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Abstract

Accurate wind power forecasting is critical for increasingly weather-sensitive power
systems. Forecast accuracy depends on the meteorology—power mapping, which varies
across farms and evolves with operating conditions. Existing approaches either fit site-
specific mappings from limited local data, making them vulnerable to poorly represented
operating conditions, or learn a shared mapping across farms and risk blurring local
response differences. The challenge is to exploit cross-farm data while retaining mappings
that adapt to local and evolving conditions. Here we develop UniWind, which infers target-
specific mappings from a shared cross-farm prior rather than relearning each farm’s
complete mapping. Using data from 576 wind farms spanning all nine wind-energy
environments in China, UniWind learns a shared weather—power prior to reduce reliance
on conditions represented at any single farm, and uses target-farm observations to infer
local deviations, adapting this prior to the current site and operating regime. On the held-
out test sets of these farms, UniWind achieves 82.98% mean accuracy, outperforming the
strongest baseline by 1.28 percentage points. It further achieves 84.05% accuracy on 142
farms excluded from training. UniWind also improves forecasts of rare ramp and low-power
events, reduces estimated upward-reserve requirements by 5.0 MW per 100 MW at 95%
reliability, and cuts fleet-wide model-update computation by 96.7%.

Keywords: wind power forecasting; transferable learning; sample-conditioned mapping;
retraining-free deployment; wind farm heterogeneity; extreme events; reserve procurement;
imbalance settlement
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Wind power has come to play a pivotal role in the global transition toward sustainable
energy [1], [2]. By 2025, China’s installed wind power capacity had increased nearly
twentyfold over the preceding 15 years, and wind power accounted for 10.67% of the
country’s electricity generation [3]. Looking further ahead to 2060, under the overarching
goal of carbon neutrality, wind power is expected to play a dominant role in the energy mix
[4]. However, this rapid expansion poses significant operational challenges for the power
system, as it becomes increasingly susceptible to weather-driven variability with higher
levels of wind power integration [5]-[7]. Accurate wind power forecasting is critical for
mitigating weather-driven variability, as improved accuracy reduces reserve procurement,
real-time balancing needs, and redispatch requirements, thereby lowering operational
costs [8], [9]. Crucially, at high wind penetration, sudden wind ramps can erode operational
flexibility and increase stability risk [10]. Forecasting therefore becomes a security-critical
requirement, not merely an economic tool [11]. A National Renewable Energy Laboratory
(NREL) report shows that savings from a 10% forecast-accuracy improvement grow
sharply with wind penetration in the California Independent System Operator, increasing
from ~ USD 5.05 million annually at ~8% penetration to ~USD 25.10 million at 25%
(~fivefold) [12].

Most existing methods are wind-farm-specific models (WFSMs), focusing on individual
farms and using their operational data to model site-level weather-to-power relationships.
These approaches perform well when data are abundant, and conditions are stable, with
modeling approaches spanning physical models, traditional machine learning, and deep
learning [13], [14], [15], [16]. However, because the learned mapping is tied to the source
site and its observed weather regimes, accuracy depends heavily on the quantity and
quality of local data. For new wind farms or rare weather regimes, generalization is often
poor [17].

The prevailing farm-specific paradigm scales poorly with fleet expansion because
each additional site requires its own model, while knowledge learned elsewhere is not
directly reusable. This limitation becomes increasingly consequential as deployment
accelerates: in 2025, China added approximately 120 GW of wind projects for construction
and grid connection [18]. The same reliance on local data also weakens performance at
newly commissioned farms and under rare weather regimes, where historical samples are
limited [19], [20]. Forecast degradation in these settings can increase operating costs and
complicate performance assessment, reserve scheduling, and balancing dispatch [21], [22].

To overcome this scaling limitation, recent work has explored time-series foundation
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models (TSFMs) [23]-[25], which are pretrained on large, heterogeneous time-series
datasets [26], [27]. By sharing parameters and representations across sites, a single
pretrained model can serve multiple wind farms, reducing the need for repeated site-
specific training and maintenance. However, parameter sharing alone does not resolve
cross-farm heterogeneity: similar weather conditions can produce different power
responses at different sites [28], and a fully shared model may average over these site-
specific differences and limit forecasting accuracy.

