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Abstract

While foundation models have revolutionized text and video pro-
cessing, time series data presents distinct challenges due to miss-
ing values and multi-resolution characteristics. Autoregressive
transformers often learn deterministic dependencies while over-
looking inherent uncertainties. We introduce TimeDiT, a diffu-
sion transformer model that combines transformer-based temporal
dependency learning with diffusion-based probabilistic sampling.
TimeDiT employs a unified masking mechanism to harmonize train-
ing and inference across diverse tasks. Our evaluation demonstrates
TimeDiT’s effectiveness in zero-shot forecasting, establishing it as
a foundation model that bridges the gap between general-purpose
and domain-specific approaches.
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1 Introduction

Time series analysis is fundamental across natural science, sus-
tainability, and healthcare [3, 6, 13, 30]. While specialized models
like TCNs [9], LSTMs [26], GNNs [29], and Transformers [31] have
advanced in specific time series tasks, their domain-specific design
limits broader applicability. Inspired by pre-trained models like
Deepseek [17], GPT-4 [21], LLaMA [28] and Vision Transformer
[8], researchers have begun exploring universal time series fore-
casting models [2, 10, 18].

Recent advances in time series foundation models have estab-
lished promising directions. Current approaches employ diverse
tokenization strategies—such as TimeMoE [25] and TimesFM [7]’s
patching—yet present opportunities for improved generalization.
Channel independence strategies [19] adopted by models like Timer
[18] and Chronos [2] enable efficient model scaling but suggest
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potential for enhanced modeling of temporal patterns and cross-
channel dependencies. Moreover, conventional auto-regressive mod-
els typically learn deterministic mappings, limiting their ability to
capture inherent uncertainties.

Real-world time series data poses fundamental challenges in-
cluding missing values [14], multi-resolution sampling [20], and
irregular temporal intervals [4] that disrupt pattern learning. Cur-
rent benchmarks [1, 16, 32] often fail to reflect these complexities.

Following foundational principles of comprehensive pre-training,
adaptable task-specific pipelines, and knowledge integration, we in-
troduce TimeDiT, a foundation model designed to process practical
time series data across domains, frequencies, and sampling patterns.
As a diffusion transformer-based approach [22], TimeDiT combines
the transformer architecture with diffusion models’ capacity to
explore diverse solutions, incorporating comprehensive time series
mask units for both task-agnostic pre-training and task-specific
inference.

Our contributions include:

e We introduce TimeDiT, a foundation model that integrates
transformer-based temporal modeling with diffusion sam-
pling capabilities. Enhanced by unified masking mechanisms,
TimeDiT transcends conventional foundation models’ fo-
cus on forecasting, enabling comprehensive self-supervised
learning for diverse time series tasks.

e We validate TimeDiT through comprehensive zero-shot ex-
periments aligned with our foundational principles, demon-
strating state-of-the-art performance and cross-task adapt-
ability.

2 Related Work

Recent time series foundation models like Timer [18], Chronos [2],
and TimeMOoE [25] primarily focus on forecasting tasks. General
approaches include string encoding [10], language representation
alignment [11], and decomposition techniques [5]. In diffusion mod-
els, CSDI [27] pioneered imputation while TSDiff [14] addressed
multiple tasks but required separate models. TimeDiT uniquely
offers a unified architecture for diverse time series tasks through a
single pre-trained model with adaptive masking strategies.

3 Methodology
3.1 Problem Definition

We denote a multivariate time series as X = {x; j} € REXL where
K is the number of features and L is the length. An observation
mask Mops = {mj j} € {0, 1ML indicates missing values (m; j = 0)
or observed values (m; j = 1).
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Figure 1: Overview of our proposed TimeDiT.

Let ngs € X°Ps denote the observed subsequence; X" denote
the target subsequence which could be forecast target, 1mputat10n
target, or the whole sequence depending on the task. Let x{°" denote
the unmasked partial observations which act as self-conditions for
the masked area xgar.

