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Introduction

Contributions
 We propose a multimodal time series foundation model, called Aurora, which is 

pretrained on cross-domain multimodal time series corpus and supports generative 
probabilistic forecasting. Through effectively fusing multimodal information during 
pretraining, Aurora serves as a strong zero-shot forecaster, and can make accurate 
cross-domain inference.

 We devise a novel cross-modality encoder in Aurora, consisting of token distillation 
and modality guiding, implemented by merticulously-designed attention structures. It 
can enhance the temporal representations while effectively fusing representations from 
texts and images.

 We design a novel flow-matching process in the Aurora Decoder. It obtains 
multimodal conditions through a Transformer, and obtains future prototypes containing 
periodic and trend information as the starting points, thus enhancing the ability of flow-
matching.

 Experimentally, Aurora achieves state-of-the-art performance on 5 well-recognized 
benchmarks, including datasets from TimeMMD, TSFM-Bench, ProbTS, TFB, and 
EPF, covering comprehensive scenarios, i.e., unimodal, multimodal, deterministic, and 
probabilistic, thus demonstrating a strong out-of-the-box tool of decision intelligence.

Cross-domain generalization is very important in Time Series Forecasting because
similar historical information may lead to distinct future trends due to different
domain-specific characteristics. As shown in Figure 1, Current research of time series 
forecasting explores the cross-domain adaptation in two main perspectives:

1) pre-training on cross-domain time 
series corpus for unimodal time series 
foundation models, which partially 
possess cross-domain generalization 
capabilities.
2) utilizing cross-modality information 
in training end-to-end multimodal 
supervised models, which effectively 
integrates domain knowledge in 
forecasting.

For time series foundation models, their 
capabilites come from single time
modality and lack explict domain 
knowledge guidance, thus hindering the 
performance; For end-to-end 
multimodal supervised models, they 
lack the ability to support zero-shot 
forecasting in cross-domain scenarios.

Figure 1 Aurora is pretrained on cross-domain
multimodal time series corpus, supporting both
text and image information to enhance zero-shot
time series forecasting.                                     

Aurora Architecture Experiments

Table 1: MSE and MAE results on TimeMMD datasets.
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Modality-Guided Self-Attention Mechanism

Prototype-Guided Flow Matching

Figure 2 The overview of Aurora. n the Aurora Encoder, the multimodal information is extracted, distilled, 
and fused. Modality-Guided Multi-head Self-Attention is introduced to inject the domainspecific knowledge 
into temporal modeling. In the Aurora Decoder, the Prototype-Guided Flow Matching is introduced to 
support generative probabilistic forecasting.

Figure 3 Prototype-Guided Flow Matching. The starting 
point is set as a prototype instead of a random gaussian noise, 
which provides an intuitive guidance in generation process.

Table 2: MSE and MAE results on TSFM-Bench datasets.

Table 3: CRPS and NMAE results on ProbTS datasets.

Table 4:  MSE and MAE results on EPF datasets.

Figure 4 MASE and msMAPE results on TFB-univariate datasets.

Paper CodeMy WeChat
You can subscribe to our Lab:
DecisionIntelligence @ ECNU


