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Abstract

Small-scale data is a critical problem in time-series forecasting tasks.
Data augmentation is an effective strategy for this task, but it has
a limitation in generating meaningful data. To address this limita-
tion, we propose DADATS, a diffusion-model-based data augmenta-
tion method with reinforcement learning, designed for time-series
forecasting with small-scale data. In DAD4TS, a data generator is
simultaneously trained with a time-series model and controlled
by a reinforcement learning model to efficiently generate samples
that improve the forecast accuracy of the time-series model. To
support small-scale data, we use mathematical methods instead of
conventional VAE methods to train the diffusion model by project-
ing the time-series data into the geometric space. We validated the
effectiveness of DAD4TS with seven comparative methods through
qualitative and quantitative experiments on six real-world datasets
and eight time-series models. As a result, DAD4TS was validated
on five datasets.
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Table 1: Average RMSE over multiple prediction lengths
with input length fixed to 12. Results are averaged over fore-
cast lengths € {3,6,9,12} for all datasets, except ILI where
€ {2,4,8,12}. “Gaussian” refers to the case where time-series
data—generated by adding Gaussian noise to the residuals
from an STL decomposition of the original data and then
reconstructing it—is used as training data alongside the orig-
inal data. A(%) shows the relative change from baseline to
“Gaussian”. (blue = degradation).

Dataset Methods RNN — LSTM Trans. ilrans. Patch. Times. S2IP  OLin. [ Avg.
RMSE| RMSE| RMSE| RMSE| RMSE| RMSE| RMSE| RMSE|
Employees baseline 132 1.38 1.30 0.153 0.144 0.192 0.184 0.201
+Gaussian  1.30 142 1.41 0.161 0.148  0.207  0.182  0.209

A(%) -1.52%  +2.72% +8.67% +5.30% +2.85% +7.77% -1.09% +3.85% |+3.57%
Forest baseline 115 127 1.08 1.02 110 1.08 1.02 1.03
+Gaussian  1.18 128 114 1.02 1.07 110 1.05 1.05

A(%) +2.30% +0.988% +5.95% +0.220% -2.77% +1.60% +2.30% +1.26% |+1.48%
German baseline 120 144 134 134 147 137 148 139
+Gaussian  1.25 147 1.37 141 149 142 1.43 1.53

A(%) +4.44%  +2.07% +2.23% +5.22% +1.21% +3.71% -3.45% +9.91% |+3.17%
ILI baseline 1.83 1.81 1.98 0.567 0.580 0.584 0.601 0.614
+Gaussian  1.84 1.87 1.99 0.572 0.549  0.567  0.555  0.595

A(%) +0.273% +3.31% +0.253% +0.793% -5.35% -2.91% -7.57% -3.05% |-1.78%
Tnventories  baseline 0.748 0.719 0.859 0552 0.549  0.567 0525 0.561
+Gaussian 0746 0.731 0771 0531 0555 0555 0522 0.499

A(%) -0.267% +1.70% -10.2% -3.85% +1.19% -2.03% -0.524% -11.2% |-3.14%
Consumption baseline 4.72 4.58 4.51 0342 0398 0394 0.688  0.530
+Gaussian 4.71 4.52 4.52 0.380 0.479 0.388 0.469 0.498

A(%) -0.0530% -1.42% +0.222% +11.1% +20.4% -1.59% -31.9% -6.00% |-1.14%

1 Introduction

Time-series forecasting (TSF) is one of the important tasks to solve a
wide range of real-world problems, such as power management [26],
traffic forecasting [25], and weather forecasting [10]. On the other
hand, there are many cases in which sufficient training data cannot
be collected [15] in actual operation, and it is an important challenge
to build effective forecasting models with small-scale data [41]. In
addressing such cases, data augmentation is frequently employed as
a strategy when training data is small scale [42], and various meth-
ods have been proposed to date, not limited to time-series domain
[4,9, 20, 32, 35, 46, 49]. Existing research in this field has extensively
examined generation-based data augmentation [7-9, 15, 35, 46-49],
and it has been demonstrated that, when data augmentation meth-
ods are designed appropriately, such augmentation can indeed
improve predictive performance [7, 8, 12, 15, 35, 36, 47, 48]. In this
way, design approaches that take downstream tasks into account
have been gaining attention in recent years.

However, despite such progress, many previous studies have
focused on how closely the generated data resembles the original
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Figure 1: Distribution plots for each dataset of real and syn-
thetic data.

data, or have generated data to improve the accuracy of TSF models
on the assumption that large amounts of data are available. How-
ever, when considering downstream tasks, generating and using
data that resemble real data may also result in the generation and
use of data that do not positively contribute to learning, which
could adversely affect downstream tasks. In fact, as shown in Table
1 based on preliminary experiments, it was confirmed in several
cases that generating and using data resembling real data (Figure
1) negatively affected downstream tasks. Furthermore, several pre-
vious studies have confirmed that the performance of generative
models declines when the amount of data available for training is
limited [9, 12, 15]. Consequently, when training data is small scale,
there are limitations to applying many of the previously reported
studies to downstream tasks.

On the other hand, many methods are static, with the data gen-
eration phase completed in a single step, and there are few meth-
ods that dynamically continue to generate samples optimized for
TSF models. While the utility of synthetic samples depends on
the current state of the forecasting model, even existing online
augmentation frameworks provide only limited mechanisms for
explicitly determining, based on forecasting performance, which
samples should be generated and retained, and for integrating such
decisions into the updates of both the generator and the forecaster.

In this paper, we introduce our method that Data-Augmentation-
Oriented Diffusion Model for Time-Series Forecasting with Small-
Scale Data (DADA4TS), a data augmentation method that generates
samples to improve the accuracy of TSF models. The contributions
of our method are as follows:

e Optimization of Data Augmentation for Small-Scale
Time-Series Data. We propose a data augmentation frame-
work for TSF models in small-scale data settings. The pri-
mary objective of our framework is to directly maximize
downstream forecasting performance, and we demonstrate
that it significantly improves time-series forecast accuracy
under limited data settings compared to existing data aug-
mentation methods.

e Value-Based Sampling of Generated Data. Instead of
indiscriminately using all generated samples for training, our
framework introduces a Selector that continuously chooses
informative generated samples based on a forecast-oriented
reward. The Selector is trained to evaluate the utility of each
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generated sample by using improvements in the forecasting
performance of the TSF models on a validation set as the
reward signal.

