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Abstract

Time series generation is essential for advancing data-driven
modeling and decision-making across a wide range of do-
mains. However, existing approaches primarily focus on
global patterns, often failing to capture local key patterns
such as abrupt changes or anomalies. These key patterns are
crucial for interpretability and operational decision making,
as they frequently represent intervention points with signifi-
cant real-world impact. To bridge this gap, we propose Key
Prototypes-Guided Diffusion (K-ProtoDiff) for time series
generation, a new model that learns the global data distribu-
tion while preserving localized key patterns critical for tem-
poral dynamics. In K-ProtoDiff, we first derive time series
prototype representations through adaptive self-supervised
learning. Then, a key prototype assignment module is used
to extract prototype weights, forming key prototype-aware
representations that serve as conditional guidance for gener-
ation. During sampling, to further enhance the fidelity of key
patterns during the denoising process, we propose Reflection
Sampling (R-Sampling), a step-wise refinement strategy that
encourages the reverse trajectory to better align with key pro-
totype constraints. Experiments on nine real-world datasets
demonstrate that K-ProtoDiff significantly outperforms state-
of-the-art baselines in key pattern retention, achieving an av-
erage 77.6 % improvement in key pattern preservation.

Code — https://github.com/YaofireJinglian/K-ProtoDiff

Introduction

In the era of data-driven intelligent systems, high-quality
time series data is essential for improving model perfor-
mance and decision making (Huang et al. 2025b). How-
ever, real-world constraints like acquisition costs and pri-
vacy concerns often lead to data scarcity, hindering intelli-
gent systems (Yuan and Qiao 2024). Time Series Genera-
tion (TSG) mitigates this challenge by synthesizing diverse,
high-quality data, supporting tasks such as data augmenta-
tion and privacy preservation (Coletta et al. 2023). A vari-
ety of TSG methods have been proposed to generate realis-
tic time series, including GAN-based models (Yoon, Jarrett,
and Van der Schaar 2019; Jeon et al. 2022), VAE-based mod-
els (Desai et al. 2021; Lee, Malacarne, and Aune 2023), and
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Figure 1: Comparison of time series generation methods. (a)
Typical approach focusing on global patterns but overlook-
ing key ones. (b) K-ProtoDiff, which preserves critical tem-
poral structures by modeling key patterns.

more recently, diffusion-based frameworks (Yuan and Qiao
2024; Li et al. 2025; Ge et al. 2025).

Unfortunately, despite recent advances in TSG methods,
most still focus on global data distributions while neglect-
ing localized key patterns crucial for real-world applica-
tions, as shown in Figure la, which can undermine model
reliability and lead to suboptimal decisions in high-stakes
domains. This is especially challenging for diffusion-based
models, where the iterative denoising process inherently fa-
vors global smoothness, unintentionally suppressing local
key patterns. To mitigate this issue, Diffusion-TS (Yuan and
Qiao 2024) employs a Transformer architecture to explic-
itly decouple the seasonal, trend, and residual components
of time series, further enhanced by a Fourier synthesis layer
to capture periodic structures. Nevertheless, its reliance on
explicit decomposition may hinder the modeling of non-
predefined yet critical dynamic patterns, thereby limiting
adaptability in complex scenarios. PaD-TS (Li et al. 2025)
introduces a Maximum Mean Discrepancy loss to explicitly
align the group-level distributional properties of generated
data, but this approach depends on predefined group metrics,



which may overlook essential patterns that are not explicitly
quantified in real-world time series. Thus, effectively bal-
ancing global distribution modeling with the preservation of
localized key patterns remains a crucial yet underexplored
challenge in enhancing the quality of generated time series.

