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Abstract

Text-to-Time Series generation holds significant
potential to address challenges such as data spar-
sity, imbalance, and limited availability of multi-
modal time series data across domains. While dif-
fusion models have achieved remarkable success
in Text-to-X (e.g., vision and audio data) gener-
ation, their use in time series generation remains
limit. Existing approaches face two critical lim-
itations: (1) reliance on domain-specific captions
that generalize poorly, and (2) inability to gener-
ate time series of arbitrary length, limiting real-
world use. In this work, we first introduce a
new multimodal dataset containing over 600,000
high-resolution text-time series pairs. Second, we
propose Text-to-Series (T2S), a diffusion-based
framework that bridges the gap between natural
language and time series in a domain-agnostic man-
ner. It employs a length-adaptive VAE to encode
time series of varying lengths into consistent latent
embeddings. On top of that, T2S effectively aligns
textual representations with latent embeddings by
utilizing Flow Matching and employing DiT as the
denoiser. We train T2S in an interleaved paradigm
across multiple lengths, allowing it to generate se-
quences of arbitrary lengths. Extensive evaluations
demonstrate that T2S achieves state-of-the-art per-
formance across 13 datasets spanning 12 domains.

1 Introduction

Time series generation (TSG) enables the creation of high-
quality data in scenarios with limited available datasets, thus
serving as a way to simulate diverse, multimodal temporal
dynamics, which offers significant value in real-world appli-
cations. Generating required objects from text (Text-to-X)
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is a research area that meets human needs and has poten-
tial at the present time. Driven by the success of diffusion
models, Text-to-X generation has made remarkable strides in
domains such as image generation [Rombach et al., 2022;
Esser et al., 20241, video generation [Girdhar er al., 2023],
and speech processing [Le et al., 2024]. Specifically, diffu-
sion models refine noisy data progressively through a learned
process, ultimately producing high-fidelity outputs. While
Text-to-X generation using diffusion models has been exten-
sively explored in vision and audio data, their application to
time series generation is still in its early stages.

Existing studies [Yang et al., 2024] on TSG with dif-
fusion models can be classified into three types based on
the conditioning information. i) Label-based condition. A
class-conditioned diffusion method for generating synthetic
EEG signals is introduced in [Sharma er al, 2023]. ii)
Temporal-based condition. Sensor data synthesis using sta-
tistical adjustments is explored in [Zuo et al., 2023]. Al-
though class- and temporal-conditioned generation is well
discussed [Yuan and Qiao, 2024; Liu et al., 2024b], they are
less flexible than text-based approaches [Gao et al., 2024].
iii) Text-based condition. [Fu er al., 2024] uses domain-
specific metadata (e.g., location, weather) to generate syn-
thetic energy data, while [Wang, 2024] and [Lai ef al., 2025;
Alcaraz and Strodthoff, 2023] apply textual conditioning to
synthesize sales and clinical ECG data, respectively. How-
ever, these methods are often domain-specific, their metadata
captions can not support high resolution general alignment
between time series and fine-grained captions.

Despite the progress made in applying diffusion models to
time series modeling, two significant challenges remain in
this domain. First, the scarcity of high-resolution general-
propose text-time series caption datasets limits progress in
Text-to-Time Series (T2S) generation, while existing datasets
are domain-specific (e.g., healthcare [Johnson et al., 2023],
economics [Cortis ef al., 2017]). Second, existing TSG mod-
els [Yuan and Qiao, 2024; Desai et al., 2021] typically require
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separate training for datasets of different lengths within each
domain, making it challenging to develop length-arbitrary
T2S models. Most approaches rely on predefined sequence
lengths tied to the training data, limiting their ability to gen-
eralize. Since real-world time series exhibit inherent variabil-
ity in length due to factors such as data collection frequency
or system-specific temporal dynamics, the need for length-
specific training significantly hinders the scalability and prac-
ticality of these models.

To address these challenges, we introduce a new fragment-
level dataset, TSFragment-600K, containing over 600,000
high-resolution fragment-level text-time series pairs, which
serves as a foundation for exploring T2S generation. T2S, a
diffusion-based model is presented that bridges the gap be-
tween natural language and time series data in a domain-
agnostic manner. Specifically, T2S utilizes a length-adaptive
variational autoencoder to encode time series of varying
lengths into consistent latent embeddings. The model then
aligns textual representations with latent embeddings using
flow matching and employs a diffusion transformer as the
denoiser. By training T2S in an interleaved manner across
diverse datasets, the model is able to generate high-quality
and semantic aligned time series of arbitrary lengths during
inference, overcoming the fixed-length limitations of prior
approaches. All resources have been made available'. This
work marks three key contributions:

e We systematically explore the existing T2S datasets, and
introduce a novel, high-resolution fragment-level multi-
modal dataset for text-to-time series generation tasks.

