demonstrate the effec-
tiveness of GANs in estimating the joint distribution of stationary time series.
Theoretically, we derive a non-asymptotic error bound for the Deep Neural Net-
work (DNN)-based GANs estimator for the stationary distribution of the time
series. Our approach is based on the blocking technique and the M -dependence
approximation technique that divides the time series into interlacing blocks of
equal size and then constructs independent blocks. Based on the theoretical anal-
ysis, we propose an algorithm for estimating the position of the change-point
in a time series. Numerical results of Monte Carlo experiments and a real data
application are given to validate our theory and algorithm.

Keywords: time series, blocking technique, GAN, Wasserstein distance,
nonasymptotic error bounds, change-point estimation
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1 Introduction

When considering a sequence of high-dimensional stationary time series, the estimation
of their joint distribution plays an important role in data analysis. Many traditional
methods of distribution estimation are based on nonparametric kernel methods and
suffer from the curse of dimensionality, see Ramdas, Reddi, Póczos, Singh, and Wasser-
man (2015); Reddi, Ramdas, Póczos, Singh, and Wasserman (2015). In recent years,
machine learning algorithms such as generative adversarial networks (GANs) have
emerged as important techniques in distribution estimation and have shown excel-
lent performance on high-dimensional data, which provides a direction to analyze this
problem.

GANs are a class of deep learning methods designed to estimate the distribution of
data (Goodfellow et al., 2014). The approach is usually implemented by training two
neural networks, a generator and a discriminator, which have conflicting objectives but
force each other to improve. The generator is designed to produce an estimator that
approximates the sample distribution, while the discriminator measures the distance
between generated samples and the real data.

In the research of GANs, extensive theoretical and empirical analysis has been
established for independent and identically distributed (i.i.d.) data. Estimating the
joint distribution of time series data, which is important in many applications, is
attracting increasing interest. There have been a few results related to the GANs for
time series, but most of them only showed success in experiments without theoretical
support. The theoretical analysis of GANs for time series remains a largely unsolved
problem. See the literature review below for more details.

Our main result contributes to the theoretical understanding of GANs for esti-
mating the joint distribution of stationary time-dependent time series. We establish
the convergence rate of the proposed estimator measured by the integral probability
metric under the Hölder evaluation function class. By considering the joint distribu-
tion of a “block” or a “group” of samples, we derive approximation error bounds for
DNN-based GANs. This result is of significant theoretical and practical importance.
In practice, a wide range of time series procedures are constructed based on ”block”s
or ”group”s of time series observations. For example, blockwise bootstrap methods
use blocks of time series observations to capture the dependence structure in the orig-
inal data; see Götze and Künsch (1996); Krampe, Kreiss, and Paparoditis (2021). Our
result has great potential in statistical applications in time series analysis. Theorems
4 and 5 below provide a theoretical validation for the application of GANs in time
series under appropriate regularity conditions.

We apply the DNN-based GAN method to study the problem of change-point.
Structural change is a very important topic in many empirical problems, and change-
point estimation has a wide range of applications. In addition, many empirical models
contain a large number of regressors. For example, an important question in economics
and finance is whether or not a structural change in the regression model is due to
a change in the marginal distribution of the regressors, and estimation of the change
point is important for accurate prediction. A practical issue is that high dimensional-
ity and structural instability may occur simultaneously in some economic and finance
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problems, making estimating the change point in distribution challenging. Some meth-
ods can detect the existence of a change-point, yet accurately identifying their precise
positions remains difficult, particularly for high-dimensional data. Inspired by the abil-
ity of GANs to effectively learn the distribution of high-dimensional and complex time
series data, we propose a straightforward algorithm to estimate change-point posi-
tions. This estimation is achieved by monitoring variations in the distribution of the
time series as captured by GANs. Experimental results demonstrate the effectiveness
of this algorithm in handling high-dimensional data.

1.1 Literature review

1.1.1 GANs

Compared with the large number of theoretical results for neural networks used to
approximate functions, the use of neural networks to express distributions is much less
theoretically understood. Some literature focuses on how well GANs and their variants
can express probability distributions. Lu and Lu (2020) studied the universal approx-
imation property of deep neural networks for representing probability distributions,
Zhu, Jiao, and Tse (2020) studied a fundamental trade-off in the approximation error
and statistical error in GANs, Huang et al. (2022) studied the convergence rates of
GAN estimators under the integral probability metric with the Hölder function class.
Liang (2021) established the optimal minimax rates for distribution estimation under
GANs in view of nonparametric density estimation. Zhang, Liu, Zhou, Xu, and He
(2018) explored the generalization capacity of GANs and extended the generalization
bounds for neural net distance.

The estimation of probability distributions of i.i.d. data using GANs has been
extensively studied with many theoretical analyses. Gao, K.Ng, and Zhou (2023) esti-
mated the error bound of the approximation of Wasserstein GANs using GroupSort
neural networks as discriminators. Y. Bai, Ma, and Risteski (2019) used GANs with
some special discriminators to learn distributions of i.i.d. samples in Wasserstein dis-
tance and KL-divergence. S. Liu, Yang, Huang, Jiao, and Wang (2021) introduced a
nearly sharp bound for the bidirectional GAN estimation error under the Dudley dis-
tance. We refer the reader to Chae, Kim, Kim, and Lin (2023); Taghvaei and Jalali
(2019) for more details.

For the estimation of the joint distribution using GANs, there are currently many
methods that have been empirically validated but lack theoretical support. Srinivasan
and Knottenbelt (2022) estimate the joint distribution and use it to generate synthetic
time series data. Pu et al. (2018) learn the joint distribution of multiple random
variables for the data sampled from the conditional distribution and the marginal
distribution. Yoon, Jarrett, and Van der Schaar (2019) estimate the joint distribution
via a learned embedding space with both supervised losses.

The research on the GANs architecture for sequential data has received more and
more attention. In recent years, many methods of modeling time series with GANs
have been proposed, such as continuous recurrent neural networks with adversar-
ial training (C-RNN-GAN) (Mogren, 2016), Recurrent Conditional GAN (RCGAN)
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(Esteban, Hyland, & Rätsch, 2017), time series-GAN (Yoon et al., 2019), Condi-
tional Sig-Wasserstein GANs (SigCWGAN) (Liao et al., 2023). We refer to the survey
Brophy, Wang, She, and Ward (2023) for more details about GANs in time series. How-
ever, they only showed the success of the GAN-based methods for realistic sequence
generation in experiments, but there is no theory to support their validity.

1.1.2 High-dimensional change-point estimation

The traditional high-dimensional change-point estimation is around two aspects:
model selection and testing. Tibshirani and Wang (2008), D. Li, Qian, and Su (2016),
Harchaoui and Lévy-Leduc (2010) utilized the Lasso-type regularization model to
estimate the change-points and improve the computational efficiency.

For the aspect of testing, Harchaoui, Vallet, Lung-Yut-Fong, and Cappé (2009)
used a regularized kernel-based test statistic to test the consistency of distributions
between time-series samples. Enikeeva and Harchaoui (2019) considered the hypothesis
test to test the change-point in a set of high-dimensional Gaussian vectors. H. Chen
and Zhang (2015) proposed a nonparametric approach based on the graphs to test
the similarity between observations. The aggregation technique, testing whether there
exists a gap between two-time regions, is also a popular way for change-point analysis.
For example, Jirak (2015) showed asymptotic properties by using the coordinate-
wise statistic to test the single change-point. J. Bai (2010) theoretically analyzed
the consistency of the single change-point in panel data. L. Chen, Wang, and Wu
(2021) improved the aggregation way of the data and explored to test the multiple
change-points in high-dimensional time series.

For the change-point estimation of complex high-dimensional data, Romanenkova,
Stepikin, Morozov, and Zaytsev (2022) considered the change-point estimation of the
complex sequential stream, video data, by representation learning for the deep model.
Chang, Li, Yang, and Póczos (2019) combined the kernel two-sample test with recur-
rent neural networks (RNNs) to estimate the different types of change-points. They
introduced an auxiliary generative model to generate an approximate distribution and
use the maximum mean discrepancy (MMD) to conduct the two-sample test, but there
is no information about the position of the change-point. Recently, Cheng and Xie
(2024) analyzed a kernel-based two-sample test statistic related to the MMD in the
manifold data setting, Song and Chen (2024) proposed a new kernel-based framework
that makes use of an important pattern of data in high dimensions to boost power.
Wang and Samworth (2018) considered the change-point estimation by sparse projec-
tion for high dimensional data. Although there are various change-point estimation
techniques, fewer works directly focus on tracking the distribution of time series.

1.2 Our contributions and approaches

Our main contributions are summarized in the following two aspects.
The first contribution is the theoretical validation that GANs are effective for

estimating the joint distribution of l-tuple samples of a stationary time series. More
specifically, for the stationary time series whose dependence satisfies appropriate reg-
ularity assumptions, we show that DNN-based GANs can be applied to learn their
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joint distribution, i.e, like the i.i.d. samples, the time series can be fed into the neu-
ral networks device of the GANs to obtain a stable generator whose distribution is
close to the joint distribution. We prove a non-asymptotic error bound between the
estimator of the joint distribution and itself, which demonstrates the effectiveness of
the DNN-based GANs estimator. It is an extension of the work by Golowich, Rakhlin,
and Shamir (2018) and Jiao, Wang, and Yang (2023) from the i.i.d. data case to the
dependent time series case. However, their methods to estimate neural networks by
the ”peeling” technique and the local Taylor polynomials cannot be directly applied
to address the dependent time series case.

Our approach is based on the blocking technique and the M -dependence approx-
imation technique, see W. Liu and Lin (2009); Wu (2007), which are powerful to
decouple mixing time series. The main idea behind this approach is to divide the
time series {Xi}1≤i≤n into interlacing blocks of equal size. Using the M -dependence
approximation method, we can create new random variables {X ′

i}1≤i≤n that only
keep the information from time i −M to i. Considering the blocks that are spaced
apart, we can thus construct independent blocks. This decoupling procedure will pro-
duce an error between the original time series and the newly produced independent
blocks, the error can be shown to be negligible as the block size is sufficiently large.

By the validity of GANs for estimating the joint distribution of stationary time
series, we next propose a procedure based on GANs for estimating the position of the
change-point in an observed time series with a structural break. The idea is straight-
forward. Since the observed data on different sides of the change-point follow two
different stationary distributions, there should exist a significant difference between
their DNN-based GAN estimators. Our second contribution is to develop an algo-
rithm that can efficiently capture this difference and thus obtain an estimation of
the position of the change-point. This algorithm is particularly effective in handling
high-dimensional data.

