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Abstract

Diffusion models have shown great promise in data gener-
ation, yet generating time series data remains challenging
due to the need to capture complex temporal dependencies
and structural patterns. In this paper, we present 7SGDIff, a
novel framework that rethinks time series generation from a
graph-based perspective. Specifically, we represent time se-
ries as dynamic graphs, where edges are constructed based
on Fourier spectrum characteristics and temporal dependen-
cies. A graph neural network-based encoder-decoder archi-
tecture is employed to construct a latent space, enabling
the diffusion process to model the structural representation
distribution of time series effectively. Furthermore, we pro-
pose the Topological Structure Fidelity (Topo-FID) score, a
graph-aware metric for assessing the structural similarity of
time series graph representations. Topo-FID integrates two
sub-metrics: Graph Edit Similarity, which quantifies differ-
ences in adjacency matrices, and Structural Entropy Simi-
larity, which evaluates the entropy of node degree distribu-
tions. This comprehensive metric provides a more accurate
assessment of structural fidelity in generated time series. Ex-
periments on real-world datasets demonstrate that 7SGDiff
generates high-quality synthetic time series data generation,
faithfully preserving temporal dependencies and structural in-
tegrity, thereby advancing the field of synthetic time series
generation.

Code — https://github.com/jvaeylee/TSGDiff

1 Introduction

Multivariate time series generation is of great importance in
various domains, such as energy management (Chen et al.
2017), financial market forecasting (Bao, Yue, and Rao
2017), and medical monitoring (Zammel et al. 2023). Tra-
ditional generative models, including generative adversar-
ial networks (GANs) (Esteban, Hyland, and Ratsch 2017)
and variational autoencoders (VAEs) (Fortuin et al. 2020),
have made significant strides in this area. However, they still
face notable challenges. First, these models often struggle to
effectively capture the complex spatio-temporal dependen-
cies among variables (e.g., TimeGAN (Yoon, Jarrett, and der
Schaar 2019) and TimeVAE (Desai et al. 2022)). Second,
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their reliance on Euclidean space assumptions limits their
ability to represent the topological and structural character-
istics inherent in time series data.

Effectively modeling temporal dependency structures is a
key challenge in time series analysis. To address this, various
techniques have been developed, including random histori-
cal skip connections (Kieu et al. 2019), multi-scale temporal
links (Shen et al. 2021), and autoregressive temporal struc-
tures (Yu, Rao, and Dhillon 2016). These approaches are de-
signed to capture intricate and long-range temporal relation-
ships within time series data.

In addition to capturing temporal dependencies, under-
standing and implementing generative mechanisms for time
series data has garnered significant attention. Generative
models such as TimeGAN (Yoon, Jarrett, and der Schaar
2019), TimeVAE (Desai et al. 2022), and diffusion-based ap-
proaches like CSDI (Tashiro et al. 2021) and TimeDiff (Shen
and Kwok 2023) have shown promise in synthesizing time
series data by learning the underlying data distributions. For
instance, diffusion-based models like Diffusion-TS (Yuan
and Qiao 2024) integrate seasonal-trend decomposition with
denoising diffusion probabilistic models to learn tempo-
ral characteristics using Fourier-based loss terms. However,
these methods often focus solely on raw data domains and
fail to fully capture dynamic multivariate interactions. Ad-
ditionally, architectures such as the encoder-decoder trans-
former in Diffusion-TS process spatial and temporal infor-
mation separately, which limits their ability to model com-
plex interdependencies between variables.

More recently, graph-based methods (Han et al. 2020; Yi
et al. 2024; Cheng et al. 2020) have emerged as a power-
ful alternative in spatiotemporal prediction tasks. For exam-
ple, STGCN (Han et al. 2020) combines graph and tempo-
ral convolutions to model spatio-temporal patterns, while
FourierGNN (Yi et al. 2024) uses spectral graph theory
and Fourier transforms to analyze time series in frequency
domains. By representing temporal dependencies as graph
structures, these methods excel at capturing complex depen-
dencies of temporal data. Despite their success in prediction
tasks, their potential for generative tasks in synthetic time
series generation has been largely overlooked.