* We propose the first domain-agnostic model for text-to-
time series generation, which integrates flow matching and
the diffusion transformer, and is capable of generating se-
mantically aligned time series of arbitrary lengths.

e T2S sets a new state-of-the-art performance across 13
datasets from 12 domains in time series generation, con-
sistently outperforming both diffusion-based models and
those based on large language models.

2 Definition and Dataset
2.1 Problem Definition and Notation

Let x € R” denote a univariate time series of length L. Tex-
tual captions, represented as T, provide semantic guidance
across varying levels of granularity.

Definition 1 (Point-Level Description). A point-level de-
scription T}, provides semantic annotations for individual
time points within the time series X. Each point-level de-

scription T,(f ) corresponds to the j-th time point, where
j € [1,..., L), providing a fine-grained guidance for each
point in time series X.

Definition 2 (Fragment-Level Description). A fragment-
level description Ty provides semantic annotations for non-
overlapping and contiguous fragments of the time series X.

Each fragment-level description Tgcj ) corresponds to the j-th

"https://github.com/WinfredGe/T2S

Summarize the observed patterns in the given time series fragment... |
The output MUST be less than <M > tokens... be consistent with the |
actual trend characteristics of the time series. Given the time series |
data <Time Series> Use the following JSON format <JSON> :

*** Examples:

Example 1: Input fragment <Time Series> Output: <Captions>
Example 2: Input fragment <Time Series> Output: <Captions>
Example 3: Input fragment <Time Series> Output: <Captions>

1
1
1
1
1
Figure 1: Dataset Generation. GPT-40-mini to generate high-quality
natural language descriptions for each time series fragment.

fragment, where the length \Tg.j ) | is arbitrary and determined
by the specific structure of time series X.

Definition 3 (Instance-Level Description). An instance-level
description 'T'; provides a global semantic annotation for the
entire time series x, providing high-level guidance encom-
passing all time points.

We can use these captions to guide time series generation:

Definition 4 (T2S Generation). Given a text—time series
dataset D = {(x(i),TSf))}lNzl with N samples, the task of
T2S generation aims to learn a generative model G that max-
imizes the conditional probability Pg(x | T,), where T, is
the textual guidance provided at one of the following levels
(T, Ty, T;). The generated time series x must semantically
align with the textual guidance T ,.

2.2 TSFragment-600K

The proposed T2S generation task leverages textual captions
at three granularity levels: point, fragment, and instance.
While datasets for point-level [Liu ef al., 2024a] and instance-
level [Kawaguchi et al., 2025] descriptions are readily avail-
able, fragment-level descriptions remain an underexplored
area. Fragment-level descriptions strike a balance between
the granularity of point-level annotations, which may over-
look broader temporal patterns, and the holistic nature of
instance-level descriptions, which might obscure local depen-
dencies. By encapsulating local temporal trends while pre-
serving meaningful contextual relationships, fragment-level
descriptions provide an ideal framework for evaluating the
generative capabilities of T2S models.

To this end, we introduce TSFragment-600K, a novel
dataset comprising over 600,000 fragment-level text-time se-
ries pairs. Each captions captures fine-grained temporal mor-
phological characteristics, offering a rich and nuanced repre-
sentation of the underlying trends. As illustrated in Figure 1,
we employ GPT-40-mini to generate high-quality natural lan-
guage descriptions for each time series fragment, focusing
on local trends and variations. Unlike prior approaches that
rely on predefined dictionaries of time-series changes [Imani
et al., 20191, our captions are expressed in natural language,
enhancing their interpretability and applicability.
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Specifically, we propose a novel generation pipeline to
construct fragment-level captions for time series data. First, a
univariate time series x is segmented into k£ non-overlapping
fragments,with each fragment x(9) € R% as a contiguous
temporal segment for which textual captions are generated.
Second, a seed-based prompting strategy is designed to cap-
ture high-quality captions of fragments. To accurately cap-
ture temporal dynamics, human experts curate high-quality
GPT-40 descriptions for a subset of fragments, which serve
as representative seed prompts. These prompts guide GPT-
4o-mini in generating concise, consistent, and semantically
rich captions for all fragments. A token limit (M) is applied
to ensure a balance between informativeness and brevity.