The central challenge is therefore to exploit what is shared across wind farms without
averaging away their site-specific weather—power relationships [29]. This suggests a
different forecasting principle: learn what is shared across farms, while inferring what
remains site specific [30]. Based on this principle, we develop UniWind, a fleet-scale
forecasting framework that learns a shared weather—power prior from multi-farm data and
adapts it to individual farms at inference time, as shown in Fig. 1. Using recent weather—
power observations from the target farm as context, UniWind infers how the shared prior
should be adjusted to the local forecasting condition without updating model parameters.
We evaluate UniWind across 576 wind farms spanning all nine wind-energy environments
in China, followed by a strict generalization test on 142 additional farms withheld entirely
from training. We further examine whether cross-farm knowledge sharing remains effective
during rare low-power and ramp events and whether its forecasting gains translate into
operational and computational benefits at fleet scale.
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Fig. 1 | Overview of the UniWind framework. (a) UniWind replaces farm-specific
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forecasting models with a unified model that learns a local weather—power mapping from
forecast-window NWP inputs and reference weather—power samples. (b) UniWind first
learns a shared prior mapping from large-scale multi-farm data, then extracts reference
error patterns and uses them to adapt the prior to the target forecasting scenario. (c) Cross-
attention retrieves the most relevant error patterns from reference memory and injects them
as correction signals to form the local mapping.

Results

Fleet-scale forecasting across heterogeneous wind farms in China

UniWind replaces the traditional farm-specific modeling paradigm with a single fleet-
level model that shares forecasting knowledge across heterogeneous wind farms while
preserving high site-level accuracy. As shown in Fig. 2a, UniWind is trained on weather—
power data from 576 wind farms spanning all nine wind-energy environments in China [31].
The model consists of a shared base predictor and a reference-based adaptation module.
The shared predictor learns a weather—power prior from large-scale multi-farm data, while
the adaptation module uses historical target-farm context to retrieve transferable error
patterns and correct the prior prediction. During inference, UniWind requires no site-
specific retraining or parameter updates [32], [33]. This design allows shared cross-farm
knowledge to be adapted to local forecasting conditions and enables generalization across
diverse terrains, climates, and wind-energy environments.

UniWind leverages historical mapping samples from the target wind farm as reference
information to model its weather—power relationship under the current forecasting scenario,
thereby enabling effective adaptation to varying environmental conditions. We used the
final 180 days of previously unseen data from all 576 wind farms as the test set. Province-
level averages of wind-farm prediction accuracy are shown in Fig. 2b, with representative
forecasting trajectories provided in Supplementary Fig. 1. UniWind improves accuracy over
the best WFSM by 1.28 percentage points (pp), achieving an average accuracy of 82.98%
(Fig. 2c and Supplementary Table 1). The WFSM baselines include iTransformer [34],
DLinear [35], and XGBoost [36]. UniWind achieves a prediction accuracy that is 3.16
percentage points higher than that of mainstream time series foundation models, with all
models trained on the same data. The TSFMs compared in this paper include Moirai [37],
TimeLLM [38], and TimeMixer [39]. Although both UniWind and these foundation models
are trained on large-scale data, UniWind explicity emphasizes the learning of
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heterogeneous features of wind farms, particularly the wind-to-power conversion
characteristics. In contrast, the evaluated foundation models primarily learn temporal
mappings from historical sequences and weather forecasts to future power output. This
distinction likely contributes to UniWind's accuracy advantage.

Performance gains varied across terrain types and wind-resource levels (Fig. 2d,e).
Relative to the strongest WFSM, UniWind achieved the largest mean gain on plains (1.45
pp), followed by offshore sites (1.20 pp; Supplementary Table 2). Across wind-power-
density classes, the gains were 1.72 pp in the lowest-resource category (<70 W m™2) and
1.61 pp in the highest-resource category (Supplementary Table 3), whereas performance
on plateaus was comparable to that of WFSMs. Overall, the magnitude of the improvement
depended on the operating environment.

