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DiffFlex: A Diffusion-Based Model
for Medium-Term Load Forecasting

Over Flexible Intervals
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Abstract—Accurate medium-term load forecasting
(MTLF) is critical for capacity planning, maintenance
scheduling, and intelligent resource allocation in modern
power systems. However, existing approaches are typically
designed for fixed-horizon, contiguous prediction and often
suffer from multistep error accumulation, limited spatiotem-
poral modeling capacity, and insufficient uncertainty quan-
tification. This article proposes DiffFlex, a diffusion-based
probabilistic forecasting framework that reformulates MTLF
as a temporal outpainting problem. By decoupling forecast-
ing from temporal contiguity, DiffFlex enables direct parallel
prediction over arbitrary, noncontiguous future intervals
without cumulative error propagation. The framework
integrates fused historical blocks to capture cyclical
consumption patterns, models spatiotemporal-interval de-
pendencies across multivariate load series, and employs an
interval-aware diffusion module to generate full predictive
distributions. Experiments on the Independent System Op-
erator New England, New York Independent System Oper-
ator, and European Network of Transmission System Oper-
ators for Electricity datasets across 1- to 12-week horizons
show that DiffFlex outperforms state-of-the-art baselines
in both point and probabilistic accuracy, achieving average
mean absolute percentage errors of 8.88%, 9.71%, and
4.86%, respectively. These results indicate that DiffFlex can
serve as a practical tool for scenario-based planning and
risk-informed decision-making in power system operations.

Index Terms—Diffusion models, medium-term load fore-
casting, noncontiguous prediction, probabilistic forecast-
ing, temporal outpainting.
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I. INTRODUCTION

A. Motivations

ACCURATE electric load forecasting is essential for the
reliable and economical operation of modern power sys-

tems [1], [2]. Among various forecasting horizons, medium-
term load forecasting (MTLF), typically covering one week to
one year, plays a critical role in capacity planning, maintenance
scheduling, and intelligent resource allocation [3], [4], [5].
Compared with short-term load forecasting, MTLF must capture
longer load range temporal dependencies under greater uncer-
tainty; compared with long-term load forecasting, it demands
finer temporal resolution to support operational decisions. These
requirements make MTLF a particularly challenging task that
calls for models with strong long-range temporal modeling
capability, robust spatiotemporal representation, and reliable
uncertainty quantification.

Despite considerable advances in load forecasting methodol-
ogy, most existing MTLF approaches are built around a common
assumption of fixed, contiguous prediction horizons. As a result,
practical scenarios that call for forecasts over flexible or non-
contiguous future intervals remain less explored. This assump-
tion also raises a modeling consideration, since conventional
spatiotemporal formulations typically rely on fixed temporal
positions, making them difficult to adapt to variable or irregular
forecast intervals.

B. Literature Review

Existing research on load forecasting has progressed along
three dimensions, namely model expressiveness, uncertainty
quantification, and spatiotemporal modeling.

Early approaches relied on statistical methods, with AR-
MAX combined with FNNs incorporating weather variables
to improve accuracy [19]. Deep learning subsequently en-
abled richer feature extraction across horizons [21]. For
medium-term forecasting, a two-stage backpropagation neural
network-radial basis function neural network (BPNN-RBFNN)
framework mitigates multistep error propagation [16], and a
multitask CNN-LSTM model jointly extracts weather and
load features [17]. For shorter horizons, MSTL-VMD-TCN
leverages multiscale temporal decomposition [13], a fuzzy
LSTM with attention enhances robustness under unstable data
quality [9], and a dynamic drift-adaptive LSTM (DA-LSTM)
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TABLE I
COMPARISON OF THE PROPOSED METHOD WITH STATE-OF-THE-ART METHODS

adapts to concept drift in consumption patterns through ac-
tive and passive model updates [18]. The DTformer further
unifies short- and medium-term forecasting in integrated en-
ergy systems through transformer-based architectures [15]. Be-
yond temporal modeling, a multiscale spatiotemporal graph
neural network (MS-STGNN) extends discriminative frame-
works to multivariate settings by capturing intervariable de-
pendencies through graph-based spatial modeling [12]. De-
spite these advances, the above methods produce determinis-
tic outputs without quantifying predictive uncertainty, which
is essential for risk-aware decision-making in power system
operations.