Fortunately, we discover that while diffusion models
demonstrate strong generative capabilities, their reverse de-
noising process tends to average out sharp localized dynam-
ics when optimizing toward global similarity. This observa-
tion motivates us to explore whether explicit structure-aware
guidance can help diffusion models better preserve local key
patterns during generation. Inspired by the effectiveness of
prototype-based learning in summarizing representative pat-
terns (Ni et al. 2023; Hautamaki, Nykanen, and Franti 2008),
we extract key prototypes from time series data as soft guid-
ance signals to enable fine-grained pattern control during de-
noising, thus better preserving important structural charac-
teristics. However, we observe that static prototype guidance
alone does not sufficiently constrain the generation process.
In particular, the iterative nature of reverse diffusion can lead
to semantic drift (Clifford et al. 2024), where the denoising
trajectory gradually strays from key patterns. This problem
is especially pronounced in long-range time series genera-
tion, where even small deviations may accumulate and com-
promise local fidelity. These observations suggest the need
for a dynamic mechanism that can iteratively adjust the sam-
pling trajectory to maintain alignment with the structural
cues provided by the prototypes.

Based on the above motivations, we propose the Key
Prototypes-Guided Diffusion for time series generation (K-
ProtoDiff), a new method that models global data distribu-
tions while explicitly preserving localized key patterns cru-
cial for temporal dynamics, as shown in Figure 1b. Specif-
ically, K-ProtoDiff first employs a Key Prototypes Learner
(KPL) to derive prototype representations via adaptive self-
supervised learning, and then utilizes a prototype assign-
ment module to construct prototype-aware representations
that guide the generation process. In addition, drawing in-
spiration from the self-refinement mechanisms in large lan-
guage models (LLMs) (Bai et al. 2024; Shinn et al. 2023),
we propose Reflection Sampling (R-sampling), a stepwise
refinement strategy that progressively aligns the reverse
sampling trajectory with key prototype signals for better
structural fidelity. The contributions are summarized as fol-
lows:

* To tackle the challenge of the key pattern loss in time
series generation, we propose K-ProtoDiff, which lever-
ages adaptively learned key prototypes to guide the diffu-
sion process, enabling fine-grained control and improved
retention of localized key patterns.

We propose the KPL module, which extracts representa-
tive temporal prototypes to guide generation, and the R-
sampling, a stepwise refinement strategy that preserves
key patterns during the denoising process.

We conduct extensive evaluations of K-ProtoDiff on nine
real-world datasets across five diverse domains, demon-
strating superior performance in generation realism and
localized pattern retention.
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Related Work
Models for Time Series Generation

In time series generation, early research mainly adopted
Generative Adversarial Networks. TimeGAN (Yoon, Jarrett,
and Van der Schaar 2019) combined adversarial training
with autoregressive structures by introducing an embedding
network and supervised loss to enhance temporal coherence.
GT-GAN (Jeon et al. 2022) addressed irregular sampling by
integrating Neural ODEs and Continuous-Time Flow Pro-
cesses. Beyond adversarial approaches, Variational Autoen-
coder -based models have also been explored. TimeVAE
(Desai et al. 2021) employs a convolutional encoder and ex-
plicitly models polynomial trends and seasonal components
in the decoder, jointly optimizing reconstruction and regu-
larization objectives. More recently, diffusion-based models
have achieved strong performance. Diffusion-TS (Yuan and
Qiao 2024) employs a Transformer with seasonal-trend de-
composition and Fourier-based loss for high-quality genera-
tion. Compared to methods that focus solely on global distri-
bution, our approach leverages key prototypes to guide the
reverse sampling process, thereby enhancing the preserva-
tion of key patterns.

Models for Time Series Prototype

Time series prototypes (Ma et al. 2020; Shen 2025) have
been widely used as fundamental representations of key tem-
poral patterns to enhance interpretability and controllabil-
ity in time series tasks. BasisFormer (Ni et al. 2023) learns
interpretable temporal bases through contrastive learning
between past and future views for personalized forecast-
ing, demonstrating the effectiveness of shared prototypes
in modeling complex temporal dynamics. ProtoAD (Li,
Jentsch, and Miiller 2023) leverages prototypes in anomaly
detection by learning the distribution of normal patterns,
thereby facilitating the identification of deviations indica-
tive of anomalies. In the generative context, TimeDP (Huang
et al. 2025b) treats prototypes as ‘temporal tokens’ to con-
struct domain prompts, guiding diffusion-based generation
across multiple domains while preserving domain-specific
structures. In contrast to these approaches, we introduce key
prototypes to guide the diffusion process, thereby improv-
ing the retention of localized key patterns during time series
generation.