We conduct several Monte Carlo experiments to validate both our main result and
the change-point estimation algorithm. In the first set of experiments, we estimate
the joint distributions of a multivariate Gaussian autoregressive model and a logistic
autoregressive model to validate our theoretical result. For the change-point estimation
algorithm, we apply our approach to the Gaussian mixed processes and logistic to
Laplace mixed processes separately. This allows us to investigate the performance of
the algorithm on both Gaussian and non-Gaussian distributions. We also apply the
proposed algorithm to a real-world empirical application using the human activity
recognition dataset. This application enables us to estimate the volunteer’s change of
activities. In addition, we compare our algorithm with the offline scan B-statistic in
S. Li, Xie, Dai, and Song (2019) and method in Cao et al. (2024) to demonstrate the
effectiveness of this algorithm in handling high-dimensional data.

1.3 Organization of the paper

The paper is organized as follows. In Section 2, we provide some preliminary knowledge
and assumptions for our main result. In Section 3, we give the convergence rate of the
GANs estimator for time series and the algorithm to estimate the change-point in a
time series sequence. Some examples of simulation and real data analysis are given in
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Section 4. The proof of our main result is deferred to Section 5. In the appendix, we
provide the proof of the lemmas in 5 and some details of the experimental setup.

1.4 Notations

We finish this section by introducing some notations that will be frequently used in
the sequel. Denote [n] := {1, · · · , n}. Given a vector w ∈ Rd, ∥w∥ will refer to the

Euclidean norm, and for h ⩾ 1, ∥w∥h = (
∑d

i=1 |wi|h)1/h will refer to the ℓh norm,
∥w∥∞ refer to the largest elements of w. Given a matrix W ∈ Rd1 × Rd2 and reals
h1, h2 ⩾ 1, we let ∥W∥h1,h2 := (

∑
j(
∑

i |Wi,j |h1)h2/h1)1/h2 denote the h2-norm of the
h1-norms of the columns of W. The following defines the vectorization of the matrix

vec
(
(Wij)

1≤i≤d2

1≤j≤d1

)
= (W11, · · · ,Wd11,W12, · · · ,Wd12, · · · ,W1d2

, · · · ,Wd1d2
)
⊤ ∈ Rd1d2 .

For a real number x ∈ R, we denote the integer part of x by ⌊x⌋ and the smallest
integer number greater than x by ⌈x⌉.

For a real-valued function f : X → R, we define ∥f∥∞ := supx∈X |f(x)|. Let
Lip(Ω, c) be all the real-valued Lipschitz functions from Ω to R with Lipschitz constant
c, that is,

Lip(Ω, c) := {f : Ω→ R : |f (z1)− f (z2)| ≤ c ∥z1 − z2∥ for any z1, z2 ∈ Ω} .

For b > 0 with b = r + q, where r ∈ N0 := N ∪ {0}, q ∈ (0, 1], denote the Hölder
class with smoothness index b as

Hb(Rd) :=
{
f : Rd → R, max

∥α∥1≤r
∥∂αf∥∞ ≤ 1, max

∥α∥1=r
sup
x̸=y

|∂αf(x)− ∂αf(y)|
∥x− y∥q

≤ 1
}
,

and we denoteH = Hb(Rd) for simplicity. For any subset X ⊆ Rd, we denoteHb(X ) :={
f : X → R, f ∈ Hb

(
Rd
)}

.
Let X and Y be two spaces, and let g : X → Y be a measurable function. For a

probability measure ν on X , we can define a probability measure g#ν on Y by

g#ν(A) = ν(g−1(A)) for any measurable A ⊂ Y.

Let µ1 and µ2 be a pair of probability measures on a space X , and F be a class of
functions f : X → R that are integrable with respect to µ1 and µ2. Define integral
probability metric as

dF (µ1, µ2) := sup
f∈F

∣∣∣∣∫ f(dµ1 − dµ2)

∣∣∣∣ = sup
f∈F
|EX∼µ1

[f(X)]− EZ∼µ2
[f(Z)]| .

Wasserstein distance between two probability measures µ and ν is defined as

W1(µ1, µ2) := inf
µ∈Γ(µ1,µ2)

∫
X×X

∥x− y∥ dµ(x, y),
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where Γ(µ1, µ2) denotes the collection of all measures on X × X with marginals µ1

and µ2 on the first and second factors respectively.
By the duality theorem of Kantorovitch and Rubinštein (1958), we have

W1(µ1, µ2) = dLip(X ,1)(µ1, µ2) = sup
f∈Lip(X ,1)

{∫
X
f(x)d(µ1 − µ2)(x) | continuous f : X → R

}
.

2 Preliminaries

In this section, we introduce the preliminaries regarding the assumptions on the sta-
tionary time series, followed by the introduction of the method of DNN-based GANs to
estimate the joint distribution of this time series. In addition, we give the assumptions
on the architectures of DNNs.

2.1 Time series assumptions

Wu (2005) proposed a new framework for studying time series under a predictive
dependence measure, which provides a different way of looking at the fundamental
issue of dependence. It is easy to use and some classical asymptotic results are obtained
under appropriate conditions, see Berkes, Liu, and Wu (2014); Wu (2007) for more
details. In this paper, we will consider the time series in this framework.

Let the p-dimensional stationary time series {Xn}n∈N in the form of

Xn := G(· · · , εn−1, εn), (2.1)

where εn, n ∈ Z are i.i.d. random variables and G is a measurable function such that
Xn is well-defined. Denote ξi = (· · · , εi−1, εi) and ξ′i = (· · · , ε′i−1, ε

′
i) where ε′i is an

i.i.d copy of εi. The following assumption measures the dependence of the time series
{Xn}n∈N.
Assumption 1. We assume that the time series {Xn}n∈N in the form of (2.1)
satisfies geometric moment contraction, that is,

E∥Xn −G(ξ′0, ε1, · · · , εn)∥β ≤ C1e
−C2n, (2.2)

where C1 and C2 are positive constants, n ≥ 0, β ≥ 1, ξ0 = (· · · , ε−1, ε0), ξ′0 =
(· · · , ε′−1, ε

′
0) and {ε′n}n∈Z is an i.i.d. copy of {εn}n∈Z.

In addition to the dependence condition, we also need a moment condition for the
time series.
Assumption 2. The stationary measure π of time series {Xn}n∈N satisfies one of
the following cases:

(i) Sub-Gaussian: there exist u ∈ Rp and v > 0 such that, for all α ∈ Rp,

Ex∼π[exp{αT (x− u)}] ≤ e∥α∥2v2/2,

where T is the transpose operator. Without loss of generality, we assume u = 0.
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(ii) Heavy tail: There exists some ω with ω ≥ 2 such that

Ex∼π[∥x∥ω] ≤ Cω.

2.2 DNN model assumptions

We consider the feed-forward DNN as the L-compositional function class indexed by
parameter

Θ = (W 0,W 1, · · · ,WL), (2.3)

where W i ∈ RDi+1×Di , for i = 0, 1, · · · , L, D0, · · · , DL+1 ∈ N. L and N :=
max{D1, · · · , DL} are depth and width of the DNNs respectively. Denote the DNN
with the ReLU activation function, i.e.,{

σj(z) =
(
z1 ∨ 0, · · · , zDj ∨ 0

)
for z :=

(
z1, · · · , zDj

)T ∈ RDj

}L

j=1
,

by

NN p(N,L) := {f(x;Θ) = WLσL(· · ·W 1σ1(W 0x) · · · ) ∈ RDL+1 |Θ}, (2.4)

for any x ∈ Rp. When the input dimension p is clear from contexts, we simply denote
it by NN (N,L).
Assumption 3. Assume NN (N,L,K) is the subset of NN (N,L) with

L∏
l=0

∥W l∥ ≤ K,

where K > 0, ∥ · ∥ is the operator norm of a matrix.
Remark 1. Since ReLu function is a Lipschitz function with Lipschitz constant 1, it
is easy to see that for any function f ∈ NN (N,L,K), its Lipschitz constant is smaller

than
∏L

l=0 ∥W l∥ which is bounded by K, that is,

||f(x)− f(y)|| ≤ K||x− y||.

For more details, see (Jiao et al., 2023, Section 3).

2.3 GANs for estimating joint distribution of time series

Our observed stationary time series are {Xi}1≤i≤n. To estimate the joint distribution
with length l, we use a length l rolling window and consider

(Xi,Xi+1, · · · ,Xi+(l−1)), 1 ≤ i ≤ n− l + 1.
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We denote Xi = vec(Xi,Xi+1, · · · ,Xi+(l−1)), and the joint distribution of Xi as

πl. Obviously, the stationary measure π of a time series is π1. Here πl can be a
high-dimensional distribution, which is difficult to estimate with traditional methods.

Let G and D be the collections of neural networks as follows,

G =
{
g ∈ NN (N1, L1,K1) : g(R) ⊆ [−an, an]lp

}
, (2.5)

D = {d ∈ NN (N2, L2,K2) : d is Lipschitz, d(Rlp) ⊆ [−B,B]}, (2.6)

where g ∈ G be the generator function from R to Rlp and d ∈ D be the discriminator
function from Rlp to R, an and B are hyper parameters.

GANs for time series can be formulated as the following optimal problem,

g∗ ∈ argmin
g∈G

max
d∈D
{Ex∼πl [d(x)]− Ez∼ν [d(g(z))]} , (2.7)

where z is the noise to generate fake signals and ν = N(0, 1) is the one dimensional
standard normal distribution. For convenience, D is assumed to be in a symmetric
class, which means if d ∈ D, then −d ∈ D. For any subset X ⊆ Rlp, we denote
D(X ) :=

{
f : X → R, f ∈ D

(
Rlp
)}

. The empirical version of (2.7) is considered as

ĝ ∈ argmin
g∈G

max
d∈D

{ 1

n̄

n̄∑
i=1

d(Xi)−
1

m

m∑
i=1

d(g(zi))
}
, (2.8)

where n̄ = n− l+1, {zi}i=1,··· ,m are i.i.d. N(0, 1) distributed random variables. After
the training, we can use ĝ#ν to estimate the joint distribution πl.

3 Distribution Estimation and Its Application to
Change Point Detection

In this chapter, we introduce our main result, which is a non-asymptotic error bound
between the joint measure πl of the time series and its estimator ĝ#ν, which is defined
above. Based on the theoretical result, the algorithm for estimating a single change-
point in the time series sequence is also presented.

3.1 Non-asymptotic bound for the estimator

Recall that πl is the joint distribution of each small group with length l of the time
series Xn := G(· · · , εn−1, εn) in the form of (2.1). Our goal is to establish a non-
asymptotic error bound of the GANs estimator for the joint measure πl based on the
integral probability metric,

dH(πl, ĝ#ν) = sup
h∈H

{
Ex∼πl [h(x)]− Ez∼ν [h(ĝ(z))]

}
,
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where H = Hb(Rlp), recall ĝ#ν is the push-forward measure defined as ĝ#ν(A) =

ν(ĝ−1(A)) for measurable set A ⊂ Rlp. To ease notation, we use Eµ[f ] instead of
Ex∼µ[f(x)] for any distribution µ and function f below.

