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Abstract

This study evaluates Vision Transformers (ViTs) for detecting anthropogenic cli-
mate change signals, crucial for effective policy planning and risk assessment.
Compared to previously suggested models like CNN, MLP, and ridge regres-
sion, ViTs consistently detect forced climate signals earlier across three reanalysis
datasets (ERAS, JRA-3Q, and MERRA-2). Interpretation with Integrated Gradients
reveals consistent spatial patterns, suggesting ViTs utilize physically grounded
signals. This work highlights ViTs’ potential to advance climate change detection
and attribution tasks.

1 Introduction

Understanding the drivers behind climate change is essential for developing accurate climate projec-
tions and shaping effective policies. At the heart of this endeavor is the Detection and Attribution
(D&A) of climate change signals, a process focused on distinguishing the signals of human-induced
warming from the inherently noisy patterns of natural climate variability. The Intergovernmental
Panel on Climate Change (IPCC) has highlighted the critical importance of accurately identifying
these anthropogenic influences to inform targeted mitigation and adaptation strategies effectively [1].

Objective. This paper explores the application of advanced artificial intelligence models, specifically
Vision Transformers (ViTs), to extend the ongoing efforts of climate change Detection and Attribution
(D&A) studies. Considering that climate fields are globally interconnected spatially, we hypothesize
that the global attention mechanism of ViTs could significantly improve D&A models. This approach
is particularly promising given the recent successes of MLPs and CNNss in similar tasks.

Related Work. Traditional approaches in climate Detection and Attribution (D&A) have largely relied
on statistical methods such as Principal Component Analysis (PCA) to identify spatial fingerprints
from long-term climate records, indicative of external forcings like greenhouse gas emissions [2-4].
Recent advancements have seen a shift towards incorporating machine learning techniques, including
ridge regression, Multilayer Perceptrons (MLPs), and Convolutional Neural Networks (CNNs), adept
at detecting climate change signals even in daily weather snapshots [SHS].

2 Dataset and Methods
2.1 Dataset

To train our climate change detection models, we used global climate model outputs from CMIP6
archive. For evaluation on observation records, we utilized three modern reanalysis products.
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CMIP6. CMIP6 is a globally coordinated climate modeling initiative, featuring over 100 models
from more than 50 research groups [9]. It encompasses historical simulations covering 1850 to 2014,
along with ScenarioMIP projections extending from 2015 to 2100 under diverse socioeconomic
pathways, thereby offering a comprehensive dataset for climate research. For model training, we
utilize the ClimDetect dataset [[10]], a dataset curated from CMIP6 specifically designed for climate
change detection tasks, covering the period of 1950-2100. For the hypothesis testing, we prepare an
independent (that is, not used in model training) CMIP6 dataset for 1850-1949 for estimating natural
variability. It comprises the same 7 climate models included in the ClimDetect test set.

Reanalysis. Reanalysis datasets synthesize observations with model outputs to create continuous,
globally comprehensive climate records, offering a more consistent alternative to sparse observational
data alone. We use three modern reanalysis dataset that serves as the closest alternative to direct
observations where continuous data coverage is required for robust model evaluation and hypothesis
testing: ERAS (data span: 1940-present) [[L1], JRA-3Q (1950-present) [12], and MERRA2 (1980-
present) [[13]]. In the context of our study, ‘observations’ refers to reanalysis datasets.

2.2 Climate Change Detection

Our method builds on Sippel et al (2020) [[7], but distinguishes itself by employing modern Al
architectures instead of traditional ridge regression models. For a visual illustration, see Figure

Step 1: Climate Change Detection Model Training. Detection models in most prior studies focus
on extracting ‘fingerprints’—spatial patterns anticipated to emerge due to external forcings such
as greenhouse gas emissions. With the application of nonlinear machine learning models, these
‘fingerprints’ are reinterpreted as complex nonlinear functions. These models are trained to discern
anthropogenic climate signals from the natural variability present in daily climate data. Specifically,
these functions (Fjp) are trained on the CMIP6 dataset to map input daily climate fields (X) to a
annual scalar target variable (y), a key climate change indicator, establishing a model for climate
change signal detection, i.e., y = Fp(X

