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Abstract

Multivariate time series widely exist in many real-world systems such as finance, transportation, and social networks. Forecasting such
data requires modeling both the temporal dynamics within individual sequences and the dependency relationships among different
entities. In this paper, we propose a multimodal multivariate forecasting framework (MMPF) that jointly models temporal and
relational information. In the temporal dimension, temporal neural networks (TNNs) are employed to capture short-term fluctuations
and long-term trends of time series. In the spatial dimension, a graph structure is constructed to represent the relationships among
entities, and graph neural networks (GNNs) are used to learn the structural dependencies. In addition, external news text information is
incorporated to provide complementary semantic signals. The extracted multimodal features are finally fused by a multilayer
perceptron (MLP) for prediction. Experimental results demonstrate that multimodal feature fusion can effectively improve the
forecasting performance of multivariate time series.
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Methods WPMixer TimeMixer
ACC(%) RE(%) ACC(%) RE(%)
Baseline 51.73% 0.19% 52.67% 0.14%
+News 52.27% 0.08% 52.91% 0.09%
+LE-GCN 52.45% 0.01% 53.73% 0.03%
+LE-GCN and News 52.72% 0.17% 54.01% 0.05%
TimeXer LSTM LSTM
ACC(%) RE(%) ACC(%) RE(%)
Baseline 52.13% 2.04% 51.88% 1.05%
+News 52.23% 2.18% 51.63% 1.82%
+LE-GCN 52.43% 0.88% 52.59% 0.90%
+LE-GCN and News 53.05% 0.32% 52.70% 0.45%
TCN
ACC(%) RE(%)
Baseline 49.89% 1.26%
+News 50.28% 1.42%
+LE-GCN 50.01% 0.90%
+LE-GCN and News 52.22% 1.22%
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Configuration ACC(%) RE(%)
Baseline 51.59% 1.48%
Basic GCN 51.34% 13.22%
LE-GCN 52.38% 1.05%
GELU-GCN 52.02% 0.71%
GAT 52.16% 0.05%
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	摘 要：多变量时间序列广泛存在于金融、交通和社交网络等系统中，其预测任务需要同时建模序列内部的时间动态以及不同实体之间的依赖关系。本文提出一种多模态多变量预测框架（MMPF），从时间与空间两个维度进行联合建模。在时间维度上，利用时间神经网络（TNN）提取序列的短期波动与长期趋势；在空间维度上，通过构建实体关系图并利用图神经网络（GNN）捕捉序列之间的结构依赖。同时引入新闻文本信息以补充潜在语义信号，并通过多层感知器（MLP）融合多模态特征进行预测。实验结果表明，多模态特征融合能够有效提升多变量时间...
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