To enable uncertainty quantification, a quantile regression
neural network with an accumulated hidden layer connection
structure (AHLC-QRNN) produces short-term interval fore-
casts [20], a multi-information fusion noncrossing quantile
(MIF-DNQR) method generates coherent day-ahead probabilis-
tic forecasts [14], and a complementary online learning network
(COLNet) maintains calibrated forecasts under extreme-weather
concept drift [8]. Transformer-based architectures have also
been paired with Gaussian process residual modeling [10] and
quantile regression loss [11] to quantify uncertainty under ir-
regular load patterns. More recently, generative models have
emerged as a more principled alternative by directly modeling
the data-generating process. A latent diffusion model jointly
synthesizes multivariate load and temperature scenarios with
spatiotemporal structure but targets a fixed one-month horizon
from the current time point [6]. A diffusion U-Net reformu-
lates short-term forecasting as a temporal inpainting problem,
completing unknown future values within a fixed window of
half a day to two days by selecting target points inside it [7].
Despite this progression toward full distributional modeling, all
of the above methods are limited to fixed, contiguous prediction
horizons and cannot target arbitrary or noncontiguous future
intervals.

As summarized in Table I, existing forecasting methods rarely
provide explicit support for flexible interval prediction, whereas
practical medium-term planning tasks often require forecasts
for specific, and sometimes noncontiguous, future periods [22].
A common workaround is to forecast the entire horizon and

then extract the required subintervals post hoc. However, this
strategy has several inherent limitations. First, depending on
the forecasting strategy, autoregressive models may accumulate
errors through intermediate steps that are irrelevant to the target
interval [23], while direct multioutput models may suffer from
interference from task-irrelevant horizons. Second, full-horizon
probabilistic inference introduces redundant computation when
only a subset of future time steps is required. Third, training
objectives defined over the entire horizon may dilute model
capacity and lead to a mismatch between global sequence-level
accuracy and interval-specific forecasting performance. More-
over, when the target interval varies in position and length,
existing spatiotemporal formulations generally lack an explicit
mechanism to adapt their representations to the requested in-
terval [24]. These limitations indicate that flexible interval-
selective forecasting and interval-aware spatiotemporal model-
ing remain jointly unaddressed in existing MTLF frameworks.

C. Contributions

To address the above gaps, we propose DiffFlex, a diffusion-
based probabilistic forecasting framework that reformulates
MTLF as a temporal outpainting problem. The main contribu-
tions of this study are as follows.

1) We reformulate MTLF as a flexible interval-selective
forecasting problem that decouples the forecasting target
from temporal contiguity. To the best of our knowledge,
this is the first MTLF formulation supporting direct pre-
diction over arbitrary, potentially noncontiguous future
intervals.

2) We introduce the forecasting interval as an explicit mod-
eling dimension alongside temporal points and spatial
variables, capturing intradimensional dependencies and
cross-dimensional interactions. This interval-aware de-
sign enables the model to adapt its spatiotemporal repre-
sentations to different target intervals.

3) We design a probabilistic diffusion-based architec-
ture integrating a historical block fusion mechanism,
a spatiotemporal-interval conditioned fusion module,
and an interval-embedded diffusion module. The fusion
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Fig. 1. Analogy between relative positional outpainting in images and
targeted interval forecasting in time series.

mechanism aggregates multiscale temporal dependencies
at daily, weekly, and monthly resolutions to condition the
generative process, while the diffusion module generates
a full predictive distribution rather than a single point
estimate.

The remainder of this article is organized as follows. Section II
presents the theoretical foundations of conditional diffusion
models for forecasting. Section III details the overall framework
of DiffFlex and its implementation specifics. Section IV presents
the experimental setup and results using multiple real-world
datasets. Section V concludes the article, summarizing key find-
ings and limitations, and outlining directions for future research.

II. METHODOLOGY

A. From Positional Outpainting to Interval Forecasting

Outpainting, also known as image extrapolation, refers to
the generation of new content that extends beyond the original
boundaries of an image [25], [26], [27]. In contrast to inpainting,
which focuses on filling in missing internal regions, outpainting
aims to infer unseen areas outside the visible frame. Analo-
gously, in time-series forecasting, this concept aligns with a
broader and relatively underexplored paradigm in which future
values may begin at arbitrary time points, thus enabling sparse,
noncontiguous, and task-adaptive predictions beyond the imme-
diate temporal horizon.