The observed advantages also occurred in regions relevant to China’s wind power
development. Major wind power provinces such as Gansu, Hebei, and Shandong are
dominated by plains [40]. At the same time, the future development plan also prioritizes
offshore regions with higher wind-resource levels. These are precisely the scenarios in
which UniWind performs best. Overall, UniWind provided improvements across most
terrain and resource categories, although the magnitude of the gains varied among
operating environments.

Five representative wind farm case studies further validated UniWind’s generalization
capability (Fig. 2f—j). These farms are located across Gansu, Guangdong, Yunnan, Hebei,
and Anhui and differ in location, terrain, and wind-resource conditions. UniWind produces
more accurate short-term forecasts across plains, mountains, coastal regions, and inland
high-wind regions, capturing power fluctuations better than the strongest WFSM. Across
these five cases, UniWind achieves the largest gain of 9.03 pp over the strongest baseline,
and the gain remains 2.14 pp even in the most challenging case. These results support
UniWind as a scalable and general forecasting framework.
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Figure 2 | Spatial distribution and stratified evaluation of wind power forecasting
accuracy in China. (a) National wind power density map and nine representative regions;
dots indicate wind farm locations. (b) Province-level accuracy comparison across
forecasting paradigms (UniWind, WFSM, and TSFM). (c) Accuracy distributions across all
wind farms for each method. (d) Accuracy distributions by terrain type (mountain, plain,
plateau, offshore). (e) Accuracy distributions by wind power density class. (f—j) Case
studies for five representative wind farms. Curves show observations and predictions from
each method.

Generalization to unseen wind farms without site-specific retraining

UniWind can be deployed to unseen wind farms with high accuracy without site-
specific retraining or parameter tuning. During forecasting, recent weather—power pairs
from the target farm provide contextual information about its local weather—power response.
Guided by the shared prior learned across farms, UniWind uses this context to adapt the
forecast to the target site. We evaluate generalization under a strict no-parameter-update
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setting, in which target-farm data are excluded from training and used only as contextual
input during inference. This setting directly tests whether knowledge learned across farms
can be combined with target-site context to generalize to out-of-distribution wind farms [41].

We evaluated UniWind on 142 wind farms that were completely withheld from training.
These sites span all nine wind-energy environments in China and cover major terrain and
climate zones (Fig. 3a). UniWind achieved an average accuracy of 84.05%, exceeding the
strongest WFSM trained independently with 10% local data (82.38%; Fig. 3b and
Supplementary Table 4). Thus, cross-farm pretraining can provide useful site-level
forecasts before a separate local model is trained.

Fig. 3c examines how forecasting accuracy changes with target-site data availability.
UniWind maintains the highest accuracy and the most stable performance across the full
range of data availability. This robustness indicates that cross-farm training captures
transferable weather—power structure, reducing dependence on extensive target-site
training data. By contrast, WFSMs are more sensitive to data availability, with performance
degrading sharply in small-sample settings and remaining below UniWind as more local
data become available. TSFMs also benefit from large-scale pretraining and are less
sensitive to target-site data volume (Fig. 3b—c). However, their lower overall accuracy
indicates that large-scale pretraining alone is insufficient; effective cross-farm forecasting
also requires explicit adaptation to heterogeneous weather—power responses [42].