Preliminaries
Diffusion Models

Diffusion models (Sohl-Dickstein et al. 2015; Ho, Jain, and
Abbeel 2020) have shown impressive advances in time se-
ries generation, typically relying on forward and reverse
Markov processes to model the data distribution. In the for-
ward process, a clean time series xq is progressively cor-
rupted into a noisy sequence {x;}7_, via:

Q(Xt|xt71) =N (Xt;
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Figure 2: Overview of K-ProtoDiff model. The framework generates time series conditioned on key prototypes extracted by
the KPL module (top left). The forward diffusion transforms the original series into noise, while the reverse process performs
R-sample (bottom right) to align the denoising trajectory with key prototypes, producing high-quality time series.

where a; is a predefined noise schedule. Due to the Markov
property, x; can also be directly sampled from xg as:

q(x¢|x0) = N (%45 V@rxo, (1 — a)I) ,

with o, = Hi:l .

In the reverse process, a neural network ey is trained to
estimate the noise added at each timestep. The training ob-
jective minimizes the difference between the true noise € and
the predicted noise:

= H6—€9 (\/ X0 + V1 — Qe t)H 3)
After tramlng, the model synthesizes time series by progres-

sively denoising Gaussian noise via the learned reverse tra-
jectory.

@)
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Problem Statement

The goal of time series generation is to learn a model that
captures the underlying temporal dynamics of observed se-
quences and generates realistic synthetic time series. For-
mally, given a dataset D = {x;}¥,, where each x;
(z1,22,...,21) denotes a univariate or multivariate time
series of length L, the objective is to learn a generative
model pg(x | P), where P = {p1, ..., Pk} is aset of repre-
sentative prototypes capturing key temporal patterns shared
across the dataset. The model is expected to generate sam-
ples X ~ pg(- | P) that preserve both global distributions
and localized key patterns guided by the selected prototypes.

Method

In this section, we first introduce the K-ProtoDiff architec-
ture, as shown in Figure 2. We then detail two key compo-
nents that enable the key pattern aware time series genera-
tion:
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* Key Prototypes Learner (KPL): A dedicated module
responsible for extracting representative temporal pat-
terns known as key prototypes, which capture critical
structural information within the time series, as shown
in Figure 2 (top left).

Reflection Sampling (R-sampling): A new refinement
strategy that aligns the reverse diffusion trajectory with
the learned prototypes through a stepwise correction pro-
cess. This ensures that the generated time series retain
important local and global dynamics, as shown in Figure
2 (bottom right).

Together, these modules work in concert to guide the genera-
tive process, ensuring that the generated time series remains
to the key patterns.

The K-ProtoDiff Architecture

Figure 2 presents the overall framework of K-ProtoDiff.
The model consists of two main stages: a prototype learn-
ing stage and a key prototype-guided diffu- sion stage. In
the prototype learning stage, a set of key temporal pat-
terns P = {p1,...,Px} are extracted from the training
set D, serving as structural priors. In the key prototype-
guided diffusion stage, the generation process starts from
Gaussian noise x7 ~ N (0, I), the reverse denoising model
po(xt—1 | X¢, P), implemented via a diffusion transformer
module (Peebles and Xie 2023), progressively reconstructs
the target series Xg. The learned prototypes P are incor-
porated into each denoising step via a reflection sampling
mechanism, guiding the reverse trajectory toward the preser-
vation of localized key patterns and ensuring structural con-
sistency in the generated time series. Specifically, Algorithm
1 outlines the procedure of K-ProtoDiff.