When conceptualizing a time series as a 1-D canvas, tra-
ditional forecasting resembles the inpainting of a continuous
and fixed-length segment. However, many real-world applica-
tions demand greater flexibility, such as forecasting discrete or
temporally distant values, where fixed-window approaches fall
short. This generalized setting parallels the logic of outpainting,
which allows for generation beyond adjacent or regularly spaced
intervals.

To help visualize this analogy, Fig. 1 presents a comparison
between relative positional outpainting in image generation
and targeted interval forecasting in time series. Just as image
outpainting can extend content from various reference positions
(e.g., top-left, top-center, top-right), time series forecasting can
benefit from generating values at different relative positions in
the forecast horizon (e.g., front, middle, back).

Fig. 2. Conditional diffusion model architecture illustrating the forward
noising process, reverse denoising process, and conditional input inte-
gration.

The recent success of diffusion models in image outpainting
highlights their potential for application in time-series forecast-
ing [28]. Their ability to model complex distributions and quan-
tify uncertainty makes them particularly well-suited for chal-
lenging prediction tasks. Building on this insight, we propose
to apply diffusion models to flexible interval load forecasting
scenarios.

B. Conditional Diffusion Model

1) Forward diffusion process and reverse (denoising) pro-
cess: Conditional diffusion models introduce auxiliary infor-
mation into the denoising process so that generation is guided
by task-specific conditions. As shown in Fig. 2, the condition
c encodes historical load observations and target interval infor-
mation, while x0 denotes the target load sequence.

In the forward process, clean data are gradually perturbed
by Gaussian noise according to a predefined variance schedule
{βt}Tt=1 as

xt =
√
ᾱtx0 +

√
1 − ᾱtε, ᾱt =

t∏
s=1

αs, αt = 1 − βt (1)

where ε ∼ N (0, I). This closed-form expression allows xt to
be sampled directly at any diffusion step.

The reverse process learns to remove the injected noise step by
step. A neural network εθ(xt, t, c) predicts the noise component
conditioned on the noisy sample, timestep, and load-related con-
text. The model is optimized by the conditional noise prediction
objective

Lcond = Et,x0,ε,c

[‖ε− εθ(xt, t, c)‖2
]
. (2)

By learning this denoising function across random timesteps, the
model can transform Gaussian noise into load trajectories con-
sistent with both historical patterns and the specified forecasting
interval.

2) Model training and sampling methods: Following
DDPMs [29], each training iteration samples (x0, c) from
the training set, draws t ∼ U({1, . . . , T}) and ε ∼ N (0, I),
constructs xt using the forward equation, and updates εθ with
Lcond.

For sampling, the process starts from xT ∼ N (0, I) and
proceeds from T to 1. At each step, the network predicts
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Fig. 3. Overall architecture of the DiffFlex framework.

ε̂ = εθ(xt, t, c), and the reverse mean is computed as

μθ(xt, t, c) =
1√
αt

(
xt − βt√

1 − ᾱt

ε̂

)
. (3)

The previous state is then sampled by

xt−1 = μθ + σtz (4)

where z ∼ N (0, I) for t > 1 and z = 0 for t = 1. The final x0

is used as the generated load forecast. The stochastic sampling
process can produce multiple plausible trajectories, which pro-
vides a natural basis for uncertainty estimation.

III. IMPLEMENTATION OF DIFFFLEX

Building on the theoretical foundations in Section II, this
section details the practical implementation of DiffFlex for
medium-term load forecasting.

A. Model Structure

Fig. 3 illustrates the overall architecture of DiffFlex, which
takes historical electricity load data as input and generates
interval-conditioned load forecasts. DiffFlex comprises two
main components: the multivariate time series (MTS) em-
bedding module and the conditional diffusion module. The
three green modules in the figure represent our main contri-
butions, namely the historical block fusion mechanism, the
spatiotemporal-interval conditioned fusion (STICF) module,
and the interval-embedded diffusion module, while the gray
module follows TSDE [30].