The following theorem is our main result, its proof is postponed to the last section.
Theorem 4 (Non-asymptotic bound for sub-gaussian time series). Let Assumptions
1, 2(i) and 3 hold true. Let (2.8) be the GAN under our consideration, where m ≥
nK1

√
L1 + L2. Then, there exist a generator family G (2.5) and a discriminator family

D (2.6) where the parameters satisfy

an = log(lpn), N1 ≥ 7lp+ 1, L1 ≥ 2, K2 = Cn
1
2−

b
2(lp+1+b) , γ = ⌈log2(lp+ r)⌉ ,

B = (log lpn)b, N2 ≥ c (K2/ log
γ K2)

(2lp+b)/(2lp+2)
, L2 ≥ 4γ + 2,

such that as long as the following overfitting property holds:

N1 − lp− 1

2

⌊
N1 − lp− 1

6lp

⌋⌊
L1

2

⌋
+ 1 + l ≥ n,

we have

dH(πl, ĝ#ν) ≤ O
(
(log n)

b(γ+1)
lp+1 n− 1

2+
lp+1

2(lp+1+b)

)
,

with probability at least 1 − 4le−Cln
lp+1

2(lp+1+b)
with some C > 0, where ĝ is defined in

(2.8).
Theorem 5 (Non-asymptotic bound for heavy tailed time series). Let Assumptions
1, 2(ii) and 3 hold true. Let (2.8) be the GAN under our consideration, where m ≥
nK1

√
L1 + L2. Then, there exist a generator family G (2.5) and a discriminator family

D (2.6) where the parameters satisfy

an = n
(lp+1)/2+b

(2w+b)(lp+1)+2bw , N1 ≥ 7lp+ 1, L1 ≥ 2, K2 = n
(lp+1)(w+b)

(2w+b)(lp+1)+2bw , γ = ⌈log2(lp+ r)⌉ ,

B = (log n)
bγ

lp+1 , N2 ≥ c (K2/ log
γ K2)

(2lp+b)/(2lp+2)
, L2 ≥ 4γ + 2,

such that as long as the following overfitting property holds:

N1 − lp− 1

2

⌊
N1 − lp− 1

6lp

⌋⌊
L1

2

⌋
+ 1 + l ≥ n,

for lp < 2w − 1, we have

dH(πl, ĝ#ν) ≤ O
(
(log n)

bγ
lp+1n− 1

2+
(lp+1)(w+b)

(2w+b)(lp+1)+2bw

)
,

with probability at least 1 − 4le−Cln
lp+1

2(lp+1+b)
with some C > 0, where ĝ is defined in

(2.8).
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Theorems 4 and 5 provide a theoretical guarantee for the effectiveness of GANs in
estimating joint distributions of stationary time series under sub-Gaussian and heavy-
tailed assumptions, respectively. When the sample size n is large enough, we can build
a GAN model to approximate the probability distribution of the time series with high
probability.

Both theorems consider time series sequences that satisfy the classic geometric
moment contraction condition specified in Assumption 1, which characterizes the
mixing property of the sequences. Our neural network framework requires several
conditions, including sparsity assumption in Assumption 3 and constraints on the net-
work’s depth, width, and boundedness, which are essential for the estimation of the
generator and discriminator. Additionally, our results rely on an overfitting condition
to ensure the generator can effectively approximate the time series distribution.
Remark 2. These theorems estimate the minimax non-asymptotic error bound for
estimating joint probability distributions of time series data. Some similar bounds for
using neural networks to approximate the probability distribution with l = 1 of i.i.d.
samples are given in Huang et al. (2022); Liang (2021); Singh et al. (2018).

The optimal minimax convergence rate for estimating nonparametric probability
distributions with i.i.d. samples is n−b/p ∨n−1/2 log n, where b is the parameter in the
Hölder class, p is the dimension of the target distribution, and n is the sample size, see
Huang et al. (2022); Liang (2021); Singh et al. (2018) for more details. When p ≤ 2b,
the optimal rate is n−1/2 log n and our result above is close to it. This discrepancy
arises due to the use of the blocking technique and M -dependent technique to analyze
the dependent samples in our approach, which introduces some additional errors.

3.2 Change-point estimation for time series

Let X = {X1, · · · ,Xn} be a p-dimensional time series sequence with a structural
break in the distribution at time τ ∈ N. Thus, {X1, · · · ,Xτ} is stationary with
a stationary distribution π and that {Xτ+1, · · · ,Xn} is also stationary but with a
distribution π′. This form of time series is called the time series with a single change-
point (H. Chen & Zhang, 2015), and we would like to estimate the position of τ .
Considering the sample size n is usually very large, it is reasonable to assume that the
change-point τ is bounded away from the beginning and the end. We also assume that
there are sufficient p-dimensional reference data that follow the distribution π. Similar
assumptions are also required in the literature on change-point estimation (S. Li et
al., 2019).

Based on the theoretical result in Theorems 4 and 5 with l = 1, we propose an
algorithm for estimating the change-point τ in time series using GANs, see Algorithm
1 below. The key idea of the algorithm is that for a well-trained GAN neural network
based on the data from distribution π, when samples from set B with distribution π′

are input to this network, the corresponding loss value

L =
1

K̄

∑
Xj∈B

d(Xj)−
1

K̄

K̄∑
j=1

d(g(zj))
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will change significantly. Here K̄ is the size of B and {zj}j={1,...,K̄} are i.i.d. random
variables with standard normal distribution.

The procedure for estimating the change-point τ consists of three stages, as illus-
trated in Figure 1. The first line corresponds to Stage 1 and Stage 2, where the
potential range of the change-point is narrowed down to the interval G. The second
line represents the interval G, with the grey block indicating the rolling window mov-
ing across the entire interval. The change-point is detected at the green window. The
detailed steps are as follows.

Fig. 1: Illustration of the algorithm process.

(a) (b)

Fig. 2: Diagrammatic sketch of the Stage 2 and Stage 3 in Algorithm 1.

At Stage 1, a GAN model is trained on reference sample data. Specifically, we first
sample t data from the reference data, denoted as Y = {Y 1, . . . ,Y t}. Then, we train
a GAN model using the dataset Y , obtaining a generator g and a discriminator d.

At the Stage 2, the time series X is divided into ⌈n/K̄⌉ groups, each containing
K̄ samples, as follows,

B1, ...,B⌈n/K̄⌉, where Bi = {X(i−1)K̄+1, ...,XiK̄} for each i.

12



The loss value of each group Bi is calculated as

Li =
1

K̄

∑
Xj∈Bi

d(Xj)−
1

K̄

K̄∑
j=1

d(g(zj)), for i = 1, ..., ⌈n/K̄⌉,

where z1, ...,zK̄ are i.i.d. standard normal distributed random variables.
When comparing loss values across different groups of samples, those groups that

follow the same distribution as the GAN training data will exhibit significantly lower
loss values than groups with different distributions. In particular, the loss value Lk for
a group containing a change-point will show a marked difference from its neighboring
groups. Based on this property, we identify potential change-points by calculating
|Li+1 −Li| and find k such that Bk and Bk+1 have the largest difference on the loss
values. These two candidate groups are merged into a single group

G = {Bk,Bk+1} = {X(k − 1)K + 1, ...,X(k+1)K}.

This operation can help us narrow down the time series data set and further
facilitate the estimation of change-point. Figure 2 (a) shows the value of |Li| and
detects the set G, which is the red band.

In Stage 3, for the change-point τ , there is an obvious difference between the
average losses on both sides of Xτ . Therefore, for each sample Xj ∈ G, we construct
the rolling window Hj = {Xj−w, ...,Xj , ...Xj+w} centered on the sample Xj with
radius w(1≪ w ≪ K̄) to estimate the change-point. The Hj is split into two parts

HL
j = {Xj−w, ...,Xj} and HR

j = {Xj , ...,Xj+w}

with loss values

L̇L
j =

1

w + 1

( ∑
Xi∈HL

j

d(Xi)−
w+1∑
i=1

d(g(zi))
)
, L̇R

j =
1

w + 1

( ∑
Xi∈HR

j

d(Xi)−
w+1∑
i=1

d(g(zi))
)
,

for j = (k − 1)K̄ + 1, ..., (k + 1)K̄. The position of the change-point is estimated by
analyzing the difference Ḋj = |L̇R

j −L̇L
j | and τ = argmax Ḋj . Figure 2(b) below shows

the variation in loss values and the operation of rolling windows. The grey band shows
the set of HL

j and HR
j , it explores the set G and detects the change-point, which is

at the center of the green band.
Remark 3. It can be calculated that the time complexity of the whole algorithm is

O
(
max{n,wK̄}(N2

1L1 +N2
2L2)

)
.

See B.1 for more details.

4 Monte Carlo and Empirical Applications

In this section, we present sufficient experiments to validate Theorems 4, 5 and the
algorithm of detecting the position of change-point for a given time series with a

13



Algorithm 1 Change-point estimation

Input: n: sample size; K̄: the number of samples in each group; w: is the radius of
the rolling window in Stage 3;

Stage 1: Training a stable discriminator and generator
1: Initialize θd, θg ← Gaussian;
2: Sample a stable p-dimensional time series sequence Y = {Y 1, · · · ,Y t} from the

reference data;
3: Sample i.i.d noise z = {z1, · · · , zt} from the standard normal distribution;
4: Train the discriminator d and generator g with the samples in Y and z.