Algorithm 1: K-ProtoDiff - Overall Architecture

Require: Training dataset D, number of prototypes K, dif-

fusion steps 7', batch size B, total iterations [

Initialize: Prototype encoder ¢(-), diffusion model gy(-),

prototype memory P = ()
1. Extract P = {py,...
2: foriter=1to I do

3:  Sample batch X = {x;}2, ~ D
4:  Prototype assignments: {m; }2 | + ¢(X)
5:  for each sample x; in X do
6: Sample timestep ¢ ~ Uniform(1, T')
7 Sample noise € ~ N(0, )
8 Corrupt input: x; = /ux; + /1 — @y - €
9: Predict noise: é = gg(x¢,t, m;)
10: Accumulate loss: £ < L + |Je — €||2
11:  end for
12:  Update 6 using gradient of total loss £
13: end for
14: Initialize x7 ~ N(0, I), select prototype m € P
15: fort =T to1do
16:  Predict noise: €, = go(x¢,t, m)
17: & + Reflect(é&,P)
18:  Reverse step: x;_1 = Step(xy, €, 1)
19: end for
20: return Generated time series X
Key Prototypes Learner

The KPL module is built upon the Kolmogorov—Arnold Net-
work (KAN) (Liu et al. 2024; Huang et al. 2025a) backbone,
which enables compact representations of fundamental tem-
poral patterns through functional decomposition. KAN re-
places linear weights in MLPs with learnable univariate
functions, enabling more expressive and interpretable mod-
eling with fewer parameters. As shown in Figure 2 (top left),
the module consists of three main components: a Frequency
Decomposition Module (FDM), a multi-order KAN, and a
Key Prototype Assignment (KPA) module.

Given an input time series Xg € RT*4 the FDM first
transforms it into the frequency domain via the Fast Fourier
Transform (FFT) (Duhamel and Vetterli 1990):

X = F(Xp) = FFT(Xo), 4)
where X € CT*? denotes the frequency spectrum.

The spectrum is partitioned into three disjoint frequency
bands, and each is projected back into the time domain via
inverse FFT:

Fr=F '"Xiy,_1:5a)), k=1Lmh )
where F~1(-) denotes the inverse FFT, and frequency in-
tervals [0 : fi],[f1 : fu], [fn © fmax] define low-, mid-, and
high-frequency bands.

Here, we adopt TaylorKAN (Liu et al. 2025) to learn the
representation of each frequency component. Each compo-
nent F,, where o € {l,m, h}, is then processed by a KAN,
which approximates a multivariate function via superposi-
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tions of univariate functions:
Q d
H, = KAN() (F,) = Z ¢((]0) <Z %‘2 (F07p)> , (6)
q=1 p=1

where qsff’ and @ZJ((I?% are learnable univariate functions, and
@ denotes the number of superposition terms.
The outputs H;, H,,,, Hj, are aggregated to form a uni-

fied representation H € RTXd/, which is then fed into the
KPA module. KPA computes soft attention weights over a

learnable prototype set P = {p1, ..., px} € RT*?"
HWo(PW)'
vd'

where W, Wk € R4 *d" are learnable projection matri-
ces, and Z,, denotes key prototypes.

A:Softmax( ), Z,=A-P, (7

Reflection Sampling

To enhance structural alignment with the learned key pro-
totypes P during reverse diffusion, we propose Reflection
Sampling (R-sampling), a refinement step that projects the
predicted noise at each denoising step toward the prototype-
guided subspace.

At step t, let €&, = eg(xy,t) denote the predicted noise
from the reverse model. Instead of directly using €;, we com-
pute its orthogonal projection onto the subspace spanned by
the prototypes:

min
zESpan(P)

IIp (&) = arg e — =2 (8)
To balance between the original prediction and prototype

conformity, we form a convex interpolation:
éi = (1 — )\t)ét + )\tn'p(ét), (9)

where A\, € [0,1] controls the strength of the reflection
toward the prototype subspace. This reflection operation
can be interpreted as a proximal step toward the subspace
Span(P):

éz = prOXAf«'ISpan(’P) (Gt), (10)

with Z being the indicator function of the subspace. Finally,
the refined noise €; is used to update the state in the reverse
diffusion process:

Xt—1 = (I)t(xta é;)a

(1)

where ®;(-) denotes the deterministic reverse step defined
by the diffusion framework.