Using subscripts of x to denote diffusion timestamps (0 means

no noise applied), our goal is to approximate the true conditional

time series distribution: gx xgar | xgon) with a model distribution:

PB( tar | Xcon) = ( tar) l_lpg( tar ;ar’ Xgon)

~ N(0,I). The mask mechanism M identifies the posi-

COl’l

where x

tions of x;°" and xtar enabling adaptation to tasks like forecasting,

1mputat10n and anomaly detection.

3.2 Time Series Diffusion Transformer

As shown in Figure 1, TimeDiT establishes My based on inputs
with varying shapes, missing values, and multi-resolution data.
The unified time series mask unit constructs masks and adapts to
diverse scenarios, generating x5°" and x{?" with shape RBXLXK (B
is batch size). This enables TimeDiT to learn robust representations

by reconstructing the original sequence through denoising xtar

The embedding layer maps x;°" and noised xBar into a contmuous
token space without vector quantization [15], preserving input
integrity. The TimeDiT block autonomously learns cross-channel
and temporal correlations through end-to-end training.

We train the denoising model using a weighted mean squared
error loss:

con

T
t t: 2
LXE™) = ) By grpeom) (R %6°™) = g (< x5 |
t=1

tar |Xc0n tar)

where y(xtar x5°M)

is the mean of the posterior q(x,*

Trovato et al.

For conditional information of transformer, we employ adaptive
layer normalization (AdaLN):

AdaLN(h, ¢) = cgcale - LayerNorm(h) + cgpift

where h is the hidden state and cg,e and cghify are parameters
derived from x3°". This method proved more effective than input
concatenation [24], as it leverages the scale and shift of x{°" for
capturing temporal continuity.

3.3 Time Series Mask Unit

The Time Series Mask Unit incorporates multiple mask types to
enhance model versatility. It generates four mask types: random
mask MR, block mask MB, stride mask M5, and reconstruction mask
MRe€: For random masking, we generate MR(x,r) =1 [zij > r]
where z ~ Uniform(0, 1) and r is the mask ratio. Block masking
uses MB(x, 1) = 1[j < L — ] where [ is the prediction length, use-
ful for forecasting tasks. Stride masking employs M3 (x, npjocks) =
]l[L;—)J mod 2 = 0] where b = |'nbl — 1, enabling learning from
non-contiguous segments. Reconstruction masking simply uses
MRe¢ = 0 for tasks like anomaly detection and data generation.

During pre-training, these varied masking strategies help the
model develop robust representations. For task-specific applica-
tions, appropriate masks are selected based on the downstream task
requirements.

4 Experiments

Table 1: Forecasting results on CRPSsym for zero-shot setting.

Dataset TimeDiT TEMPO [5] LagLLaMA [23] TimeLLM [12] Timer [18]

Solar 0.424 0.581 0.690 0.997 1.001
Electricity  0.030 0.081 0.065 0.303 0301
Taxi 0.392 0.400 0.620 0.782 0.788
Exchange  0.019 0.030 0.024 0.076 0.072

Our evaluation of Zero-shot forecasting reveals TimeDiT’s strong
zero-shot forecasting capabilities across diverse datasets. In Table 1,
TimeDiT outperforms specialized models on most benchmarks de-
spite operating in a zero-shot environment. The model achieves
state-of-the-art results on Solar, Electricity, and Taxi datasets, demon-
strating its robust generalization capabilities without domain-specific
fine-tuning. TimeDiT’s performance is particularly notable com-
pared to larger models like TimeLLM and Timer, which require
significantly more parameters yet deliver inferior results. While
TEMPO maintains competitive performance on the Traffic dataset,
TimeDiT’s consistent performance across varied prediction hori-
zons suggests superior temporal pattern learning. These results
establish TimeDiT as an effective foundation model for time se-
ries forecasting, balancing generalization with accurate uncertainty
quantification.

5 Conclusion

TimeDiT demonstrates exceptional zero-shot forecasting capabili-
ties across diverse datasets, consistently outperforming specialized
models and establishing itself as a promising foundation model for
time series analysis with robust uncertainty quantification.
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