¢ Joint training strategy. Rather than treating the TSF mod-
els, the data generation model, and the Selector as indepen-
dent components, we jointly train and update all three mod-
ules in an online manner. Data generation is not performed
as a one-shot preprocessing step; instead, the Selector con-
tinuously determines which samples should be generated
and retained based on their contribution to forecasting per-
formance. These decisions are integrated into the updates of
both the generator and the forecaster, resulting in a dynamic
data augmentation process that continually adapts to the
target forecasting task.

e TSF models-agnostic integration. DAD4TS can be inte-
grated in a manner independent of the architecture of TSF
models and functions as a general-purpose extension module
for time-series forecasting.

2 Related Work
2.1 Generation of Time-Series Data

Existing methods for time-series data generation include GAN and
VAE based approaches [9, 11, 44, 46], as well as diffusion-model-
based approaches [7, 8, 15, 34, 35, 47, 49, 51]. Similar to the image
and speech domains, diffusion models have recently achieved re-
markable success in time-series data generation. Building on the
success of image generation using diffusion models, Suzuki et al.
[35] visualized time-series data, used diffusion models to sample
the data, and combined real and synthetic data to improve the ac-
curacy of forecasting model. Yuan et al. [48] identify data points
where the forecasting model is prone to overfitting, utilise these
points as anchors, and dynamically perform data augmentation
to prevent the model from overfitting to specific patterns, thereby
improving forecast accuracy. Deng et al. [8] propose data augmen-
tation for time-series foundation models (TSFMs), performing data
augmentation that scales efficiently whilst calculating the balance
of various time-series data, thereby improving the performance
of TSFMs. Yu et al. [47] focus on temporal continuity—a factor
previously overlooked in time-series data generation—and adopt a
two-stage approach comprising a pre-training phase to preserve
temporal continuity and a guidance augmentation phase to enable
diffusion models to generate augmented data. Gonen et al. [15]
propose an approach that involves training a diffusion model on a
large volume of time-series data, followed by fine-tuning on a small
dataset, thereby enabling efficient data generation for small-scale
time-series data.

However, in many recent diffusion model approaches, data gen-
eration is performed only once, and data cannot be continuously
generated toward the optimization of downstream tasks. In contrast,
we aim to continuously perform data generation in conjunction
with the training of TSF models, sequentially producing samples
that contribute to improving forecasting accuracy. Moreover, many
prior studies are based on DDPM [17], which requires a large num-
ber of sampling steps. Continuous data generation under such
settings would incur prohibitive computational costs. Therefore,
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we use an approach that enables efficient data generation with a
small number of sampling steps.

2.2 Data selection methods

The quality of training data used for machine learning and deep
learning models has been extensively discussed in prior studies [13,
16, 21, 22, 45]. Since learning models indiscriminately learn from
both informative data and noisy data, performance degradation can
occur across various tasks regardless of how well the model itself is
designed. To address this issue, Just et al. [22] proposed a method
for estimating data value that is independent of the downstream
learning algorithm. Their approach evaluates data by comparing
feature-label pairs between training and validation datasets. In
contrast, Yoon et al. [45] introduce a selection model that determines
which data samples should be used for training. The selection model
is trained such that a forecasting model trained on the selected data
achieves higher validation performance than a model trained on
the full dataset, thereby identifying valuable data samples. The
DVRL method proposed by Yoon et al. [45] has been shown to
be effective and highly generalizable across image, tabular, and
language datasets.

As our study aims to continuously generate samples that con-
tribute to improving the predictive performance of TSF models, it
is necessary to control the diffusion model to enable effective data
generation. In this context, the DVRL framework has the poten-
tial to serve as an effective mechanism. Accordingly, we apply the
DVRL method to the time-series data generation task in our work.

3 DAD4TS

This section describes the DAD4TS. The proposed framework con-
sists of two main components. The first is a Rectified Flow—-based
diffusion model, which enables data generation with a small num-
ber of sampling steps during the generation process. The second is
Data Valuation using Deep Reinforcement Learning for Generated
Samples (DVRL-G), a method that evaluates the value of samples
generated by the generative model and determines whether they
should be used for training the time-series forecasting model. Each
of the following subsections details these components. Figure 2
shows an overview of DAD4TS.

3.1 Diffusion Model

This subsection describes the diffusion model developed in this
study. Conventionally, diffusion models first map input data into a
latent space using a VAE [23], and then learn a diffusion process on
the latent representations to generate data [5, 33]. However, when
the amount of available training data is limited, VAEs based on deep
learning may not be able to learn sufficiently, making it difficult to
capture the essential features of the data.

To address this issue, our approach maps time-series data into a
geometric space without relying on deep learning—based methods.
Specifically, the following steps are applied to the time-series data.

(1) For a univariate time-series {d,}thl, where d; € R for each
t. We split the data into training, validation, and test sets;
Dirains Dyals and Dieqt, respectively. The split is in a ratio
of 6:2:2. All splits are standardized to zero mean and unit
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variance using the mean and standard deviation estimated
from Dipain.

(2) Prepare a dataset Z)t"r";‘n from Dyrain with a sliding window
size of 1 and a batch size of B. The same settings are used
for time-series forecasting.

(3) Extract samples from 2)::’;‘“ and calculate Gram matrices for
each extracted sample to capture time-series features.

(4) Given a mini-batch from Z)t‘g‘n, we fit a PCA [29] model per
mini-batch on its representations and transform them into
2D embeddings.

(5) For each two-dimensional vector obtained from each mini-
batch in Step 4, we compute its outer product and set all
off-diagonal elements to zero. This processing takes into
account the correspondence of coordinates in the geometric
space.

The matrix computed through the above procedures constitutes
the geometric space used by the diffusion model and is provided as
input to the model. In addition, the time variable ¢ € [0,1] and a
conditioning variable ¢ are simultaneously fed into the diffusion
model. The conditioning variable (c) consists of embeddings ex-
tracted from TSFMs—specifically, Chronos-Tiny and Chronos-Base
based on Chronos-Bolt [1], as well as Tirex [2]—which encode repre-
sentations of the input time-series data. Among these embeddings,
those selected by a Top-1 mixture-of-experts (MoE) setting are used
as the conditioning input.

The diffusion model is implemented using a U-Net architecture,
in which the conditioning variable ¢ and the time variable ¢ are
integrated with the PCA-based representations via cross-attention.

3.1.1  Training. In training the diffusion model My, we first learn
representations in the geometric space. Subsequently, we compute
the Mean Squared Error (MSE) loss between the predictions Yy of
the TSF model %y for the selected samples X, which are chosen by
the Selector described later in Section 3.2, and the corresponding
selected samples Y;, and update My, accordingly. Through this two-
stage learning method, the diffusion model learns the geometric
features of the time-series data and how the p model interprets
the time-series data.