Finally, five candidate captions are generated for each time
series sample, and their embeddings are computed using text-
embedding-3-small. We ensure the quality of generated tex-
tual captions by leveraging cosine similarity among their
embeddings. Each caption is scored based on the average
similarity of its embedding with others, and the one with
the highest score is selected as the optimal text-time series
pair, ensuring semantic alignment and coherence. Using this
pipeline, we generate reliable fragment-level descriptions for
eight classical time series datasets across diverse domains, in-
cluding energy consumption, financial, exchange rates, traf-
fic, air quality, and meteorological variables. The result-
ing fragment-level dataset, TSFragment -600K, comprises
over 600, 000 samples with corresponding captions.

3 Methodology

In this section, we introduce the T2S architecture, as depicted
in Figure 2. The architecture consists of two key components:

e T2S Diffusion Transformer (T2S-DiT): T2S-DiT facili-
tates high-resolution alignment between captions and the
temporal latent space. It employs flow matching [Liu et al.,
2022] as the diffusion backbone, the diffusion transformer
module [Peebles and Xie, 2023] as the denoiser. Within
this denoiser, textual information is integrated with the in-
put features through adaptive layer normalization

e Pretrained Length-Adaptive Variational Autoencoder
(LA-VAE): LA-VAE encodes variable-length time series
into a unified latent feature space and decodes them back to
their original temporal dimensions. An interleaved training
strategy is adopted to enable effective handling of varying
input lengths during training.

We first employ LA-VAE to map time series of varying
lengths into the latent space. The T2S-DiT module then de-
noises this latent space conditioned on the caption, aligning
the textual and temporal features. During inference, a noise
sequence of arbitrary length, encoded by LA-VAE, generates
aligned time series based on the given caption.

3.1 T2S Diffusion Model

Flow Matching Framework. Inspired by [Esser et al., 2024;
Polyak et al., 2024] and experimental comparisons with
DDPM, we adopt the flow matching framework [Lipman
et al., 2022], specifically adopting the rectified flow ap-
proach [Liu ef al., 2022] using optimal transport paths. This

framework offers superior generation quality and a more sta-
ble inference process compared to DDPM [Ho er al., 20201,
with reduced training costs.

Flow matching consists of forward and reverse processes.
During training, given a time series sample in latent space z1,
a noisy sample zy ~ N(0,I), and a time step ¢ € [0, 1], the
forward path z; is defined as:

p(z | 21) = N (23 tzr, (1 - 1)), (1)
where z; evolves along an optimal transport path defined by:

z; = tz1 + (1 — t)zo, 2)
and the ground truth velocity of this transition is described
by: vy = % = z1 — zg. In the reverse process, the de-
noiser model aims to predict the velocity ugy(z;, t, C) , where
C represents the text prompt embedding generated by T in
Definition 4. The model minimizes the mean squared error

(MSE) between the ground truth and predicted velocities:
By e g (24,1, C) — v 3)

During sampling, pure noise zo ~ N(0,1) is iteratively
denoised to obtain Z; by solving the ordinary differential
equation (ODE) with the well-trained denoiser ug (24, ¢, C).
T2S adopts a classifier-free guidance framework, which does
not rely on explicit class labels for conditioning. Unlike tra-
ditional class-based conditional generation methods, which
use fixed condition categories to guide the generation pro-
cess, classifier-free guidance provides a more flexible and ef-
fective way to balance unconditional and conditional genera-
tion. During training, the method randomly sets the condition
to zero by a random ratio. During inference, the model first
performs conditional generation, followed by unconditional
generation, and then combines the results using a guidance
scale §. The formula is:

up (2z¢,t,C) = (1 4+ d)ug (z¢,t, C) — dug (z,t), (4

where ug(z¢,t,C) is the noise estimater with input z; and
condition C and uy(z¢, t) is the conditioned noise estimater .
Diffusion Transformer. Building on the superior perfor-
mance of the DiT in computer vision [Esser et al., 2024] and
recent advances in time series analysis [Chen ef al., 2024],
we developed a patchified DiT denoiser that leverages DiT’s
fine-grained visual feature extraction and its ability to capture
subtle latent temporal patterns, aligning these patterns with
corresponding textual descriptions through the 2D latent rep-
resentations encoded via LA-VAE. The latent space represen-
tation of time series can be conceptualized as single-channel,
two-dimensional grayscale images z;. We first patchify z,
into a sequence of tokens. Then the input tokens are obtained
by summing the sequence of tokens with two-dimensional po-
sitional embeddings. c; and z; represent the conditioning as-
sociated with time step ¢ and input tokens. To achieve align-
ment between the conditioning c¢; and the input tokens z;, we
employ an adaptive layer normalization (AdaLLN), a form of
modulated layer normalization [Huang and Belongie, 2017]:

Zr —
AdaLN(z, ¢;) = v (tgut) + B, (5)
t
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Figure 2: Overview of the T2S model. The framework conditions on captions for time series generation. LA-VAE encodes variable-length
inputs into a latent space and decodes outputs to the original length. Forward diffusion transforms the original time series into noise, while
T2S-DiT performs reverse denoising to align textual and temporal features, generating high-quality time series.

where scaling parameter oy 1, v 2, V4,1, 7,2 and shifting pa-
rameter (1, 5,2 are chunked outputs, dynamically adjusted
based on the textual information, as shown in Equation 6.

Ve 1, V2, e, fe,2, Be1s Bre = MLP(cy). 6)

The overall procedure can be formulated as follows:

(1)
Z —
Zgl) = Vt,1 (t (ﬁt >+ﬂt71,zg2) = oy 1-MH-A (zil)) 5
o

D
@) 2" — o) ®
2 =z | 2 |+l = ais FEN (7))
Tt
@®)
Z(4) . u(4))
uy (z¢,t,¢t) = MLP | LayerNorm % ,
Oy

A A ©
where ugl) and agz) denote the mean and variance of the input

z; for the i-th layer, respectively, and MH-A represents the
multi-head attention. The entire process integrates adaptive
layer norm into the transformer architecture, enabling it to
dynamically adapt to textual conditioning. By leveraging this
mechanism, the diffusion transformer aligns the input time
series tokens with the contextual information, improving the
generative performance of the model.

3.2 Length-adaptive VAE

T2S generation should support arbitrary-length generation to
meet real-world application demands. For example, website

user activity analysis and medical monitoring. However, pre-
vious works [Lai et al., 2025] typically assume a fixed length,
limiting their applicability. To address this limitation, we pro-
pose a pretrained LA-VAE, enabling the modeling and gen-
eration of time series with arbitrary lengths. In this study,
we mixed data with lengths of 24, 48, and 96, then trained
them in a unified framework. During sampling, arbitrary-
length data can be generated within a specified range. Given
an input time series x, the LA-VAE encoder transforms x
into a latent representation h. This latent representation h
is subsequently upsampled to a fixed-size latent embedding
z = Up-Samp/(h;), which serves as the input to the diffusion
model. Through the diffusion process, a refined latent embed-
ding 7, is generated. A downsampling operation is then ap-
plied to z,, yielding the latent vector h = Down-Samp(%;).
Finally, the VAE decoder reconstructs h into a time series
with the original length. This process enables the handling of
variable-length time series within a unified framework.

Consistency loss. Linear interpolation during upsampling
and downsampling introduces blurriness and artifacts, as it
fails to capture nonlinear features and signal curvature. To
mitigate this, we introduce a latent space consistency loss

term MSE(h, fl) to enhance reconstruction quality:
L(x,%,h,h) = MSE(x, X) + AMSE(h, h), (10)

where the first term enforces fidelity to the original time se-
ries, and the second ensures consistency in the latent space.
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Algorithm 1 Interleaved Training for Mixed Datasets

Require: Datasets {D1,..., Dy}, LA-VAE ¢(-), T2S-DiT gg(-),
batch_size, number of iterations V.
1: no =0,n; + ‘D1|,Z: 1,...,]€
2: DatasetSampling () :

3 n« Zle n;

4:  j ~ Uniform(1,n)

5: Find m € Z* suchthat j € (Z:’;l ng, Z:’:{l nz}
6:  Return Dp[j — 37" n]

7: foriter=1 to N do

8 D+ {},loss=0

9:  for ¢ =1 to batch_size do

10: D + D UDatasetSampling ()
11:  end for

12:  forlengthi =1to k do

13: batch; = {s € D | len(s) =i}

14: S « go(¢(batchy))

15: loss =loss + £ in equation 10

16:  end for

17:  Update ¢

18: end for

3.3 Interleaved Training

Traditional sequential training paradigm often lead to catas-
trophic forgetting. To effectively train models on datasets of
varying lengths within a unified framework, we propose a
novel interleaved training paradigm, outlined in Algorithm 1.

Assume a domain contains d datasets with different
lengths, denoted as {l1,la, . ..,l4}. During training, we shuf-
fle all samples across these datasets and randomly sample
batch_size samples for each batch. Within each iteration,
training is interleaved across these batches, which improves
the model’s generalization ability.

