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Abstract

Many real-world forecasting tasks involve heterogeneous temporal sources, where high-
frequency dynamic observations coexist with low-frequency semantic or contextual infor-
mation. Existing methods often treat these inputs through simple broadcasting or direct
concatenation, which weakens cross-scale dependency modeling and makes the predic-
tion process vulnerable to unstable contextual correlations. To address this issue, this
paper proposes a structure-guided dual-timescale learning framework for heterogeneous
short-horizon time-series forecasting. A fast-scale temporal encoder is used to extract
fine-grained dynamic patterns, while a slow-scale semantic encoder is introduced to char-
acterize slowly varying contextual information. On this basis, a structure-guided semantic
refinement module is designed to suppress unstable semantic components before fusion,
and a structure-aware cross-scale attention mechanism is developed to adaptively align fast
dynamics with the most relevant slow-varying context. In addition, a coarse-to-fine pre-
diction structure is employed to separate background tendency modeling from short-term
fluctuation correction, and intervention-based consistency regularization is incorporated
to improve robustness under changing conditions. Feature contribution analysis further
confirms the importance of selecting effective contextual variables to form a compact slow-
timescale representation. Experiments on a real-world ultra-short-term aggregate load
forecasting task demonstrate that the proposed framework achieves superior accuracy
and robustness, indicating its potential as a general solution for forecasting problems with
heterogeneous temporal resolutions.

Keywords: heterogeneous temporal forecasting; dual-timescale learning; structure-guided
forecasting; cross-scale attention; coarse-to-fine prediction; intervention-based regularization

1. Introduction
Short-horizon time-series forecasting plays a critical role in many practical systems,

including power system operation, industrial process management, transportation schedul-
ing, and demand-side coordination. In these applications, an effective forecasting model
should capture short-term temporal dependence from dense historical observations while
also exploiting slowly varying contextual factors, such as weather conditions, calendar
effects, operating modes, and semantic descriptors. Among these tasks, short-term load
forecasting has been widely studied because accurate prediction directly supports dispatch,
reserve allocation, demand response, and secure system operation [1–8]. Recent reviews
further show that exogenous and contextual variables are often essential for improving
forecasting accuracy, although their effective use remains challenging [3,8–10].
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Early forecasting studies mainly relied on statistical and econometric models, which
were interpretable and effective when temporal patterns were relatively stable [2,11]. As
forecasting tasks became more nonlinear and data-rich, deep learning methods gradually
became dominant. Recurrent neural networks, especially LSTM and GRU, were widely
adopted for sequential dependency modeling [12]. Later, convolution-based sequence
models such as TCNs and dilated autoregressive architectures improved receptive-field
coverage and computational efficiency [13,14]. In parallel, probabilistic forecasting methods,
including DeepAR, MQ-RNN, and deep state space models, extended sequence learning to
uncertainty-aware multi-step prediction [15–17].

More recently, global forecasting architectures have further advanced the field. N-
BEATS and N-HiTS showed that residual and hierarchical designs can deliver strong
forecasting accuracy with good scalability [18,19]. Transformer-based methods, including
TFT, Informer, Autoformer, and FEDformer, further strengthened long-range dependency
modeling and multi-source feature fusion [20–23]. At the same time, studies such as
DLinear, TimesNet, and TiDE suggest that forecasting performance depends not only on
model complexity, but also on whether the architecture matches the temporal structure
of the task [24–26]. Despite this progress, three issues remain insufficiently addressed:
heterogeneous temporal resolutions, effective contextual fusion, and robustness under
distribution shifts.

A central difficulty is that many real-world forecasting tasks involve heterogeneous
temporal resolutions. The target series is often observed at a fast timescale, whereas con-
textual or exogenous information is only available at a slower rate. Existing methods
typically address this mismatch by direct broadcasting, naive concatenation, or undifferen-
tiated multivariate encoding. Although simple, these strategies tend to blur the distinct
roles of fast-varying dynamics and slow-varying contextual drivers, weaken cross-scale
dependency modeling, and increase sensitivity to unstable contextual correlations [9,20,27].
Recent studies on exogenous-variable forecasting show that external information is benefi-
cial only when its temporal role and structural heterogeneity are explicitly modeled [20,27].
In addition, formal causal inference studies indicate that purely correlation-driven learning
can become fragile under changing environments and distribution shifts [28].