In the initial training stage, the MSE loss is computed between
the input data x and the initial noise x;, which has the same dimen-
sionality as x at time ¢ € [0, 1], and learning is performed based
on the resulting MSE loss. This formulation is derived from Eq. (6),
which is introduced later.

v = My (x, t,c), with x; = tx + (1-1)xo (1)
1 n
Loss = ;;((x—xo) -0)? (2)

v is the expected velocity output by the diffusion model. Further-
more, to incorporate condition c into the training process, we ap-
plied Classifier-Free Guidance (CFG) [18]. In this study, 10% of the
training is conducted without conditions, enabling the model to
learn to emphasise features when conditions are present. For the
condition-free state, we provide the diffusion model with an empty
condition 0. In other words, the following equation is given:

0 = My (x,,1,0) 3)
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Figure 2: Overview of DAD4TS. After dividing the time-series data into batches, it is mapped onto a PCA space and fed into the
diffusion model for training. The Selector then determines whether the data generated by the diffusion model is suitable for
use; the generated data deemed suitable, together with the real data, is fed into the forecasting model for training. Finally, the
forecasting model and the diffusion model are updated using MSE loss, and the Selector is updated using the calculated reward.

We optimize the diffusion model parameters using AdamW with a
learning rate of 3 X 103 and a weight decay of 0.1.

3.1.2  Rectified Flow. When applying diffusion models to time-
series data generation, approaches based on DDPM [17] are com-
monly employed [24, 35, 49]. While the computational cost is not
a major concern when data generation is performed only once,
it becomes non-negligible when repeated generation is required,
in which case the number of sampling steps emerges as a critical
computational bottleneck. To address this issue, we adopt Rectified
Flow [27], an approach that enables data generation with diffusion
models using a small number of sampling steps.

Rectified Flow is formulated as an Ordinary Differential Equation
(ODE) model that transports a distribution 7 to 7; by following a
path that is as close as possible to a straight line between noise and
clean data. In this study, the number of sampling steps was set to
20.

Given X, ~ mp and X; ~ 7, the Rectified Flow induced by the
pair (X, X;) is formulated as the ODE over time ¢ € [0, 1]. Let Z;
be the values sampled from the distribution ;. The dynamics are
given by

dZt = U(Zt, t)dt (4)

which describes the ODE that transforms Z; into Z;.

In addition, unlike conventional diffusion models, Rectified Flow
generates data by solving a problem that estimates the expected
velocity v of a continuously differentiable stochastic process {X; :
t € [0, 1]}, where the process is encouraged to follow, as closely as
possible, straight-line trajectories from X to X;. Specifically, this

requires computing

X (x,1) = E[Xt | X; = x] , Vx € supp(X;) (5)

1
min/ E[II(X: — Xo) —0(Xe, H)II*] dt, withX, = tX; +(1-1)X,.

v Jo
(6)

Algorithm 1 Sampling Process

Input: Time ¢y € [0,1], ¢ € [0,1] (¢ < t1), initial noise xo, sam-
pling step 7, conditioning variable ¢

Models: Diffusion model My, Initialize /

Output: Sampling data X
1 he—t—1t
2: Uy — M./,(Xo, to, C)
3: Xe < xo + hog
4 ve — My(xe, t1,0)
5 X < Xxo + %(uo + 0¢)
6: fork =1to 7 do
7: Bt — b

8 Vg1 — X + %fws - %’;Uo

9: Ug41 < X+ %h(ve + My (Vk+15 tis,€))
10: Vo — Ve

1 0 e My (i1, trr1, ©)

12: X — Oq1

13: end for

14: X — X
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3.1.3  Sampling. In this study, the Heun method and the Adams-
Bashforth and Adams—Moulton methods were applied to ODEs as
samplers. The Heun method is a technique that produces higher
quality results than the Euler method, which has traditionally been
widely used as a sampler. The Adams—Bashforth and Moulton meth-
ods are linear multistep methods, which are commonly employed to
obtain numerical approximations of ODE solutions. Unlike single-
step methods such as the Euler method, the Adams-Bashforth
method computes the numerical approximation at step k by retain-
ing and referencing information from previous steps up to k—1. The
Adams-Moulton method is used to correct the predictions derived
using the Adams-Bashforth method. However, Adams methods
cannot be applied at the first sampling step. Therefore, the Heun
method is employed to compute the approximate solution at the ini-
tial sampling step. In this study, second-order Adams methods are
adopted. The overall sampling procedure is shown in Algorithm 1.

Since CFG is applied in this study, both conditional and uncondi-
tional data are generated during the sampling process. Based on X
computed in Algorithm 1, the sampling procedure that incorporates
both cases is given by

X = (1+w)X, —wXp, withw =1. 7)

After that, X undergoes a process that reverses the transformation
performed in Section 3.1: first, Singular Value Decomposition (SVD)
is applied to convert it into a two-dimensional vector; then, the
inverse PCA transformation is performed to convert it into a Gram
matrix; finally, the square roots of the values on the diagonal are
taken to convert it back into the original time-series data.

3.2 DVRL-G

3.2.1 Selector. In the DVRL-G framework, we first introduce a
Selector Sy that selects generated data used for training the TSF
model Fy. The Selector Sy is implemented as a Transformer-based
model. As inputs to Sy, we use the data X generated by the diffu-
sion model, which are split into an input segment x; and a forecast
segment y; according to the input length and forecast length re-
quired by Fp. In addition, we provide the MSE loss between the
ground-truth y; and the forecast g, obtained by feeding x;, into Fp.
These inputs enable the Selector to capture both the generated data
and how ¥ interprets each generated sample, allowing it to assess
the value of individual generated data points. Based on these inputs,
Sy outputs a selection vector in the form of weights Wy, which
represent the value of each sample. This process is formulated as
follows:

Woee = Sy (xp, Yp, Lossp) ®)

Next, we prepare a Sampler that maps the vector output by Sy to
the range [0, 1]. This Sampler follows a Bernoulli distribution. The
generated data selected by this Sampler is used to train Fy. Table 2
summarizes the Selector’s hyperparameter.

3.2.2 Training. For learning S¢, we use the datasets Dt‘ﬁ‘i‘n and
Dya1 prepared in Section 3.1. In addition, we construct Z);/z ? which

consists of only the latter half of the validation data. The rationale
for constructing Z)le/ ? is as follows. In a small-scale time-series
setting, the Selector may over-adapt to limited validation data,
causing the selection policy for generated data to depend on specific
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Table 2: Selector architecture Information.