Stage 2: Select the groups possibly including the change-point
5: Given an unstable p-dimensional time series sequence X = {X1, · · · ,Xn};
6: Divide X into ⌈n/K̄⌉ groups, B1, · · · ,B⌈n/K̄⌉ with Bi = {X(i−1)K̄+1, · · · ,XiK̄},

for each i;
7: for i = 1, · · · , ⌈n/K̄⌉ do
8: Sample K̄ i.i.d noises {z1, · · · , zK̄} from the the standard normal distribution;
9: Input Xj ∈ Bi into d and {z1, · · · , zK̄} into g;

10: Calculate Li =
1
K̄

∑
Xj∈Bi

d(Xj)− 1
K̄

∑K̄
j=1 d(g(zj));

11: end for
12: Calculate the distances |Li+1 − Li| for i = 2, · · · , ⌈n/K̄⌉ − 1;
13: Calculate k = argmini |Li+1 − Li|. Then merge Bk and Bk+1 into one group

G = {Bk,Bk+1} = {X(k−1)K̄+1, · · · ,X(k+1)K̄}.
Stage 3: Estimate the position of change-point

14: for j ∈ [(k − 1)K̄ + 1, (k + 1)K̄] do
15: Construct HL

j = {Xj−w, · · · ,Xj} and HR
j = {Xj , · · · ,Xj+w};

16: Input samples in HL
j into d and sample w+1 i.i.d noises {z1, · · · , zw+1} from

the standard normal distribution;
17: Calculate L̇L

j = 1
w+1

∑
Xi∈HL

j
d(Xi)− 1

w+1

∑w+1
i=1 d(g(zi));

18: Input samples in HR
j into d and sample w+1 i.i.d noises {z1, · · · , zw+1} from

the standard normal distribution;
19: Calculate L̇R

j = 1
w+1

∑
Xi∈HR

j
d(Xi)− 1

w+1

∑w+1
i=1 d(g(zi));

20: Calculate Ḋj =
∣∣∣L̇R

j − L̇L
j

∣∣∣.
21: end for
Output: τ = argmaxj Ḋj .

change-point. Furthermore, we discussed the choice of the parameters K̄ and w and
compared our algorithm with the existing effective methods.

4.1 Estimating the joint distribution of autoregressive series

We used GANs to estimate the joint distributions of autoregressive Gaussian and
autoregressive logistic processes, respectively, to verify the accuracy of the estimation
and the correlation between the generated samples. The construction and training
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of the GANs follow standard procedures, see (Arjovsky, Chintala, & Bottou, 2017,
Algorithm 1) and B.2 for more details.

4.1.1 Experiments on autoregressive Gaussian processes

Considering the multivariate autoregressive Gaussian processes:

xt = xt−1 − 0.01xt−2 − 0.5xt−3 + vt, (4.1)

where xt ∈ R20 and vt ∼N(0, 0.2I20). The initial values are set as x1 = x2 = 0, and
each element of x3 is independently sampled from the uniform distribution U(0, 0.01).

We used GANs to estimate the joint distribution of 5-tuple observations of the time
series, i.e., {xt, · · · ,xt+4}. After training, fake data containing 5-tuple 20-dimensional
observations is generated according to the estimated joint distribution and is compared
with the real data. Figure 3 shows the correlations and autocorrelations of this sample.
Figure 3(a) shows that the correlations of the generated data closely match those of
the real data. We randomly selected two dimensions from the generated sample, the
second and fifth dimensions in this case, and plotted their autocorrelation. Figure 3(b)
reveals the autocorrelations in the generated samples. These results demonstrate that
GANs can effectively capture the correlation of the joint distribution of stationary
time series data.

4.1.2 Experiments on autoregressive logistic processes

Considering the autoregressive logistic processes:

zt = 0.1zt−1 + ϵt, (4.2)

where the innovation process ϵt is a sequence of i.i.d p-dimensional multivariate logistic
distribution L(0, Ip). The initial value is set z1 = 0.

Here we also set l = 5 and generate a 5-tuple sample patch after feeding a random
Gaussian noise vector into the generator. To demonstrate the accuracy of the generated
samples with the real ones, we calculate the Hausdorff distance to measure how far
these two samples are from each other, which is defined as:

h(Xfake, Yreal) = max
x∈Xfake

{ min
y∈Yreal

{d(x, y)}},

where Xfake stands for the fake samples generated by GAN, Yreal contains the real
samples, d(·) is the Euclidean distance. We generate 1000 sets of 5-tuple fake samples
and equivalent real samples and then calculate the Hausdorff distance between these
1000 sets of fake and real samples for dimensions p = 500, 1000, 1500, see Table 1. The
results show that the generated samples by GAN and the real samples are close in the
Hausdorff distance, which implies that GAN can learn the joint distribution of time
series well, especially in high-dimensional cases.
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(a)

(b)

Fig. 3: (a): The comparison of the correlations. (b): The autocorrelations of the second
and fifth dimensions of the 5-tuple generated samples.

Table 1: Hausdorff distance between true and estimated samples
for various dimensions, calculated from 1000 5-tuple data points.

Dimension (p) 500 1000 1500
Hausdorff Distance 56.51 78.68 98.53

4.2 Experiments on the change-point estimation

In this subsection, we apply the Algorithm 1 to a specific example and an application
scenario. Then we compared our algorithm with the Scan B-statistic method (S. Li et
al., 2019). The selection of parameters K̄ and w in the Algorithm 1 at the end of the
subsection.
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4.2.1 An example of the Algorithm 1

Considering the following time series {yk}10500k=1 ∈ R23 with a single change-point,
where yk is generated by

yk = 0.6yk−1 − 0.5yk−2 + ϵk, (4.3)

and ϵk is a Gaussian noise N(0, I23) when k < 5500, and N(2, I23) for k ≥ 5500.
The initial values y1 = 0 and y2 = 0. We remove the first 500 observations to obtain
a sequence of stationary time series {ỹt}10000t=1 , therefore the change-point exists at
τ = 5000.

Figure 4 shows the loss value of the Algorithm 1 of Stage 1 and Stage 2. Figure
4 (a) finds G that narrows the range of the change-point. Figure 4 (b) shows that the
Algorithm finds the change-point accurately.

(a) (b)

Fig. 4: (a): Loss values Lt of stationary samples {ỹt}10000t=1 . The samples located in
the interval [4750, 5249] are set as the elements of G (in Stage 2). (b): Loss values of
each samples in G, the change-point is accurately estimated.

4.2.2 Real data applications

We apply our proposed algorithm to a real-world dataset, the human activity
recognition (HAR) dataset (Anguita, Ghio, Oneto, Parra Perez, & Reyes Ortiz, 2013).

The HAR dataset contains the activity recognition data of 30 volunteers over time
(sec) from the accelerometer, gyroscope, magnetometer, and GPS sensors when they
carry a waist-mounted smartphone. The recognition of activity includes six different
activities (walking, walking upstairs, walking downstairs, sitting, standing, and lying).
In our experiment, we only use the gyroscope data to analyze. The gyroscope data
records 3-axial angular velocity at a constant rate of 50Hz, which can be regarded as
three dimensions. We extract 10800 observations of one volunteer in the gyroscope
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data to estimate the change of activities, i.e., the variations of the volunteer’s activity
recognition from inactive to walking.

Figure 5 shows the extracted time series in three dimensions. It can be seen that
there exists an obvious change between the two activities at the sides of the 9468-th
observation. The observations before the 9468-th sample indicate that the state of this
volunteer is inactive. For the observations after the 9468-th sample, their distribution
is significantly distinct from the former ones, which represents that the state of activity
changes to walking.

Fig. 5: Visualization of the gyroscope data near the change-point.

Figure 6 shows the difference in the loss values of the Algorithm 1. Figure 6 (a)
shows that the Algorithm finds the set G. Figure 6 (b) shows that the Algorithm finds
the change-point accurately.

4.2.3 Comparison of the change-point methods

In this subsection, we compare our method with two representative methods in change-
point detection proposed in Cao et al. (2024) and S. Li et al. (2019).

The scan B-statistic method S. Li et al. (2019) is a kernel-based method, it splits
the data into n reference blocks and one test block and calculates an unbiased estimator
of the kernel maximum mean discrepancy (MMD) statistic between two pairs of blocks,
followed by taking an average. It has shown strong experimental performance in high-
dimensional change-point estimation. However, this method requires a large amount
of reference data, typically five to ten times the size of the test data. Collecting such
data can sometimes pose challenges for the practical application of the algorithm.

Isolation Distributional Kernel-based Change Interval Detection (iCID) method
Cao et al. (2024) focuses on identifying intervals where change-points may exist and
does not rely on reference data. It demonstrates high accuracy within a certain error
range. Another advantage of this method is its robust to outliers and can detect
multiple change-points in a dataset.
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(a) (b)

Fig. 6: (a): Distances |Lt+1−Lt| of the extracted gyroscopes data, the samples located
in the interval [9288, 9719] are set as the elements of G (in Stage 2). (b): Loss values
of each samples in G, the change-point is accurately estimated.

The performance of these three methods is evaluated on logistic to Laplace mixed
processes. Specifically, the first type of samples are stationary autoregressive logistic
processes

zt = 0.1zt−1 + ϵt, (4.4)

where the innovation process ϵt is a sequance of i.i.d p-dimensional multivariate logis-
tic distribution L(0, Ip) and the initial value is set to z1 = 0. The second type is
autoregressive processes with Laplace marginal distribution, that is,

ut = 0.36ut−1 + rt, (4.5)

where rt is p-dimensional multivariate Laplace distributions La(5 · 1p, 6Ip) and the
initial value is set to u1 = 0. These two time series are combined to form a new time
series with the change point at 5000.

We calculate the estimation accuracy of all methods applied to 50 sets of data with
size 104 for three different dimensions, p = 100, p = 500 and 1000 respectively. Table 2
presents the accuracy of detected change-point locations compared to the true values
under different error ranges: 0, 5, 10, 20.

It can be observed that in a lower dimension case with p = 100, all three methods
perform well. However, as the dimensionality increases to p = 500 and p = 1000, our
method demonstrates superior performance. Although ICID performs better at an
error level of 20 when p = 500, it falls short of our algorithm at higher precision levels.
Furthermore, for p = 1000, our method performs better across different precision
levels.

We also compared our algorithm with the scan B-statistics method and iCID
method in the HAR dataset. Under the setting of section 4.2.2, our method accurately
identifies the change-point at the time 9468, while the scan B-statistics method detects
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Table 2: The estimation accuracy(%) for logistic to Laplace mixture with different
error ranges.

Error range 0 5 10 20

p = 100

GAN-base 0.00 0.82 1.00 1.00
B-statistic 0.00 1.00 1.00 1.00

iCID 0.00 0.56 1.00 1.00

p = 500

GAN-base 0.04 0.82 0.90 0.96
B-statistic 0.00 0.66 0.80 0.94

iCID 0.00 0.20 0.82 0.98

p = 1000

GAN-base 0.06 0.86 0.94 1.00
B-statistic 0.00 0.70 0.82 0.94

iCID 0.00 0.14 0.52 0.70

the change-point at 9472 with a slight error. The iCID method can identify the change-
point within an error range of 10 but fails to provide its precise location.

It is worth noting that in our experiments, we analyzed the 10800 observations
using only 800 samples as reference data to train the GAN model. In contrast, the
scan B-statistics method required nearly 50000 reference samples to analyze the same
data. Such a large quantity of reference data is often challenging to obtain in practical
scenarios where annotated data or long observation sequences are limited.