In the MTS embedding module, the historical block fusion
mechanism and the STICF module process complementary in-
formation separately. The former partitions past observations

into temporal blocks to capture recurring demand cycles, while
the latter extracts temporal, spatial, and interval-aware repre-
sentations from the historical sequence and its embeddings. The
block fusion mechanism is parameter-free and reorganizes the
input sequence, whereas the STICF module is a trainable neural
component learned end-to-end. Their outputs are concatenated
at the end of the MTS module to strengthen the historical context,
and the resulting embedding Hfused serves as the conditional
context for the diffusion stage.

The conditional diffusion module is responsible for gener-
ating forecasts. It comprises two components. The first is an
interval-embedded diffusion module that injects the target inter-
val descriptor into the denoising process, and the second is a mul-
tiresidual layer diffusion module adapted from TSDE [30] for
accurate noise estimation. In this way, the conditional diffusion
module is conditioned jointly on Hfused and Tinterval, enabling
probabilistic forecastsXpred ∈ R

K×Lout over user-specified hori-
zons ranging from one to twelve weeks.

B. Historical Block Fusion Mechanism

The historical block fusion mechanism leverages cyclical
demand patterns across multiple time scales, which is essential
for capturing both short-term operational cycles and longer term
seasonal trends.

The historical sequence Xhist is partitioned into M nonover-
lapping blocks, where each block Bm spans the same duration
as the target prediction length Lout. Formally,

Bm = Xhist[:, (m− 1) · Lout : m · Lout], m = 1, 2, . . . ,M
(5)

with M = �Lin/Lout� denoting the maximum number of com-
plete blocks.
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Fig. 4. Detailed structure of the STICF module showing temporal,
spatial, and interval encoders with hybrid block fusion.

This block-based design aligns historical segments with the
temporal structure of the prediction target, allowing the model
to exploit past conditions that resemble the forecast horizon. By
capturing analogous weekly patterns, the mechanism provides
rich historical context for forecasting across diverse horizons.

C. STICF Module

The spatiotemporal-interval conditioned fusion module
shown in Fig. 4 constitutes the core feature integration stage
of the STICF branch. It processes the historical sequence and its
embedding representations through three specialized encoders
to integrate temporal, spatial, and interval information. Specifi-
cally, the temporal encoder captures time-evolving dependencies
and recurring patterns, the spatial encoder learns inter-regional
correlations and cross-zone dependencies, and the interval en-
coder maps the target lead-time descriptor Tinterval into dense
embeddings to provide horizon-specific context.

The STICF module adopts a cascaded architecture with skip
connections to enhance feature interactions for noncontiguous
intervals. The historical sequence and embedding representa-
tions are passed through the temporal, spatial, and interval
encoders in sequence, while skip connections preserve inter-
mediate representations and facilitate cross-module information
exchange. After fully connected transformations, the STICF
output is concatenated with the historical block-enhanced rep-
resentation, producing Hfused to guide the interval-conditioned
diffusion process for arbitrary and potentially noncontiguous
medium-term forecasts.

D. Interval Embedded Diffusion Module

As illustrated in Fig. 5, the interval-embedded diffusion
module incorporates the target interval into the denoising pro-
cess to support horizon-aware probabilistic generation. At each
diffusion step, the noise prediction network is conditioned
on the diffusion timestep and noise level, the interval em-
bedding derived from Tinterval, and the fused context Hfused

from the MTS embedding module. These conditions allow the

Fig. 5. Interval embedded diffusion process showing the integration of
interval embeddings with the conditional noise prediction network.

denoising process to remain aligned with the specified fore-
casting horizon while exploiting historical and spatiotemporal
information.

During training, the module learns to estimate noise under
the joint condition of historical context and horizon information.
During sampling, it iteratively denoises Gaussian noise guided
by the same condition, enabling forecasts to adapt to differ-
ent medium-term horizons. Multiple generated trajectories are
statistically aggregated to obtain point forecasts and prediction
intervals, thereby retaining uncertainty information for down-
stream decision making.