Experiments

We conducted a comprehensive evaluation on nine datasets
across five domains to assess the performance of K-
ProtoDiff, aiming to answer the following key research
questions:

* Q1: How does K-ProtoDiff perform compared to existing
state-of-the-art time series generation methods in terms
of distributional realism and pattern fidelity?

* Q2: How effectively does K-ProtoDiff preserve localized
key patterns relative to existing state-of-the-art models?



Metric | Methods | ETTh | Electricity | Energy | Traffic | Weather | Illness | Exchange | Stocks | EEG
Diffusion-TS|0.139+0.003| 0.07340.005 [0.11040.018| 0.818+0.019 | 0.36240.035 |0.0714-0.044/0.049+0.004|0.150+0.028|0.12640.017
PaD-TS |2.020£1.399] 5.19541.656 |2.002+1.059| 4.0554+4.269 | 4.4564+1.870 |4.169+1.434|2.15440.776|2.636+1.692|2.662+1.078
TimeGAN |0.223+0.015| 0.7164-0.062 |1.063+0.185| 1.7454-0.188 | 0.1894-0.009 |1.357+0.085|0.4384-0.061|0.10940.017|5.79840.165
C-FID || GT-GAN |7.514+0.423| 2.847+0.284 [5.174+0.994) OOM 2.97240.394 |2.489+0.471|0.81340.239|4.263+0.962|4.854 +0.983
TimeVAE [0.8094-0.107| 0.081+0.006 |1.6364-0.082| 0.203+0.031 | 0.306+0.021 [0.1724-0.009|0.07140.024|0.20840.048|0.0184-0.001
TimeVQVAE|3.299+40.195(14.50441.217|5.9564-0.285|19.978 +£1.390|14.347+8.943|7.856+0.771{9.965+1.094{9.872+1.040|8.118+£2.836
K-ProtoDiff |0.014+0.001| 0.011+0.000 |0.019+0.001| 0.037+0.005 | 0.008+0.000 |0.022+0.002/0.006+0.001|0.067+0.036|0.116--0.009
Diffusion-TS| 0.008 0.007 0.011 0.017 0.019 0.011 0.014 0.222 0.367
PaD-TS 0.417 0.405 0.178 0.312 0.418 0.110 0.150 1.091 8.875
TimeGAN 0.034 0.012 0.028 0.016 0.019 0.266 0.125 0.650 0.127
KL | GT-GAN 0.056 0.010 0.044 OOM 0.051 0.070 0.096 0.331 15.194
TimeVAE 0.067 0.014 0.077 0.024 0.069 0.045 0.040 0.184 0.157
TimeVQVAE| 0.206 0.605 0.442 1.652 0.044 0.901 3.674 1.304 0.116
K-ProtoDiff| 0.006 0.001 0.013 0.002 0.029 0.029 0.017 0.183 0.607
Diffusion-TS| 0.086 0.387 0.126 0.497 0.167 0.173 0.078 0.172 0.053
PaD-TS 0.500 0.500 0.500 0.500 0.500 0.499 0.500 0.500 0.500
TimeGAN 0.053 0.500 0.495 0.500 0.307 0.336 0.202 0.189 0.281
DS | GT-GAN 0.444 0.500 0.498 OOM 0.493 0.376 0.298 0.374 0.500
TimeVAE 0.147 0.456 0.499 0.492 0.446 0.182 0.029 0.140 0.103
TimeVQVAE| 0.456 0.500 0.500 0.500 0.499 0.497 0.499 0.446 0.499
K-ProtoDiff| 0.002 0.119 0.050 0.475 0.069 0.015 0.016 0.103 0.491
Diffusion-TS| 0.127 0.021 0.251 0.010 0.002 0.032 0.045 0.034 0.449
PaD-TS 0.245 0.255 0.489 0.848 0.340 0.112 0.180 0.072 0.452
TimeGAN 0.121 0.035 0.316 0.021 0.002 0.048 0.051 0.034 0.551
PS | GT-GAN 0.256 0.037 0.346 OOM 0.003 0.037 0.049 0.144 0.502
TimeVAE 0.125 0.021 0.285 0.013 0.002 0.034 0.038 0.041 0.451
TimeVQVAE| 0.796 0.645 0.999 0.627 0.082 0.578 0.618 0.654 0.978
K-ProtoDiff| 0.120 0.019 0.128 0.008 0.001 0.027 0.037 0.025 0.426

Table 1: Performance comparison results on multiple time series datasets. OOM indicates out-of-memory error.