Step 2: Hypothesis Testing. The null hypothesis posits that the predicted test statistic falls within
the range expected under natural variability. We estimate the distribution of natural variability,
P(ynist) = P(Fy(Xhnist)), by predicting test statistics from the historical (“pre-warming”) CMIP6
dataset for the period 1850-1949. Then, we apply the trained model to reanalysis datasets to obtain
observed test statistics yYons = Fio(Xobs). Finally, we test the null hypothesis by assessing if yops is
distinguishable from the estimated natural variability, e.g., 2.5th-97.5th percentile range of P (ypnist).

Year of Emergence. We quantify hypothesis testing outcomes with the Year of Emergence (YOE),
an important metric for climate projections and policy planning. YOE is defined as the first year
when climate change signals statistically surpass daily natural variability (Figure [S2)). An earlier
YOE indicates a more sensitive detection model, implying better performance in extracting climate
change signals. For robust detection, we establish an ad-hoc threshold for the emergence fraction
(EF; defined as the ratio of days on which climate change is detected to the total days in a year) at
97.5%, equivalent to 356 days.

Table 1: RMSE across different models and experiments, calculated over the ClimDetect test set
that spans 150 years (1950-2100) [Unit: °C]. RMSE values are underlined if their 95% confidence
interval, determined by resampling the test set with replacement 10,000 times, overlap with that of
the best RMSE.

tas-huss-pr tas pr huss  tas-huss-pr_mr tas_mr
CLIP 0.1411 0.1482 0.8935 0.1801 0.1690 0.2410
DINOv2 0.1439 0.1645 0.7995 0.1942 0.1731 0.2552
MAE 0.1430 0.1484 0.6451 0.1571 0.1672 0.2531
ViT-b/16 0.1425 0.1610 0.7132 0.1604 0.1763 0.2562
ResNet-50 0.1471 0.1687 0.6137 0.1661 0.1835 0.2693
MLP 0.1488 0.1557 0.7502 0.1804 0.2192 0.2409
ridge 0.1508 0.1542 09708 0.2304 0.2156 0.2404

2y € R; X € R**128X3 where 64 for latitude, 128 for longitude, and 3 for channels (climate variables).



Table 2: RMSE calculated over the most recent 24 years (1980-2023) of ERA-5 data [Unit: °C].
Corresponding RMSE tables for JRA-3Q and MERRA-2 are presented in Appendix [A-3]

tas-huss-pr tas pr huss  tas-huss-pr_mr tas_mr
CLIP 0.1069 0.1287 0.5218 0.1925 0.1797 0.1853
DINOv2 0.1123 0.1376  0.5876  0.1920 0.1596 0.1807
MAE 0.0941 0.1076  0.7649 0.1319 0.1317 0.1534
ViT-b/16 0.1039 0.0878 1.0109 0.1678 0.1343 0.1480
ResNet-50 0.0982 0.0912 0.6478 0.1764 0.1613 0.1885
MLP 0.1009 0.1091 0.6185 0.1626 0.1708 0.1744
ridge 0.0967 0.1026  0.5228 0.1861 0.1498 0.1792

2.3 Models

We finetuned four pretrained Vision Transformers (ViTs) with a regression head—CLIP [14]], DI-
NOv2 [15], MAE [16], and ViT-b/16 [[17]. To benchmark these ViTs against models suggested by
previous studies, we also trained additional models including CNN (ResNet-50 [[18]), MLP, and ridge
regression. Details on model setups and training dataset specifics are provided in Appendix [A.2]