IV. EXPERIMENTS AND RESULTS

A. Experimental Design

1) Data sources and preprocessing: The datasets used in
this study are obtained from three authoritative entities in the
power system domain, namely Independent System Operator
of New England (ISO-NE), the New York Independent System
Operator (NYISO), and the European Network of Transmission
System Operators for Electricity (ENTSO-E) [31]. They pro-
vide long-term regional electricity demand records that capture
temporal fluctuations and seasonal variations. The ISO-NE data
comprise hourly demand observations from 8 regions, spanning
January 1, 2021 to March 10, 2025. The NYISO data comprise
hourly observations from 11 regions spanning April 8, 2021 to
March 28, 2025, resampled from the original 15-min resolution
to an hourly resolution. The ENTSO-E data comprise hourly
observations from 17 countries spanning January 1, 2016 to
September 30, 2020, selected from 32 European countries whose
missing data rate is below 0.1%. These records provide sufficient
coverage for MTLF.

Data preprocessing follows a chronological split to avoid
information leakage. For the ISO-NE and NYISO datasets,
samples before September 1, 2024 are used for training, those
from September 1 to October 31, 2024 for validation, and the rest
for testing. For the ENTSO-E dataset, samples before January
1, 2020 are used for training, those from January 1 to April 30,
2020 for validation, and the rest for testing.
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All series are standardized with training-set statistics:

xstd =
x− μtrain

max(1 × 10−5,σtrain)
(6)

where μtrain and σtrain are computed only from the training set
and then applied to all splits.

Training samples are constructed using a sliding-window
mechanism for flexible interval forecasting. For each target in-
terval i ∈ {1, . . . , 12}, historical and target sequences are paired
with the corresponding temporal offset, enabling forecasts from
one to 12 weeks ahead.

During sample generation, temporal, spatial, and interval
position indices are also produced for subsequent sinusoidal and
learning-based representations.

2) Evaluation metrics: To evaluate forecasting performance
from both deterministic and probabilistic perspectives, we adopt
root mean square error (RMSE), mean absolute error (MAE),
mean absolute percentage error (MAPE), and continuous ranked
probability score (CRPS). RMSE, MAE, and MAPE measure
point prediction accuracy, whereas CRPS quantifies the dis-
crepancy between the predictive distribution and the observed
outcome.

In the following equations, X̂ denotes the predicted values
and X represents the ground truth. Specifically, x̂i,k,l and xi,k,l

denote the predicted and actual values for the ith sample, kth
feature (region), and the lth time step, respectively. Here, N is
the number of test samples, K the number of features (regions),
L the length of the forecasting sequence (time steps), and S the
number of diffusion samples per (i, k, l)

RMSE =

√√√√ 1
N

N∑
i=1

(
1

K × L

K∑
k=1

L∑
l=1

(x̂i,k,l − xi,k,l)
2

)

(7)

MAE =
1
N

N∑
i=1

(
1

K × L

K∑
k=1

L∑
l=1

|x̂i,k,l − xi,k,l|
)

(8)

MAPE =
100%
N

N∑
i=1

(
1

K × L

K∑
k=1

L∑
l=1

∣∣∣∣ x̂i,k,l − xi,k,l

xi,k,l + 1

∣∣∣∣
)
.

(9)

For probabilistic evaluation, we report CRPS following [32],
based on empirical quantiles of the diffusion samples. Given the
quantile loss at level α,

Lα(q, x) = |(q − x) (1{x ≤ q} − α)| , α ∈ [0, 1] (10)

where q is the predicted quantile and x is the ground truth. Let
q̂i,k,l(αj) denote the empirical αj-quantile of the S diffusion
samples at (i, k, l), withαj = 0.05j, j = 1, . . . ,M , whereM =
19,

CRPS =
1
M

M∑
j=1

2
∑N

i=1

∑K
k=1

∑L
l=1 Lαj

(q̂i,k,l(αj), xi,k,l)∑N
i=1

∑K
k=1

∑L
l=1 |xi,k,l|

.

(11)
The CRPS of point prediction models is obtained by assuming a
Gaussian predictive distribution centered at the point prediction

TABLE II
MAIN CONFIGURATION PARAMETERS OF THE DIFFFLEX MODEL

with variance estimated from the training set, and then applying
the CRPS for Gaussian distributions.

