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Introduction

NRFormer Framework
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(b) Non-stationary Temporal Attention

Q

K

V

Tem
poral  A

ttention

Feed Forw
ard &

 
LayerN

orm

Temporal Attention

<latexit sha1_base64="CpJYZrJmDB8DGeE0qQ19k1BdSj4="></latexit>

P
<latexit sha1_base64="CpJYZrJmDB8DGeE0qQ19k1BdSj4="></latexit>

P

<latexit sha1_base64="aw9J95rYF1V6Ee7r0tU2y8yaLnI="></latexit>�i

<latexit sha1_base64="sL0hFZ7VzVjfVzlP9CUGPOBrJOk="></latexit>

�i

<latexit sha1_base64="+Q2Sem6NC7lV36fJhJatXkPMGOM="></latexit>µi

<latexit sha1_base64="3wHLCyH4fQTrR6Kxvaqdxltgdec="></latexit>�i
<latexit sha1_base64="PNNPfFLhu+jkJkM42QTXDL5OWaM="></latexit>

i

Non-stationary Normalization
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(c) Radiation Propagation Prompting
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(d) Imbalanced-aware Spatial Attention 
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Non-stationary Temporal Attention 

Effectively extract stable knowledge from 
radiation sequence inputs, using this two 
parts: nonstationary normalization and 
point-wise temporal attention.

Radiation Propagation Prompting  

Encode context-specific knowledge (e.g., 
location, meteorological data) as prompts to 
guide model forecasting.

Imbalance-aware Spatial Attention 
Adaptively balance information flow: 
enriching spatial context for isolated stations 
while preventing information overload in 
dense regions.
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Nuclear Radiation Forecasting

Given the historical observation, we aim to predict the radiation level 
1-24 days ahead across all monitoring stations. 

Motivation & Challenges
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Experimental Results
NRFormer: Nationwide Nuclear Radiation Forecasting with Spatio-Temporal Transformer KDD ’25, August 3–7, 2025, Toronto, ON, Canada

Table 1: Evaluations of NRFormer and baselines on two real-world datasets.

Data Models 6th (24 hours / 6 days) 9th (36 hours / 9 days) 12th (48 hours / 12 days) 24th (96 hours / 24 days) sudden change
MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE MAE RMSE MAPE

Ja
pa
n-
4H

HA 3.20 19.73 3.18% 3.57 20.16 3.58% 3.51 20.20 3.48% 3.74 20.78 3.64% 3.83 21.91 3.67%
LR 2.80 11.17 2.58% 2.96 11.50 2.75% 2.94 11.75 2.64% 3.04 12.43 2.65% 3.44 14.19 2.88%

XGBoost 2.38 12.47 2.53% 2.49 12.92 2.61% 2.58 13.10 2.67% 2.80 14.38 2.83% 3.64 16.46 2.97%
DCRNN 2.15 6.32 2.52% 2.30 7.22 2.64% 2.42 8.01 2.73% 2.79 10.49 2.97% 3.09 12.12 2.81%
STID 2.04 5.72 2.47% 2.15 6.18 2.56% 2.19 6.50 2.59% 2.30 7.51 2.63% 2.56 9.63 2.79%

DLinear 2.12 6.16 2.57% 2.20 6.15 2.66% 2.22 6.51 2.60% 2.31 7.47 2.66% 2.35 8.99 2.62%
PatchTST 1.89 5.61 2.24% 2.01 6.06 2.35% 2.05 6.36 2.36% 2.23 7.57 2.48% 2.32 7.84 2.47%
Koopa 1.92 5.69 2.28% 2.01 6.08 2.35% 2.06 6.42 2.38% 2.23 7.64 2.55% 2.31 7.89 2.49%

StemGNN 2.01 6.11 2.72% 2.22 6.19 2.52% 2.29 6.47 2.55% 2.38 7.53 2.59% 2.41 8.71 2.71%
GWN 2.25 5.99 2.78% 2.26 6.30 2.72% 2.27 6.48 2.70% 2.40 7.33 2.80% 2.69 9.86 2.72%

LightCTS 1.87 5.73 2.34% 2.01 6.35 2.44% 2.15 6.54 2.49% 2.29 7.51 2.50% 2.40 8.69 2.68%
NRFormer 1.72 4.82 2.07% 1.79 5.15 2.14% 1.85 5.39 2.18% 1.99 6.24 2.31% 2.05 6.76 2.31%

Ja
pa
n-
1D

HA 2.86 17.83 2.73% 2.97 18.22 2.86% 3.08 18.58 2.98% 3.46 20.01 3.45% 4.11 22.41 3.49%
LR 2.46 11.08 2.07% 2.55 11.76 2.14% 2.67 12.27 2.25% 2.95 14.21 2.50% 3.79 13.92 3.01%