* Q3: How does each core component of K-ProtoDiff con-
tribute to the overall quality of generated time series?

* Q4: How sensitive is K-ProtoDiff to key hyperparame-
ters?

¢ Q5: How does K-ProtoDiff perform in long-term time
series generation?

Experimental Settings

All experiments were conducted on a single NVIDIA RTX
4090 (24GB) with Ubuntu 20.04. All the reproduced base-
line models were entirely built upon the configurations pro-
vided in the original papers or official code repositories for
each model.

Datasets. We evaluated our model on nine real-world
datasets, including ETT, Electricity, Traffic, Weather, Ill-
ness, Exchange (Wu et al. 2021), Energy (Candanedo 2017),
Google Stocks (Aroussi 2023), and EEG (Yuan and Qiao
2024), which span five critical domains: energy, transporta-
tion, climate, healthcare, and finance.

Evaluation Metrics. To systematically address the afore-
mentioned research questions, we evaluate performance us-
ing five widely adopted metrics:
¢ Context-FID Score (C-FID) (Jeha et al. 2022) quantifies
the distributional difference between real and synthetic
sequences based on context-aware embeddings.
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* Kullback-Leibler Divergence (KL) (Nielsen 2022)
measures the global distributional discrepancy by com-
paring the marginal probability distributions of real and
synthetic data.

¢ Discriminative Score (DS) (Yoon, Jarrett, and Van der
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Figure 3: t-SNE visualizations of the time series generated
by K-ProtoDiff and PaD-TS on the ETTh (top) and Electric-
ity (bottom) datasets.



Metric | Methods | ETTh | Electricity | Energy | Traffic | Weather | Illness | Exchange | Stocks | EEG
Diffusion-TS | 1.221 9.193 3.272 10.552 2.259 1.274 2.005 1.224 1.214

Segment-wise PaD-TS 3.641 29.109 9.257 63.890 8.444 5.389 4.843 5.432 8.291
DTW TimeGAN 1.251 9.263 3.261 10.623 2.374 1.308 1.926 1.258 1.374
Segment GT-GAN 1.533 9.653 3.490 OOM 2.746 1.514 1.991 1.548 2.674
(Length = 6) | TimeVAE 1.239 9.283 3.257 11.107 2.366 1.338 1.996 1.169 1.231
TimeVQVAE | 7.315 48.608 14.265 | 71.041 12.314 6.425 6.858 5.879 7.208

K-ProtoDiff | 1.124 9.176 2.994 9.848 2.289 1.261 1.956 1.120 1.207

Diffusion-TS | 1.411 10.496 3.767 12.023 2.610 1.482 2.316 1.415 1.404

Segment-wise PaD—TS 4.206 33.770 10.690 | 73.928 9.761 6.223 5.599 6.262 9.574
DTW TimeGAN 1.445 10.538 3.765 11.991 2.742 1.516 2.223 1.451 1.588
Segment QT—GAN 1.773 11.205 4.041 OOM 3.187 1.739 2.300 1.802 3.081
(Length = 8) | TimeVAE 1.431 10.585 3.749 12.703 2.734 1.559 2.305 1.351 1.425
TimeVQVAE | 8.449 56.011 16.471 | 82.223 14.230 7.432 7.929 6.807 8.406