Hyperparameter

Encoder Transformer Encoder
dmodel 64

# of Attention heads 4

# of Encoder layers 2

# of FEN dim. 128
Dropout 0.1
Activation GELU
Pooling Adaptive average
Classifier Linear(2dodel — 64)—ReLU—Linear(64 — 1)
Output o(logit/7), 7 =0.7

temporal patterns. To mitigate this risk, we divide the validation
data into two disjoint subsets: @22 ? which is used for updating the
Selector policy, the remaining validation data, which is not directly
accessed by the Selector. While the Selector is updated based on the
performance on D;é f the best weights of the TSF model used for
reward computation in updating the Selector are selected according
to the predictive performance over the entire validation set D,,.
This design suppresses over-adaptation of the Selector to only the
data that it directly optimizes.

Regarding the training procedure, first, starting from the 7y, we
train it for one epoch on Z),:’;’;?n and compute the MSE loss Lpgse on
Z)llm/z ? Subsequently, 79 is trained using the generated data selected
by the Selector together with a batch of training samples drawn
from D;’;’;fn After each batch update of ¥y, we compute the MSE

loss L, 172 on Z)ié? The reward R is defined as Lypgse — L, 172, and
Sy is trained and updated so as to maximize R.

To incorporate the influence of the selected samples into R, we
use the MSE loss Ly obtained by feeding each generated sample
into Fy, as well as the log-probability under a Bernoulli distribution.
When computing Ly, the loss is calculated for all generated samples
regardless of whether they are selected by the Sampler. The loss Ly
reflects how Fy perceives the generated data (i.e., whether the data
are easy or difficult to predict), while the log-probability indicates
whether selected samples are valuable for training ¥ and whether
unselected samples are not valuable. Algorithm 2 shows the se-
quence of steps in the DVRL-G process. The entire training process
of DADA4TS is DVRL-G itself. We optimize the Selector parameters
with Adam, using a learning rate of 1 X 1073,

Algorithm 2: DVRL-G Process

Input: The datasets Dyrgin, Dyar and Z);/z f moving average of
reward Rema = 0, MSE loss function £

Models: A Selector Sy, TSF model ¥y and diffusion model M,
Initialize ¢, 6 and ¢

Optimizers: The optimizers Oy, Og and Oy

Hyperparameter: Batch size B, number of epoch Nepoch, and

number of mini-batches in Z);é ? Len PRV

Output: Best parameters ¢, 6 and o
1: for each mini-batch (X¢rgin, Yerain) € Dirain do
2: Compute prediction ¥;yqin < Fo(Xtrain)
3: ComPUte loss Ltrain (}A’train, Ytrain)
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Update 0 using optimizer Oy with L;,4in

: end for

: for each mini-batch (x,,51/2, ¥ ya11/2) C Dygpi/e do
Compute prediction §,,1/2 < Fo(Xyq1/2)
Compute loss Lpase (¥ ,a11/2> Y pait/z)

: end for

T L

10: Initialize parameters 6 of Fy

11: for epoch =1 to Nepocr, do

12: for each mini-batch (X¢rqgin, Yerain) € Dirain do

13: Train Diffusion Model My » Section 3.1 and Section
3.1.1

14: Update ¢ using optimizer Oy, with MSE Loss

15: end for

16: Initialize buffers Xy « [ ], Yp « [ ]

17: for each mini-batch (X¢rqin, Yerain) € Dtrain do

18: Xgen> Ygen < Data Generation > Section 3.1.3

19: add xgen and ygen to Xr, Y

20: end for

21: Compute prediction yf — %(Xf)

22: Compute loss L, (yf, Yr)

23: for each mini-batch (X¢rgin, Yerain) € Dirain do

24: P — Sp(Xp, Y5, Le) > Section 3.2.1

25: Sample mask m ~ Bernoulli(p) > Section 3.2.1

26: (X5, Ys) — m o (Xf, Yp)

27: Compute prediction Yy — Fo(Xs)

28: Compute loss L (J}S, Ys)

29: Update ¢ using optimizer Oy, with £ » Section 3.1.1

30: Compute prediction Y;rein < Fo(Xtrain)

3L CNOIHPUte loss Ltrain (}A’trains Ytrain)

32: Lirain < Lirain + Ls 5

33: Update 0 using optimizer Oy with L;,4in

34: Initialize buffers R, « [ |

35: for each mini-batch (x,,1/2, ¥,41/2) C D;Z do

36: Compute prediction y,,1/2 < Fo(X,qp1/2)

37: Compute loss L, 172 (Fyart/2> ¥pait/z)

38: Compute reward R < Lpgse — L, 172

39: add R to R,

40: end for

41: R, «— W

val

42: Rc — Rc - Rema

43: Rema < 0.9Rema + 0.1R,

44: Compute per sample quality Q « Standardize(R. ©
—(Le))

45: Compute log-probability log IT4 (m|p) « m © log(p +
€)+(1-m)olog(l—p+e)

46: Compute final reward Ry « —(Q © log Il (m|p))

47: Update ¢ using optimizer Oy with Ry

48: end for

49: end for

4 Evaluation Experiment

In this section, we describe the experimental environment.

Suzuki et al.

Table 3: Dataset statistics and experimental configuration.

Dataset Records Frequency Window Batch size  Lgyrecast
Employees 427 Monthly 3 4 {3,6,9,12}
Forest 517 unknown - 4 {3,6,9,12}
German 221  Every three months 3 4 {3,6,9,12}
ILI 966 Weekly 2-4 4 {2,4,8,12}
Inventories 402 Monthly 3 4 {3,6,9,12}
Consump. 96 Yearly 3 4 {3,6,9,12}

Table 4: Shared training configuration for all downstream
TSF models.

Hyperparameter Value
Optimizer AdamW
Learning rate 3x 1074
Weight decay 0.1

Max epochs 100
Early stopping patience 10 epochs
Early stopping metric Validation MSE
Batch size 4
Random seed 2025

4.1 Dataset

Wang et al. [41] implicitly defined a dataset of approximately 100
records as small-scale, and Gonen et al. [15], who proposed a
data generation method for small-scale time-series data, utilised
datasets of 1,000 records or fewer for time-series forecasting in few-
shot tasks; consequently, we prepared a dataset of approximately
100-1, 000 records. Furthermore, regarding the selection criteria
for the data used, as recent models might have employed methods
tuned specifically to popular benchmark datasets, we selected the
widely used ILI dataset [50] alongside the relatively newly pro-
posed benchmark dataset [14], specifically the univariate dataset
Inventories to Sales Ratio [39], German House Prices [3], Per-
sonal Consumption Expenditures [37], Employees Health
Care [38], and Forest Fires [6] from the relatively recently pro-
posed benchmark dataset [14].