UniWind outperforms the strongest baseline across the test provinces, further
demonstrating its robust performance across diverse terrains and climatic conditions (Fig.
3d). This advantage is particularly pronounced in provinces where WFSMs perform
relatively poorly (Supplementary Table 4). In Jilin (83.08%), Hebei (83.17%), and Jiangsu
(83.18%), where WFSMs perform worst, UniWind achieves larger accuracy gains than in
other provinces when trained on the full dataset, with improvements of 1.69, 2.05, and 2.24
percentage points, respectively. This pattern is consistent with the design of UniWind. By
leveraging shared structure learned from large-scale cross-site data, UniWind depends
less on target-site data and remains more robust under unfavorable data conditions. In
contrast, because WFSMs rely solely on single-site data, they are more susceptible to
performance degradation when samples are limited, scenario coverage is insufficient, or
observations are noisy or incomplete.
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Figure 3 | Parameter-free generalization to unseen wind farms and cross-province
stability (accuracy measured as (1 - NRMSE) x 100%). (a) Spatial distribution of training
and test wind farms, and the geographic distribution of parameter-free gains. The test set
includes 142 unseen wind farms across all nine wind-energy environments in China. (b)
Overall comparison. UniWind achieves 84.05% mean accuracy under parameter-free
conditions. It exceeds WFSMs trained with 10% local data (82.38%) and TSFM baselines.
(c) Sensitivity to data availability. UniWind remains accurate and stable as target-site data
increases; WFSM improves but stays below UniWind at matched target-data availability;
TSFM gains are limited. (d) Province-level performance. UniWind outperforms WFSMs in
all provinces.

Forecasting rare but system-critical wind-power events

Rare but severe wind-power events, including prolonged low-output periods and sharp
ramps, can challenge resource adequacy and real-time balancing [43], [44]. Their scarcity
in historical data makes them a stringent test of forecasting generalization [45].

We focus on two operationally critical event types: long-lasting low wind power events

9
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(LLWPEs) [46] and large wind power ramp events (LWPREs) [47]. LLWPEs cause
sustained power deficits, increase reserve needs, and elevate operational risk during tight
supply—demand periods, yet account for only 2.15% of the samples (Fig. 4a). LWPREs
produce sharp short-term power changes and increase real-time balancing and corrective-
action requirements, yet account for only 0.46% of the samples (Fig. 4e). Event definitions
and metrics are provided in the Supplementary Information.

On average, UniWind outperformed the strongest WFSM in both event detection and
within-event power forecasting (Fig. 4b,c,f,g). For LLWPE detection, UniWind improved
AUPRC and AUROC by 7.41 and 5.38 percentage points, respectively (Supplementary
Table 5; Fig. 4b). For LWPRE detection, the corresponding gains were 1.52 and 5.26
percentage points (Supplementary Table 6; Fig. 4f). Within event windows, 1-NRMSE
improved by 3.15 percentage points for LLWPEs and 3.63 percentage points for LWPREs
relative to the strongest WFSM (Supplementary Tables 5-6; Fig. 4c,g). These results show
that UniWind improves both event identification and power-trajectory forecasting during
rare high-risk periods.

Aggregate scores can mask whether forecast gains persist across individual event
windows. We therefore quantified the gain over WFSMs for each forecast window (Fig.
4d,h). Across both LLWPEs and LWPREs, improvements were observed for the majority of
forecast windows under all four metrics. For LLWPEs, the fraction of improved windows
ranged from 61.3% to 76.2%; for LWPREs, it ranged from 72.5% to 78.0% (Fig. 4d,h). Thus,
the average gains are not driven by a small subset of events but persist across most
individual forecast windows.

Representative cases illustrate how these gains appear in individual events. For the
LLWPE case, the predicted onset and end of the low-output period aligned more closely
with observations, while predicted power remained closer to observed levels throughout
the event window (Fig. 4i). For the LWPRE case, UniWind more accurately captured the
ramp magnitude and showed less lag and bias around the sharp transition (Fig. 4j).
Together, the aggregate, per-window, and event-level analyses show that cross-farm
knowledge sharing remains effective precisely in the rare conditions where individual wind
farms provide the least training data.

10
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Figure 4 | Detection and within-event power forecasting for rare high-risk events.
(a,e) Distributions and thresholds for LLWPE (a) and LWPRE (e). (b,f) ROC curves and key
detection metrics (AUROC, AUPRC). (c,g) Within-event power forecasting scores (1 -
NRMSE, 1 - NMAE). (d,h) Distributions of per-forecast-window gains relative to WFSMs.
(i,j) Case studies showing forecasts for LLWPE and LWPRE events.

