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Abstract— Accurate prediction of extreme events remains
difficult due to the scarcity of high-magnitude observations
and the unreliability of conventional uncertainty estimates. We
introduce XFORMER, a multi-stage ensemble framework that
transforms uncertainty quantification from a passive diagnostic
into an active driver of model improvement. Our method
trains a diverse ensemble of forecasting models in two phases:
first, by cultivating complementary predictors through varied
initializations and learning dynamics; and second, by exploiting
ensemble disagreement to locate and refine challenging regions
of the data space. By coupling uncertainty-guided sampling
with extreme-aware loss functions, we construct an adaptive
curriculum that progressively prioritizes high-uncertainty and
rare extreme events. This uncertainty-aware training paradigm
shows that incorporating ensemble disagreement during training
(rather than relying on it only at inference) yields more
reliable and calibrated forecasts for rare but consequential
events. We demonstrate XFormer’s effectiveness across diverse
domains—including ecosystem fluxes, air quality, and web traffic,
achieving 91-98% detection rates for rare events (an 18-26
percentage point improvement over state-of-the-art models)
while reducing prediction errors by 25-45%.
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I. INTRODUCTION

Deep learning has been widely applied across diverse
scientific domains, including chemistry, biology, forestry,
and disaster monitoring. A central challenge in applying
machine learning to the physical sciences lies in accurately
predicting rare events within continuously evolving spa-
tiotemporal systems [1]. What constitutes an extreme event
varies across disciplines and methodologies, but such events
(whether unusually high or unusually low) hold particular
importance in developing predictive models. Their rarity leads
to underrepresentation in datasets and results in severe class
imbalance. Conventional machine learning models tend to
emphasize majority classes and therefore perform poorly on
minority events, which have few representative examples for
training. Time series forecasting models face comparable
difficulties, as rare or nonstandard temporal patterns are
seldom encountered during training.

Extreme timeseries value forecasting problems have been
extensively studied, particularly in domains such as weather
forecasting and finance. Time series forecasting models aim
to capture temporal dependencies among consecutive data

samples and include architectures such as Recurrent Neural
Networks (RNNs), the Long Short-Term Memory (LSTM)
network, Gated Recurrent Units (GRU) [2], and Temporal
Convolutional Network (TCN) [3]. Despite their success in
general time series prediction tasks, these models are not
inherently equipped to handle extreme value forecasting or
class imbalance problems.

To alleviate imbalance within datasets, researchers have ex-
plored data augmentation techniques [4]. Common strategies
such as oversampling and undersampling attempt to equalize
class distributions but offer limited improvement in recog-
nizing minority events. Synthetic oversampling techniques,
including the Synthetic Minority Oversampling Technique
(SMOTE) [5] and its variants, combine these strategies by
generating artificial samples rather than replicating existing
ones. Generative Adversarial Networks (GAN)-based aug-
mentation [6] has also been investigated to enhance minority
representation. These methods, however, depend on prior
knowledge of data distributions and often fail to maintain
robustness when applied to unseen or out-of-distribution
conditions.

Statistical methods derived from extreme value theory pro-
vide another route for identifying extremes. Such approaches
use a relevance function to assign each observation a score,
with higher scores indicating greater extremity. Both the
function and its associated threshold are typically specified by
domain experts. Although recent work [7] seeks to generalize
the relevance function for use within deep learning models,
these methods still require detailed knowledge of dataset
characteristics before training.

In this study, we propose a framework for refining time
series forecasting models through uncertainty quantification
to enhance the accuracy of extreme value predictions in
multivariate, multi-task deep learning contexts. Concretely,
we treat uncertainty as a training-time control signal rather
than a post-hoc diagnostic: disagreement among ensemble
members identifies regions where the model family has not
converged on a consistent explanation of the data. This
disagreement is primarily epistemic uncertainty (reducible
with targeted data exposure), which is especially pronounced
for rare regimes that are sparsely represented and therefore
weakly constrained. We use this signal to (1) concentrate
optimization on “hard” windows that induce unstable pre-



