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Overall Framework of TS-RAG
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Detailed Architecture of the Proposed Framework

TS-RAG consists of three key components: a Time Series Foundation Model 
(TSFM), a Retriever and an Adaptive Retrieval Mixer (ARM) augmentation 
module.
Ø The Retriever calculates the Euclidean distance between the query embedding 

and each stored context embedding in the knowledge base, and then selects 
the top-k similar candidates based on the smallest distance.

Ø To perform forecasting, The ARM dynamically weight and fuse each 
embedding of the top-k retrieved forecasting horizons.

Long-term Zero-shot Forecasting Results

Ablation Studies on Augmentation Methods (left) and Knowledge Bases (right)

Case Studies on TS-RAG Retrieval and Forecasting

TS-RAG improves forecasting interpretability in two ways: 
Ø Retrieval-as-evidence, which surfaces the top-k relevant sequences for each 

query window.
Ø Transparent weighting, which highlights the most influential retrieved 

sequences based on similarity scores.

Ablation Study on 
Augmentation 
Modules

Zero-shot Forecasting 
with TS-RAG across 
Different Backbones

Motivation Contribution

Ø Background: Time Series Foundation Models 
(TSFMs) achieve strong zero-shot forecasting.

Ø Target: Propose a retrieval-augmented framework 
to improve generalization and interpretability 
of TSFMs for zero-shot forecasting.

Ø Approach: A lightweight, plug-and-play module 
that enhances TSFMs via post-training, with a 
customizable knowledge base.

Ø We propose TS-RAG, a RAG based time series 
forecasting framework for TSFMs.

Ø We develop a learnable Adaptive Retrieval Mixer 
(ARM) augmentation module that can dynamically 
enhance the time series representation.

Ø Experiments on seven real-world datasets show that 
TS-RAG improves performance by up to 6.8% 
over state-of-the-art TSFMs while also providing 
interpretability for its predictions.

Limitation of existing models:
Ø Generalization: LLMs and TSFMs still face challenge in 

domain generalization and distribution shifts.
Ø Interpretability: TSFMs also suffer from poor 

interpretability for explaining their predictions.
Opportunity in Retrieval-Augmented Generation:
Ø RAG in NLP: proven to boost adaptability and accuracy.
Ø Time series data often exhibit similar patterns across 

history, domains or datasets.
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