To address these limitations, we propose TSGDIff, a novel
framework for synthetic time series generation that rethinks
the problem from a pure graph perspective. The core in-



novation of TSGDiff lies in its unified approach, which
combines dynamic graph construction and a diffusion-based
generative process within the latent graph space. Nodes in
the graph represent variables, and edges are constructed
based on Fourier spectrum characteristics, enabling the
model to capture intricate temporal dependencies and en-
code structural relationships in a flexible and adaptive man-
ner. The diffusion-based process operates in the latent graph
space, effectively modeling temporal semantic distributions
and enabling the generation of time series with realistic
dynamics and structural coherence. By unifying Fourier-
based graph construction, latent representation learning, and
diffusion-based modeling, TSGDiff offers a robust and flex-
ible solution for structured time series generation, ensuring
high fidelity, temporal accuracy, and semantic coherence.
Furthermore, we propose the Topological Structure Fidelity
(Topo-FID) score, a novel graph-aware metric for assessing
the similarity of time series graph structures. Topo-FID in-
tegrates two complementary sub-metrics: Graph Edit Sim-
ilarity, which quantifies differences in adjacency matrices,
and Structural Entropy Similarity, which evaluates the en-
tropy of node degree distributions. This comprehensive met-
ric bridges gaps in traditional evaluation methods, providing
a more accurate and meaningful assessment of time series
generation quality.
To summarize, our main contributions include:

* We propose TSGDiIff, the first framework to rethink syn-
thetic time series generation from a graph-based perspec-
tive. By integrating a diffusion model within the latent
graph space, it effectively captures and models the struc-
tural representation distribution of time series data.

We introduce the Topological Structure Fidelity (Topo-
FID), a graph-aware metric that quantifies the structural
fidelity of the generated timeseries distribution.

We validate the effectiveness of TSGDiff on commonly-
used real-world datasets, demonstrating its ability to gen-
erate high-quality time series data with realistic temporal
and structural characteristics.

2 Background
2.1 Synthetic Time Series Generation

In recent years, a variety of methods based on different gen-
erative paradigms have emerged for time series generation
(Naiman et al. 2024; Crabbé et al. 2024; Zhou et al. 2023;
Park et al. 2024; Alaa, Chan, and van der Schaar 2021). Gen-
erative Adversarial Network (GAN)-based approaches (Es-
teban, Hyland, and Ratsch 2017), such as TimeGAN (Yoon,
Jarrett, and der Schaar 2019), capture temporal dynam-
ics by jointly optimizing supervised and adversarial objec-
tives. Variational Autoencoder (VAE)-based methods (For-
tuin et al. 2020) have been developed with specialized de-
coder structures tailored for time series data, incorporating
trend and seasonal decomposition.

With the rise of diffusion models in generative tasks,
approaches like CSDI (Tashiro et al. 2021) and TimeD-
iff (Shen and Kwok 2023) have demonstrated remarkable
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performance in generating time series through iterative de-
noising processes. Specifically, CSDI introduces a self-
supervised masking condition designed for imputation tasks,
while TimeDiff develops an efficient future-mixup mecha-
nism tailored for forecasting. For unconditional generation,
Diffusion-TS mentioned in Section 1 is one of the recent
popular works. It models time series data distribution by a
diffusion model enhanced by seasonal-trend decomposition
and a frequency-enhanced objective. Despite their strengths,
the above methods directly process raw time series data and
fail to account for the temporal structured relationships from
a pure graph perspective.

2.2 Denoising Diffusion Probabilistic Models

A diffusion probabilistic model (Ho, Jain, and Abbeel 2020)
is designed to learn the reversal of a Markov chain process,
known as the diffusion process, which incrementally adds
noise to data, ultimately obliterating the original signal.

Forward Diffusion. Consider a data sample x € R? ~ p(x)
and a set of latent variables {Xq, X1, - ,Xx } (Xo = x) that
interpolate between the data distribution and a Gaussian dis-
tribution as the diffusion steps progress. The forward pro-
cess is formally defined as a Markov chain, parameterized
by a sequence of variances 3y and ay, := 1 — 3, and can be

expressed as: ¢(x1.x | X0) = Hle q(xg | Xp—1), where
q(xk | Xp—1) = N(xp; V1 = Brxp—1, BiI).