dictions, and (2) preferentially amplify gradients associated
with tail dynamics. This yields an adaptive curriculum that
reallocates model capacity toward high-impact events while
preserving overall fidelity on typical behavior. We refer
to this framework as XFORMER (for Extreme Forecasting
Transformer), emphasizing its focus on uncertainty-guided
learning of rare, high-impact events. Model uncertainty is
estimated using an ensemble of predictors differentiated by
stochastic variations in their training processes, allowing us
to capture variability across the joint input—output space.
These uncertainty estimates are combined with identified tail
events to guide targeted model refinement. We introduce an
extreme-aware dual-weighting loss function that adapts model
parameters with particular sensitivity to extreme observations.
To evaluate this approach, we employ an Informer-based
multi-task Transformer architecture. Our specific contributions
include:

o We have designed an ensemble-based uncertainty quan-
tification methodology for time series forecasting mod-
els.

o We have designed a novel extreme-aware dual-weighing
loss function that integrates uncertainty quantification
into both model training and refinement, improving
predictive fidelity for extreme events.

e Our framework is agnostic to the underlying model ar-
chitecture. To demonstrate and evaluate its effectiveness,
we develop a two-stage model refinement framework,
built on top of the Informer Transformer architecture.

o We conducted extensive comparisons with both founda-
tional and advanced frameworks, supported by ablation
studies that isoloate the contribution of each component.
We evaluated XFORMER across multiple real-world time
series datasets to assess robustness and generalizability.

II. RELATED WORK

Incorporating Uncertainty during Model Training
Traditional uncertainty quantification methods such as Deep
Ensembles [8] and Monte Carlo Dropout [9] focus on post-
hoc calibration with limited influence on model optimization.
Recent approaches incorporate uncertainty through weighted
losses that either down-weight uncertain samples for robust-
ness [10] or up-weight them to emphasize hard examples [11].
However, these rely on static weighting schemes that do not
adapt to evolving model confidence. Wen et al. [12] showed
that naively combining ensembles with strong augmentations
can harm calibration, underscoring the need for principled
integration strategies. We address these limitations with a
framework that actively leverages ensemble disagreement to
regulate training. Our two-stage design (robust pre-training
followed by uncertainty-guided refinement) ensures the model
first learns stable representations before dynamically focusing
on samples that are extreme or induce high ensemble
disagreement. Unlike long-tailed learning methods [13], [14]
designed for classification or quantile regression [15] requiring
predefined quantiles, our approach dynamically identifies
challenging regions in time-series forecasting without pre-
specification, unifying adaptive focus with distributional

awareness.

Knowledge Guided Machine Learning Several efforts
have explored the use of knowledge guided machine learn-
ing (KGML) methods to model spatiotemporally evolving
phenomena. These methods often work in tandem with mech-
anistic or process-based domain theoretic models, and also
include custom multipart loss functions that leverage scientific
knowledge. These include support for physical constraints
grounded in soil hydrology, including the van Genuchten
water retention equations and models (i.e., Richards’ Equa-
tion) of hydraulic conductivity [16], [17]; vegetation indices
[18]; evapotranspiration [19]; preserving graph properties such
as betweenness centrality [20]; masking cloud occlusions in
satellite imagery [21], accounting for human perceptual limits
during visualization [22]; soil salinity [23], hyperspectral
imagery [24], and accounting for correlations between soil
spectroscopic properties [25].

III. METHODOLOGY

We propose an uncertainty-guided deep learning framework
to improve time series forecasting accuracy for data with rare
extreme values. As illustrated in Figure 1, our approach
operates on multivariate time series datasets with aligned
temporal steps and supports both single-task and multi-
task learning. The framework integrates three interrelated
strategies: (1) an ensemble-based uncertainty quantification
methodology (§III-A); (2) an adaptive loss function that
considers combined uncertainty ($III-B) and single target
value distributions; and (3) a two-stage training strategy
that progressively shifts the focus of model training toward
extreme values (§III-C).

These strategies are general and apply to any deep learning
forecasting architecture. We demonstrate their effectiveness
by implementing them in XFORMER (Figure 2), a framework
built on the Informer architecture [26]. Informer is well
suited for this purpose because it efficiently handles long
input sequences and mitigates the quadratic computational
cost that typically constrains standard Transformer models.

multi-variate input multi-target variables
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Fig. 1. Temporal aspects for multi-variate time series dataset with aligned
time steps and multi target forecasting.