2.4 Evaluation Configurations

We evaluate our models using six configurations detailed in the ClimDetect [[10] to predict annual
global mean temperature (AGMT). The input variables—surface air temperature ("tas"), surface
specific humidity ("huss"), and precipitation rate ("pr")—reflect those commonly used in climate
change detection and attribution studies. Single-variable experiments are named after the input
variable (e.g., "tas"). The combined variable setup is termed "tas-huss-pr,” and mean-removed
versions are indicated by "_mr" suffixes (e.g., "tas_mr"), presenting more challenging tasks where
models must rely solely on spatial patterns without mean signals.
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Figure 1: (a) Year of emergence (YOE), defined as the first year when the majority of daily climate
fields show a distinguishable climate change signal from natural variability. Grey bars indicate
instances where a model failed to capture YOE within the reanalysis period of 1980-2023. "pr" is
omitted since no detection model can capture YOE. (b) Box plots showing the distribution of test
statistics (AGMT) under natural variability, P(ynisi). The boxes represent the median and interquartile
range; the whiskers the 2.5th—97.5th percentile range.

3 Results

Evaluation on CMIP6 (1950-2100) from ClimDetect Test Set. In experiments like “tas” and
“tas_mr”, simple models such as ridge regression and MLP perform on par with ViTs and CNNs
(Table[T). However, ViTs demonstrate enhanced capabilities in more complex configurations, such
as with multi-variable inputs (“tas-huss-pr”’) and particularly when the mean signal is removed
(“tas-huss-pr_mr”), suggesting their potential uses in more sophisticated climate detection tasks.
Challenges remain in detecting climate signals using only precipitation rate, likely due to its sparsity
and the significant uncertainties associated with precipitation responses under climate change [[19].



Evaluation on Observation (1980-2023). Despite subtle differences, RMSE on ERAS broadly
aligns RMSE on CMIP6 test set, showing the ViTs performs better in most experiments (Table 2)).
While MAE and ViT-b/16 consistently show low RMSE for most variables except "pr", CLIP and
DINOV2 do not uniformly outperform simpler models like MLP and Ridge Regression, particularly
in configurations such as "tas-huss-pr", "huss", and "tas_mr". Notable discrepancies across other
reanalysis, like JRA-3Q and MERRA2 (Tables[ST] [S2), suggest variability in model performance,
likely due to the differing assimilation models and observational inputs used in these reanalysis
systems. Additionally, RMSE values are generally lower on observation data than on the CMIP6
data, likely due to varying evaluation periods rather than model generalization. For example, the
uncertainties in CMIP6 output increase over the projection period.

Year of Emergence. In contrast to RMSE, YOE distinctly highlights the effectiveness of sophisticated
models like ViTs and CNNs (Figure Eb). Across all experiments, MAE, ViT-b/16, and ResNet-50
consistently show the earliest YOE. Conversely, ridge regression and MLP perform comparably to
less effective ViTs such as CLIP and DINOv2, and fail to detect an emergence in the mean-removed
experiments (tas_mr and tas-huss-pr_mr) at the 97.5% EF threshold. This finding is consistent across
various EF thresholds (Figure |S_7f[), showing that MAE, ViT-b/16, and ResNet-50 either outperform or
match the performance of simpler models across different experimental settings.

Interpretability. Physical interpretability remains crucial for establishing data-driven models as a
new tool in climate science. We show preliminary model interpretations using Integrated Gradients
[20] for the "tas-huss-pr_mr" experiment, where a wide performance gap between simple vs. advanced
models are seen, revealing distinct differences between nonlinear ML models and ridge regression
(Figure 2). Unlike ridge, ViTs (along with CNN and MLP) exhibit a diminished focus on land-sea
contrasts and a greater positive dependence on the Antarctic Ocean. These consistent patterns across
different architectures suggest that ViTs may be underpinned by physical processes.
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Figure 2: Visualization of Integrated Gradients (IG) times Input for the tas-huss-pr_mr experiment,
highlighting regions influencing the prediction of AGMT. IG xInput values were calculated for 26k
samples from the ClimDetect test set, where AGMT falls within [1.5, 2.5). These values were
averaged, smoothed using a Gaussian filter, and then normalized by the maximum IG x Input value.
Differences (A) with respect to the ridge regression model are displayed for all models except ridge.
Appendix E includes IG xInput visualizations for other experiments.