Operational value and scalability of fleet-wide forecasting

We next assessed whether fleet-level forecasting gains translate into operational value
as wind deployment scales. We quantify these benefits through two measurable channels:
grid-assessment penalties on the wind-farm side and additional upward-reserve
requirements on the system side. Under the assumptions described below, these gains
correspond to an estimated CNY 3.33 billion in annual operational savings when
extrapolated to China’s 640 GW of installed wind capacity in 2025. Under the installed-
capacity projections reported by China Energy Investment Corporation [48], this estimate
rises to CNY 15.59 billion by 2060 (Fig. 5a). The savings reported in Fig. 5a include only
these two quantified channels. We additionally assess the computational cost of scaling

11
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forecasting through fleet-wide model training and updates.

Penalty reduction is the most direct operational benefit for wind farm owners. In China,
grid-assessment rules typically set accuracy thresholds for power forecasts to support
stable grid operation and dispatch. Wind farms below the threshold face penalties. Fig. 5¢
summarizes the annual average penalties by region. Values are reported as “penalty per
100 MW wind farm”. Relative to WFSM, UniWind reduces penalties in all regions. On
average, the annual penalty decreases by CNY 0.36 million per 100 MW, corresponding to
an approximately 20% reduction.

On the system side, we estimate the additional upward reserve implied by forecast
shortfalls. For each timestamp, we compute the shortfall as the difference between
predicted and measured power when the prediction exceeds the measured power.
Otherwise, the shortfall is set to zero. We then sort all shortfalls and use high quantiles to
represent reserve needs under a reliability target. For example, a 95% reliability target uses
the 95th percentile. A 99% target uses the 99th percentile (Fig. 5d). Per 100 MW wind farm,
UniWind reduces the required upward reserve by 5.0 MW at 95% reliability and by 5.5 MW
at 99% reliability. Using capacity savings x reserve price x equivalent annual utilization
hours, we convert this into an annual saving of approximately CNY 0.16 million per 100
MW. We assume an upward reserve price of ~CNY 10 per MW-h [52] and equivalent annual
utilization hours of 3119 h [18]. This estimate is a proxy derived from error statistics rather
than a full-system simulation with unit commitment and real-time dispatch constraints.
Sensitivity to reliability targets and price assumptions is shown in Supplementary Fig. 2.

Beyond operational gains, UniWind reduces the computational burden of fleet-wide
model training and updates. It replaces repeated per-site model training with a centralized
fleet-wide training process, avoiding duplicated training computation as the fleet grows. In
our cost accounting, we compare only the training stage; site-level data capture and
deployment are assumed to be equivalent across methods. Within this scope, one UniWind
fleet-wide training run requires 192 GPU-h, whereas WFSM training requires 10 GPU-h
per farm, as shown in Fig. 5b. Across 576 wind farms, one complete WFSM update
therefore requires 5,760 GPU-h. UniWind reduces the training computation required for a
fleet-wide update by 96.7%, with the computational advantage increasing as the number
of wind farms grows (Fig. 5e).
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Figure 5 | Operational value and deployment scalability of fleet-wide wind
forecasting. (a) lllustrative annual operational savings extrapolated along a capacity
growth pathway (2025-2060; unit: 10° CNY). Savings are decomposed into grid-
assessment penalty reduction and reduced additional upward reserve. (b) Training
compute cost for one full model update over 576 wind farms (unit: 10®* CNY; rounded).
Assumptions: UniWind 192 GPU-h per update; WFSM 10 GPU-h per site per update; GPU
price 5 CNY per GPU-h. Relative savings are shown. (c) Regional average grid-
assessment penalties (per 100 MW wind farm; unit: 108 CNY). UniWind is compared with
WFSM, with percentage reductions annotated. (d) Additional upward reserve needs versus
reliability target (1 — €) (per 100 MW wind farm). Reductions at 0.95 and 0.99 are highlighted.
(e) Training compute per update versus number of wind farms N (GPU-h per update; log
scale). WFSM scales linearly with N, whereas UniWind uses one centralized training run.
The gap and break-even point N* are highlighted.