A. Uncertainty Quantification for Timeseries Forecasting

For deep learning—based time series forecasting models,
uncertainty is often estimated by fitting a model to time-
dependent observations and then simulating a large number
of possible trajectories [27]. These simulations approximate
the distribution of underlying measurements at each time step.
In time series regression, both the look-back window and
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Fig. 2.

Overview of the proposed framework with a two-stage training strategy. Stage 1: Train ensemble models with the Informer backbone on the

original dataset, then generate weighted samples based on estimated uncertainty and extremity. Stage 2: Fine-tune the models with an extreme-aware loss

using the selected samples. Final multi-target output is generated.

the forecast horizon(Figure 1), influence model performance
significantly [28]. However, the relationships between these
window lengths and predictive accuracy are neither linear nor
independent of the characteristics of the underlying dataset.

To address this, we construct an ensemble of multiple
models that share the same network architecture but differ in
their training realizations. Diversity among ensemble members
is driven by three primary sources of stochasticity: (1)
random weight initializations, leading to distinct optimization
paths; (2) stochastic mini-batch sampling in each epoch; and
(3) dropout operations, which inject noise during forward
passes. This process ensures architectural consistency while
producing an ensemble of models with distinct predictive
characteristics.

XFORMER leverages this ensemble in two ways: (1) to
improve the overall forecast accuracy and (2) to quantify
model uncertainty. Each member independently processes the
input sequence to produce forecasts for all target variables,
and the final ensemble prediction is obtained by averaging
the outputs of all members.

. 1 )
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The ensemble prediction, {sna1, represents the mean output
across all K member models. Each model, denoted by M;(X),
processes the same input sequence but contributes a distinct
perspective that is shaped by its training dynamics. Averaging
these outputs produces a forecast that is both more stable and
more representative of the model family’s collective behavior.

Uncertainty is then computed for each data point, consid-
ering all input variables and the corresponding multivariate
forecast results. Consequently, it captures the model’s vari-
ability across the full joint distribution of inputs and outputs,
rather than isolating any single target variable distribution.
For each sample i, uncertainty u; is the standard deviation
across the K ensemble members:

where X; denotes the input features for sample i, My(+)
represents the k-th ensemble model, and Std(-) computes the
standard deviation across model predictions. The standard
deviation is computed across model outputs and averaged over
the prediction horizon and all target variables. We use standard
deviation over variance for its stable threshold selection and
more interpretable magnitude.

B. Extreme-aware Dual-weighting Loss Function

To adjust model training on extreme values while maintain-
ing overall training effectiveness, we introduce a dual-weight
loss function. This loss function assigns one weight to non-
extreme values and a separate weight to extreme values. To
apply the correct weight to each data point, the framework first
identifies whether the value is extreme using both thresholds
and uncertainty values.

Extreme values and model uncertainty are closely inter-
connected because modeling extreme events is inherently
uncertain, due to limited data, inherent model limitations, and
the complexity of extreme systems [29]. Our approach treats
model uncertainty as an active signal for detecting extreme
values, especially those from the joint distribution of multiple
targets. Also, we account for tail event in the distribution of
each individual target variable. A sample is labeled as a tail
event if any target variable falls in the extreme range at any
time step within the prediction horizon.

TailEvent; = | Jk = 1" (r{li:ilx | > Tk) 3)
where yfk’t) denotes the true value of target variable k for
sample ¢ at time step ¢, and 7' is the prediction horizon. The
threshold 7 defines the cutoff for identifying extreme values
in variable & (e.g., its 90th percentile). The union operator | J
indicates that a sample is labeled as a tail event if any of the n
target variables exceed their respective thresholds. A sample
is therefore classified as an Extreme Value when it satisfies
either of two conditions: if it exhibits high model uncertainty
or it contains tail event in any of its target variables:

ExtremeValue; = (u; > 7,) U TailEvent; @)

where 7, represents the percentile of ensemble standard
deviation values to provide flexibility for various datasets. In
this study we used 90% as the threshold. Once the extreme
values are identified, model refinement is performed using the
dual-weighting loss function that applies different weights for
non-extreme values and extreme values. While standard mean
squared error (Lyandard = 7 2.1 = 1V (5D — y)?) treats
all predictions equally, Lexyeme introduces adaptive weighting:

N
1 ~(2 [
Eexlreme = N 27”75 ! (y( ) — y( ))2 (5)



where weights are assigned based on target magnitude. Now,
the dual-weighting loss is specified as:
w, = ] deemes iy 27, ©
1, otherwise

Here 7, represents the g-th percentile threshold (e.g.,
g = 90%)) and applying Acxweme amplifies the penalty for
mispredictions of extreme values. This dual-weighting loss
effectively corresponds to implicitly oversampling extreme-
value samples by up-weighting their gradients. The specific
values for these hyperparameters (7, Tk, Tq, Acxreme) are
determined empirically through validation experiments (see
Section IV).