3) Experimental setup: We compare DiffFlex against eight
baseline models from five methodological categories, cover-
ing both deterministic and probabilistic forecasting. These cat-
egories include traditional machine learning, linear models,
CNN-based models, transformer-based models, and diffusion-
based generative models. XGBoost [33] is included as a rep-
resentative traditional machine learning method that has been
widely adopted in practical load forecasting. DLinear and NLin-
ear [34] serve as strong linear baselines, as their simple linear
mapping structures have demonstrated competitive forecasting
performance on multiple benchmarks. TimesNet [35] is selected
as a representative CNN-based model for temporal pattern
extraction. TimeXer [36] and PatchTST [37] are included as
representative transformer-based forecasting models and strong
discriminative baselines. Diffusion-TS [38] and Time Series Dif-
fusion Embedding (TSDE) [30] are adopted as diffusion-based
probabilistic baselines to enable a controlled within-family
comparison, thereby isolating the contribution of the proposed
temporal outpainting formulation from the general benefits of
diffusion modeling. The implementations of the compared mod-
els are obtained from their official repositories [30], [33], [38]
or from TSLib [39].

The proposed DiffFlex framework adopts a spatiotemporal-
interval fusion architecture in which historical observations are
partitioned into temporal blocks aligned with the prediction
interval. Feature refinement is performed through a cascaded
attention mechanism, and the diffusion module is conditioned
on interval information. Training is conducted with the Huber
loss (δ = 1.0). The main model, training, and data configurations
are summarized in Table II.

All experiments were conducted on a server with a sin-
gle 32 GB vGPU, a 12-core Intel Xeon Platinum 8352 V
CPU at 2.10 GHz, and 90 GB RAM, using Ubuntu 22.04,
Python 3.12, and PyTorch 2.5.1. For probabilistic evaluation,
all diffusion-based models used the same set of 100 diffusion
samples.
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TABLE III
ABLATION RESULTS ON THE ISO-NE DATASET

B. Model Structure Analysis

To evaluate the contribution of each architectural component
in DiffFlex, we conduct ablation experiments by selectively
removing individual modules. These experiments are performed
on the ISO-NE dataset, with results summarized in Table III.

The three components address distinct aspects of the fore-
casting task. The historical block fusion mechanism yields
the largest individual gains (RMSE +14.56%, MAE +17.34%,
MAPE +14.83%, CRPS +20.54%). This is expected, as medium-
term load series exhibit strong weekly and seasonal periodicities
that constitute the primary source of predictability in MTLF.
Removing this mechanism deprives the model of these dominant
cyclical cues.

The STICF module produces the second-largest improve-
ments (RMSE +11.48%, MAE +13.16%, MAPE +10.37%,
CRPS +15.71%). This module addresses a challenge unique to
the flexible-interval setting, in which temporal positions, spa-
tial variables, and heterogeneous forecasting intervals must be
jointly modeled. Without it, the model treats all target intervals
identically and cannot adapt its representations accordingly,
confirming that interval-aware cross-dimensional fusion is in-
dispensable for flexible-interval forecasting.

The interval embedded diffusion module contributes moder-
ate but consistent gains (RMSE +2.60%, MAE +3.82%, MAPE
+4.15%, CRPS +4.30%). Its relatively smaller marginal im-
provement is partly because interval information has already
been captured by the STICF module. The interval embedded
diffusion module further refines the conditioning at the genera-
tive stage. Its largest relative gain appears in CRPS (+4.30%),
consistent with its design purpose of enhancing interval-aware
probabilistic calibration.

Overall, the three components address complementary as-
pects of the forecasting task, covering periodicity extraction,
cross-dimensional feature fusion, and interval-conditioned gen-
eration, and the ablation confirms that all three are necessary for
DiffFlex to achieve its full performance.

C. Medium-Term Load Forecasting Performance of
DiffFlex

To evaluate DiffFlex for MTLF, 12 direct forecasting tasks
are considered, with lead times ranging from 1 to 12 weeks
ahead. For each lead time, the model produces a full predictive
distribution, from which the median serves as the point forecast
and the 25%–75% and 5%–95% quantile intervals characterize
predictive uncertainty.

Fig. 6. Probabilistic load forecasting results across different horizons
and regions on ISO-NE dataset.

Fig. 7. Probabilistic load forecasting results across different horizons
and regions on ENTSO-E dataset.