Discussion

As wind penetration and the number of wind farms grow, forecasting capability must
scale across an expanding and increasingly heterogeneous fleet. Under the prevailing
farm-specific paradigm, however, each additional site adds another independently trained
model, while the knowledge accumulated across the fleet remains fragmented. This
creates a scalability mismatch between rapid wind deployment and the forecasting
infrastructure needed to support it. UniWind addresses this mismatch by combining fleet-
level knowledge sharing with target-site adaptation. Across the evaluated wind farms, the
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gains over both farm-specific and time-series foundation models show that cross-farm
knowledge sharing need not come at the expense of site-specific forecasting accuracy.

The results suggest that cross-farm generalization does not require a fixed universal
weather—power mapping. Instead, wind farms share transferable weather—power structure,
while their site-specific deviations remain important for accurate forecasting. UniWind
operationalizes this view by learning a shared prior from large-scale multi-farm data and
using target-site weather—power context to adapt that prior during forecasting. This design
enables the model to exploit cross-farm diversity without averaging away local response
differences, thereby improving accuracy while avoiding farm-specific retraining.

This generalization capability changes how forecasting models can be deployed at
new wind farms. On 142 previously unseen wind farms, UniWind achieved 84.05%
accuracy, outperforming WFSMs trained on 10% of the local data and approaching fully
trained site-specific models. This shifts the operational workflow from repeated local model
development to centralized training and direct deployment, allowing forecasting capability
to expand without adding a separately trained model for every new wind farm. It is
particularly relevant to newly commissioned or data-scarce wind farms, where sufficient
local records for conventional model development may not yet be available.

The event-level results suggest that cross-farm knowledge sharing may be particularly
valuable when local examples are scarce. By learning recurring event patterns from a large
and diverse set of wind farms, UniWind improves both event detection and within-event
power forecasting for LLWPE and LWPRE, even when such events are rarely observed at
individual sites. More reliable identification of event onset and occurrence can support
earlier risk awareness, while improved trajectory forecasts provide information on event
duration, severity, and recovery. These capabilities may offer more informative inputs for
reserve scheduling, balancing actions, and operational preparedness during rare but high-
impact periods.

The improved forecasting accuracy also translates into measurable operational value.
For wind farm owners, lower forecast errors can reduce deviation penalties, while for the
power system they can reduce the upward reserves required to cover forecast shortfalls.
Under representative assumptions, the corresponding annual savings are estimated at
CNY 0.36 million and CNY 0.16 million per 100 MW, respectively. Under the same
assumptions, a simple capacity-based extrapolation corresponds to approximately CNY
3.33 billion in annual operational savings at China’s 2025 installed wind capacity and CNY
15.59 billion by 2060 under the assumed growth scenario. Centralized fleet-wide training
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further reduces the computation required for a full model update by 96.7% relative to
separate farm-specific training. Thus, fleet-level knowledge sharing can reduce the
operational burden of forecast uncertainty while avoiding proportional growth in model-
training effort as the wind fleet expands.

This study has several limitations. UniWind depends on the diversity and
representativeness of its training data; extension beyond China will require datasets
spanning a broader range of wind regimes. Performance also remains sensitive to
meteorological-input quality and common SCADA issues, including missing data, sensor
drift, compression artifacts, and non-stationarity caused by control updates or equipment
ageing. Finally, although UniWind improves point forecasts and rare-event detection, risk-
aware operation ultimately requires well-calibrated probabilistic forecasts; extending the
framework to predictive distributions is therefore an important next step.

In summary, our results show that site heterogeneity does not require wind farms to
be treated as independent forecasting problems. By learning transferable cross-farm
structure while adapting to local weather—power responses, UniWind shifts forecasting
from repeated per-site model development toward fleet-level knowledge accumulation and
deployment. Across a national-scale testbed, this approach reduces reliance on local
training data, generalizes to previously unseen farms, improves forecasts of rare system-
critical events, and lowers both estimated reserve requirements and fleet-wide training
burden. These results suggest that forecasting capability can scale with wind-power
expansion through shared cross-farm knowledge rather than a proportional increase in
independently trained models.