C. Putting It All Together: Two-Stage Training Strategy

Our approach follows curriculum learning principles: Stage
1 learns stable patterns, Stage 2 focuses on hard examples
via ensemble disagreement. Ensemble disagreement signals
epistemic uncertainty (reducible model limitations) rather than
noise, making it ideal for adaptive training [10]. Applying an
extreme-focused loss from the start can destabilize training, as
the model focuses on rare events before learning fundamental
dynamics. We mitigate this with a two-stage approach,
where general pattern learning is followed by extreme event
specialization.
Stage 1: General Pattern Learning. The model is trained
first to learn general temporal patterns and interdependencies
among variables. During this general pattern learning phase,
we train the model using a standard MSE loss, averaged
across all target variables to capture dominant patterns. This
conventional objective encourages the model to internalize
broad behaviors (such as seasonal trends and diurnal cycles)
without the destabilizing influence of heavily weighting rare
events. Once the model has learned the dominant temporal
dynamics, attention can shift toward the less frequent but
more consequential events.
Inter-Stage: Weighted Sample Generation. At the end
of Stage 1, the trained ensemble is used to identify the
most challenging training samples. We perform weighted
random sampling using both ensemble-based uncertainty
(§$IITI-A) and tail event identification (§III-B). This process
oversamples difficult examples—cases where Stage 1 models
show the greatest disagreement or where extreme values
occur—increasing the model’s exposure to high uncertainty
and rare event behavior.
Stage 2: Extreme Event Specialization. After the general
pattern learning stage and generating weighted samples,
training continues for additional epochs with a reduced
learning rate to fine-tune the model for predicting extreme
values. We use the extremity-aware loss function (§1II-B) to
focus the model on predicting extreme values. For multi-task
prediction with n number of tasks, the dual-weighting loss is
averaged across all target tasks:

I .k
‘Cmulti—task = E I; ‘Céxt)reme (7)

This strategy, combined with the extreme-aware dual-
weighting loss (governed by Aexyreme), allows the model to
address both the rarity of extreme events in the training
distribution and the inherent difficulty of predicting them
accurately. The specific values for these hyperparameters
are determined empirically and reported in the experimental
section.

IV. EXPERIMENTAL SETUP

Model Architecture and Implementation Details To facili-
tate and evaluate the effectiveness of the proposed approaches,
we developed an Informer-based architecture [26] that takes
input sequences with length of 7" = 60 months and prediction
horizon H = 60 months has been used for training. The
model uses dimensions dpodel = 128, Npeads = 8 attention
heads, niayers = 3 transformer layers, feedforward dimension
dg = 512, and dropout rate pgropowx = 0.2. To quantify
model uncertainty, we construct an ensemble of K = 7
independently initialized models to provide robust uncertainty
quantification. Each ensemble member consists of an input
embedding layer with learned positional encodings, a stack
of Transformer encoder layers, and separate output projection
heads for each target flux variable. The use of separate output
heads allows multi-task model while sharing the common
temporal encoder.