4 Summary and Future Work

We demonstrated the potential of ViTs for climate change D&A tasks, noting their ability to detect
climate change signals earlier than simpler models like MLP or ridge regression. While MLP and
ridge regression can match the accuracy of ViTs in certain setups (Table|[I)), ViTs (and CNNs) appear
to excel in filtering out natural variability during the pre-warming period, thereby increasing detection
sensitivity (Figure[Ip). Future work will further probe the physical basis of ViTs, assess consistency
across various explainable Al (XAI) methods, and validate our findings with additional datasets to
ensure our models’ robustness is not merely an artifact of their training and evaluation data.
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A Supporting Information for '""Exploring Vision Transformers for Early
Detection of Climate Change Signals"'

A.1 Visual Illustration of Climate Change Detection Method

Step 1: Train a detection model Step 2: Climate change signal detection

[Source] CMIP6 simulations (ClimDetect) [Source] CMIP6 simulations Estimate the distribution
1950-2100 simulation output 1850-1949 simulation output of natural variability
[Input]  daily climate snapshot Xhist
X € R64x128x3 S P(yhist) = P(FsXnist)
0.75 Range of ypist
_ Z:(;Itinp‘:rjc/ Z:vlt'le Climate change signal
0.50 B i ;g B
””” (detection threshold) distinguishable L
0.25 - 2.5th percentile from natural variability?
’ Individual yops 1
§ 0.00 J YES
Y £ -0.25
[Source] Reanalysis (obs) dataset ]
1980-2023 -0.50 W J NO
X,
obs -0.75
—1.00 /
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[Output] climate change indicator, Predict target variable
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yER

from observation records

Yobs = FoXobs)

Figure S1: Illustration of our climate change signal detection methodology. The diagram features
climate field maps distinguished by color to denote independent datasets: the training dataset in
orange, the historical (i.e., pre-warming) dataset in green, and the observation dataset in purple. Fy
denotes a detection model (e.g., vision transformer, CNN, etc.), where # represents the parameters of
the model. One purple dot represent an individual estimates from a single observation sample. For
detailed information, see Section@

A.2 Training details

Vision Transformers. We adopted four Vision Transformer (ViT) models—ViT-b/16, CLIP, MAE, and
DINOv2—as described in the ClimDetect baseline models, adhering to their specified configurations
and training settings. Their pretrained checkpoints were sourced from Hugging Face (checkpoint name
google/vit-base-patchl16-224, openai/clip-vit-large-patch14-336, facebook/vit-mae-base,
and facebook/dinov2-large). Each model was finetuned with a regression head using a batch size of
512. The learning rate was set at Se-4, with a warm-up period during the first half of an epoch followed by a
fixed linear decay at 5% for the remainder of the training. The models were trained over 10 epochs using the
AdamW optimizer, with all parameters being updated during training. We used the best checkpoints based on
the lowest validation loss.

CNN. We chose the ResNet-50 architecutre for our CNN model. ResNet-50 was trained from a Hugging Face
checkpoint (microsoft/resnet-50) with regression head (that is, num_labels=1). The effective batch size
was 64. The learning rate was set at 1e-4 with a warm-up period over the first epoch followed by a 5% linear
decay for the remaining epochs. The training was conducted over 10 epochs, and then the best checkpoints were
selected based on validation loss.

MLP and Ridge Regression. A ridge regression model was fit with @ = 10°, and a multilayer perceptron
(MLP) featured five hidden layers, each with 100 units. The MLP’s learning rate was set at Se-5 with cyclic
adjustments and included L2 regularization set at o = 0.01.

Training Dataset Size and Split. We utilized the ClimDetect dataset [10] for detection model training, adhering
to its default data split. The dataset comprises 627,581 training samples, 80,227 validation samples, and 108,405
test samples, corresponding to a split ratio of approximately 77:10:13. ClimDetect provides prenormalized,
training ready inputs (e.g., daily climatology removal and z-score standardization) and outputs AGMT values
relative to the 1980-2014 mean. For additional details, refer to the ClimDetect documentation.