As the number of diffusion steps increases, more noise is
added to the data. Consequently, (X | x) has a closed-form
solution, which can be described in a general form:

xi = Vo + VI—are, e~ NOD, ()

where @, = Hle(l —6i) € (0,1), xg = x, and xg ~
N(0,1). As the diffusion process progresses, the latent vari-
able x; becomes increasingly noisy, eventually converging
to x, which approximates a Gaussian distribution and be-
comes independent of the initial data sample x.

Backward Denoising. The denoising process is learnable
and defined by the inverted Markov chain:

K

o (x0:x) = p(xxc) [ [ po(xn-1lxs),
k=1

@

where p(xx) = N(0,1) is a known prior. The conditional
distribution pg (x_1|xx ) is approximated by a Gaussian dis-
tribution:

Q(th—l |Xk’7 X) = N(ﬂk (ka X)’ 0'131)’ 3)

where 15, (X, X) has a closed-form solution and oy is a hy-
perparameter. Instead of predicting the clean data sample x
directly, the denoising network €y is trained to estimate the
noise € added during the forward process to the latent vari-
able xj. The noise-prediction loss function is:

L = Exop(x) bt {1,....k he~n(0.1) [[I€ — €0(xk, K) 3] "
where x; = /apx + /1 — age, and eg(xg, k) predicts the
noise component €.

The conditional distribution pp(x;—_1|Xx) is approxi-
mated as: pp(xp—1|Xk) ~ q(Xg—1|Xk,X9(xx,k)), Where

~



(Li, = KL (4, 02), N (0,1))]
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Figure 1: Overview of the proposed TSGDiff model.

Xo(xg, k) is the implied clean sample estimate based on the
predicted noise € (xx, k):

Xk — \/1 — Olk-ﬁa(Xk, k) (5)
Vi '

Sampling. For sampling from the trained diffusion model,
we follow the inference distribution proposed in (Song,
Meng, and Ermon 2021). The reverse process iteratively
generates xj_; from x; using a Gaussian distribution pa-
rameterized by the mean and variance. The mean depends
on both the current noisy variable x; and the predicted clean
data x, while the variance controls stochasticity during sam-
pling. When the variance is set to zero, the deterministic
DDIM sampler is used, enabling efficient and stable sam-
pling by directly denoising x;, into a clean sample through
a simplified closed-form update. This iterative process con-
tinues until the final reconstructed sample x{, is obtained.

XQ(XIW k)

3 Methodology

This section formally elaborates on the proposed TSGDIff,
a framework for synthetic time series generation that ap-
proaches the problem from a graph-based perspective. As
shown in Figure 1, the framework consists of three main
stages: graph construction and encoding, latent diffusion-
based modeling, and graph decoding. Initially, the time se-
ries data X is standardized and segmented using a sliding
window approach. Each window X undergoes a Fourier
transform to extract periodicity information, which is then
used to construct a dynamic graph G(X, A). In this graph,
nodes represent variables, while edges in the adjacency ma-
trix A are established based on characteristics of the Fourier
spectrum, enabling the model to capture temporal dependen-
cies and structural relationships effectively. The constructed
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graph is encoded into a latent representation using a graph
neural network. Within this latent graph space, a diffusion-
based generative process progressively refines noisy rep-
resentations to recover meaningful temporal and structural
patterns. This ensures the generated data maintains realistic
dynamics and structural coherence. Finally, the denoised la-
tent representation is decoded back into synthetic time series
data, completing the generation process.

3.1 Instance Normalization

First, the sliding window technique divides long time series
into fixed-length segments to extract local temporal patterns.
Given a time series X = [x1,Xa, ..., X7|, the segments are
expressed as: X 1w = [Xi,Xit1,-- -5 Xitw—1], Where w
denotes the window sizeand each segment captures localized
trends while maintaining temporal dependencies. To stan-
dardize features and enhance model training stability, Min-
Max normalization is applied. This technique scales each
feature of the time series to a target range, typically [0, 1],
by linearly transforming the data based on its minimum and
maximum values, ensuring consistent feature scales across
all samples. For simplicity, we use X; to represent the win-
dow Xi:ier-