K-ProtoDiff | 1.299 10.134 3459 | 11.253 2.643 1.468 2.260 1.295 1.395

Diffusion-TS | 1.576 11.513 4.201 13.110 2.922 1.661 2.589 1.580 1.571
Segment-wise PaD-TS 4.703 37.932 11.953 | 82.767 10.902 6.980 6.254 7.012 | 10.704
DTW TimeGAN 1.612 11.503 4.203 12.985 3.067 1.703 2.487 1.623 1.777
Segment GT-GAN 1.985 12.250 4.515 OOM 3.578 1.958 2.572 2.015 3.445
(Length = 10) | TimeVAE 1.596 11.598 4.183 13.916 3.057 1.746 2.577 1.510 1.597
TimeVQVAE | 9.426 62.274 18.413 | 91.516 16.014 8.330 8.865 7.636 9.498

K-ProtoDiff | 1.453 11.267 3.867 12.289 2.958 1.643 2.526 1.447 1.561

Table 2: Comparison of key patterns preservation results on multiple time series datasets. OOM indicates out-of-memory error.

Schaar 2019) evaluates the distinguishability between
real and synthetic data by training a classifier in a su-
pervised setting.

Predictive Score (PS) (Yoon, Jarrett, and Van der Schaar
2019) assesses the utility of synthetic data for down-
stream tasks.

Segment-wise Dynamic Time Warping (Segment-wise
DTW) (Belkhouja, Yan, and Doppa 2022) evaluates local
pattern similarity and fine-grained temporal alignment by
computing DTW distances over fixed-length segments.

Baselines. We carefully select six widely recognized state-
of-the-art models as benchmarks for our evaluation, in-
cluding: (1) VAE-based methods: TimeVAE (Desai et al.
2021) and TimeVQVAE (Lee, Malacarne, and Aune 2023);
(2) GAN-based methods: TimeGAN (Yoon, Jarrett, and
Van der Schaar 2019) and GT-GAN (Jeon et al. 2022); and
(3) Diffusion-based methods: Diffusion-TS (Yuan and Qiao
2024) and PaD-TS (Li et al. 2025).

Performance Comparison (A1)

Table 1 presents the 24 time-step length generation results,
a common setting in related work. K-ProtoDiff consistently
achieves top performance across all four evaluation metrics.
It records the best C-FID on 8 out of 9 datasets (88.9%),
outperforming Diffusion-TS and other baselines. For KL,
it ranks first on 4 datasets, indicating better distributional
alignment. On DS, K-ProtoDiff achieves the lowest values
on 8 datasets, reflecting strong distributional fidelity. It also
secures the best PS across all datasets, demonstrating its
capability to preserve temporal and feature dependencies.
These results highlight K-ProtoDiff’s effectiveness in gen-
erating realistic, structure-aware time series across diverse

20964

domains. Its advantage is especially evident on complex
datasets like Traffic and Electricity, where it shows large
gains in C-FID and DS. To further illustrate generation qual-
ity, we synthesize 5,000 sequences on ETTh and Electric-
ity, and use t-SNE (Van der Maaten and Hinton 2008) to
project real and generated samples into 2D. As shown in Fig-
ure 3, K-ProtoDiff shows significantly better alignment with
the real distribution than PaD-TS, demonstrating its strength
across both low- and high-dimensional settings.

Preservation of Key Patterns Performance (A2)

To quantitatively evaluate the preservation of localized key
patterns, we adopt segment-wise DTW with a fixed stride
of 4 and varying segment lengths L € {6,8, 10} across all
datasets. This metric measures alignment errors between lo-
cal segments, providing a fine-grained assessment of tem-
poral fidelity. As shown in Table 2, K-ProtoDiff achieves
the lowest segment-wise DTW scores on the majority of
datasets and segment lengths, demonstrating superior abil-
ity to retain fine-grained temporal structures compared to
state-of-the-art baselines. Notably, on complex datasets such
as Traffic, Electricity, and EEG, K-ProtoDiff achieves sub-
stantial reductions in DTW error, outperforming TimeVQ-
VAE by over 85% on average, highlighting its robustness
in modeling localized temporal dynamics. These improve-
ments are particularly significant given the inherent vari-
ability and noise in real-world signals, where local temporal
alignment plays a crucial role. Overall, these results confirm
that K-ProtoDiff effectively preserves localized key patterns,
which are critical for high-fidelity time series synthesis and
downstream temporal reasoning tasks.