Methods

Mathematical setting

Short-term wind power forecasting uses regional numerical weather prediction (NWP)
as the main input. Given an initialization time t,, the goal is to predict the wind-farm power
sequence over a forecast horizon of length L. We set L = 96 by default, corresponding to
24 h at 15 min resolution. Both inputs and outputs are sampled every 15 min.

For each forecast sample from wind farm s initialized at time t,, the input has three
parts. First, we use a spatiotemporal NWP grid centered at the wind farm within a
+0.3° neighborhood, X;i'" € RF**W>M_ The grid has spatial resolution 0.1°and includes

variables such as wind speed, wind direction, temperature, and irradiance. Second, we use
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383  time covariates, X{.™¢ € R“*3, including month, day, and hour. Third, we use a historical
384 reference set (. , which provides recent paired samples of meteorological inputs and
385 measured power. To avoid temporal information leakage, the reference set (. is
386 constructed strictly using only historical observations available prior to the forecast
387 initialization time ¢t,.

388 Specifically, for each forecast instance, we include reference windows at {t, — gD}gzl,
389 where all corresponding meteorological inputs and power measurements are observed

390 before t,.

391 We construct the reference set by aligning reference windows by time of day across
392 preceding calendar days. For a given initialization time t,, we collect G historical windows
393 at the same time-of-day, {t, — 1day,...,t, — G day}. For each window, we take its NWP
394 inputs, time covariates, and measured power sequence:

— nwp ti G Lx1
395 Zs,to - {(Xs,to—gDrXt(l,rBSD» ys,to—gD)}g=1' ys,- ER X ’

396 where D =1 day. The reference set characterizes the recent site-specific weather-to-
397  power response under similar diurnal conditions.

398 We formalize the predictor as conditional regression:
399 ys,to = f@ (X::Zp’ Xtt'(l)me | (S,to)’ ys,to E IRLXI'
400 Rather than retraining a separate site-specific predictor for each wind farm, the model

401 learns a shared cross-site prior and uses the reference set to infer a local error-correction
402 rule for the current forecasting scenario.

403 Shared meteorology—time encoder and base predictor

404 UniWind first maps the target and reference meteorology—time inputs into a shared
405 representation space [53], [54]. At each 15 min step, NWP features and time covariates are
406 concatenated and projected into a dy.qe -dimensional latent space. A dual-axis
407  Transformer encoder is then applied. The encoder combines temporal positional encoding
408 and learnable feature-axis positional encoding, allowing the model to capture both temporal
409 evolution and feature interactions.

410 The same encoder is shared by the target window and all reference windows.
411  Therefore, meteorological evolution from different sites and different days is embedded in
412 acommon feature space [55]. On top of this shared representation, a base prediction head
413  produces a prior forecast:
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~prior __ tot
Ysro = hbase(H & )s

where H'! e Rl*dmodeljg the encoded target representation. This prior forecast represents
the globally shared weather-to-power mapping learned from multi-site data.

Reference-error memory construction

Instead of directly retrieving reference power trajectories, the current model explicitly
constructs a reference-error memory. For each reference window, the shared base
predictor is first applied to obtain its prior forecast:

~prior _ ref
ys,to—gD - hbase(Hg )

Given the observed reference power y,. _,p, the model computes the reference error

sequence:

_ __ gbrior
eg - ys,to—gD ys,to—gD’

and its temporal difference Ae,. The model further extracts statistical descriptors of the
error trajectory, including mean, standard deviation, extrema, range, slope, peak/valley
positions, median, and energy.

These components are encoded jointly with the reference meteorology representation.
Specifically, the memory source for each reference token contains the reference feature
representation, encoded error trajectory, prior prediction embedding, error embedding,
error-difference embedding, and error-statistics embedding. Two separate projections
generate memory keys and values:

K™ =y (), V" = Yy ().

The key emphasizes when a reference error pattern is transferable, whereas the value
stores the correction information to be read out. This design makes the reference set an
explicit error-aware memory rather than a simple NWP—power lookup table.