3.2

To capture temporal dependencies (Yi et al. 2023), each nor-
malized segment X; is transformed into a graph G. In this
graph, each time step in the slice corresponds to a node, and
the node feature is the time series value at that time step.
Fourier transform(Bracewell and Bracewell 1986) is uti-
lized as the foundation for analyzing the frequency-domain
characteristics of the time series. By decomposing the time-

Graph Construction



domain signal into its frequency components for each vari-
able dimension independently, it enables the identification of
periodicities that guide the graph construction process. For
a time series slice X, the discrete Fourier transform (DFT)
for a specific variable is computed as:

w—1
Xi(;v):Zji_i_n.e*j%"pn’ p=0,1,...,w—1, (6)
n=0

where X i(p ) denotes the p-th frequency component, and w
represents the segment length (window size). The Fourier
transform produces a frequency spectrum for each variable
in the slice, highlighting the amplitude of its frequency com-
ponents. The top three frequencies with the highest ampli-
tudes are identified using a peak detection method and con-
verted into their corresponding periods. These periods are
then used to define edges in the graph, enabling the model
to capture short-term, medium-term, and long-term variation
patterns (Yoon, Jarrett, and der Schaar 2019; Segarra et al.
2017; Isufi, Gama, and Ribeiro 2021).

The graph G is constructed by defining edges based on
both temporal and periodic dependencies. To ensure the cap-
ture of local temporal relationships, an edge is always cre-
ated between consecutive time steps. Additionally, edges are
added based on the detected periods from the frequency
spectrum, linking nodes that are periodic neighbors. This
approach allows the graph to encode both short-term and
long-term dependencies. The adjacency matrix A is used to
represent the graph structure, where A;; = 1 indicates the
presence of an edge between nodes ¢ and j, and A;; = 0
otherwise. The node feature matrix X stores the normalized
time series values associated with each node. As shown in
Figure 1 (left top), this graph construction process integrates
temporal and periodic relationships into a cohesive structure,
providing a rich representation of the time series to support
downstream modeling tasks.

3.3 Graph Encoding

The graph convolutional layer(Kipf and Welling 2017;
Katznelson 1970) aggregates neighbor information by ma-
trix multiplication between the adjacency matrix A and the
node feature matrix X. A single graph convolution operation
is defined as:

y' = Mish(BN(WAX + b)")T), )

where W and b are learnable parameters, BN(-) represents
batch normalization, and Mish(-) is the non-linear activation
function. Residual connections are used to combine the in-
put X with the output y’, ensuring better gradient flow and
preserving original features.

The graph encoder stacks multiple graph convolutional
layers to process the input graph (node feature matrix X and
adjacency matrix A). After multiple layers of feature aggre-
gation, mean pooling is applied to obtain the global graph
representation Xpo01. The encoder then uses two linear lay-
ers to output the mean p and logarithmic standard deviation
log o of the latent distribution:

p = Linear,, (Xpoo1), logo = Linearog o (Xpool)-

®)
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The latent vector z is sampled from the latent distribution
using the reparameterization trick, ensuring differentiability:

log") . e~ NOT),  ©9)

where € is sampled from a standard normal distribution, and
©® denotes element-wise multiplication.

The graph decoder reconstructs the input graph from the
latent vector z. Starting with z, fully connected layers with
batch normalization and Mish activation progressively in-
crease the feature dimension. The final output X is com-
puted using a linear transformation followed by the Tanh
function to ensure the reconstructed graph matches the nor-
malized range of the input:

X = Tanh(Linear(z)). (10)
This ensures the restoration of node features with dimen-
sions consistent with the input graph data.

The graph encoder-decoder framework follows the prin-
ciples of a Variational Autoencoder (VAE). A key compo-
nent of this structure is the KL divergence loss Lx;, which
ensures that the latent variable distribution approximates a
standard normal distribution N(0,I). The KL divergence
loss is defined as:

z:u—i—e@exp(

d
Y (1+logos — 3 —03),

Jj=1

—

(1)

LKL:_

[\

where 11; and o7 are the mean and variance of the latent
distribution for dimension j.