4.1.1 Dataset Details. Table 3 summarizes the datasets used in
our experiments. Each dataset is split chronologically into training,
validation, and test sets with a ratio of 6:2:2. The training split is
z-score normalized (zero mean, unit variance), and the same mean
and standard deviation are applied to the validation and test splits.
To avoid information leakage at split boundaries, the validation and
test splits are extended backward by Liyput time steps so that the
first sliding window of each split can look back into the preceding
partition.

The input length is fixed at Linpy: = 12 for all datasets. Predic-
tion lengths are chosen to reflect the seasonal periodicity of each
dataset: for the five univariate datasets we use Liorecast € {3, 6,9, 12},
while for ILI (weekly data with an approximate 52-week annual
cycle) we use Liorecast € {2,4, 8, 12}. The seasonal period parame-
ter (window) is set per-dataset based on domain knowledge and is
used by models that require explicit periodicity information (e.g.
S?IP-LLM, OLinear).
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Table 5: Average RMSE and DTW over multiple forecast lengths with input length fixed to 12. Results are averaged over forecast
lengths € {3, 6,9, 12} for all datasets, except ILI where € {2,4, 8, 12}. R represents RMSE, and D represents DTW. ’-’ indicates that
the experiment could not be conducted in our experimental environment.

Dataset ~ Methods Tmp.(%) RNN LSTM Trans. iTrans. Patch. Times. S2IP. OLin.
Rate{Mean] R| D| R] D| R/ D/ R| D] R] D] R| D| R| D] R|] D|
Employees baseline 0.00 0.00 1.32 10.1 1.38 10.5 1.30 9.67 0.153 1.12 0.144 0.953 0.192 1.49 0.184 1.31 0.201 1.47
TimeGAN 484 -2.60 1.30 9.89 145 109 143 10.8 0.150 1.05 0.142 0.948 0.169 1.23 0.182 1.34 0.148 0.942
TimeVAE 484 0.269 1.34 104 133 10.0 1.28 9.55 0.169 1.25 0.147 0.986 0.175 1.32 0.202 1.48 0.184 1.30
SMFG 594 -13.6 136 10.6 1.55 11.8 1.54 11.7 0.1150.734 0.117 0.725 0.132 0.839 0.114 0.716 0.131 0.855
Diffusion-TS  64.1 -9.20 1.38 10.8 1.41 10.8 1.69 12.8 0.130 0.881 0.126 0.793 0.130 0.860 0.130 0.856 0.154 1.17
ReAugment 54.7 -5.29 1.31 9.88 1.41 10.7 137 10.1 0.150 1.00 0.146 0.963 0.151 1.07 0.159 1.03 0.165 1.06
DiffAT 54.7 0.0758 1.19 885 1.43 10.6 1.44 10.8 0.184 1.34 0.140 0.936 0.158 1.12 0.177 1.21 0.195 1.39
AutoDA 81.2  -28.1 0.588 4.00 0.453 3.03 0.799 4.61 0.149 0.985 0.136 0.846 0.151 1.03 0.148 0.987 0.162 1.06
DADA4TS 89.1 -34.50.454 3.29 0.376 2.94 0.540 3.98 0.144 0.986 0.143 0.933 0.144 0.989 0.153 1.06 0.142 0.941
Forest baseline 0.00 0.00 1.15 7.39 1.27 8.42 1.08 7.10 1.02 6.12 1.10 6.41 1.08 6.31 1.02 6.18 1.03 6.29
imeGAN 37.5 1.62 1.16 7.17 1.21 7.81 1.15 7.54 1.04 6.24 1.06 6.22 1.09 6.33 1.08 6.59 1.05 6.73
g‘ime(\;/AE 35.9 1.11 1.14 7.24 124 825 1.14 7.41 1.02 6.14 1.12 6.41 112 634 1.03 632 1.05 6.33

MF - - - - - - - - - — - - - - — - - -
Diffusion-TS 45.3 -1.27 1.08 6.98 1.11 7.36 1.13 7.49 1.02 6.22 1.10 6.46 1.09 6.18 1.02 6.20 1.05 6.66
ReAugment 391 0.790 1.21 7.53 1.15 7.71 1.09 7.03 1.06 6.27 1.09 634 1.12 635 1.04 6.18 1.06 6.62
DiffAT 37.5 1.78 1.20 7.48 1.27 8.46 1.10 7.29 1.00 6.04 1.10 6.53 1.10 6.44 1.05 6.28 1.07 6.77
AutoDA 32.8 1.24 1.20 7.51 1.24 8.22 1.10 7.28 1.05 6.20 1.09 6.26 1.11 6.22 1.05 6.27 1.06 6.66
DADATS 453 -2.33 1.05 6.66 1.06 6.83 1.10 7.32 1.03 6.24 1.10 6.52 1.09 6.40 1.04 6.21 1.05 6.46
German  baseline 0.00 0.00 1.20 842 1.44 10.2 134 946 134 9.77 147 108 137 990 148 113 1.39 10.2
TimeGAN 46.9 2.74 1.19 8.56 1.45 10.00 1.30 8.98 1.35 9.56 1.47 10.7 135 9.73 1.33 9.67 159 117
TimeVAE 53.1 1.20 1.18 8.36 1.41 9.74 133 9.48 137 10.00 144 106 135 9.63 149 102 152 11.6
SMFG 45.3 1.44 1.14 8.02 1.52 11.0 1.32 9.21 141 10.2 141 104 146 108 140 102 1.43 10.5
Diffusion-TS  39.1 3.62 1.18 8.07 1.42 10.00 1.28 9.26 1.42 104 149 108 1.39 10.2 143 10.0 1.51 11.2
ReAugment 60.9 2.14 1.18 8.43 142 978 132 9.11 133 9.54 153 11.0 141 100 133 9.39 151 113
DiffAT 62.5 -0.937 1.18 823 146 10.2 133 9.11 135 993 140 105 1.38 10.0 138 10.0 1.41 103
AutoDA 469 0.305 1.24 8.88 142 9.71 134 972 139 10.1 1,51 113 138 9.89 142 102 1.47 11.1
DADA4TS 71.9 -3.42 1.09 7.69 1.36 9.55 1.34 9.88 1.32 9.73 1.36 9.88 1.32 9.70 138 104 143 10.2
ILI baseline 0.00 0.00 1.83 125 1.81 12.1 1.98 13.3 0.567 3.66 0.580 3.72 0.584 3.70 0.601 3.92 0.614 4.12
TimeGAN 37.5 0865 1.83 12.5 1.84 12.5 2.06 14.0 0.560 3.57 0.568 3.66 0.597 3.81 0.573 3.61 0.601 3.99
g‘imeé/AE 469 -0.568 1.70 11.7 1.83 12.0 1.91 12.5 0.588 3.83 0.592 3.84 0.629 4.07 0.587 3.74 0.590 3.85