From the aspect of the running time and time complexity, our method has a time
complexity of O(nN2

2 ), while both the Scan B-statistic method and iCID have a time
complexity of O(n), where n is the number of observations and N2 is the width of
the neural networks in the discriminator. It can be seen that our algorithm has a
slightly higher time complexity compared to the Scan B-statistic method and iCID.
At the same time, our training time is also much longer that of the other two meth-
ods. This difference arises because our algorithm leverages DNNs, whereas the other
two methods are kernel-based. The neural network training increases both the com-
putational time and memory usage for our algorithm. However, this results in more
precise change-point detection and improves accuracy, particularly in high-dimensional
settings.

4.2.4 Discussions of K̄ and w

In the algorithm of change-point estimation, group-wise comparison is employed in
Stage 2 to narrow the scope of data detection, promoting computational efficiency,
so sample size K̄ in each group plays a crucial role. Similarly, the radius of the rolling
window in Stage 3, i.e., w, is essential for testing whether there exists a significant
change in the average loss values on both sides of the samples in the candidate groups.

On the one hand, if K̄ is small, the average loss in the algorithm would be sensitive
to local fluctuations in the loss values. This sensitivity may result in an incorrect
estimate of the candidate groups. On the other hand, K̄ should not be very large. In
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our algorithm, Stage 2 finds with a low computation cost that the change-point is
located in two adjacent groups, while Stage 2 further determines its exact location
by rolling window and has a computation complexity heavily depending on K̄. So, a
choice of very large K̄ will require large computation resources. For the size of the
rolling window w, it should be chosen such that it is not too large, to ensure the
validity of the rolling window, and not too small, to avoid larger local fluctuations
that might influence the average loss values for small sample sizes.

Apart from the special cases of K̄ and w mentioned above, their values have little
impact on the estimation accuracy. We conjecture that after reaching a certain suffi-
ciently large number in a reasonable range, further increasing K̄ and w will have little
impact on the estimation accuracy.

We experiment to validate this conjecture. We generate 50 sequences of 10000
time-series samples modeled by (4.3) in Section 4.2.1 and each time series has a change-
point. Their change-point positions are randomly assigned. To measure the effects of K̄
and w on the estimation, we apply our algorithm to these 50 time series and calculate
the estimation accuracy. Figure 7 presents the accuracy lines with 10-moment errors.
Notably, the accuracy remains above 80% for different K̄ and w. This observation
suggests that the estimated results have little difference when both K̄ and w are larger
than a certain threshold. Based on the analysis above and the large sample theory, we
can empirically define a range for the two parameters: K̄ ≥ 200 and 50 ≤ w ≤ K̄/2.

(a)

w
K̄ 50 60 70 80 90

1000 1.0 1.0 0.98 0.96 0.94
714 0.98 1.0 0.98 0.92 0.94
555 0.96 0.96 0.94 92 0.88
454 1.0 0.98 1.0 0.96 0.96
384 0.98 0.98 1.0 0.98 1.0
333 0.94 0.94 0.94 0.92 0.94
294 0.96 0.98 0.98 0.98 0.96
263 1.0 0.96 1.0 1.0 0.96
238 0.96 0.96 0.98 0.96 0.98
217 0.98 0.94 0.96 0.94 0.90

(b)

Fig. 7: Impact of sample size K̄ and radius of the rolling window w on accuracy. (a)
This figure illustrates the effect of varying K̄ on accuracy for five different choices of
w. (b) This table presents the specific accuracy values corresponding to the choice of
K̄ and w shown in Figure 7(a).

5 Proof of Theorems 4 and 5
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The strategy for proving Theorems 4 and 5, specifically the estimation of dH(πl, ĝ#ν),

involves decomposing dH(πl, ĝ#ν) and estimating each term in the decomposition. In
this section, we will first introduce some auxiliary lemmas and then prove Theorems
4 and 5. The proofs of these lemmas are provided in Appendix A.

5.1 Auxiliary lemmas

Lemma 6 (Error Decomposition). Suppose g#ν is supported on [−an, an]lp for all

g ∈ G and assume D is in symmetric class. Let ĝ be defined in (2.8) and Hb be function
class defined on Rlp with h ∈ Hb and b = r + q.

(i). Suppose Assumption 2(i) is satisfied, there exists c > 0 such that for any

D = {d ∈ NN (N2, L2,K2) : d(Rlp) ⊆ [−B,B], B <∞},

with N2 ≥ c(K2/ log
γ K2)

(2lp+b)/(2lp+2),L2 ≥ 4γ + 4, γ := ⌈log2(lp+ r)⌉, one has

dH(πl, ĝ#ν) ≤ 2(2an)
b(K2/ log

γ K2)
− b

lp+1 + 2(1 +B)lpe−an+v2/2

+ sup
d∈D

{
Eπl [d]− 1

n̄

n̄∑
i=1

d(Xi)
}
+ inf

g∈G
sup
d∈D

{ 1

n̄

n̄∑
i=1

d(Xi)− Eg#ν [d]
}

+2 sup
d◦g∈D◦G

{Eν̂m
[d ◦ g]− Eν [d ◦ g]}.

where n̄ = n− l + 1, ν̂m := 1
m

∑m
i=1 δzi .

(ii). Suppose Assumption 2(ii) is satisfied, there exists c > 0 such that for any D
defined in (i) above,

dH(πl, ĝ#ν) ≤ 2(2an)
b(K2/ log

γ K2)
− b

lp+1 + Cω(1 +B)la−ω
n

+ sup
d∈D

{
Eπl [d]− 1

n̄

n̄∑
i=1

d(Xi)
}
+ inf

g∈G
sup
d∈D

{ 1

n̄

n̄∑
i=1

d(Xi)− Eg#ν [d]
}

+2 sup
d◦g∈D◦G

{Eν̂m
[d ◦ g]− Eν [d ◦ g]}.

The following three lemmas estimate the terms in Lemma 6.
Lemma 7 (GAN approximation error). Suppose Assumption 1 and Assumption 2 are
satisfied and

D = {d ∈ NN (N2, L2,K2) : d(Rlp) ⊆ [−B,B], B <∞},

then with probability at least 1− 2le−t1 − le−C2sl/2β

sup
d∈D

∣∣∣ 1
n̄

n̄∑
i=1

(
d
(
Xi

)
− Eπl

[
d
(
Xi

)]) ∣∣∣
≤ 1

n̄

(
nlC

1/β
1 K2e

−C2(sl+1)/β/(1− e−C2/β) + nlC
1/β
1 K2e

−C2sl/(2β)−C2/β/(1− e−C2/β)
)
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+
1

n̄
C ′

3

[
l
√
2sl + nK2 ·

√
L2 + 1 + log(lp) +B

√
t1snl

]
.

where n̄ = n− l + 1 and t1 is a positive constant.
Lemma 8 (Generator approximation error). Suppose that G = NN (N1, L1) satisfies
N1 ≥ 7lp+ 1, L1 ≥ 2 and

n̄ ≤ N1 − lp− 1

2

⌊
N1 − lp− 1

6lp

⌋⌊
L1

2

⌋
+ 2.

For any D ⊂ {d ∈ NN (N2, L2,K2) : d(Rlp) ⊆ [−B,B]} ∩ Lip
(
Rlp, C

)
, B,C < ∞,

we have

inf
g∈G

sup
d∈D

{ 1

n̄

n̄∑
i=1

d(Xi)− Eg#ν [d]
}
= 0.

Lemma 9 (Statistical error for simulated sample). Suppose G = NN (N1, L1,K1),
and

D = {d ∈ NN (N2, L2,K2) : d(Rlp) ⊆ [−B,B]}, B <∞,

then with probability at least 1− e−t2 for any t2 > 0,

dD◦G (ν̂m, ν) ≤ 2

m
K2K1

√
L2 + L1 + 2 · Emax

i∈[m]
∥zi∥2 + 2B

√
8t2
m

.

5.2 Proof of Theorems 4 and 5

Proof of Theorem 4. By Lemmas 6(i), 7, 8 and 9, it is easy to see that, with probability
at least 1− 2le−t1 − le−C2sl/2β − e−t2 ,

dH(πl, ĝ#ν) ≤ 2(2an)
b(K2/ log

γ K2)
− b

lp+1 + 2(1 +B)lpe−an+v2/2

+ sup
d∈D

{
Eπl [d]− 1

n̄

n̄∑
i=1

d(Xi)
}
+ inf

g∈G
sup
d∈D

{ 1

n̄

n̄∑
i=1

d(Xi)− Eg#ν [d]
}

+2 sup
d◦g∈D◦G

{Eν̂m [d ◦ g]− Eν [d ◦ g]}

≤ 2(2an)
b(K2/ log

γ K2)
− b

lp+1 + 2(1 +B)lpe−an+v2/2

+
n

n̄
lC

1/β
1 K2

(
e−C2(sl+1)/β/(1− e−C2/β) + e−C2sl/(2β)−C2/β/(1− e−C2/β)

)
+
1

n̄
C ′

3

[
l
√
2sl + nK2 ·

√
L2 + 1 + log(lp) +B

√
t1snl

]
+

4

m
K2K1

√
L2 + L1 + 2 · Emax

i∈[m]
∥zi∥2 + 4B

√
8t2
m

.
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Since an = log(lpn) and when we choose s = nα, 0 < α < 1, it is easy to know that
with probability at least 1− 2le−t1 − le−C2n

αl/2β − e−t2 ,

dH(πl, ĝ#ν) ≤ 2 logb(lpn)(K2/ log
γ K2)

− b
lp+1 + 2(1 +B)lpe− log(lpn)+v2/2

+
n

n̄

C
1/β
1 lK2

eC2(nαl+1)/β(1− e−C2/β)
+

n

n̄

C
1/β
1 lK2

(1− e−C2/β)eC2nαl/2β+C2/β

+C ′
3l

√
2nαl + n

n̄
K2 ·

√
L2 + 1 + log(lp) + C ′

3B

√
t1lnα+1

n̄2

+
4

m
K2K1

√
L2 + L1 + 2 · Emax

i∈[m]
∥zi∥2 + 4B

√
8t2
m

= O
(
(log lpn)b(K2/ log

γ K2)
− b

lp+1

)
+O (B/n) +O

(
lK2e

−C2n
αl
)

+O
(
l
√

1/nK2

√
L2 + log lp

)
+O

(
B
√

lt1/n1−α
)

+O
(
K2K1

√
L2 + L1/m+

√
t2/m

)
= O

(
(log lpn)b(K2/ log

γ K2)
− b

lp+1

)
+O

(
lK2e

−C2n
αl
)
+O

(
B
√

lt1/n1−α
)

+O
(
l
√

1/nK2

√
L2 + log lp

)
+O

(
K2K1

√
L2 + L1/m+

√
t2/m

)
.