This loss regularizes the latent space by encouraging the
learned distribution g4(z|X) to be close to the prior distri-
bution p(z) = MN(0,I), ensuring smooth and meaningful

representations in the latent space.

3.4 Latent Diffusion-based Modeling

The KL divergence loss Lki, regularizes the latent variable
z by constraining it to follow a standard normal distribu-
tion NV (0, I). However, this constraint alone is insufficient
for capturing the complex structure of data or enabling high-
quality generative modeling. To address this, we introduce a
latent diffusion-based approach, which refines and generates
z through a denoising diffusion process.

Latent Diffusion Process. The forward process gradually
corrupts z by adding Gaussian noise over time:

Zk:\/aik'ZﬁL\/l*ak'ea ENN(Oa]-)a (12)

where o, = H§=1 ag, ag = 1 — B, and B, is a noise
coefficient. As k increases, z; approaches pure noise.

The reverse process recovers z by learning the posterior
distribution py(zx—1|2k, k):

Po(2k—1|2k, k) == N (z)—1; po (2, k), S9(k)),  (13)

where g is the predicted mean and Xy (k) is the noise vari-
ance. The reverse update is:

o 1 1— (692 “ ’
Zi—1 = . (zk m (Zk‘ Z)) + 6]6 €,

(14
where z = zgy(zy, k) is the predicted latent variable, and
€' ~ N(0,1) is reverse process noise.



Latent Diffusion Network. The reverse process is imple-
mented using a latent diffusion network with an input layer,
intermediate blocks, and an output layer:

hy = Wiy (concat(zg, temb)) + bin,

h; :RGLU(Wlhl,1+bl), l=1,...,L,

2k—l = WouthL + bout~

Here, z; is the noisy latent variable, t.y is the time step
embedding, and zj_; is the denoised prediction. Intuitively,
Latent diffusion extends the KL-regularized latent space
into a fully generative framework by iteratively denoising z.
This approach enables expressive modeling of complex data
structures while supporting efficient and diverse sampling in
the latent space.

15)

Training Objective The denoising loss measures the dif-
ference between the noisy latent variable and the output of
the denoising network €y, which predicts clean latent vari-
ables:

Ldenoising = Ek,zk,e [HG - 69(Zk7 k)”Q] ) (16)
where € is the noise estimated by the denoising network, zj
is the noisy latent variable at time step &, and e is the actual
noise added during the forward process.

To further enhance consistency, we incorporate a Fourier
loss inspired by Diffusion-TS, which enforces alignment in
the frequency domain:

LFourier - EXOH-FFT(XO) - FFT(*O)HQ; (17)
where FFT represents the Fourier transform, x is the orig-

inal data, and X is the reconstruction.
The total loss integrates all components:

L = Lrecon + BLxkL + 7£denoising + 5£F0urier7 (18)
where Liecon is the reconstruction loss capturing the MSE
between the input data and decoder output, and 3,~,J are
weights balancing each term. In practice, we set 5 = 0.2,
while v = 1 and § = 1. By minimizing £, the model learns
to denoise latent variables, enforce frequency consistency,
and reconstruct time series data accurately, ensuring the gen-
erated data aligns with the original distribution.

4 Experiments
4.1 Setup

Datasets. We use six public real-world time series datasets
from diverse domains: i) ETTh: Hourly energy and environ-
mental data (2016-2018) with over 15,000 time steps. ii)
Stocks': Daily multi-stock data with prices and trading
volumes spanning multiple years. iii) Exchange?: Daily
USD exchange rates (1990-2010) against major currencies.
iv) Weather?: Meteorological data recorded every 10 min-
utes, with over 50,000 time steps and 20+ features like tem-
perature and humidity. v) Wind*: Hourly wind farm gener-
ation data across seasons, spanning over a year. vi) EEG’:

"https:/finance.yahoo.com/quote/GOOG
Zhttps://github.com/laiguokun/multivariate-time-series-data
3https://www.bgc-jena.mpg.de/wetter/
*https://github.com/PaddlePaddle/PaddleSpatial/tree/main/
paddlespatial/datasets/WindPower
>https://archive.ics.uci.edu/dataset/264/eeg+eye+state
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High-frequency (128Hz) EEG signals with over 15,000 en-
tries.

