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Abstract

Zero-shot forecasting predicts variables at locations or conditions without direct
historical data, a challenge for traditional methods due to limited location-specific
information. We introduce a retrieval-augmented model that leverages spatial cor-
relations and temporal frequencies to enhance predictive accuracy in unmonitored
areas. By decomposing signals into different frequencies, the model incorporates
external knowledge for improved forecasts. Unlike large foundational time series
models, our approach explicitly captures spatial-temporal relationships, enabling
more accurate, localized predictions. Applied to microclimate forecasting, our
model outperforms traditional and foundational models, offering a more robust
solution for zero-shot scenarios.

1 Introduction

Zero-shot forecasting aims to predict outcomes for previously unseen locations or conditions without
direct historical data. This is crucial in scenarios where acquiring location-specific data is costly
or infeasible. Our approach leverages spatial correlations and temporal frequency characteristics,
enabling effective zero-shot forecasting by incorporating knowledge from similar contexts.

In domains like agriculture and urban planning, precision and local accuracy are essential. Traditional
forecasting models often rely on data from distant stations, leading to inaccuracies. For example, a
farmer using data from a weather station 50 miles away may miss localized conditions like unexpected
frost, resulting in crop damage [14]. This underscores the need for reliable localized prediction
mechanisms.

We introduce a retrieval-augmented zero-shot forecasting model that enhances accuracy by utilizing
the correlation between spatial proximity and temporal frequency. By decomposing environmental
signals into different frequencies, our model identifies patterns in both space and time, improving the
forecasting of microclimate variables. This approach is particularly valuable in fields like agriculture,
ecological conservation, and urban design, where microclimates can vary significantly over short
distances.

While large foundation time-series models [1, 15, 6, 8, 18] exhibit strong generalization capabilities,
they struggle to adapt to new, unseen locations due to the lack of specific contextual data. Existing
deep learning models for spatio-temporal weather modeling [9, 3, 19] are often computationally
expensive and limited to lower spatial resolutions or global scales. Additionally, these models typically
assume data points are on a grid with equal spacing, which does not hold in many microclimate
scenarios. We address these issues using Graph Neural Networks (GNNs) [21, 4] to handle arbitrary
distances between points. Numerical Weather Prediction (NWP) models [5, 11, 16] and adaptive
learning methods [20, 17, 22] face similar limitations, lacking the capability for resolution-aware
retrieval. Our model extends recent retrieval-augmented forecasting methods [10, 7] by incorporating
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Figure 1: Model structure, we decompose the target station’s preceeding past values and then use our
RAG forecasting model for each frequency using more points for slower frequency signals.

resolution-aware retrieval and GNN-based adaptive learning, offering a novel approach to zero-shot
forecasting.

This paper develops and evaluates the retrieval-augmented model, demonstrating its superior perfor-
mance in zero-shot forecasting scenarios by effectively using both spatial and temporal information.

2 Methodology
We aim to forecast climate parameters over a time horizon Ly starting from the current time t,
predicting values Yt = fyt+1; yt+2; :::; yt+Ly

jyi 2 Rg. We use as input a limited preceding window
of climate parameters, Xt = fxt−Lx ; xt−Lx +1; :::; xtg, with each xt 2 Rn representing n available
climate parameters at time t. Our predictions focus on a specific location, the target station (sttar),
characterized by its geographic data ‘(sttar), including latitude and longitude. The historical dataset
H = f(Xt′ ;Yt′)jt′ < tg contains past climate values from multiple stations but lacks data from
sttar in the zero-shot scenario ((Xt(sttar);Yt(sttar)) =2 H 8t). Consequently, we rely on data
from other stations and the immediate preceding window at sttar to forecast at the target station.
Our method addresses this zero-shot forecasting problem by developing models capable of accurate
climate forecasting at sttar without historical data specific to that location.

2.1 Model structure
The overall architecture of our model is illustrated in Figure 1. The core of our approach is a
retrieval-augmented (RAG) forecasting model, designed to efficiently leverage both historical data
and spatial information of reference points to predict values for a target point. To enhance this
forecasting capability, we decompose the input signals into multiple frequency components. For
each frequency, we apply a separate instance of the RAG forecasting model, utilizing a distinct set
of retrieved reference points tailored to that frequency’s characteristics. The outputs from these
individual models are then fused to generate the final forecast.

In the following sections, we first detail the RAG forecasting model, outlining its structure and
functionality. We then explain the concept of resolution-aware retrieval, providing the rationale
behind selecting reference points for each frequency. Finally, the training procedure used to optimize
the model is given in Appendix Section C.1.

2.2 Retrieval-Augmented Forecasting model
In the zero-shot forecasting setting, the past values (or context) available for the target point are
limited. Therefore, to improve forecasting accuracy, it is crucial to leverage information from
other reference points. Our model addresses this by learning the following probability distribution:
P (Yt(sttar)jXt(sttar);Xt(st

Rtar
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2 );Xt(st

Rtar
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1 ; stRtar
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 (sttar) represents the set of reference points for the target point. The function  (sti) retrieves these
reference points based on a distance function d(sti; stj):  (sti) = argmintopk

stj d(sti; stj)

For simplification, we denote the past values of the retrieved reference points as XR
t . The final

forecast for the target point is then given by: Ŷt(sttar) = �(Xt;XR
t )
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