4 Experiments

We conduct an extensive evaluation across 13 datasets span-
ning 12 domains to assess the performance of the T2S, aim-
ing to address the following key research questions:

* RQ1: How does T2S compare in performance to existing
state-of-the-art methods given fragment-level captions?

* RQ2: How does T2S compare in performance to existing
methods given point-level and instance-level captions?

* RQ3: How do the different components within the T2S
affect its overall generation performance?

* RQ4: How sensitive is the T2S’s performance to key hy-
perparameters, and does it require additional fine-tuning?

* RQS5: How effective is T2S when trained on limited data?

4.1 Experimental Settings

Datasets. We evaluated our model on three distinct datasets:
Point-Level, Fragment-Level, and Instance-Level.

 Point-Level Dataset: The Time-MMD dataset [Liu ef al.,
2024a] links individual time series points with correspond-
ing textual news, consisting of 23,618 data points across six
domains, including Climate, Economy, and Social Goods.
We adapted the dataset by concatenating each time series
point with its associated text.

* Fragment-Level Dataset: TSFragment-600K pairs
time series data with captions across seven domain, in-
cluding Electricity, ETT, Exchange, and Traffic [Wu et al.,
2021]. It consists of over 600,000 samples.

¢ Instance-Level Dataset: SUSHI, a simulated dataset
[Kawaguchi et al., 2025], comprises 2,800 samples gener-
ated from 15 pre-defined functions.

Evaluation Metrics. We evaluated performance using Mean
Squared Error (MSE), Weighted Absolute Percentage Error
(WAPE) [Shao er al., 2024], and Mean Reciprocal Rank at
10 (MRR @10)[Craswell, 2009].

* Weighted Absolute Percentage Error (WAPE):

>ica lYi — Uil
ZieQ |yz| ’
where 2 and (2 represent truth space and generative space,
while y; and ¢; denote the corresponding i-th sample.

* Mean Reciprocal Rank at 10 (MRR@10):

1
rank;’

WAPE(y, 9) = (11)

1
MRR@10 = 0 > (12)
i€Q

where rank; = argmin(n | cos(; »,y;) > threshold).

Baselines. To evaluate T2S, we compared its performance
against state-of-the-art fully trained models and zero-shot
large language models, encompassing diverse paradigms to
robustly assess its effectiveness. Among fully trained models,
DiffusionTS [Yuan and Qiao, 2024] uses diffusion with text
and time embeddings for time-series generation and adapts to
text-conditional generation by injecting text embeddings into
its encoder and decoder using AdaLayerNorm. Meanwhile,
TimeVAE [Desai et al., 2021] utilizes a variational autoen-
coder framework with caption embeddings, using dense lay-
ers with ReLU to fuse input and text for conditioning. For
the zero-shot baselines, GPT-40 [OpenAl, 2023] and Llama-
3.1-8b [Dubey et al., 2024] are employed. To curb hallu-
cination and ensure reliable outputs, Llama-3 is guided by
domain-specific prompts, a repeat generation loop, and tar-
geted post-processing.

4.2 Performance Comparison on Fragment-Level
Descriptions (RQ1)

Table 1 presents the fragment-level performance compari-
son across six datasets, evaluated using WAPE, MSE, and
MRR@10. T2S achieves top performance across all met-
rics, securing 14 out of 18 entries (77.8%) for MSE, sig-
nificantly outperforming DiffusionTS (5.6%) and TimeVAE
(11.1%). On the exchange rate dataset, T2S achieves an
average MSE of 0.039, representing a 56.0% improvement
over DiffusionTS and a 68.9% improvement over TimeVAE.
These results demonstrate T2S’s superior ability to align tex-
tual and temporal features across diverse datasets and frag-
ment lengths. Moreover, T2S’s interleaved training strat-
egy enables cross-length training within each dataset, remov-
ing the need for length-specific training required by baseline
models, thereby enhancing scalability and generalization.
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* T28’s interleaved training strategy enables cross-length training within each dataset, whereas other full-trained models require training and evaluation for fixed-length inputs.