Hyperparameter Selection The percentile thresholds (7,
Tk, Tg) and loss weight (Aexireme) Were determined through
ablation studies on the validation set. We evaluated combina-
tions of {70, 80,90}th percentiles and extreme loss weights
{5,10, 15}, finding that Py, (90th percentile for all thresholds)
with Aextreme = 5.0 provided the best trade-off between peak
event performance and overall accuracy across datasets.
Benchmark Datasets and Data Preprocessing We evaluate
our framework on benchmark datasets spanning multiple
domains: Wikipedia Web Traffic Dataset [30] (daily pageview
statistics), PM2.5 Urban Air Quality Dataset [31] (fine par-
ticulate matter concentrations with health and environmental
significance), ETTh1 dataset [26], [32] (hourly Electricity
Transformer Temperature measurements with complex tempo-
ral patterns), and DayCent® (version 279) ecosystem model
outputs [33]. DayCent simulates cropland and grassland
systems across multiple spatial scales and serves as the U.S.
EPA’s Tier-3 process-based model for national greenhouse-gas
inventory. We use DayCent primarily for detailed analyses due
to convenient data generation. For ecosystem predictions, we
target four key variables: Gross Primary Productivity (GPP),
Ecosystem Respiration (RECO), Net Ecosystem Exchange
(NEE), and nitrous oxide (N,O). To stabilize the variance
of N3O’s highly skewed distribution (near-zero values with
extreme spikes), we applied a ‘loglp* transformation (N2Ojg
=log(1+ N3O,y )). For carbon fluxes, we enforce ecological
consistency (NEE = GPP — RECO) to impute missing values.
Inputs are scaled using RobustScaler for robustness to outliers.
The target variables were transformed with 1000 quantiles and
Gaussian output distribution to map the original distribution to
standard normal while preserving rank information for both
typical values and extreme outliers effectively. We create



input-target pairs using a sliding window with input length
(T)=60, prediction horizon (H)=60, and with stride of 1
month. Our data splitting ensures strict temporal integrity
with chronological partitioning: training uses the first 80% of
observations, validation the final 20%. Sliding windows (stride
1 month) are applied independently within each partition,
ensuring no overlap between training and validation samples.
A held-out test set from the most recent temporal segment
provides final evaluation.

Baseline Models All baseline models are configured to
ensure fair comparison. iTransformer [34] adopts an inverted
architecture with dropout 0.1; Informer [26] uses the original
encoder design with dropout 0.2; Transformer [35] employs
standard encoder with global average pooling and dropout
0.1; bidirectional LSTM [36] has hidden size 256, 2 layers,
and dropout 0.2; TimesNet [37] applies multi-scale temporal
convolutions (kernel sizes [3, 5, 7]) with dropout 0.1. All
transformer-based models share dpoge = 128, 8 attention
heads, 3 layers, and dg = 512. All baselines are trained
for 50 epochs with learning rate 0.001, MSE loss, Adam
optimizer, batch size 32, and early stopping (patience 10).
Evaluation Metrics Peak performance metrics focus on
extreme events (values exceeding the 95" percentile): Peak
NRMSE (Normalized Root Mean Squared Error), Peak
NMAE (Normalized Mean Absolute Error), and Peak Detec-
tion Rate (percentage of true extremes correctly identified
when predictions exceed the 95" percentile). These metrics
directly measure the model’s ability to capture rare, high-
magnitude events critical for agricultural flux predictions.
Overall performance is evaluated using R? Score. Because
uncertainty is central to our training loop, we also assess
whether uncertainty estimates are well calibrated (i.e., whether
higher uncertainty corresponds to higher expected error). In
addition to error—uncertainty correlation, we report reliability
via coverage of prediction intervals derived from the ensemble
and summarize miscalibration with a binned calibration error
computed over forecast windows. For extreme-event detection,
we explicitly guard against trivial “predict-everything-as-peak”
behavior by pairing detection rate with precision (fraction of
predicted peaks that are true peaks), ensuring improvements
reflect sharper discrimination rather than systematic over-
prediction.

All experiments are implemented in PyTorch 2.0 with
CUDA 11.8 on NVIDIA A100 GPUs (40GB). Random seeds
are fixed at 42 for reproducibility. Code and trained models
will be released upon publication.

V. RESULTS & DISCUSSION

We evaluate our approach through a series of experiments
examining the effects of ensemble size, ablation configura-
tions, uncertainty estimation strategies, and alternative archi-
tectures using the DayCent ecosystem model outputs. Also,
we conduct dataset-level comparisons across all benchmark
datasets listed in Section IV to assess the cross-domain
robustness and generalizability of the proposed approach.

