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mr-Diff: Multi-Resolution Diffusion Models for Time Series Forecasting (ICLR, 2024 poster)
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Lifeng Shen, Weiyu Chen, James Kwok

B Published: 16 Jan 2024, Last Modified: 24 Mar 2024 '@y ICLR 2024 poster @ Everyone i Revisions | BibTex

Code Of Ethics: [ acknowledge that I and all co-authors of this work have read and commit to adhering to the ICLR Code of Ethics.

Keywords: diffusion model, time series, multiscale

Submission Guidelines: I certify that this submission complies with the submission instructions as described on https://iclrco/Conferences/2024/AuthorGuide.

Abstract:

The diffusion model has been successfully used in many computer vision applications, such as text-guided image generation and image-te-image translation. Recently, there have been attempts on
extending the diffusion model for time series data. However, these extensions are fairly straightforward and do not utilize the unique properties of time series data. As different patterns are usually
exhibited at multiple scales of a time series, we in this paper leverage this multi-resolution temporal structure and propose the multi-resolution diffusion model (mr-Diff). By using the seasonal-trend
decomposition, we sequentially extract fine-to-coarse trends from the time series for forward diffusion. The denocising process then proceeds in an easy-to-hard non-autoregressive manner. The coarsest
trend is generated first. Finer details are progressively added, using the predicted coarser trends as condition variables. Experimental results on nine real-world time series datasets demonstrate that mir-
Diff outperforms state-of-the-art time series diffusion models. It is also better than or comparable across a wide variety of advanced time series prediction models.
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D3U: Diffusion-based Decoupled Deterministic and Uncertain framework for probabilistic
multivariate time series forecasting (ICLR, 2025 poster)

*  Decoupled deterministic and uncertain
« &, AMAIE HIOIENIA deterministic 222t uncertain E22 221510 0|&st= T U3

Diffusion-based Decoupled Deterministic and Uncertain o

Framework for Probabilistic Multivariate Time Series Forecasting
Qi Li, Zhenyu Zhang, Lei Yao, Zhaoxia Li, Tianyi Zhong, Yong Zhang

ﬁ Published: 23 Jan 2025, Last Modified: 05 Mar 2025 ' ICLR 2025 Poster @ Everyone i“l' Revisions [ BibTeX @ CCBY 4.0

Keywords: long-term time series farecasting, deep learning, diffusion model

Abstract:

Diffusion-based denoising models have dermonstrated impressive performance in probabilistic forecasting for multivariate time series (MTS). Nonetheless, existing approaches often mode| the entire
data distribution, neglecting the variability in uncertainty across different components of the time series. This paper introduces a Diffusion-based Decoupled Deterministic and Uncertain (DU
framework for probabilistic MTS forecasting. The framework integrates non-probabilistic forecasting with conditional diffusion generation, enabling both accurate point predictions and probabilistic
forecasting. DFU utilizes a point forecasting model to non-probabilistically model high-certainty components in the time series, generating embedded representations that are conditionally injected into
a diffusion model. To better model high-uncertainty components, a patch-based denoising network (PatchDN) is designed in the conditional diffusion model. Designed as a plug-and-play framework,
D*U can be seamlessly integrated into existing point forecasting models to provide probabilistic forecasting capabilities. It can also be applied to other conditional diffusion methods that incorporate
point forecasting models. Experiments on six real-world datasets demonstrate that our method achieves over a 20% improvement in both point and probabilistic forecasting performance in MTS long-
term forecasting compared to state-of-the-art (SOTA) probabilistic forecasting methods. Additionally, extensive ablation studies further validate the effectiveness of the D¥U framework.

Primary Area: generative models

Code Of Ethics: [ acknowledge that I and all co-authors of this work have read and commit to adhering to the ICLR Code of Ethics.

Submission Guidelines: I certify that this submission complies with the submission instructions as described on https:/ficlree/Conferences/2025/Author Guide.
Anonymous Url: I certify that there is no URL (e.q., github page) that could be used to find authors' identity.

No Acknowledgement Section: [ certify that there is no acknowledgement section in this submission for double blind review.

Submission Number: 7437
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Conclusion

Results
- D3U=UR=E2 BRUAMLIE 712 RESE S7t
- CHHZ AIAIE E1IOIE101IA1 deterministic S22t uncertain S5 =2lotl= =0 X AUS AlAL
- ZAUIEQI AUTLE M S0 528 A
Model | Dataset | ETTml | ETTm2 | Weather | Solar-Energy | Electricity | Traffic
| Method | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE
| NSformer(2022b) | 0440 0430 | 0.277 0343 | 0226 0270 | 0266 0.270 | 0.191 0295 | 0.653  0.360
Poing | TimesNet(2023) | 0374 0387 | 0249 0309 | 0.219 0261 | 0296 0318 | 0.184 0289 | 0.617 0336
forecasting | DLinear(2023) | 0380 0389 | 0.284 0362 | 0.237 0296 | 0.320 0.398 | 0.196 0.285 | 0.598  0.370
| PatchTST(2023) | 0370 0390 | 0.251 0312 | 0223 0.258 | 0259 0.321 | 0205 0307 | 0463 0311
| SparseVQ(2024) | 0.363 0.380 | 0.242 0.302 | 0.225 0.258 | 0.256 0.286 | 0.182 0.267 | 0.480  0.300
| iTransformer(2024) | 0377 0.391 | 0.250 0309 | 0221 0.254 | 0.233  0.261 | 0.164 0.255 | 0.418 0.284
| TimeGrad(2021) | 1.716 1.057 | 1.385 0.732 | 0.885 0.551 | 1.211 1.004 | 0.645 0.723 | 0.932 0.807
Probabilistic |  CSDI(2021) | 0.867 0.690 | 1.291 0.576 | 0.842 0.523 | 0.848 0.818 | 0.553 0.795 | 0.921 0.678
forecasting |~ mimeDiff(2023) | 0.796 0577 | 0.284 0342 | 0277 0331 | 1.169 0.936 | 0.730 0.690 | 1465 0.851
| TMDM(2024) | 0.607 0.558 | 0.524 0.493 | 0.244 0286 | 0295 0.317 | 0222 0329 | 0.721 0411
| ours | 0.363 0.386 | 0.241 0302 | 0222 0264 | 0237 0270 | 0.179 0.267 | 0468  0.299
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