T2S DiffusionTS TimeVAE GPT-40-mini Llama3.1-8b
Datasets ~ Length WAPE| MSE| MRR@I0{|WAPE| MSE| MRR@I01|WAPE| MSE| MRR@101|WAPE| MSE| MRR@I07 | WAPE| MSE| MRR@I01
24 0.183  0.008 0.283 0793 0.077 0.267 0.666  0.055 0.211 0264  0.041 0.104 0.883  0.663 0.097
ETThl 48 0.234  0.013 0.289 1207 0.120 0.298 0.647  0.055 0.286 0414 0.080 0.100 0923 1260 0.086
96 0.229  0.011 0.291 0498  0.028 0.214 0.643  0.055 0.286 0.500  0.118 0.096 0.949  1.748 0.056
24 0426 0.033 0.286 0.604  0.040 0.251 0.666  0.048 0.219 0.244  0.031 0.101 1134 0798 0.099
ETTml 48 0.53 0053 0.283 1119 0.100 0.285 0.636  0.051 0.217 0453 0.112 0.097 1.074 149 0.079
96 0.414  0.041 0.299 0.546  0.031 0.293 0.664  0.057 0.208 0.706  0.395 0.091 1079 1.761 0.057
24 0135 0.010 0.28 0.617  0.041 0.253 0.207  0.016 0.213 0734 0592 0.092 0.926  1.140 0.064
Electricity 48 0155 0.013 0.244 1128 0.102 0.227 0.208  0.017 0.216 1014 1.065 0.068 1.038 1416 0.054
96 0.238  0.031 0.318 0.545  0.032 0.247 0213 0.018 0.257 1.024 1210 0.059 1085 1.740 0.034
24 0.292  0.033 0.334 0791 0.077 0.272 1165 0.105 0.252 1072 2.060 0.052 1258 2052 0.045
Exchange Rate 48 0.259  0.033 0.315 1217 0122 0.298 1.064  0.106 0.306 0933 1.074 0.082 1562 2.125 0.051
96 048  0.047 0.31 0.504  0.048 0.216 0.977  0.106 0.274 1141 1.625 0.054 1433 1.892 0.055
24 0.884  0.02 0.304 0.806  0.078 0.265 2303 0.022 0.302 0.557 0379 0.093 0.878  0.697 0.085
Air Quality 48 1295 0.044 0.297 1439 0.120 0.221 1.648  0.023 0.271 0.791 0715 0.08 1141 1.642 0.046
96 1377 0.049 0.34 0.508  0.028 0.304 1270 0.024 0.301 0928  1.127 0.061 1085  1.551 0.050
24 0.353  0.005 0.201 0795 0.077 0.220 0.544  0.008 0.233 1260 1912 0.020 1144 1938 0.022
Traffic 48 0.506  0.008 0.219 1202 0.120 0.188 0.594 0011 0.211 1189 1.928 0.011 1138 1.988 0.004
96 0.543  0.01 0.262 0.509  0.028 0.171 0.641  0.013 0.207 118 2093 0.010 1107 1.994 0.001
1* count - 12 14 16 |1 1 1 |1 2 1 | 4 1 0 | 0 0 0

Table 1: Performance comparison on fragment level. All results are evaluated on three different metrics WAPE, MSE, and MRR@10. For
interleaved training, arbitrary lengths of {24, 48, 96} were selected, with evaluations performed separately for each length.

4.3 Performance Comparison on Point and
Instance-Level Descriptions (RQ2)

Table 2 presents the performance comparison at the point and
instance levels across seven datasets. These evaluations as-
sess models’ abilities to capture fine-grained temporal an-
notations and generate coherent global patterns. T2S out-
performs all baselines across three metrics. It consistently
achieves the lowest MSE values in 17 out of 18 entries, sur-
passing DiffusionTS and TimeVAE, which struggle to capture
fine-grained temporal variations. Similarly, T2S secures the
best WAPE scores in 16 out of 18 entries, demonstrating its
robustness. T2S achieves the top MRR@10 score of 0.314
on the instance-level SUSHI dataset, its WAPE and MSE re-
sults show an advantage over zero-shot models, only a slight
underperformance compared to DiffusionTS in certain sce-
narios. In summary, T2S demonstrates state-of-the-art per-
formance by effectively balancing fine-grained precision with
high-level semantic understanding.

4.4 Ablation Study (RQ3)

Traffic Dataset
EZ1 W/o Text
=7 DDPM
=8 MLP
== Full

Air Quality Dataset

Exchange Rate Dataset
5 15.0

WAPE
NS

-

9% 24 48 96
Lengths

24 48 96 : 24
Lengths

Lengths

Figure 3: WAPE comparison across three datasets and generation
lengths {24, 48, 96}. The legend indicates model configurations:
W/o Text (no text guidance), DDPM (baseline with diffusion prob-
abilistic modeling), MLP (denoiser replaced with Multi-Layer Per-
ception), and Full model.