Ablation Study (A3)

To validate the effectiveness of individual components in K-
ProtoDiff, we conductd comprehensive ablation studies, in-
cluding both component replacement (Replace) and removal
(w/o) experiments. The results are listed in Table 3. In par-
ticular, we replace the proposed KPL module, which lever-
ages a KAN-based architecture, with a MLP-based proto-
type module (MP) (Ni et al. 2023), and R-sampling (R-s) is
replaced with P-sampling (P-s). Notably, the combination of
R-sampling (R-s) and KPL (i.e., full K-ProtoDiff) yields the
best results, with the lowest PS and Seg-DTW scores on both
datasets. In contrast, replacing KPL with MP or removing it
leads to clear performance drops, particularly under the R-
sampling setting. These results demonstrate a strong synergy
between R-sampling and KPL, suggesting that KPL’s struc-
tural guidance is most effective when paired with the diverse
sampling of R-sampling.

Desi | Variants | Stocks | EEG
esign
|R-s KPL| PS| Seg-DWT| | PS| Seg-DWT|
R-s MP |0.138 1.302 0.483 1.394
Replace | P-s KPL | 0.034 1.274 0.451 1.316
P-s MP |0.048 1.445 0.499 1.511
wlo R-s w/o |0.141 1.578 0.584 1.644
P-s w/o [0.101 1.378 0.491 1.442

Ours |R-s KPL|0.025 1120 |0426 1207

Table 3: Ablation study on the effectiveness of K-ProtoDiff
components on Stocks and EEG datasets.

Hyperparameter Sensitivity Analysis (A4)

We evaluated the sensitivity of the KPL module on the En-
ergy dataset with respect to the number of prototypes and
the order of the KAN, using Predictive Score and Segment-
wise DTW as evaluation metrics. As shown in Figure 4, the
lowest PS (0.128) is observed when using four prototypes
with a KAN order of 2, indicating optimal preservation of
global patterns. In contrast, the lowest Seg-DTW (2.990) is
achieved with the same number of prototypes but a KAN or-
der of 1, suggesting that simpler configurations may better

Predictive Score
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Figure 4: Sensitivity analysis on the Energy dataset.
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Figure 5: Seg-DTW across different segment lengths.

capture local temporal structures. These findings underscore
the importance of balancing global and local similarity when
tuning model complexity and highlight the robustness of our
approach to variations in hyperparameters.

Long-term Time series Generation (A5)

We evaluated model performance on the EEG (top) and
Stocks (bottom) datasets using Segment-wise DTW across
varying segment lengths (6, 8, and 10) and generation
lengths (48-256). As shown in Figure 5, most models ex-
hibit increasing DTW scores with longer sequence lengths,
indicating a decline in local pattern preservation. In contrast,
K-ProtoDiff consistently achieves the lowest DTW scores
across all settings, demonstrating its strong ability to retain
fine-grained local structures. Models such as TimeVQVAE
and PaD-TS, while competitive in other metrics, often yield
significantly higher DTW values, suggesting weaker struc-
tural alignment. These findings underscore the robustness of
K-ProtoDiff in generating time series that maintain struc-
tural coherence over extended temporal horizons.

Conclusions

In this paper, we propose K-ProtoDiff, a prototype-guided
diffusion framework for time series generation. It lever-
ages adaptively learned prototypes as structural priors to
guide generation. A prototype assignment module produces
prototype-aware representations, enabling conditioning on
localized patterns. To mitigate semantic drift during denois-
ing, we introduce Reflection Sampling, a stepwise refine-
ment strategy aligning the reverse trajectory with key pro-
totypes. Experiments on nine real-world datasets across five
domains demonstrate that K-ProtoDiff achieves state-of-the-
art performance in both generation realism and fine-grained
pattern retention.
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