MF — - - - - - - - - — - - - - — - - -
Diffusion-TS  50.0 -0.833 1.76 12.3 1.72 11.8 2.03 13.5 0.570 3.66 0.594 3.88 0.607 3.96 0.582 3.76 0.589 4.01
ReAugment 28.1 1.25 1.80 12.2 1.81 12.1 1.99 12.7 0.584 3.80 0.597 3.91 0.607 3.91 0.599 3.79 0.591 3.91
DiffAT 43.8 1.46 190 13.2 1.86 123 2.02 13.6 0.579 3.77 0.594 3.79 0.615 3.91 0.597 3.91 0.563 3.73
AutoDA 76.6 -11.3 1.44 8.86 1.27 7.03 1.48 9.84 0.550 3.45 0.544 3.43 0.554 3.50 0.573 3.64 0.576 3.76
DAD4TS 96.9 -20.4 1.13 7.38 1.07 7.13 1.12 7.410.539 3.45 0.535 3.40 0.534 3.26 0.575 3.66 0.536 3.43
Inventories baseline 0.00 0.00 0.748 5.35 0.719 5.20 0.859 6.24 0.552 3.78 0.548 3.64 0.567 3.83 0.524 3.47 0.561 3.82
TimeGAN 43.8 1.14 0.735 5.25 0.784 5.75 0.818 6.26 0.548 3.73 0.572 3.80 0.570 3.89 0.569 3.83 0.527 3.60
TimeVAE 40.6 -0.186 0.741 5.46 0.730 5.50 0.730 5.50 0.571 3.98 0.579 3.92 0.584 3.93 0.557 3.75 0.566 3.99
SMFG 359 3.62 0.755 5.45 0.756 5.21 0.897 6.28 0.551 3.74 0.584 3.91 0.584 3.98 0.532 3.68 0.577 4.00
Diffusion-TS  26.6 6.29 0.816 6.18 0.839 6.48 0.908 6.68 0.568 3.93 0.564 3.81 0.594 4.07 0.553 3.86 0.558 3.85
ReAugment 26.6 4.60 0.735 5.22 0.746 5.38 0.865 6.50 0.592 4.11 0.585 3.97 0.598 4.09 0.573 3.92 0.575 4.01
DiffAT 453 -1.48 0.730 5.24 0.753 5.39 0.725 5.44 0.559 3.80 0.569 3.86 0.580 4.02 0.538 3.59 0.529 3.54
AutoDA 60.9 -4.90 0.738 5.72 0.637 4.60 0.687 5.31 0.554 3.76 0.558 3.77 0.568 3.77 0.531 3.50 0.550 3.71
DADA4TS 62.5 -12.8 0.469 3.23 0.547 4.20 0.508 3.57 0.552 3.77 0.566 3.81 0.586 3.97 0.551 3.78 0.560 3.92
Consump. baseline 0.00 0.00 4.71 36.6 4.58 35.7 4.51 349 0.342 1.46 0.398 1.95 0.394 1.51 0.688 3.95 0.529 2.95
TimeGAN 37.5 15.2 5.03 40.5 599 47.7 4.74 38.1 0.379 1.55 0.463 2.44 0.397 1.74 0.736 3.75 0.552 3.50
TimeVAE 51.6 7.52 4.72 36.5 4.51 35.1 4.37 34.0 0.475 2.02 0.462 2.41 0.435 1.70 0.709 4.02 0.342 1.62
SMFG 40.6 10.4 4.75 37.0 5.11 41.6 436 33.5 0.328 1.39 0.575 3.29 0.390 1.68 0.711 4.23 0.638 5.31
Diffusion-TS  46.9 -1.62 5.03 39.2 4.82 38.0 4.86 38.2 0.336 1.42 0.387 1.95 0.344 1.55 0.401 1.76 0.480 2.81
ReAugment 54.7 3.61 4.64 35.8 456 353 4.47 345 0.453 1.94 0.370 1.81 0.411 1.68 0.644 3.16 0.503 2.90
DiffAT 42.2 2.09 480 37.5 4.59 358 4.48 34.5 0.429 1.77 0.406 2.09 0.348 1.54 0.569 3.06 0.452 2.18
AutoDA 64.1 -5.42 4.32 36.1 4.22 35.2 3.88 31.30.312 1.31 0.469 2.42 0370 1.52 0.391 1.68 0.570 3.40
DADA4TS 43.8 2.82 5.09 40.8 5.71 43.2 5.41 42.4 0.344 1.40 0.435 2.22 0.323 1.39 0.429 2.26 0.554 3.11

4.2 TSF Models

In previous studies, evaluations often relied on only a few TSF
models [9, 12, 15, 36, 46, 48, 49], which carried the risk of producing
biased results. Therefore, in this paper, we conducted an evaluation
using eight TSF models, ranging from conventional to state-of-the-
art models. The time-series forecasting models include RNN, LSTM
[19], Transformer [40], iTransformer [28], PatchTST [30], TimesNet
[43], S?IP-LLM [31], and OLinear [50].

Table 4 lists the hyperparameters shared across all eight down-
stream TSF models. All TSF models are trained using AdamW with
weight decay 0.1. Early stopping monitors the validation MSE loss
with a patience of 10 epochs.

4.3 Comparison Methods

To evaluate the proposed method, we selected TimeGAN [46],
TimeVAE [9], SMFG [35], Diffusion-TS [49], ReAugment [48], Dif-
fAT [47], and AutoDA-Timeseries [12] from previous studies as
comparison methods. These methods selected include data augmen-
tation methods that improve the accuracy of downstream tasks de-
spite limited training data [35], methods that generate data closely
resembling the distribution of the training data [9, 46, 49], methods
that use reinforcement learning to generate data for downstream
tasks [48], and methods that perform sequential data augmentation
[12]. By comparing DAD4TS with these methods, we evaluate its
ability to optimize data augmentation for small-scale time-series
data.
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Table 6: Comparison table of average runtimes for DAD4TS
and the baseline. The averages for all forecast lengths and
all TSF models are recorded.

Dataset Methods Runtime (Sec.)

German Dbaseline 18.3
DADA4TS 638.0

Consump. baseline 4.82

DAD4TS 141.9

4.4 Implementation Details

All experiments are conducted on an Intel Xeon Platinum 8259CL
CPU (4 vCPUs), 16 GB RAM, and one NVIDIA Tesla T4 GPU
with 16 GB VRAM (CUDA 12.6). The codebase is implemented
in Python 3.12 using PyTorch 2.6.0 and TensorFlow 2.19.0. A fixed
random seed of 2025 is used throughout all experiments to ensure
reproducibility.