Evaluation Metrics. We evaluate synthetic data using
four traditional metrics: Context-FID (Paul et al. 2022) (lo-
cal context quality), Correlational score (Ni et al. 2020)
(temporal dependency via cross-correlation), Discrimina-
tive score (Yoon, Jarrett, and der Schaar 2019) (classifier-
based similarity), and Predictive score (Yoon, Jarrett, and
der Schaar 2019) (TSTR-based utility).

These metrics, however, fail to capture the intrinsic struc-
tural and frequency characteristics of time series data. To ad-
dress this, we propose Topological Structure Fidelity (Topo-
FID), a new metric that assesses the similarity of distribu-
tions between time series samples by evaluating their graph
representations G. Formally, Topo-FID is defined as the ex-
pected similarity of graph representations derived from pairs
of sampled time series:

Topo-FID = ]E(g,g)~P [a “ Sedit + (1 — ) - SeerPY]’ (19)

where G and G are the graph representations of real and syn-
thetic time series samples, P is the sampling distribution. «
is fixed to be 0.5 by default. Here, Seqy is the Graph Edit
Similarity, which measures edge structure similarity:

DoijlAiy — A
N2 ’
where A and A are adjacency matrices, and N is the number

of nodes. Senopy is the Structural Entropy Similarity, which
evaluates node degree distribution similarity:

g _ 1
ML H(A) - HA)
with H(A) = = ., p(d) logy (p(d) + €), where p(d) is
the degree distribution of A, and € = 10710 avoids logarith-
mic errors.

Sedit = 1 —

(20)

2n

Baselines. In experiments, we have selected four popular
and strong baselines for comparison, including: 1) a diffusion
model, Diffusion-TS (Yuan and Qiao 2024); ii) two GAN-
based models, TimeGAN (Yoon, Jarrett, and der Schaar
2019) and Cot-GAN (Ni et al. 2020); iii) a variational au-
toencoder, TimeVAE (NASA 2015).

Implementation Details. In the Graph Encoder, we use
three stacked GraphConvBlocks, with both the hidden layer
and latent space dimensions set to 1600. The Diffusion
model employs three DiffusionBlocks with 64 units each
(where each DiffusionBlock is a three-layer MLP network),
and the timesteps are set to 1000. The Graph Decoder uses
four fully connected layers to restore the 1600-dimensional
features to their original dimension. The sliding window size
is 48 (say, 2 days for ETTh, 48 days for Stocks, 48 days
for Exchange, 8h for Weather, 6h for Wind, 375ms for
EEG), with a stride of 1. We use a batch size of 128, a learn-
ing rate of 0.01, and train for 500 epochs. All experiments
are repeated five times, implemented in PyTorch (Paszke
et al. 2019), and conducted on an NVIDIA RTX 4090 GPU
with 24GB memory.