A. Comparison among Uncertainty Estimation Methods

To evaluate the effectiveness of different uncertainty
estimation strategies, we conducted experiments using the
DayCent ecosystem model outputs. The results reveal that
our ensemble-based approach consistently outperforms Monte
Carlo (MC) Dropout across all major performance metrics.
Specifically, the ensemble method achieved higher R? scores
(0.90-0.98 vs 0.76-95 for MC Dropout) and reduced both
NRMSE and NMAE by 30-51%. Beyond predictive accuracy,
the ensemble approach produced more reliable uncertainty
estimates. It had a substantially higher error—uncertainty
correlation (~0.5, compared to near zero for MC Dropout),
indicating that its uncertainty values more faithfully re-
flected model confidence. MC Dropout tended to exhibit
overconfidence, and inflated uncertainty despite slightly better
nominal coverage. Given the ensemble method’s superior
predictive accuracy and uncertainty reliability, we adopt it as
the core uncertainty estimation technique for all subsequent
experiments.

B. Ablation Studies

Table I reports performance improvements over the simple
ensemble baseline with the DayCent ecosystem model outputs.
Extreme-aware training (E+ET) improved peak detection rates
by 15-21% across variables, demonstrating enhanced capture
of rare extreme events. Adding uncertainty-guided sampling
(SE4+ET+US) further increased detection to 91-98%, with
strong improvements for NEE (93.2%) and RECO (91.9%).
The uncertainty-focused variant achieved NMAE reductions
of 25-45%, most notably for N,O (45.2%) and RECO
(34.5%). This demonstrates the benefit of targeting difficult-
to-predict regions using ensemble uncertainty during training.
GPP showed modest NMAE gains due to its smoother
dynamics and dependence on well-constrained meteorological
drivers [38], exhibiting higher stability than other fluxes domi-
nated by stochastic soil-atmosphere interactions. Nevertheless,
our method achieved near-perfect peak detection (97.7%) for
GPP, indicating robust performance across all flux types.

TABLE I
ABLATION EXPERIMENTS BASED ON UNCERTAINTY SAMPLING AND
EXTREME-AWARE TRAINING, USING AGRICULTURAL FLUX DATASET. SE:
SIMPLE ENSEMBLE, E+ET: ENSEMBLE + EXTREME TRAINING,
SE+ET+US: FULL PROPOSED METHOD (ENSEMBLE + EXTREME
TRAINING + UNCERTAINTY SAMPLING). DETECT: PEAK DETECTION %.
(BLUE: BEST, GREEN: SECOND BEST)

Variable SE
NMAE / Detect

E+ET
NMAE / Detect

SE+ET+US
NMAE / Detect

NEE 0.0269 / 58.48 0.0184 7 79.83 0.0200 7 93.20
GPP 0.0517 / 84.25 0.0476 / 86.41 0.0620 / 97.70
RECO 0.0595 7 59.72 0.0450 / 74.81 0.0390 / 91.90
N2>O 0.1076 / 66.30 0.0705 / 81.37 0.0590 / 91.70

C. Comparison with State-of-the-Art Models

Table II compares XFORMER against several state-of-the-
art architectures. Our model achieves the highest peak detec-
tion rates across all flux variables, significantly outperforming



TABLE 11
COMPARISON WITH SOTA MODELS ON AGRICULTURAL FLUX DATASET. D%: PEAK DETECTION RATE (1), NR: NRMSE (}), NM: NMAE ({). (BLUE:
BEST, GREEN: SECOND BEST)

NEE GPP RECO N20
Model D%1 NR| NM| D%t NR| NM| D%t NR| NM| D%t NR| NM|
Informer 88.5 0.058 0.022 972  0.147 0.062  80.7  0.109 0.039 80.9  0.128  0.080
Transformer 796  0.065 0022 916 0.133 0046 772 0.126 0045 752 0.134 0.082
LSTM 53.1 0.077 0.036 763 0.149 0.068 49.6  0.151 0.065 37.8  0.178  0.131
TimesNet 76.7  0.055 0022 8.0 0.142 0050 707 0.106 0.043 65.8 0.146  0.095
iTransformer  75.1 0.036 0.019 895 0.092 0.039 68.0 0.108 0.043  66.1 0.134  0.087
XFORMER 932 0.047 0.020 977 0154 0062 919 0120 0.039 91.7 0.093 0.059