Recent studies further suggest that forecasting performance depends not only on the
use of advanced neural architectures but also on whether the model structure is consis-
tent with the temporal and contextual characteristics of the task. PatchTST shows that
representing time series as local temporal patches can improve the utilization of historical
information in Transformer-based forecasting [29]. Non-stationary Transformers further
indicate that distributional changes in real-world time series can weaken conventional
attention-based forecasting if non-stationarity is not explicitly considered [30]. In renewable
energy forecasting, Chen et al. proposed a wind power ultra-short-term ensemble fore-
casting framework considering wind speed correction and scenario classification, demon-
strating that exogenous correction and regime-aware modeling are useful for improving
short-horizon forecasting under variable operating conditions [31]. These studies support
the view that short-horizon forecasting should not only model temporal dependencies but
also consider exogenous effects, operating regimes, and distributional variability. How-
ever, the structural alignment between dense fast-timescale target dynamics and slowly
varying contextual semantics remains insufficiently explored, especially when contextual
correlations are unstable under changing operating conditions.

Motivated by these observations, this paper studies short-horizon forecasting from
a general algorithmic perspective rather than as a task-specific solution. We propose a
structure-guided dual-timescale learning framework for heterogeneous short-horizon time-
series forecasting. Specifically, a fast-scale temporal encoder is used to capture fine-grained
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target dynamics, while a slow-scale semantic encoder models low-frequency contextual
information. A structure-guided semantic refinement module is introduced to suppress
unstable contextual components before fusion, and a structure-aware cross-scale attention
mechanism is designed to align fast dynamic states with the most relevant slow-varying
context. In addition, a coarse-to-fine prediction structure is adopted to separate background
tendency modeling from local fluctuation correction, and intervention-based consistency
regularization is incorporated to improve robustness under changing operating conditions.

As shown in Figure 1, although the proposed framework is formulated for general
heterogeneous short-horizon forecasting tasks, this paper uses industrial load forecasting
as a representative validation scenario. This application naturally contains dense target
observations and slowly varying contextual information, making it well-suited for evaluat-
ing multiscale forecasting models. The main contributions of this paper are summarized
as follows:

(1) A structure-guided dual-timescale forecasting framework is proposed for short-
horizon time-series prediction with heterogeneous temporal resolutions.

(2) A structure-guided semantic refinement and cross-scale attention mechanism is de-
veloped to improve slow-context utilization and reduce irrelevant contextual interference.

(3) A coarse-to-fine prediction structure is introduced to separate background tendency
modeling from local fluctuation correction.

(4) Counterfactual consistency regularization is incorporated to improve forecasting
robustness under changing operating conditions.

The remainder of this paper is organized as follows. Section 2 details the proposed
methodology. Section 3 presents the experimental validation on a real-world short-horizon
load forecasting task, including overall comparison, ablation analysis, and robustness
evaluation. Section 4 concludes the paper.

 

Figure 1. Structure-guided dual-timescale forecasting framework.

2. Methodology
2.1. Problem Formulation

In the considered forecasting setting, the target sequence is observed at a fast timescale,
whereas auxiliary contextual variables are available at a slower timescale. This temporal
mismatch makes the task fundamentally different from conventional single-timescale fore-
casting. Accordingly, the model should not only capture rapid dynamic evolution from
recent observations, but also incorporate slowly varying context in a structurally appropri-
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ate manner. To keep the formulation general, the following definitions are presented for
heterogeneous short-horizon forecasting tasks; the load forecasting case study introduced
later serves only as one representative application.

Let xt ∈ R denote the target observation at fast-time step t. For a historical window of
length L, the fast-timescale input sequence is defined as

X f
t = {xt−L+1, xt−L+2, . . . , xt} (1)

Let zd ∈ Rm denote the slow-timescale contextual vector at slow-time index d, includ-
ing semantic, meteorological, calendar-related, or other exogenous operating descriptors.
For a historical window of K slow-time steps, the slow-timescale contextual sequence is
defined as

Zs
d = {zd−K+1, zd−K+2, . . . , zd} (2)

To connect the two timescales, a mapping π(t) is introduced, where π(t) = d indicates
that fast-time step t corresponds to slow-time index d. The forecasting objective is to learn
a mapping

Ŷt+1:t+H = fΘ(X f
t , Zs

π(t)) (3)

where H is the prediction horizon, and Θ denotes all trainable parameters.
Different from ordinary correlation-driven forecasting schemes, the learned mapping

should satisfy three requirements simultaneously: (1) it should extract short-term and
longer-range temporal dependencies from the fast-timescale history; (2) it should encode
slowly varying context without resorting to crude temporal duplication; and (3) it should
exploit contextual variables in a manner that is resistant to spurious correlations and robust
under changing operating conditions.

2.2. Dual-Timescale Representation Learning

This subsection presents the dual-timescale representation learning strategy that forms
the basis of the proposed framework. The key idea is to encode fast-varying observations
and slow-varying contextual information through two dedicated branches, so that each
source can be modeled according to its own temporal characteristics before cross-scale
interaction is introduced.