Figs. 6 and 7 present representative results for selected regions
in the ISO-NE and ENTSO-E datasets. At the 1-week horizon,
the predictive median follows the true load trajectory closely,
reproducing the dominant daily cycle and the within-week
variation together with the timing of major peaks and troughs.
As the horizon extends to 6 and 12 weeks ahead, the median
continues to recover the full seasonal waveform and keeps the
cycles aligned in time, with no obvious phase distortion. The
residual errors are confined to the amplitude of local extremes,
where the 6-week median mildly flattens the strongest peaks
and troughs, and the 12-week deviations fall on both sides of
the true curve without a consistent directional bias. Across all
horizons the predictive intervals widen with the lead time and
the observed values largely remain within them, showing that
DiffFlex absorbs the growing forecast difficulty into calibrated
uncertainty rather than misleading point estimates.

The quantitative results support these visual observations. As
shown in Table IV, the average RMSE, MAE, MAPE, and CRPS
of DiffFlex over the 12 forecasting horizons are 211.87, 154.21,
8.88%, and 0.065 on ISO-NE, 202.58, 134.73, 9.71%, and 0.065
on NYISO, and 1373.37, 662.80, 4.86%, and 0.037 on ENTSO-
E. DiffFlex exhibits robustness across datasets with distinct load
scales and demand patterns.

To examine how accuracy evolves with the lead time, the
horizon-level analysis uses ISO-NE and ENTSO-E as examples,
with NYISO following a consistent pattern. In Figs. 8 and 9, the
DiffFlex curve (dark blue) remains stable across horizons, rising
to a mild peak around the middle horizons before easing back,
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TABLE IV
AVERAGE PERFORMANCE COMPARISON OF DIFFERENT MODELS ACROSS

THREE DATASETS (1–12 WEEKS AHEAD)

Fig. 8. Trends in forecasting accuracy metrics across models on ISO-
NE dataset (1–12 weeks ahead).

Fig. 9. Trends in forecasting accuracy metrics across models on
ENTSO-E dataset (1–12 weeks ahead).

Fig. 10. Average forecasting error across different horizons on
ENTSO-E dataset.

so its error does not grow monotonically with the lead time. This
nonaccumulating profile reflects the direct forecasting design of
DiffFlex, which produces each horizon directly and avoids the
error propagation of recursive multistep prediction.

D. Comparative Performance Evaluation Against
Baseline Models

1) Overall forecasting performance comparison: To compre-
hensively assess MTLF performance from 1 to 12 weeks ahead,
DiffFlex is benchmarked against a diverse set of representative
baselines covering different modeling approaches, with the aver-
age results summarized in Table IV. DiffFlex achieves the best
average performance across all four metrics and all datasets,
demonstrating a consistent advantage in both point and proba-
bilistic prediction. Its advantage also strengthens as the horizon
extends. As shown in Figs. 8 and 9, the error curves of DiffFlex
(dark blue) rise much more slowly than those of the competing
methods, and beyond approximately 6 to 8 weeks ahead the
baselines degrade sharply while DiffFlex remains comparatively
stable.

To further evaluate DiffFlex, the distributions of forecasting
errors were examined at lead times of 1, 6, and 12 weeks on the
ENTSO-E dataset. As shown in Fig. 10, DiffFlex maintains a
relatively narrow interquartile range and a median close to zero
across all three horizons. Compared with most baselines, it also
exhibits fewer large deviations, especially at longer lead times.
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TABLE V
DETAILED MEDIUM-TERM FORECASTING ACCURACY COMPARISON ACROSS MODELS ON ENTSO-E DATASET (4, 8, AND 12 WEEKS AHEAD)

Fig. 11. Peak load forecasting error across different horizons on
ENTSO-E dataset.

These results indicate that DiffFlex provides stable and accurate
forecasts under medium-term forecasting settings. To further
assess performance under high-demand conditions, near-peak
loads were defined as the upper decile of regional load values.
For each region, these upper-decile values were computed on
a monthly basis (four-week windows) using actual load data.
Upper-decile trends were then compared across regions and time
intervals, and the corresponding errors are reported in Fig. 11.
The peak-load errors are generally larger in magnitude than the
average errors, and most baselines tend to underestimate peak
demand. In contrast, DiffFlex keeps a compact error distribution
and a limited bias across the three horizons. This advantage is
particularly clear at the 12-week horizon, where PatchTST and
Diffusion-TS show substantial underestimation, while TSDE
tends to overestimate peak loads. These results suggest that
DiffFlex can track peak-load conditions more reliably in MTLF.