Target error query and group-level reference selection

For the target window, the model constructs an error-aware query from three
components [56]: the target meteorology representation H'!, the target prior forecast

~prior
S,to ’

and the temporal difference of the prior forecast. These components are projected,
normalized, and fused to obtain a target error query:

_ ~prior , ~prior
Qerr - ¢err(Htgt' ys,to 'Ay )

S,to
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The model also computes a global query for selecting relevant reference groups. Each
reference window is summarized into a group representation using its encoded
meteorology, encoded error, prior prediction, error embedding, and error statistics. A
softmax similarity between the target group query and reference group keys produces
group weights:

N
Qgrp kgrp,g)
Y, dmodelT

The memory keys and values are then fused across reference groups using a,. This

ag = softmax(

allows the model to adaptively select the most transferable historical error patterns for the
current target scenario.

Gated cross-attention error correction

The final forecast is produced by gated error correction [57], [58]. The target error
query Q°¢™attends to the fused reference-error memory:

QKT
Attn(Q, K, V) = softmax V.

\/ dmodel

A cross-attention block first refines the target query by self-attention and then retrieves
correction context from the reference-error memory. The correction head outputs an
estimated error adjustment Aé. To avoid over-correction, a learnable gate controls the
correction magnitude:

~prior

Ysto = Ysto + Georr - A&

The correction gate is initialized with a small bias so that the model starts close to the
base predictor and gradually learns when reference-based correction should be trusted.
This improves training stability and robustness.

Conceptually, UniWind first learns a universal prior mapping from weather to power,
then uses recent reference windows to infer how that prior is likely to be biased under the
current site and weather regime. Since the transferable object is the error pattern rather
than site-specific model parameters, the method can generalize across scenes without
retraining.

Training objectives
The current implementation uses a two-stage training strategy. In stage 1, the model

trains the shared encoder and base prediction head using mean squared error between
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the prior forecast and observed target power:
Lyase = MSE(HPIT, y).
This stage learns the cross-site universal weather-to-power prior.
In stage 2, the reference-error memory and gated correction module are activated.
The final prediction is optimized by:

Lpred = MSE(7,y).

The model learns to correct the base forecast by retrieving transferable reference-error
patterns.

Optimization

Unless otherwise stated, we set L =96, G = 7, and d,,,q¢1 = 256. The Transformer
encoder uses 4 attention heads, 2 layers, and feed-forward dimension 2d,,,q4¢. VWE USE
dropout during training and disable it during inference. The optimizer is Adam with learning
rate 5x 107*. We train for at most 100 epochs with early stopping based on validation
performance. The batch size is 512. We evaluate using the best checkpoint.

Initialization and training stability

We apply layer normalization, residual connections, dropout, and gated correction to
stabilize training. The correction gate is initialized with a negative bias, making the initial
model close to the base predictor. As training proceeds, the network learns when and how
strongly to apply reference-error correction. This residual correction design reduces the
risk of unstable reference retrieval and improves cross-scene robustness.

Cross-scene generalization mechanism

Under cross-scene training, UniWind learns shared meteorology—time representations
and a universal base predictor from many wind farms. During inference on a new scene,
the model does not update its parameters. Instead, it uses the target site’s recent reference
windows as conditional context. By comparing the target prior forecast and meteorological
representation with reference-window error memories, the model retrieves transferable
bias patterns and applies a gated correction. High-accuracy generalization is achieved
without retraining: the learned parameters provide the universal prior and retrieval
mechanism, while the reference set supplies scene-specific error information at inference
time.
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Data availability

A subset of the data supporting the findings of this study is publicly available at
[https://github.com/WindFarm803/UniWind] for benchmarking and testing purposes. The
full dataset is subject to third-party restrictions and is therefore not publicly available.
Access to the full dataset may be granted for research verification upon reasonable request
to the corresponding author and, where applicable, with permission from the data provider,
under a data use agreement that restricts redistribution.

Code availability

UniWind model and an end-to-end inference example are available at
https://github.com/ WindFarm803/UniWind. The same repository includes the test dataset
used for evaluation.
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