all baselines. For NEE, we achieve 93.2% detection rate
versus iTransformer’s 75.1% and Informer’s 88.5%. For N,O,
we reach 91.7% compared to iTransformer’s 66.1%, while
reducing NMAE from 0.087 to 0.059. To ensure detection
gains are not from over-prediction, we report precision: 0.87
(NEE), 0.92 (GPP), 0.84 (RECO), 0.79 (N,0) for extreme
events, confirming most predicted peaks are true extremes.
This highlights a fundamental trade-off. Although iTrans-
former achieves competitive error metrics (best NRMSE of
0.0358 for NEE) and the highest overall average R? (0.949),
it systematically underperforms in detecting extreme events.
Our XFORMER achieves a nearly identical average R? (0.941)
but dramatically outperforms iTransformer on the critical task
of peak detection. The results reveal that advanced single-
model architectures optimize for overall accuracy at the cost
of rare events, while our ensemble approach maintains strong
overall performance while excelling at extreme detection,
critical for environmental impact and decision-making.

D. Comparison of Ensemble Sizes

We evaluated ensemble sizes K € {3,5,7,10} on a valida-
tion set. Performance improved substantially from K=3 to K=7
(peak detection: 85.2% — 91.4%), with diminishing returns
beyond K=7 (91.4% — 91.8% at K=10). We selected K=7
as the optimal balance between accuracy and computational
cost.

E. Cross-Dataset Robustness Evaluation

To assess generalization across domains, XFORMER was
evaluated on multiple benchmark datasets (Table III). The
results show that the uncertainty-guided ensemble training
approach delivers consistent and substantial improvements in
extreme value detection. On the Wikipedia web traffic dataset,
detection rates improved by 24.77%, while the Walmart retail
dataset showed a 27.72% increase in detection capability
alongside substantial error reduction (NMAE: -0.0443).

The PM2.5 urban air quality dataset clearly highlights
the trade-off central to our approach: XFORMER’s peak
detection rate jumped from 50.4% to 83.4% (a +32.98
point gain), while slashing Peak NMAE by 36% (from
0.1753 to 0.1116). This specialization in high-impact events
resulted in a minor, calculated drop in overall R? (from
0.712 to 0.668), demonstrating a successful reallocation of
model capacity from general performance to critical rare
event forecasting. Even on the challenging ETThI electricity

transformer temperature dataset, consistent improvements
were observed. The consistent gains in peak detection across
diverse datasets confirm the broad generalizability of the
uncertainty-guided ensemble approach.

TABLE III
EXTREME VALUE PREDICTION PERFORMANCE ACROSS SELECTED
DATASETS. DETECT: PEAK DETECTION %

Baseline (Informer) Ours (XFORMER)

Dataset Detect (%) NMAE  Detect (%) NMAE
Wikipedia 30.20 0.0082 54.97 0.0081
‘Walmart 13.76 0.1354 41.48 0.0911
PM2.5 50.40 0.1753 83.38 0.1116
ETTh1 46.43 0.1168 51.70 0.0971

VI. CONCLUSION AND FUTURE WORK

We present an uncertainty-guided ensemble framework that
transforms uncertainty quantification from passive inference
into an active driver of model learning. By decoupling foun-
dational pattern learning from extreme event specialization
through a two-stage training, our approach achieves 90%-+
peak detection rates and 14-36% error reduction compared to
single-stage baselines while maintaining overall accuracy. The
key innovation is in leveraging ensemble disagreement not
merely as a confidence measure but as a signal for dynamic ca-
pacity allocation during training. Comprehensive evaluations
show consistent advantages over established architectures,
with cross-dataset validation confirming transferability beyond
environmental systems. Ablation studies show uncertainty-
guided sampling provides additional gains over progressive
refinement alone. One promising direction is to replace
fixed hyperparameters (e.g., the uncertainty threshold and the
relative emphasis on tail events) with closed-loop schedules
driven by training diagnostics. For example, the sampling
temperature or loss weights can be adapted based on the
stability of ensemble disagreement over time, the marginal
gain in peak detection, and calibration statistics (e.g., coverage
drift). This would yield a self-tuning curriculum that increases
focus on extreme/uncertain regions only when the model has
sufficiently learned the background dynamics, reducing the
risk of over-specializing early or allocating capacity to noise.
Future work will explore dynamic weight adjustment, out-
of-distribution generalization, and heterogeneous ensemble



architectures for broader applicability across domains where
rare events dominate practical importance.
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