5 Experimental Results

Table 5 reports the comprehensive experimental results of DAD4TS.
The best results are highlighted in red, and the second-best results
are highlighted in blue with underlines. The baseline indicates the
accuracy of the predictive model when trained using only real
data. Imp. Rate (%) indicates the percentage of cases in which the
forecasting accuracy is improved across all settings, and Imp. Mean
(%) denotes the average improvement in forecasting accuracy. The
RMSE and DTW values listed in Table 5 are the results for the test
dataset prepared in Section 4.1.1.

5.1 Model Analysis

Distribution of generated data. Figure 3 shows the data distri-
butions of the samples generated by three representative baseline
methods and by the proposed method. From Figure 3, we can see
that the baseline methods overall generate data whose distribution
is similar to that of the real data, whereas the proposed method
generates data whose distribution is slightly different from the real
data. This is presumably because, in DAD4TS, training and sam-
pling with the diffusion model are performed on the geometric
space constructed by PCA, which leads to generation that empha-
sizes features with particularly large variance in the time-series
data. We also observe that the distributions of the data generated
by the diffusion model differ to some extent across TSF models, and
that the samples selected by the Selector as more valuable train-
ing data, as well as their quantities, also vary. These observations
suggest that the Selector assesses the generated data as valuable
for training in a manner tailored to each TSF model. In addition,
the results confirm that not all generated data are used and only
a subset is utilized; thus, the Selector can subsample generated
data that would act as noise during training while selecting and
training on data suited to the TSF model, which is considered to
have improved the prediction accuracy of the TSF model as a result.

Runtime. We compare the runtime of the baseline method with
that of the DAD4TS method. We used two datasets for this compar-
ison. Table 6 shows the results. Table 6 indicates that the runtime
of DADA4TS is significantly longer than that of the baseline. This
is because DADA4TS trains and infers the diffusion model at every
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Figure 3: Distribution of generated data for each represen-
tative method. Red indicates real data, and blue indicates
generated data. Green indicates generated data selected by
the Selector as suitable for training. The darker the color, the
higher the data is rated as valuable for learning. In this figure,
the ILI dataset is used, and the input and forecast lengths are
fixed at 12.

Table 7: Analysis of information retention and reconstruc-
tion error during the generation process. Averaged over the
eight forecasters and forecast lengths € {3,6,9, 12}.

Information retention T Reconstruction

Dataset Method pout Ppea Pdiag Erec | Tshape Saiff
German DADA4TS 1.000 0.995 0.080 3.92 0.08 0.22
Consump. DAD4TS 1.000 1.000 0.066 6.97 0.04 0.42

epoch, rather than generating data only once as in conventional
methods, resulting in higher computational costs.

Reconstruction Error Analysis. In this study, various transforma-
tions are applied to the original time-series data. Among these
transformations, we analyze the extent to which information is lost
from the original time-series data at each transformation step. The
results are presented in Table 7. The metric poy, indicates that no in-
formation is lost, since it only involves computing the outer product
of the time-series data. The metric p,.. represents the proportion
of information in the Gram matrix retained by the two-dimensional
vectors obtained through PCA. These results suggest that, up to
this stage, almost no information from the original time-series data
is lost.

In contrast, pgiag indicates the amount of information retained
when only the diagonal components are extracted after computing
the outer product of the two-dimensional vectors obtained by PCA.
Although a substantial amount of information is lost at this step,
each index value of the two-dimensional vectors obtained through
PCA represents a coordinate in the PCA space. Therefore, because
the calculation results between corresponding coordinates are pre-
served, the characteristics of the original data in the PCA space are
still retained.

Next, we analyze the reconstruction error. E,.. denotes the NRMSE
between the original time-series data and the generated time-series
data. As shown in Table 7, the generated time-series data are sub-
stantially different from the original time-series data. This observa-
tion is also supported by rshape, Which represents the correlation
between the original and generated time-series data.
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Table 8: Ablation study: Average RMSE and DTW over multiple forecast lengths with input length fixed to 12. Results are
averaged over forecast lengths € {3,6,9, 12} for all datasets, except ILI where € {2, 4, 8,12}. R represents RMSE, and D represents
DTW. DAD4TS Once indicates a setting in which data generation is performed only once.