Metric Methods ETTh Stocks Exchange  Weather Wind EEG
TSGDiff 0.986+009 0.8261¢94 0.869+t¢9s  0.867Lg9s, 0.8691¢9q 0.852+t¢q
Topo-FID /l Diffusion-TS 0.864:‘:0'0% 0.785 :‘:0.0% 0806i00% 0.828:‘:0,0% 0.8 19:&0,0% 0.788:&0,0%
(hi IF the better) TimeGAN 0.798+00% 0.7954¢0% 0.801%¢g%  0.816+0ps  0.8244(0s 0.828%¢ 4
1B TCDEEL Cot-GAN  0.89%4+005,  0.8024005%  0.809+00s  0.859+00s  0.825400s  0.841%04
TimeVAE 0.904i0_0% 0.798i0_0% 0.804i0_0% 0.81 6i0_0% 0.829i0_0% 0.769i0_0%
TSGDiff 0.2244¢9194 0.357+159 0.061L(9q 0.3531+919 0.256+t159 0.020+ 39
COl‘ltGXt-FID \ DifoSiOH-TS % 0.530:‘:2.5% 0.067:‘:1.0% 1.161:‘:0.1% 0.491i2_4% 0.030i0_6%
(lower the better) TimeGAN  1.3924055, 03774179 1.103%095 24204550, 5.087ds79  0.023+07
Cot-GAN 3486+t079 0.596%0g4, 1.5234519  5.8924139,  5.409+039 3.267%¢s9
TimeVAE 3452+069, 0.830%099  0.065+¢79, 13.9524 39, 5.174%009 8.874%¢ 0%
TSGDiff  0.02d+91q, 0.02640,5 0.0194¢35 0.035+t015 0.0224+02q 02014414
Correlational \ Diffusion-TS 0024i04% 0.027ﬂ:0_1% 0.028ﬂ:0_5% 0.054ﬂ:0_3% w 0466:|:02%
(lower the better) TimeGAN 0.1 26i0_5% 0.061 i0_7% 0.131 i0_6% 0.1 55i0_1% 0.454i0_3% 0.697i0_2%
Cot-GAN 0.032+039  0.0524;39, 0.031%¢ps9,  0.087+09g  0.043%¢29 0.214+¢ 9
TimeVAE 0.025£029  0.0534¢14 0.0224;59  0.043+079  0.0644(s4  0.209+ 59
TSGDiff 0.056+¢69% 0.0191+439 0.052+¢99q  0.283+g19 0.0731+¢34 0.301+; 59
. .. . Diffusion-TS 0.11 1:':().1% 0.075:’:0.5% 0.172:’:0.9% 0.398:’:1,8% 0.161:|:1,|% 0.492:|:1,3%
D(izzvréfltglalt)le‘iil}‘ TimeGAN 0.353+¢.79 0.193+5 59, 0.465+1 59 0.494+ g9, 0.495+¢ 59 0.391+1 74
Cot-GAN 0.114£154  0.1024169 0.154%559  0.297+0s30,  0.168+¢74,  0.335+) 9
TimeVAE 0.346£169, 0.2604339  0.1254519  0.496+£,9q, 0338499 0.496+; 79
TSGDiff 0.020%919, 0.005+¢19 0.004+¢9q5  0.009+p9q 0.00719q 0.001+¢ 4
Predictive \‘ Diffusion-TS 0.026:‘:0.0% 0.005 i0.2% 0.005 iO.Z% 0.01 1:‘:0,0% 0.009:&0,0% 0.002:&0,2%
(lower the betiay)  TIMEGAN  0.030%05¢ 0006015 0.004L015  0.009%015  0.009E01q  0.002E050
Cot-GAN 0.028+029  0.0134¢14  0.006%p39  0.021+029  0.026429  0.035+¢39
TimeVAE 0.038i0_2% 0.016i0_2% 0.006i0_1% 0.031 i0_3% 0.022i0_0% 0039i02%

Table 1: Results of multivariate time-series generation (bold indicates best performance, while underline is the second best).

Method Topo-FID1 Context-FID| Correlational] Discriminative| Predictive|
TSGDiff 0.986+¢.09 0.224+¢ 19 0.024+.1 4 0.056+.6 0.020+¢.14
w/o KL 0.787+009  44.467=L 59 0.1594¢.19 0.50041 39 0.064=+¢ 19
w/o Denoising  0.908=+¢ 09 3.922+99 0.146£0 39 0.432+0.99 0.019+¢29
w/o Fourier 0.883+0.0% 0.407+0.19 0.0244¢ 19 0.0614979 0.02140 39

Table 2: Ablation study results on ETTh dataset (Bold indicates the best).

4.2 Results for Synthetic Time Series Generation

Table 1 highlights the performance of TSGDiff compared
to baselines, including Diffusion-TS (Yuan and Qiao 2024),
TimeGAN (Yoon, Jarrett, and der Schaar 2019), Cot-GAN
(Ni et al. 2020), and TimeVAE (NASA 2015). The results
show that TSGDiff consistently produces higher-quality
synthetic data across nearly all metrics, improving the av-
erage Discriminative score by 50% across six datasets.
Compared to Diffusion-TS, TSGDiff leverages graph-
based latent space modeling to capture structural tempo-
ral dependencies better, excelling on complex datasets like
Weather and EEG. Against GAN-based models such as
TimeGAN and Cot-GAN, it avoids mode collapse, produc-
ing more robust and diverse samples. Relative to TimeVAE,
TSGDiff preserves structural coherence more effectively

through its unified graph-based framework.