2) Flexible-interval forecasting performance: Weeks 4, 8,
and 12 are selected as noncontiguous target intervals, corre-
sponding to one, two, and three months ahead, to evaluate Diff-
Flex under the flexible interval forecasting setting that motivates
its design. As reported in Table V, DiffFlex attains the best point
and probabilistic accuracy on every metric at every horizon, and
its advantage becomes most pronounced as the target moves
further into the future. At week 4 its MAPE of 4.901% already
falls below the strongest baseline TSDE at 5.724%, and at
week 12 its MAPE of 4.743% is 39.2% lower than the best
competing model NLinear at 7.806%, while its CRPS of 0.038 is
roughly half of NLinear at 0.078. This widening margin reflects a
structural difference in forecasting strategy. Because the
baselines reach distant targets through week-by-week rolling
forecasting, their errors accumulate as the horizon increases.

TABLE VI
TIME COMPLEXITY AND INFERENCE SPEED OF DIFFUSION-BASED

FORECASTING MODELS

DiffFlex instead forecasts the three target weeks directly and in
parallel, so it avoids error compounding entirely.

Fig. 12 confirms this behavior at the trajectory level. In
panel (a), the DiffFlex forecast closely follows the ground truth
across all three shaded windows, while the long unshaded gaps
between windows indicate that these intervals are generated
through direct noncontiguous prediction rather than a continuous
roll-out. In panel (b), the baseline forecasts show markedly larger
dispersion within the same target windows. Several baseline
models overestimate or underestimate the peak magnitudes and
exhibit phase shifts, with deviations becoming more pronounced
at weeks 8 and 12 than at week 4. This trend is consistent with
the error accumulation reported in Table V.

3) Computational Complexity and Inference Speed: Be-
cause diffusion-based models are inherently more computa-
tionally demanding than conventional point forecasters, the
efficiency analysis focuses on the diffusion baselines, with re-
sults summarized in Table VI. Diffusion-TS and TSDE reach
multihorizon targets through recursive week-by-week sampling,
which gives them O(MTnN) complexity and inference time
that scales with the forecast horizon. DiffFlex instead achieves
O(TnN) complexity by generating all target weeks directly and
in parallel, removing the horizon factor so that its inference time
remains nearly constant across horizons and well below that
of the diffusion baselines. Although conventional nondiffusion
models remain faster at inference, this advantage is of limited
practical relevance here, since model training is performed
offline and MTLF operates on weekly to monthly lead times.
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(a)

(b)

Fig. 12. Arbitrary and noncontiguous target intervals prediction on ENTSO-E dataset (4, 8, and 12 weeks ahead).

Under these moderate real-time requirements, the inference cost
of DiffFlex remains practical.

V. CONCLUSION

This article proposes DiffFlex, a diffusion-based probabilistic
framework that reformulates MTLF as a temporal outpainting
problem, enabling direct prediction over arbitrary and poten-
tially noncontiguous future intervals while quantifying predic-
tive uncertainty.

Experiments on the ISO-NE, NYISO, and ENTSO-E datasets
demonstrated that DiffFlex outperformed state-of-the-art base-
lines in both point and probabilistic accuracy, achieving average
MAPEs of 8.88%, 9.71%, and 4.86%, respectively, while abla-
tion studies confirmed the contribution of each proposed com-
ponent. These results highlight the practical value of DiffFlex
for risk-aware power system applications that require forecasts
over flexible future intervals.

Future work will proceed in two directions. First, the model
relies mainly on historical load observations and does not yet
incorporate external drivers such as weather conditions and
economic indicators, which may limit its accuracy when de-
mand is strongly affected by such exogenous factors. Integrating
these covariates into the model conditioning is therefore ex-
pected to further improve forecasting accuracy and operational
interpretability. Second, the generalizability beyond electric-
ity demand has not yet been validated. Testing the model on
other domains, such as traffic flow, industrial process monitor-
ing, or financial time series, and adapting the block design to
their domain-specific temporal structures would help clarify the
boundaries of its applicability.
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