Dataset ~ Methods Imp.(%) RNN LSTM Trans. iTrans. Patch. Times. S2IP. OLin.
Rate]Mean| R| D] R) D| Rl D| R, D| R| D| R| D| Rl D| R] DJ
Employees baseline 0.00 0.00 1.32 10.1 1.38 10.5 1.30 9.67 0.153 1.12 0.144 0.953 0.192 1.49 0.184 1.31 0.201 1.47
DADA4TS Once 92.2  -30.4 0.532 3.97 0.643 4.91 0.633 4.89 0.141 1.00 0.139 0.910 0.147 1.01 0.152 1.03 0.154 1.04
DADA4TS w/o Selector  59.4 -3.24 135 10.3 1.35 10.2 1.27 9.60 0.156 1.12 0.143 0.954 0.154 1.10 0.210 1.51 0.166 1.22
DADA4TS w/o TSFMs 81.2  -33.30.449 3.16 0.405 3.12 0.585 4.54 0.145 1.01 0.143 0.943 0.138 0.922 0.155 1.09 0.138 0.900
DADA4TS 89.1 -34.5 0.454 3.29 0.376 2.94 0.540 3.98 0.144 0.986 0.143 0.933 0.144 0.989 0.153 1.06 0.142 0.941
Forest baseline 0.00 0.00 1.15 7.39 1.27 842 1.08 7.10 1.02 6.12 1.10 6.41 1.08 6.31 1.02 6.18 1.03 6.29
DADA4TS Once 43.8 -2.23 1.08 6.65 1.05 6.73 1.07 7.01 1.03 6.25 1.10 6.46 1.09 6.25 1.05 6.33 1.04 6.64
DADATS w/o Selector  39.1  0.234 1.15 7.38 1.27 8.46 1.09 7.14 1.01 6.14 1.05 6.29 1.08 6.15 1.05 6.46 1.04 6.43
DADA4TS w/o TSFMs 40.6 -2.35 1.04 6.49 1.06 6.84 1.07 7.12 1.04 634 1.11 6.62 1.10 641 1.03 6.28 1.06 6.39
DADA4TS 45.3 -233 1.05 6.66 1.06 6.83 1.10 7.32 1.03 6.24 1.10 6.52 1.09 6.40 1.04 6.21 1.05 6.46
German baseline 0.00 0.00 1.20 8.42 144 10.2 1.34 946 134 9.77 147 108 137 990 148 11.3 1.39 10.2
DADA4TS Once 625 -1.32 1.05 7.18 1.40 10.1 130 9.46 1.38 10.1 144 105 1.37 10.0 135 9.86 1.40 10.1
DADA4TS w/o Selector  40.6 392 1.22 823 150 10.3 143 10.7 140 10.2 143 104 137 9.86 1.33 9.17 1.54 11.7
DADA4TS w/o TSFMs 60.9 -3.21 1.08 7.54 1.38 9.83 1.27 9.27 135 10.1 1.33 9.70 137 10.1 139 998 146 11.2
DADA4TS 719 -3.42 1.09 7.69 1.36 9.55 1.34 9.88 1.32 9.73 136 9.88 1.32 9.70 1.38 10.4 143 10.2
ILI baseline 0.00 0.00 1.83 12.5 1.81 12.1 1.98 13.3 0.567 3.66 0.580 3.72 0.584 3.70 0.601 3.92 0.614 4.12
DADA4TS Once 81.2 -19.0 1.10 7.41 1.07 6.75 1.19 7.51 0.556 3.51 0.531 3.34 0.560 3.48 0.532 3.37 0.566 3.69
DADA4TS w/o Selector  60.9 -239 1.73 11.9 1.86 12.9 2.00 13.3 0.551 3.54 0.546 3.44 0.552 3.54 0.583 3.78 0.556 3.55
DADA4TS w/o TSFMs 96.9 -20.5 1.11 7.42 1.04 6.96 1.16 7.70 0.547 3.50 0.516 3.21 0.542 3.44 0.563 3.54 0.531 3.44
DADA4TS 96.9 -20.4 1.13 7.38 1.07 7.13 1.12 7.410.539 3.45 0.535 3.40 0.534 3.26 0.575 3.66 0.536 3.43
Inventories baseline 0.00 0.00 0.748 5.35 0.719 5.20 0.859 6.24 0.552 3.78 0.548 3.64 0.567 3.83 0.524 3.47 0.561 3.82
DADA4TS Once 594 -11.6 0.461 3.16 0.514 3.76 0.535 3.77 0.554 3.80 0.583 3.92 0.587 4.06 0.582 3.93 0.548 3.91
DADATS w/o Selector  50.0 3.05 0.819 5.91 0.935 7.02 0.711 5.25 0.538 3.64 0.556 3.75 0.558 3.75 0.538 3.58 0.541 3.70
DADA4TS w/o TSFMs 64.1 -13.0 0.477 3.28 0.539 4.04 0.550 3.94 0.554 3.84 0.571 3.84 0.574 3.81 0.516 3.49 0.547 3.80
DADA4TS 62.5 -12.8 0.469 3.23 0.547 4.20 0.508 3.57 0.552 3.77 0.566 3.81 0.586 3.97 0.551 3.78 0.560 3.92
Consump. baseline 0.00 0.00 4.71 36.6 4.58 35.7 4.51 34.9 0.342 1.46 0.398 1.95 0.394 1.51 0.688 3.95 0.529 2.95
DADA4TS Once 37.5 6.54 5.11 41.2 571 433 5.16 41.1 0.402 1.66 0.344 1.69 0.326 1.54 0.575 2.91 0.406 1.94
DADATS w/o Selector  40.6 8.55 5.53 429 599 47.2 4.40 33.9 0.381 1.70 0.351 1.71 0.385 1.90 0.626 2.90 0.525 3.06
DADA4TS w/o TSFMs 54.2 3.68 4.74 36.1 5.67 40.3 5.37 40.3 0.321 1.19 0.415 2.20 0.314 1.28 0.572 2.88 0.417 2.26
DADA4TS 43.8 2.82 5.09 40.8 5.71 43.2 541 42.4 0.344 1.40 0.435 2.22 0.323 1.39 0.429 2.26 0.554 3.11

Furthermore, in the data generation flow employed in this study,
we computed the NRMSE between the time-series data recon-
structed through inverse transformation without using the dif-
fusion model and the time-series data generated using the diffusion
model. The resulting value was small, as indicated by dqig. This
suggests that the reconstruction error is strongly influenced by the
data processing steps, whereas the diffusion model itself is capa-
ble of generating data while capturing the characteristics of the
time-series data in the geometric space.

However, procedures such as dimensionality reduction by PCA
and SVD are not specifically designed for time-series data. There-
fore, structural information inherent to time-series data may have
been lost. In future work, it will be necessary to investigate data
processing methods that are more suitable for time-series data.

Ablation Study. Compared to many conventional methods, DAD-
4TS sequentially generates synthetic data in tandem with the train-
ing of the TSF model. It also utilizes a Selector to determine whether
the generated data is valuable for training the TSF model. In addi-
tion, DADA4TS uses TSFMs to condition the diffusion model during
synthetic data generation. To investigate how each of these compo-
nents affects the performance of DAD4TS, we compared DAD4TS
with versions where specific conditions were restricted. Specifi-
cally, we prepared three ablated versions of DAD4TS: one in which
data generation was performed only once, one in which the Selec-
tor was removed, and one in which the TSFM-based conditioning
was removed from the diffusion model. The results are shown in
Table 8. Table 8 confirms that the Selector is necessary for the
sequential generation of synthetic data in sync with the training
of the time-series forecasting model. This demonstrates that the
Selector functions effectively even when the amount of trainable

data is small. Furthermore, it confirms that in environments where
the Selector is available, sequentially generating synthetic data in
sync with the forecasting model—rather than performing a one-
time static generation—enables the improvement of accuracy in
downstream tasks. However, no significant difference was observed
when comparing cases where TSFMs were used with those where
they were not. This is thought to be because, in this study, TSFMs
were applied to data they had not been trained on, and thus were
unable to effectively capture the characteristics of data.

6 Conclusion

In this paper, we propose DADA4TS, a data augmentation frame-
work for time-series forecasting in the small-scale data regime. This
framework employs a ‘joint training strategy’ that simultaneously
trains and updates, in an online manner, ‘time-series forecasting
models’, a ‘time-series data generation model” implemented based
on diffusion models, and a Selector that continuously selects use-
ful generated samples based on prediction-oriented rewards. We
have demonstrated that, compared to existing data augmentation
methods, this approach significantly improves the accuracy of time-
series forecasting even under conditions of small-scale data. This
framework imposes no restrictions on the time-series forecasting
models. In future work, to address the limitations of the proposed
method’s applicability—restricted to univariate time-series fore-
casting tasks—we are going to aim to extend it to downstream
tasks beyond time-series forecasting as well as to multivariate data
settings.
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