A.3 RMSE calculated on JRA-3Q and MERRA-2

tas-huss-pr tas pr huss  tas-huss-pr_mr tas_mr
CLIP 0.1169 0.1265 0.4453 0.1775 0.2010 0.2276
DINOv2 0.1291 0.1235 0.4684 0.1727 0.1748 0.2424
MAE 0.1086 0.1039 0.4586 0.1319 0.1579 0.2034
ViT-b/16 0.1318 0.0994 0.5299 0.1634 0.1667 0.1851
ResNet-50 0.1215 0.1208 0.5829 0.1564 0.1944 0.1706
MLP 0.1142 0.1259 0.7178 0.1547 0.2167 0.2258
ridge 0.1065 0.1156  0.5237 0.1675 0.1748 0.2193

Table S1: Similar to Table[g] in the main text, but with RMSE calculated over the 1980-2023 period
using JRA-3Q data.

tas-huss-pr tas pr huss  tas-huss-pr_mr tas_mr
CLIP 0.1284 0.1576  0.5223 0.2019 0.1685 0.2364
DINOv2 0.1327 0.1733  0.5689 0.2009 0.1709 0.2420
MAE 0.1136 0.1357 0.6032 0.1747 0.1453 0.1897
ViT-b/16 0.1153 0.1159 0.7986 0.1769 0.1411 0.1783
ResNet-50 0.1211 0.1223  0.5270 0.1448 0.1784 0.2384
MLP 0.1311 0.1341 0.6757 0.1757 0.2924 0.2723
ridge 0.1256 0.1262 0.6170 0.1782 0.2546 0.2552

Table S2: Similar to Table[g] in the main text, but with RMSE calculated over the 1980-2023 period
using MERRA-2 data.



A4 Year of Emergence

ERA5: Model Predicted AGMT Emergence Fraction
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Figure S2: Detection model: ViT-b/16; Experiment: "tas_mr". (Left) Model-predicted test statistic,
AGMT, from three different reanalysis datasets, displayed as 365 black dots per year with their
mean represented by the colored line. The red lines indicate the 2.5th to 97.5th percentile range of
natural variability for the test statistics, which was estimated from the 1850-1949 CMIP6 model
simulation output. (Right) Emergence fraction (EF) per year, defined as the fraction of days where
predicted AGMT exceeds the upper bound (the 97.5th percentile of natural variability) within one
year. Centered 5-year window moving averaging is applied to EF time series. (Bottom Right) The
black line represents the average of the three colored lines shown in the upper panels. The Year of
Emergence (YOE) is calculated from this average, defined as the first year where the averaged EF
surpasses the 97.5% threshold (blue line), corresponding to 356 days of the year.



ERA5: Model Predicted AGMT Emergence Fraction
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Figure S3: Similar to Figurebut Ridge regression is used as a climate change detection model.
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Figure S4: Similar to Figure , but with three different emergence fraction threshold: (left) 0.95,
(middle) 0.975, and (right) 0.99.
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A.5 Integrated Gradients maps

A DINOv2 A ResNet-50

-1.0 -0.5 0.0 0.5 1.0

Exp: tas-huss-pr
AGMT: [1.5, 2.5)

Figure S5: Similar to Figure |2} except for the tas-huss-pr experiment

A CLIP A DINOv2 A ResNet-50

~4-1.0 -05 i . 1.0

Exp: tas
AGMT: [1.5, 2.5)

Figure S6: Similar to Figure 2| except for the tas experiment

A CLIP A DINOv2 A ResNet-50

-1.0 -0.5

0.0 0.5 1.0

Exp: huss
AGMT: [1.5, 2.5)

Figure S7: Similar to Figure except for the huss experiment
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A CLIP A DINOv2 A ResNet-50

-1.0 -0.5 0.0 0.5 1.0

Exp: pr
AGMT: [1.5, 2.5)

Figure S8: Similar to Figure |2} except for the pr experiment
g

A DINOv2 A ResNet-50

-1.0 -05 00 05 1.0

Exp: tas_mr
AGMT: [1.5, 2.5)

Figure S9: Similar to Figure except for the tas_mr experiment
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