We further take t1 = t2 = nα, α = lp+1
2(lp+1+b) , as m ≥ nK1

√
L1 + L2, B = (log n)b

and K2 = Cn
1
2−

b
2(lp+1+b) , a straight calculation implies

dH(πl, ĝ#ν) ≤ O
(
(log n)

b(γ+1)
lp+1 n− 1

2+
lp+1

2(lp+1+b)

)
,

with probability at least 1− 4le−Cln
lp+1

2(lp+1+b)
.

Proof of Theorem 5. By Lemmas 6(ii), 7, 8, 9 and setting s = nα with 0 < α <

1, an = n
1−α
2ω , similarly as the calculation above, one has with probability at least

1− 2le−t1 − le−C2n
αl/2β − e−t2 ,

dH(πl, ĝ#ν) ≤ O
(
n

(1−α)b
2ω (K2/ log

γ K2)
− b

lp+1

)
+O

(
lK2e

−C2n
αl
)
+O

(
Bl
√

t1/n1−α
)

+O
(
l
√

1/nK2

√
L2 + log lp

)
+O

(
K2K1

√
L2 + L1/m+

√
t2/m

)
.

We further take t1 = t2 = nα, α = (lp+1)(w+b)
(2w+b)(lp+1)+2bw , as m ≥ nK1

√
L1 + L2, B =

(log n)
bγ

lp+1 and K2 = Cn
(lp+1)(w+b)

(2w+b)(lp+1)+2bw . Since lp < 2w−1, we have (lp+1)(w+b)
(2w+b)(lp+1)+2bw <

1
2 , a straight calculation implies

dH(πl, ĝ#ν) ≤ O
(
(log n)

bγ
lp+1n− 1

2+
(lp+1)(w+b)

(2w+b)(lp+1)+2bw

)
,
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with probability at least 1− 4le−Cln
lp+1

2(lp+1+b)
.

6 Conclusion

In this paper, we theoretically prove that GANs are effective for estimating the
joint distribution of l-tuple samples from a stationary time series. By employing the
blocking technique and the M-dependence approximation technique, we establish a
non-asymptotic error bound between the estimator of the joint distribution and the
true distribution, thereby demonstrating the effectiveness of the DNN-based GAN
estimator.

As an application, we propose a novel algorithm for change-point detection in time
series with structural breaks. Leveraging GANs’ ability to estimate joint distributions,
this algorithm identifies the change-point by capturing the differences between two
distributions and is particularly effective in handling high-dimensional data.

To validate our theoretical result and the proposed change-point estimation algo-
rithm, we perform several Monte Carlo experiments, confirming their effectiveness.
We compare our change-point detection algorithm with other methods to show its
superiority, especially when dealing with high-dimensional data. The algorithm is also
validated on real-world datasets to demonstrate its effectiveness.
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Appendix A Proof of Lemmas in Section 5

Proof of Lemma 6. (i). For any ε > 0, it is easy to see that there exist an hε ∈ H and
a dε ∈ D such that

sup
h∈H
{Eπl [h]− Eĝ#ν [h]} ≤ Eπl [hε]− Eĝ#ν [hε] + ε,

and

∥hε − dε∥∞ ≤ inf
d∈D
∥hε − d∥∞ + ε.

Then, we have

sup
h∈H
{Eπl [h]− Eĝ#ν [h]}

≤ Eπl [hε]− Eĝ#ν [hε] + ε

= Eπl [hε]− Eπl [dε] + Eπl [dε]− Eĝ#ν [dε] + Eĝ#ν [dε]− Eĝ#ν [hε] + ε
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= {Eπl [hε − dε] + Eĝ#ν [dε − hε]}+ {Eπl [dε]− Eĝ#ν [dε]}+ ε. (A1)

Step 1: We first deal with the first terms of (A1). Let An = [−an, an]lp, it is easy
to see that

Eπl [hε − dε] + Eĝ#ν [dε − hε] (A2)

= Eπl [(hε − dε)1Ac
n
] + Eπl [(hε − dε)1An ] + Eĝ#ν [dε − hε].

For the first term of (A2), the boundedness of hε, dε and sub-Gaussian assumption
yield

Eπl [(hε − dε)1Ac
n
] ≤ ∥hε − dε∥∞Eπl [1Ac

n
] (A3)

≤ (1 + ∥d∥∞ + ε)Px∼πl (∥x∥∞ ≥ an)

≤ (1 + ∥d∥∞ + ε)

lp∑
i=1

Px∼πl (|xi| ≥ an)

≤ 2(1 +B + ε)lpe−an+v2/2.

Since g(R) ⊂ An, one can get the estimate of last two terms of (A2)

Eπl [(hε − dε) 1An ] + Eĝ#ν [dε − hε] ≤ 2 sup
h∈H(An)

inf
d∈D(An)

∥h− d∥∞ + 2ε.

Jiao et al. (2023, Theorem 3.2) guarantees that, for any h̄ ∈ Hb([0, 1]lp), b = r+ q,
there exists c > 0 such that for any d̄ ∈ NN (N,L,K), N ≥ c(K/ logγ K)(2lp+b)/(2lp+2)

and L ≥ 4γ + 2, γ := ⌈log2(lp+ r)⌉,

sup
h̄∈H([0,1]lp)

inf
d̄∈NN (N,L,K)

∥h̄− d̄∥∞ ≤ (K/ logγ K)−
b

lp+1 .

Let h(x)1An
= (2an)

bh̄( x
2an

+ 1
2 ), d0(x)1An

= (2an)
bd̄( x

2an
+ 1

2 ), and

d(x)1An
= (d0(x) ∧B) ∨ (−B) = σ(d0(x) +B)− σ(d0(x)−B)−B.

Then, we have

sup
h∈H(An)

inf
d∈D(An)

∥h− d∥∞ = sup
h̄∈H([0,1]lp)

inf
d∈D(An)

∥(2an)bh̄(
x

2an
+

1

2
)− d(x)∥∞

≤ (2an)
b sup
h̄∈H([0,1]lp)

inf
d̄∈D([0,1]lp)

∥h̄− d̄∥∞ ≤ (2an)
b(K2/ log

γ K2)
− b

lp+1 ,

where d ∈ NN (N2, L2,K2), with N2 ≥ c(K2/ log
γ K2)

(2lp+b)/(2lp+2) and L2 ≥ 4γ+4,
γ := ⌈log2(lp+ r)⌉. Thus, we obtain

Eπl [hε − dε] + Eĝ#ν [dε − hε] ≤ 2(2an)
b(K2/ log

γ K2)
− b

lp+1 + 2(1 +B + ε)lpe−an+v2/2 + 2ε.
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Step 2: For the rest terms of (A1), that is Eπl [dε] − Eĝ#ν [dε], one considers the
empirical process and gets

Eπl [dε]− Eĝ#ν [dε] = Eπl [dε]−
1

n̄

n̄∑
i=1

dε(Xi) +
1

n̄

n̄∑
i=1

dε(Xi)−
1

m

m∑
i=1

dε(ĝ(zi))

+
1

m

m∑
i=1

dε(ĝ(zi))− Eν [dε(ĝ(z))]

≤ sup
d∈D

{
Eπl [d]− 1

n̄

n̄∑
i=1

d(Xi)
}
+ inf

g∈G
sup
d∈D

{ 1

n

n̄∑
i=1

d(Xi)−
1

m

m∑
i=1

d(g(zi))
}

+ sup
d◦g∈D◦G

{Eν̂m
[d ◦ g]− Eν [d ◦ g]}

≤ sup
d∈D

{
Eπl [d]− 1

n̄

n̄∑
i=1

d(Xi)
}
+ inf

g∈G
sup
d∈D

{ 1

n̄

n̄∑
i=1

d(Xi)− Eg#ν [d]
}

+ inf
g∈G

sup
d∈D

{
Eg#ν [d]−

1

m

m∑
i=1

d(g(zi))
}
+ sup

d◦g∈D◦G
{Eν̂m

[d ◦ g]− Eν [d ◦ g]},

where the first inequality follows the definition of ĝ and ν̂m := 1
m

∑m
i=1 δzi is the empir-

ical measure. Combining the inequality above with (A1) and a straight calculation
implies

dH(πl, ĝ#ν) ≤ 2(2an)
b(K2/ log

γ K2)
− b

lp+1 + 2(1 +B + ε)lpe−an+v2/2 + 3ε

+ sup
d∈D

{
Eπl [d]− 1

n̄

n̄∑
i=1

d(Xi)
}
+ inf

g∈G
sup
d∈D

{ 1

n̄

n̄∑
i=1

d(Xi)− Eg#ν [d]
}

+2 sup
d◦g∈D◦G

{Eν̂m [d ◦ g]− Eν [d ◦ g]}.

Let ε→ 0 and the proof is complete.
(ii). The proof is similar with (i) except the calculation of (A3) in Step 1. For the

first term of (A2), Assumption 2(ii) and the Markov inequality imply

Eπl [(hε − dε)1Ac
n
] ≤ ∥hε − dε∥∞Eπl [1Ac

n
] (A4)

≤ (1 + ∥d∥∞ + ε)Px∼πl (∥x∥∞ ≥ an)

≤ (1 +B + ε)Ex∼πl [max
1≤i≤l

max
1≤j≤p

|xi,j |ω]a−ω
n

≤ l(1 +B + ε)Ex∼π[∥x∥ω]a−ω
n

≤ lCω(1 +B + ε)a−ω
n .

Combining equality (A4) and Step 2 above, we obtain

dH(πl, ĝ#ν) ≤ 2(2an)
b(K2/ log

γ K2)
− b

lp+1 + lCω(1 +B + ε)a−ω
n + 3ε
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+ sup
d∈D

{
Eπl [d]− 1

n̄

n̄∑
i=1

d(Xi)
}
+ inf

g∈G
sup
d∈D

{ 1

n̄

n̄∑
i=1

d(Xi)− Eg#ν [d]
}

+2 sup
d◦g∈D◦G

{Eν̂m [d ◦ g]− Eν [d ◦ g]}.

Let ε→ 0 and the proof is complete.

Since Xi and Xj are dependent for any i, j, some classic results for indepen-
dent data cannot be used directly. Denote the sl-dependence form of Xi by X ′

i =

E[Xi|F i
i−sl] where F i

i−sl = σ(εi−sl, · · · , εi), and X ′
i = vec{X ′

i,X
′
i+1, · · · ,X

′
i+(l−1)}.