XGBoost 2.51 13.71 2.66% 2.64 14.97 2.76% 2.73 15.36 2.85% 2.95 16.10 3.07% 3.82 15.14 3.15%
DCRNN 1.97 10.51 2.00% 2.14 11.44 2.09% 2.78 12.43 2.17% 2.64 14.53 2.42% 3.46 13.63 3.02%
STID 2.44 7.42 3.41% 2.57 7.93 3.58% 2.68 8.38 3.72% 3.06 9.99 4.23% 3.26 12.62 3.12%

DLinear 1.89 7.85 2.03% 2.11 8.75 2.25% 2.19 8.42 2.42% 2.33 9.19 2.46% 2.48 10.54 2.60%
PatchTST 1.84 6.37 1.95% 1.97 6.98 2.05% 2.03 7.90 2.10% 2.17 9.02 2.44% 2.44 9.92 2.53%
Koopa 1.74 7.03 2.00% 1.83 7.68 2.10% 1.91 8.17 2.15% 2.11 9.77 2.49% 2.46 9.95 2.50%

StemGNN 1.83 7.79 2.11% 2.14 8.63 2.23% 2.16 8.39 2.42% 2.32 9.13 2.43% 2.42 10.25 2.56%
GWN 1.90 7.31 2.16% 1.97 7.77 2.19% 2.04 8.15 2.26% 2.20 9.19 2.43% 2.94 11.35 2.86%

LightCTS 1.85 8.02 2.13% 1.93 7.17 2.17% 2.00 7.74 2.15% 2.15 9.19 2.36% 2.39 9.97 2.51%
NRFormer 1.71 6.25 1.90% 1.78 6.82 1.94% 1.83 7.28 1.98% 2.01 8.76 2.13% 2.06 8.97 2.21%

Table 2: Statistic of radiation and meteorological datasets.

Data Description Japan-4H Japan-1D

Nuclear radiation data
# of stations 3,841 3,841
# of timesteps 6,121 1,021

Interval 4 hour 1 day
Time span 3/17/2021 - 1/1/2024

Meteorological data
# of stations 235
# of timesteps 24,483

Interval 1 hour
Time span 3/17/2021 - 1/1/2024

from the entire country of Japan. Table 2 summarizes the statistics
of the radiation and meteorological datasets.

5.1.2 Evaluation Metrics. We employed three widely used metrics,
including Mean Absolute Error (MAE), Root Mean Squared Error
(RMSE), and Mean Absolute Percentage Error (MAPE), for model
evaluation. Lower values in MAE, RMSE, and MAPE indicate higher
forecasting accuracy. Moreover, we follow [28, 50, 57] to discuss the
errors on predicting sudden changes. We identi!ed the top 10% of
samples in the test set with the greatest variation between observed
and predicted values as sudden change samples for prediction.

5.1.3 Baseline. We compare the proposed NRFormer with 11 base-
line methods, including:

• HA [53]: A method predicts nuclear radiation levels by cal-
culating the average value of historical readings for corre-
sponding periods.

• XGBoost [5]: A method predicts nuclear radiation levels by
leveraging an ensemble of decision trees, optimizing for both
e"ciency and performance.

• LR: A linear regression model that leverages the linear rela-
tionship between input variables and the output.

• DCRNN [26]: a spatio-temporal forecasting model that cap-
tures spatial dependencies through bidirectional random

walks, while addressing temporal dependencies using encoder-
decoder architecture with scheduled sampling.

• GWN [49]: A spatial-temporal graph modeling framework
that generates an adaptive graph and integrates di#usion
graph convolution with dilated causal convolution.

• STID [37]: A simple yet e#ective model for time series fore-
casting that only considers the historical time series with
spatial-temporal identity embeddings.

• DLinear [51]: This study introduces a surprisingly simple yet
e#ective one-layer linear model, LTSF-Linear, which outper-
forms sophisticated Transformer-based long-term time series
forecasting models across multiple datasets, challenging the
prevailing reliance on complex Transformer architectures
for temporal data analysis.

• StemGNN [3]: StemGNN is a novel framework that captures
both inter-series correlations and temporal dependencies
within multivariate time-series data in the spectral domain.

• LightCTS [23]: LightCTS is a framework aimed at e"cient,
lightweight forecasting for correlated time series, balancing
accuracy with reduced computational needs.

• PatchTST [34]: PatchTST is a Transformer-based model for
multivariate time series forecasting, leveraging subseries
patching and channel independence to reduce complexity
and improve long-term accuracy.

• Koopa [31]: Koopa introduces a novel approach for fore-
casting non-stationary time series by leveraging modern
Koopman theory to disentangle and advance time-variant
and time-invariant dynamics.

5.1.4 Implementation Details. The dataset was partitioned into
three distinct subsets: 60% for training, 20% for validation, and 20%
for testing. Our experimens are conducted on two di#erent server
con!gurations: Linux Centos with four RTX 3090 GPUs and Linux

Overall results on two real-world datasets
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