As shown in Figure 3 ,we conducted three ablation exper-
iments on three datasets: Exchange Rate, Air Quality, and
Traffic, evaluating nine different settings. First, replacing

the flow matching backbone with DDPM resulted in con-
sistent performance drops, with an average error increase of
311.00% across all datasets. Second, substituting the DiT de-
noiser with an MLP drastically degraded results, with errors
rising by 877.67% on the Exchange Rate dataset. Lastly, re-
moving text guidance severely impacted high-resolution gen-
eration, with average error increase of 495.13%, 327.10%,
205.23% across datasets with lengths {24, 48, 96}, respec-
tively, highlighting the critical role of text in guiding genera-
tion quality. These findings clearly highlight the critical role
of each component, demonstrating that the full model is es-
sential for achieving high-quality generation.

Sensitive Analysis Data Scarcity Impact
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Figure 4: Parameter sensitivity analysis on the Exchange Rate
dataset using MRR@10 (left). Data sparsity performance of T2S
on different data ratios. Consistent improvements are reported with
an increasing data ratio (right).

4.5 Parameter Sensitivity (RQ4)

Recent study [Li et al., 2024] demonstrates the pivotal role of
the inference stage in affecting the performance of diffusion
models. Building on this, we explored the sensitivity of the
flow matching diffusion model to key inference parameters:
classifier-free guidance scales (CFG) and generation time
steps,evaluated using MRR@10. Figure 4 shows a heatmap
illustrating performance impact, with yellow regions yielding
superior results and green areas reflecting suboptimal perfor-
mance. Notably, the model achieves higher MRR @10 scores
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* T28’s interleaved training strategy enables cross-length training within each dataset, whereas other full-trained models require training and evaluation for fixed-length inputs.

T2S DiffusionTS TimeVAE GPT-40-mini Llama3.1-8b
Datasets Length WAPE| MSE| MRR@I10 1 ‘ WAPE| MSE| MRR@I101 ‘ WAPE| MSE| MRR@I107 ‘ WAPE| MSE| MRR@101 ‘ WAPE| MSE| MRR@I101

SUSHI 2048 0.494 0.088 0.314 ‘ 0.407  0.032 0.269 ‘ 0.445 0.061 0.288 ‘ 1.093 0.990 0.058 ‘ 0.869 0.827 0.055
24 0.183 0.013 0.661 0.648 0.046 0.294 1.309 0.087 0.251 1.284 2.190 0.070 0.648 0.402 0.124
Agriculture 48 0.197 0.008 0.209 1.422 2.306 0.256 1.165 0.106 0.279 1.321 2.146 0.071 1.012  0.703 0.104
96 0.124 0.014 0.619 1.073 0.096 0.319 0.930 0.076 0.291 1.422 2.306 0.052 1.283 1.125 0.114
24 0.328 0.016 0.405 0.791 0.068 0.293 0.575 0.054 0.306 1.038 0.800 0.104 1.207 1.800 0.053
Climate 48 0.211 0.007 0.39 0.554  0.037 0.305 0.513 0.051 0.335 1.014 0.997 0.092 1.284 2.124 0.046
96 0.294 0.021 0.476 1.279 0.203 0.264 0.494 0.057 0.275 1.057 1.335 0.069 1.167 1.870 0.049
24 0.118 0.010 0.561 0.989 0.086 0.292 0.476 0.084 0.316 0.295 0.071 0.130 1.194 1.690 0.059
Economy 48 0.071 0.004 0.488 1.239 0.132 0.290 0.607 0.129 0.314 0.339 0.063 0.112 0.501 0.270 0.096
96 0.113 0.01 0.667 0.826 0.083 0.293 0.597 0.110 0.329 0.539 0.198 0.124 0.615 0.321 0.100
24 0.212 0.005 0.391 0.452 0.028 0.309 2.287 0.083 0.281 1.327 1.952 0.058 1.807 1.897 0.068
Energy 48 0.174 0.003 0.452 0.373 0.031 0.295 2.012 0.086 0.268 1.408 1.949 0.056 1.139 1.935 0.065
96 0.372 0.017 0.450 0.391 0.030 0.290 1.716 0.099 0.290 1.256 1.904 0.043 1.097 1.593 0.068
24 0.328 0.009 0.192 0.427 0.048 0.224 0.888 0.051 0.323 1.008 1.789 0.050 1.230 1.982 0.068
Health US 48 0.264 0.008 0.129 0.424  0.052 0.221 0.743 0.051 0.296 1.045 1.930 0.014 1.163 1.883 0.035
96 0.316 0.012 0.141 0.594  0.073 0.215 0.753 0.051 0.308 1.089 1.940 0.002 1.176 1.957 0.013
24 0.901 0.024 0.583 0.640 0.070 0.305 0.942 0.049 0.327 1.789 1.420 0.093 1.353 1.653 0.058
Social Goods 48 0.721 0.082 0.452 0.410  0.045 0.337 0.678 0.049 0.349 1.390 1.920 0.055 1.247 1.862 0.056
96 0.283 0.020 0.494 0.417 0.041 0.310 0.677 0.054 0.260 1.347 1.634 0.077 1.261 1.670 0.030