It is easy to see that X ′
i only depends on {εi−sl, · · · , εi}, and thus X ′

i is indepen-

dent on X ′
i−l(s+1). Let the stationary distribution of time series {X ′

i} be π̃, and the

joint distribution of {X ′
i} be π̃l. Without loss of generality, we choose n large enough

that for some s, l ∈ N+, such that sl≪ n.
Divide {Xi}1≤i≤n−l+1 into the following l parts,

{Xk,Xk+l, · · · ,Xk+(Qk−1)l}, 1 ≤ k ≤ l

where Qk = ⌊n/l⌋, if k ≤ (n mod l)+1; Qk = ⌊n/l⌋− 1, if (n mod l)+1 < k ≤ l. The
following two lemmas pave a way to the proof of Lemma 7.
Lemma 10. Suppose Assumption 1 is satisfied and

D = {d ∈ NN (N2, L2,K2) : d(Rlp) ⊆ [−B,B], B <∞}.

(i) We have

sup
d∈D

∣∣∣∣∣
Qk∑
i=1

(
Eπl

[
d
(
Xk+l(i−1)

)]
− Eπ̃l

[
d
(
X ′

k+l(i−1)

)])∣∣∣∣∣ ≤ nC
1/β
1 K2e

−C2(sl+1)/β/(1− e−C2/β).

(ii) With probability at least 1− e−C2sl/2β, we have

sup
d∈D

{ Qk∑
i=1

d(Xk+l(i−1))−
Qk∑
i=1

d(X ′
k+l(i−1))

}
≤ nC

1/β
1 K2e

−C2sl/(2β)−C2/β/(1− e−C2/β).

Proof. (i) For convenience, we denote G(ξi, εi+1, · · · , εj) as Gj
i , and

G(ξ′i, εi+1, · · · , εj) as (G′)ji . A straight calculation yields that

d(Xi)− d(X ′
i)

= d(vec{E[Xi|F i
−∞],E[Xi+1|F i+1

−∞], · · · ,E[Xi+(l−1)|F
i+(l−1)
−∞ ]})

−d(vec{E[Xi|F i
i−sl],E[Xi+1|F i+1

i+1−sl], · · · ,E[Xi+(l−1)|F
i+(l−1)
i+(l−1)−sl]})

=

∞∑
j=sl+1−i

(
d(vec{E[Xi|F i

−j ],E[Xi+1|F i+1
−j+1], · · · ,E[Xi+(l−1)|F

i+(l−1)
−j+(l−1)]})
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−d(vec{E[Xi|F i
−j+1],E[Xi+1|F i+1

−j+2], · · · ,E[Xil|F i+(l−1)
−j+l ]})

)
=

∞∑
j=sl+1−i

(
d(vec{E[Gi

−j |F i
−j ],E[G

i+1
−j+1|F

i+1
−j+1], · · · ,E[G

i+(l−1)
−j+(l−1)|F

i+(l−1)
−j+(l−1)]})

−d(vec{E[(G′)i−j |F i
−j ],E[(G

′)i+1
−j+1|F

i+1
−j+1], · · · ,E[(G

′)
i+(l−1)
−j+(l−1)|F

i+(l−1)
−j+(l−1)]})

)
.

Since D is set of Lipschitz function with Lipschitz constant K2, combining equality
above with condition (2.2), we can get

E sup
d∈D
|
Qk∑
i=1

(d(Xk+l(i−1))− d(X ′
k+l(i−1)))| (A5)

≤ E sup
d∈D

Qk∑
i=1

∞∑
j=(s−i+1)l+1−k

|d(vec{E[Gk+l(i−1)
−j |Fk+l(i−1)

−j ], · · · ,E[Gk+li−1
−j+l−1|F

k+li−1
−j+l−1]})

−d(vec{E[(G′)
k+l(i−1)
−j |Fk+l(i−1)

−j ], · · · ,E[(G′)k+li−1
−j+l−1|F

k+li−1
−j+l−1]})|

≤ K2E
{ Qk∑

i=1

∞∑
j=(s−i+1)l+1−k

∥vec{E[Gk+l(i−1)
−j − (G′)

k+l(i−1)
−j

∣∣Fk+l(i−1)
−j ], · · · ,

E[Gk+li−1
−j+l−1 − (G′)k+li−1

−j+l−1

∣∣Fk+li−1
−j+l−1]}∥

}
≤ K2

Qk∑
i=1

∞∑
j=(s−i+1)l+1−k

{E∥Gk+l(i−1)
−j − (G′)

k+l(i−1)
−j ∥+ · · ·+ E∥Gk+li−1

−j+l−1 − (G′)k+li−1
−j+l−1∥}

≤ lK2

Qk∑
i=1

∞∑
j=(s−i+1)l+1−k

C
1/β
1 e−C2(k+l(i−1)+j)/β = QkC

1/β
1 lK2e

−C2(sl+1)/β/(1− e−C2/β)

≤ nC
1/β
1 K2e

−C2(sl+1)/β/(1− e−C2/β).

Since

sup
d∈D
|
Qk∑
i=1

(Eπl

[
d(Xk+l(i−1))

]
−Eπ̃l [d(X ′

k+l(i−1))])| ≤ E sup
d∈D
|
Qk∑
i=1

(d(Xk+l(i−1))−d(X ′
k+l(i−1)))|,

then the result in (A5) yields that

sup
d∈D
|
Qk∑
i=1

(Eπl

[
d(Xk+l(i−1))

]
−Eπ̃l [d(X ′

k+l(i−1))])| ≤ nC
1/β
1 K2e

−C2(sl+1)/β/(1−e−C2/β).

(ii) The Chebyshev inequality and the result in (i) imply

P
(
sup
d∈D

{ Qk∑
i=1

d(Xk+l(i−1))−
Qk∑
i=1

d(X ′
k+l(i−1))

}
≥ x

)

29



≤ 1

x
E sup

d∈D

{ Qk∑
i=1

d(Xk+l(i−1))−
Qk∑
i=1

d(X ′
k+l(i−1))

}
≤ 1

x(1− e−C2/β)
nC

1/β
1 K2e

−C2(sl+1)/β .

We can obtain with probability at least 1− e−C2sl/(2β),

sup
d∈D

{ Qk∑
i=1

d(Xk+l(i−1))−
Qk∑
i=1

d(X ′
k+l(i−1))

}
≤ nC

1/β
1 K2e

−C2sl/(2β)−C2/β/(1− e−C2/β).

Given a real-valued function class H and some set of data points x1, · · · ,xn ∈ Rd,
the Rademacher complexity R̂n(H) is defined as

R̂n(H) := Eη

[
sup
h∈H

1

n

n∑
i=1

ηih (xi)

]
,

where η = (η1, · · · , ηn) is a vector uniformly distributed in {−1,+1}n. Golowich et
al. (2018, Theorem 2) shows that,
Lemma 11 (Rademacher Complexity of Neural Networks). Let HL be the class of
real-valued networks of depth L, where ∥Wj∥1,∞ ≤ M(j) for all j ∈ {1, · · · , L}, and
σ is a 1-Lipschitz activation function with σ(0) = 0, applied element-wise. Then

R̂n (HL) ≤
2

n

L∏
j=1

M(j) ·
√

L+ 1 + log(p) ·

√√√√ max
j∈{1,··· ,p}

n∑
i=1

x2
i,j ,

where xi,j is the j-th coordinate of the vector xi.

Proof of Lemma 7. For j ∈ {1, 2, · · · , ⌈Qk/(2s)⌉}, let

Ikj = {i = k + 2sl(j − 1), k + l + 2sl(j − 1), · · · , k + (s− 1)l + 2sl(j − 1)},
Jk
j = {i = k + sl + 2sl(j − 1), k + l(s+ 1) + 2sl(j − 1), · · · , k + (2s− 1)l + 2sl(j − 1)},

thus we can decompose [2sl⌈Qk/(2s)⌉] as a union of 2⌈Qk/(2s)⌉ blocks. Let

Y k
I,j =

∑
i∈Ik

j

d
(
X ′

i

)
,Y k

J,j =
∑
i∈Jk

j

d
(
X ′

i

)
.

By the definition of X ′
i, we know {Y k

I,j}1≤j≤⌈Qk/(2s)⌉ is an i.i.d. sequence of random

variables, and {Y k
J,j}1≤j≤⌈Qk/(2s)⌉ is the same.

By Lemma 10, it is easy to see that, with probability at least 1− le−C2sl/(2β)

sup
d∈D

∣∣∣∣∣ 1n̄
n̄∑

i=1

(
d
(
Xi

)
− Eπl

[
d
(
Xi

)])∣∣∣∣∣
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= sup
d∈D

1

n̄

∣∣∣∣∣
l∑

k=1

Qk∑
i=1

(
d
(
Xk+l(i−1)

)
− Eπl

[
d
(
Xk+l(i−1)

)])∣∣∣∣∣

≤ sup
d∈D

1

n̄

l∑
k=1

∣∣∣∣∣
Qk∑
i=1

(
d
(
Xk+l(i−1)

)
− Eπl

[
d
(
Xk+l(i−1)

)])
−

Qk∑
i=1

(
d
(
X ′

k+l(i−1)

)
− Eπ̃l

[
d
(
X ′

k+l(i−1)

)])∣∣∣∣∣
+ sup

d∈D

1

n̄

l∑
k=1

∣∣∣∣∣
Qk∑
i=1

(
d
(
X ′

k+l(i−1)

)
− Eπ̃l

[
d
(
X ′

k+l(i−1)

)])∣∣∣∣∣
≤ 1

n̄

(
nlC

1/β
1 K2e

−C2(sl+1)/β/(1− e−C2/β) + nlC
1/β
1 K2e

−C2sl/(2β)−C2/β/(1− e−C2/β)
)

+ sup
d∈D

1

n̄

l∑
k=1

∣∣∣∣∣∣
⌈Qk/2s⌉∑

j=1

(
Y k

I,j − Eπ̃l

[
Y k

I,j

])∣∣∣∣∣∣+ sup
d∈D

1

n̄

l∑
k=1

∣∣∣∣∣∣
⌈Qk/2s⌉∑

j=1

(
Y k

J,j − Eπ̃l

[
Y k

J,j

])∣∣∣∣∣∣ .
Denote Zk

I := supd∈D | 1
⌈Qk/2s⌉

∑⌈Qk/2s⌉
j=1 (Y k

I,j − Eπ̃l [Y k
I,j ])|. Since E

(
Y k

I,j

)
−

Eπ̃l

[
Y k

I,j

]
= 0 and for all 1 ≤ j ≤ ⌈Qk/2s⌉,

|Y k
I,j − Eπ̃l

[
Y k

I,j

]
| ≤

s∑
i=1

∣∣∣d(X ′
k+2sl(j−1)+(i−1)l

)
− Eπ̃l

[
d
(
X ′

k+2sl(j−1)+(i−1)l

)]∣∣∣
≤

s∑
i=1

(
∣∣∣d(X ′

k+2sl(j−1)+(i−1)l

)∣∣∣+ Eπ̃l

∣∣∣d(X ′
k+2sl(j−1)+(i−1)l

)∣∣∣) ≤ 2sB,

by Massart’s concentration inequality (Massart, 2000, Theorem 9) for suprema of the
bounded empirical processes, we have for all t1 > 0

P

{
Zk
I ≥ EZk

I + 4sB

√
2t1

⌈Qk/2s⌉

}
≤ e−t1 .