These advantages are especially evident in the Topo-FID
metric, where TSGDiff significantly outperforms all base-
lines, demonstrating its ability to generate data with superior
structural fidelity and temporal accuracy.

4.3 Visualization Results

We used two visualization methods to evaluate time se-
ries synthesis performance as suggested by (Yuan and Qiao
2024): i) projecting original and synthetic data into a two-
dimensional space using t-SNE (der Maaten and Hinton
2008), and ii) visualizing data distributions via kernel den-
sity estimation. As shown in Figure 2, while the first row (t-
SNE) does not clearly indicate which method performs bet-
ter, the second row (kernel density estimation) demonstrates
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Figure 2: Visualizations of the time series synthesized by TSGDiff and Diffusion-TS.

that the synthetic distribution generated by TSGDiff closely
matches the original one, outperforming Diffusion-TS.

4.4 Ablation Study

To assess the contributions of different components in 7S-
GDiff, we compared the full model with three variants: i)
w/o KL divergence loss: Removes the KL divergence loss to
analyze its role in constraining latent variable distributions.
ii) w/o Denoising loss: Excludes the diffusion model loss,
evaluating its contribution to generative capability. iii) w/o
Fourier loss: Omits the Fourier loss term to examine its im-
pact on capturing frequency-domain features.

As shown in Table 2, the KL divergence loss, denoising
loss, and Fourier loss each play a critical role in TSGDiff’s
performance. The KL divergence loss provides a founda-
tional prior by aligning latent variables with a standard nor-
mal distribution, ensuring diversity and stability while pre-
venting mode collapse and unstable training. Building on
this foundation, the denoising loss further refines latent vari-
ables during the reverse diffusion process, preserving the
fidelity of generated samples. Meanwhile, the Fourier loss
enhances reconstruction precision by enforcing frequency-
domain consistency, preserving key spectral features like
periodicity. Together, these components form a cohesive
framework that ensures robust performance, high-quality
data reconstruction, and effective handling of complex time
series synthesis tasks.

4.5 Efficiency Analysis

We analyzed TSGDiff’s graph construction time cost to eval-
uate the efficiency of transforming time series into graphs.
As shown in Table 3, the graph construction process is
highly efficient, with time costs consistently under 5 sec-
onds and accounting for less than 0.1% of the total training
time. This demonstrates that the process introduces negli-
gible overhead, ensuring smooth integration into the over-
all pipeline. This efficiency aligns seamlessly with the la-
tent diffusion framework in TSGDiff, which operates in a
compressed latent space to balance computational cost and
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ETTh Stocks Weather
# iterations 68,000 14,500 61,000
graph construction (s) 3.12 0.82 3.79
total training (s) 4,506.15 970.23 4025.31
ratio (%) 0.07 0.08 0.09

o= graph construction
" total training

Table 3: Efficiency analysis. Here, rati

model performance. The lightweight yet expressive graph
representations enable the latent diffusion process to focus
on capturing complex temporal dependencies, while main-
taining high-quality reconstructions. Together, these compo-
nents highlight the practicality and scalability of TSGDiff in
handling large-scale datasets and complex time series tasks.

Conclusion

We propose TSGDiff, a novel framework for structured time
series generation that rethinks the problem from a graph per-
spective. By unifying dynamic graph construction, Fourier
spectrum-based edge modeling, and diffusion-based gener-
ative processes in latent graph space, TSGDIff effectively
captures intricate temporal dependencies and structural rela-
tionships. The model generates time series with realistic dy-
namics, high temporal accuracy, and structural coherence,
addressing key challenges in traditional approaches. Ad-
ditionally, we introduce the Topological Structure Fidelity
(Topo-FID) score, a novel graph-aware metric that combines
Graph Edit Similarity and Structural Entropy Similarity to
comprehensively evaluate the quality of generated time se-
ries. This metric fills critical gaps in traditional evaluation
methods by providing a more accurate and meaningful as-
sessment of structural similarity. 7TSGDiff offers a robust and
flexible solution for synthetic time series generation, setting
a foundation for future research into scalable, adaptive, and
high-fidelity generative models.
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