1% count 16 17 15 ‘ 3 2 3 ‘ 0 0 1 ‘ 0 0 0 ‘ 0 0 0

Table 2: Performance comparison on point and instance levels. All results are evaluated on three different metrics WAPE, MSE, and
MRR@10. For the instance-level dataset, SUSHI is used for training and inference with a fixed length of 2048. For point-level training,
arbitrary lengths of {24, 48, 96} were selected for interleaved training.

within the range of CFG scores between 7 and 10 and genera-
tion time steps between 20 and 50. This analysis underscores
the importance of precise inference-stage parameter selection
in optimizing the performance of Flow Matching models.

4.6 Data Scarcity (RQS5)

To explore the impact of dataset size on the model’s perfor-
mance, we evaluate the model on the Exchange Rate dataset
under varying dataset scales. Specifically, we train and eval-
uate the model on subsets consisting of different proportions
of the full dataset. As shown in figure 4, the model demon-
strates consistent improvement with increasing dataset size.
Notably, using only 50% of the dataset, the model achieves
93.8% of the full dataset performance. Similarly, for the
48- and 96-length generations, the model reaches 92.4% and
91.3% of the full dataset performance, respectively. These
results highlight the model’s strong generalization ability in
data-scarce scenarios, showing its capacity to generate high-
quality time-series even with limited training data.

5 Related Work

Text-Time Series Datasets. Existing text-time series pair
datasets can be categorized into three types: instance-level,
point-level, and fragment-level, based on how the caption
and time series are temporally aligned. At the point level,
each time series point is paired with an event description,
such as financial news or clinical notes [Yu et al., 2023;
Cortis et al., 2017; Liu et al., 2024al. At the instance level,
TRUCE [Jhamtani and Berg-Kirkpatrick, 2021] and SUSHI
[Kawaguchi et al., 2025] utilize time series features, such as
upward trends and peaks, as dictionary entries to generate co-
herent signals. At the fragment level, several researchers have
introduced datasets tailored for time series reasoning tasks
[Williams et al., 2024; Chow et al., 2024]. A large-scale,
fine-grained, general-purpose text-time series dataset for time
series generation tasks remains in its early exploration.

Text-Time Series Generation. The general text-to-time se-
ries paradigm can be achieved through contrastive learning or
generative modeling. Recently, contrastive learning has been
employed to facilitate text-to-time series mapping. However,
these approaches are primarily focused on retrieval tasks [Ito
et al., 2024; Rizhko and Bloom, 2024] and cannot be directly
applied to time series generation. In contrast, generative mod-
eling, including variational autoencoders (VAEs) [Desai et
al., 2021; Lee et al., 2023], diffusion models [ Yuan and Qiao,
2024; Kong et al., 2020; Wen et al., 2023; Narasimhan et al.,
2024], and large language models [OpenAl, 2023; Dubey et
al., 2024], provides more versatile frameworks for generat-
ing time series conditioned on textual descriptions. Among
these, conditional diffusion models [Yuan and Qiao, 2024;
Cao et al., 2024; Narasimhan et al., 2024] show promise for
text-to-time series generation due to their ability to model
complex temporal dynamics and generate temporally coher-
ent sequences. For instance, time series generation condi-
tioned on healthcare metadata [Alcaraz and Strodthoff, 2023;
Lai et al., 2025] and sensor metadata [Zuo et al., 2023;
Fu et al., 2024] has been explored. However, these methods
are often domain-specific and fail to address the more gen-
eral alignment between time series and their corresponding
captions, limiting their broader applicability.

6 Conclusion

We proposed TSFragment-600K, a high-resolution
fragment-level multimodal dataset for text-to-time series
generation tasks, and T28S, the first domain-agnostic model
for general text-to-time series generation. Leveraging LA-
VAE and T2S-DiT, T2S generates semantically aligned time
series of arbitrary lengths with high fidelity. Comprehensive
validation across 12 diverse domains demonstrates T2S’s
superior performance, establishing a robust foundation for
text-to-time series generation.
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