For the expectation, we consider the Rademacher random variables
{ηji }i=1,··· ,Ik

j
, 1 ≤ j ≤ ⌈Qk/2s⌉, that is ηji equals to 1 and −1 with propability 1/2.

Then by using symmetrization theorem for empirical processes (van der Vaart &
Wellner, 1996, Lemma 2.3.1) and Lemma 11, we can get

EZk
I = E sup

d∈D

∣∣∣∣∣∣ 1

⌈Qk/2s⌉

⌈Qk/2s⌉∑
j=1

(
Y k

I,j − Eπ̃l

[
Y k

I,j

])∣∣∣∣∣∣
= E sup

d∈D

∣∣∣∣∣∣ 1

⌈Qk/2s⌉

⌈Qk/2s⌉∑
j=1

(
∑
i∈Ik

j

d(X ′)
i − Eπ̃l [

∑
i∈Ik

j

d(X ′
i)])

∣∣∣∣∣∣
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= E sup
d∈D

∣∣∣∣∣∣ 1

⌈Qk/2s⌉

⌈Qk/2s⌉∑
j=1

∑
i∈Ik

j

d
(
X ′

i

)
− Eπ̃l [d]

∣∣∣∣∣∣
≤ 2

⌈Qk/2s⌉
E sup

d∈D

∣∣∣∣∣∣
⌈Qk/2s⌉∑

j=1

∑
i∈Ik

j

ηji d
(
X ′

i

)∣∣∣∣∣∣
≤ 4

⌈Qk/2s⌉
K2 ·

√
L2 + 1 + log(lp) · E

√√√√√ max
w∈{1,··· ,lp}

⌈Qk/2s⌉∑
j=1

∑
i∈Ik

j

(X ′
i,w)2,

where X ′
i,w denote the w th coordinate of X ′

i.
Assumption 2 implies that stationary distribution π of time series {Xn}n∈N has

second order moment bound and thus

E max
w∈{1,··· ,lp}

(X ′
i,w)

2 ≤ E
lp∑

w=1

(X ′
i,w)

2

=

lp∑
w=1

E
[
vec{E[Xi|F i

i−sl], · · · ,E[Xi+l−1|F i+l−1
i+l−1−sl]}

2
w

]
≤

p∑
w=1

(EX2
i,w + EX2

i+1,w + · · ·+ EX2
i+l−1,w) ≤ C3l.

Jensen’s inequality implies

E

√√√√√ max
w∈{1,··· ,lp}

⌈Qk/2s⌉∑
j=1

∑
i∈Ik

j

(X ′
i,w)2 ≤

E max
w∈{1,··· ,lp}

⌈Qk/2s⌉∑
j=1

∑
i∈Ik

j

(X ′
i)

2
w


1/2

≤


⌈Qk/2s⌉∑

j=1

∑
i∈Ik

j

E max
w∈{1,··· ,lp}

(X ′
i,w)

2


1/2

≤
√

C3l(s+Qk/2).

Hence, it is easy to know that,

P

{
Zk
I ≥ 4

√
C3l(s+Qk/2)

⌈Qk/2s⌉
K2 ·

√
L2 + 1 + log(lp) + 4sB

√
2t1

⌈Qk/2s⌉

}
≤ e−t1 .

Let Zk
J :=

{
Y k

J,j

}
1≤j≤⌈Qk/2s⌉

, one can get similarly

P

{
Zk
J ≥ 4

√
C3l(s+Qk/2)

⌈Qk/2s⌉
K2 ·

√
L2 + 1 + log(lp) + 4sB

√
2t1

⌈Qk/2s⌉

}
≤ e−t1 .
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Since Qk ≤ n/l, it is easy to know that, with probability at least 1 − 2le−t1 −
le−C2sl/(2β),

sup
d∈D

∣∣∣∣∣ 1n̄
n̄∑

i=1

(
d
(
Xi

)
− Eπl

[
d
(
Xi

)])∣∣∣∣∣
≤ 1

n̄

(
nlC

1/β
1 K2e

−C2(sl+1)/β/(1− e−C2/β) + nlC
1/β
1 K2e

−C2sl/(2β)−C2/β/(1− e−C2/β)
)

+
1

n̄

l∑
k=1

[
4
√

C3l(s+Qk/2)K2 ·
√

L2 + 1 + log(lp) + 4sB
√

2t1⌈Qk/2s⌉
]

≤ 1

n̄

(
nlC

1/β
1 K2e

−C2(sl+1)/β/(1− e−C2/β) + nlC
1/β
1 K2e

−C2sl/(2β)−C2/β/(1− e−C2/β)
)

+
1

n̄
C ′

3

[
l
√
2sl + nK2 ·

√
L2 + 1 + log(lp) +B

√
t1snl

]
.

Proof of Lemma 8. Suppose that G = NN (N1, L1) satisfies N1 ≥ 7lp+1, L1 ≥ 2 and

n̄ ≤ N1 − lp− 1

2

⌊
N1 − lp− 1

6lp

⌋⌊
L1

2

⌋
+ 2.

For any D ⊂ {d ∈ NN (N2, L2,K2) : d(Rlp) ⊆ [−B,B]}∩Lip
(
Rlp, C

)
, B, C <∞,

we have

inf
g∈G

sup
d∈D

{ 1

n̄

n̄∑
i=1

d(Xi)− Eg#ν [d]
}
≤ inf

g∈G
sup

f∈Lip(Rlp,C)

∫
f
(
dπ̂l

n̄ − dg#ν
)

≤ inf
g∈G

C sup
∥f∥Lip ≤1

∫
f
(
dπ̂l

n̄ − dg#ν
)

= C inf
g∈G
W1

(
π̂l

n̄, g#ν
)
,

where n̄ = n− l + 1, π̂l
n̄ := 1

n̄

∑n̄
i=1 δxi

is the empirical distribution of {Xi}i=1,··· ,n̄.

Since W1

(
π̂l

n̄, gϵ#ν
)
→ 0 for some gϵ as ϵ → 0 by Lemma 3.2 of Yang, Li, and

Wang (2022).

inf
g∈G

sup
d∈D

{ 1

n̄

n̄∑
i=1

d(Xi)− Eg#ν [d]
}
= 0.

Proof of Lemma 9. Statistical error for simulated sample is defined as

dD◦G (ν̂m, ν) = sup
d◦g∈D◦G

∣∣∣∣∣ 1m
m∑
i=1

((d ◦ g) (zi)− Ezi∼ν [(d ◦ g) (zi)])

∣∣∣∣∣ .
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Let Rm(D ◦ G; z) := E supd◦g∈D◦G
∣∣ 1
m

∑m
i=1 ηid ◦ g (zi)

∣∣ is the Rademacher com-
plexity of functional class D◦G, and η1, · · · , ηm are independent Rademacher random
variables.

We can obtain EdD◦G (ν̂m, ν) ≤ 2Rm(D ◦ G; z) by the symmetrization theorem.
Using assumption supd∈D ∥d∥∞ ≤ B, Massart’s concentration inequality for suprema
of the bounded empirical processes shows that

P

{
dD◦G (ν̂m, ν) ≥ 2Rm(D ◦ G) + 2B

√
8t2
m

}

≤ P

{
dD◦G (ν̂m, ν) ≥ EdD◦G (ν̂m, ν) + 2B

√
8t2
m

}
≤ e−t2 .

Next, we need to calculate Rm(D ◦ G).
Since the composition of two neural networks d ∈ D = NN (N2, L2,K2) and

g ∈ G = NN (N1, L1,K1) is still a neural network with width max {N2, N1} and
depth L2 + L1 + 1. Lemma 11 implies

EdD◦G (ν̂m, ν) ≤ 2Rm(D ◦ G; z) ≤ 2

m
K2K1

√
L2 + L1 + 2 · Emax

i∈[m]
∥zi∥2 .

Thus, with probability at least 1− e−t2 ,

dD◦G (ν̂m, ν) ≤ 2

m
K2K1

√
L2 + L1 + 2 · Emax

i∈[m]
∥zi∥2 + 2B

√
8t2
m

.

Appendix B Algorithm and experiment

B.1 Algorithm complexity

We choose the convolutional neural network to model the generator, and the fully
connected neural network to model the discriminator. According to He and Sun (2015),
the total time complexity of all convolutional layers and connected layers respectively
can be expressed as:

O

(
L∑

i=1

Ni−1 · s2i ·Ni ·m2
i

)
, O

(
L∑

i=1

Ni−1 ·Ni

)
.

Here i is the index of the layer, L is the depth, Ni is the width in the i-th layer. si is
the spatial size (length) of the filter. mi is the spatial size of the output feature map.
In our case, as we are dealing with a convolutional neural network designed for high-
dimensional data, we can assume that both mi and si remain constant. Consequently,
the complexity of both the convolutional layers and connected layers can be simplified
to O(L(max0≤i≤L Ni)

2).
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Since the calculation amount of forward propagation and back propagation is
similar from a mathematical point, the time complexity of training a stable discrimi-
nator and generator in Stage 1 is O

(
t(N2

1L1 +N2
2L2)

)
according to the complexity

above. In Stage 2, the time complexity of selecting the blocks possibly including the
change-point is O

(
nN2

1L1 + nN2
2L2

)
. In Stage 3, the time complexity of selecting

the change-point is O
(
wK̄N2

1L1 + wK̄N2
2L2

)
. Therefore, the time complexity of the

whole algorithm is O
(
max{n,wK̄}(N2

1L1 +N2
2L2)

)
.

B.2 Setting of the experiments

The discriminator neural network in the GAN consists of nine linear layers, each uti-
lizing the LeakyReLU activation function. The generator’s architecture includes two
convolutional layers followed by five deconvolutional layers, with each layer also using
the LeakyReLU activation function. Specifically, the two convolutional layers first
convert the Gaussian input noise into latent variables. Subsequently, the deconvolu-
tional layers upsample these latent variables to generate fake samples that match the
dimensions of the real samples.

For the experiments in section 4.1, we set the length of the selected time series
to 10500. To ensure the stationarity of the training data, the first 500 observations
are removed due to their non-stationary nature. We then use the remaining 10000
observations to train the model and estimate the joint distribution.

For the experiments in section 4.2, we set t = 1000, i.e. 1000 reference data are
used to train the GAN model. We take K̄ = 250 and ω = 60 in the experiment 4.2.1,
and K̄ = 216 and ω = 55 in experiment 4.1.2. More details on the discussion of the
choice of K̄ and ω can be found in section 4.2.4.
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