2.2.1. Fast-Scale Temporal Encoder

The fast-timescale sequence contains the dominant information for short-horizon
forecasting because it directly reflects recent operating states, local fluctuations, ramps, and
short-term persistence. To simultaneously capture local temporal variation and long-range
dependency, a Transformer-based temporal encoder is adopted for the fast branch.

The fast-scale representation is written as

H f
t = Enc f (X f

t ) ∈ RL×d f (4)

where d f is the latent dimension of the fast branch. Let

H f
t = [h f

t−L+1, h f
t−L+2, . . . , h f

t ] (5)

where each h f
τ ∈ Rd f is the hidden representation of one 15 min step.

Within the Transformer encoder, self-attention is defined as

Attention(Q, K, V) = Softmax

(
QK⊤
√

dk

)
V (6)
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where Q, K, and V denote the query, key, and value matrices, respectively, and dk is the key
dimension. Through this mechanism, the fast branch captures fine-grained temporal depen-
dence among historical observations and provides the principal dynamic representation
for downstream forecasting.

2.2.2. Slow-Scale Temporal Encoder

Unlike the fast-timescale sequence, slow-timescale contextual variables evolve grad-
ually and mainly describe the background operating regime rather than instantaneous
fluctuations. Therefore, the slow branch is designed to encode low-frequency semantic
information in a compact yet informative form, providing contextual support for down-
stream forecasting rather than competing with the fast branch in modeling short-term
dynamics.

The slow-scale semantic encoder is defined as

Hs
d = Encs(Zs

d) ∈ RK×ds (7)

where ds is the latent semantic dimension. Denote

Hs
d =

[
hs

d−K+1, hs
d−K+2, . . . , hs

d
]

(8)

where hs
l ∈ Rds is the encoded representation of one day-level semantic input.

For each day-level semantic vector, a latent embedding is first obtained by

sd = σ(Wszd + bs) (9)

where Ws and bs are learnable parameters and σ(·) is a nonlinear activation function.
To preserve the temporal persistence of slow-varying context, the historical semantic

sequence can be further aggregated as

sd =
d

∑
τ=d−K+1

βτsτ (10)

where βτ is a learnable normalized importance coefficient satisfying ∑d
τ=d−K+1 βτ = 1.

Compared with directly copying day-level variables into all intraday slots, this design
explicitly treats semantic information as a slow contextual process and is therefore more
consistent with its temporal meaning.

2.3. Structure-Guided Semantic Refinement

Although daily semantic variables are informative, they may also contain components
that appear predictive only under specific historical environments rather than under stable
operating mechanisms. Directly injecting such information into the forecasting model may
therefore introduce contextual bias. To alleviate this issue, a causality-guided refinement
step is introduced before cross-scale fusion.

Conceptually, the learned slow semantic representation can be decomposed as

hs
d = hs,∗

d + rd (11)

where hs,∗
d denotes the mechanism-consistent component and rd denotes the undesired

component associated with spurious or weakly justified correlations.
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A domain-informed dependency graph over semantic factors is defined based on prior
domain knowledge, and its adjacency matrix is denoted by Ac. A projection operator is
constructed as

Pc = A⊤
c

(
Ac A⊤

c + δI)−1 Ac (12)

where δ > 0 is a small regularization coefficient for numerical stability. The refined slow
semantic representation is then given by

Hs,c
d = PcHs

d (13)

This operation suppresses semantic components that are weakly aligned with the as-
sumed dependency structure while preserving those that are more consistent with domain-
supported dependencies. In this way, the slow branch is refined before it interacts with the
fast branch, which helps prevent irrelevant context from dominating the fusion process.

Lcausal = ∑
d

∥∥Hs
d − Hs,c

d

∥∥2
2 (14)

In essence, this module acts as a structured denoising mechanism for slow-timescale
context and reduces the vulnerability of semantic fusion to dataset-specific bias.

2.4. Structure-Aware Cross-Scale Attention Fusion

After obtaining the fast temporal representation H f
t and the refined slow semantic

representation Hs,c
d , the next step is to couple the two branches. Rather than using direct

concatenation, the proposed framework introduces a cross-scale attention mechanism so
that the fast branch can selectively retrieve the slow-varying contextual information that is
most relevant to the current prediction state.

Specifically, the fast branch acts as the query, and the refined slow branch acts as the
key-value memory:

Qt = H f
t WQ, Kd = Hs,c

d WK, Vd = Hs,c
d WV (15)

where WQ, WK, and WV are trainable projection matrices.
The cross-scale attention matrix is then computed as

At,d = Softmax

(
QtK⊤

d√
dk

+ Bπ(t),d

)
(16)

where Bπ(t),d is a time-mapping bias that encodes the alignment relationship between the
current prediction context at the fast timescale and the candidate contextual representations
at the slow timescale.

The attended slow context is obtained by

Ct = At,dVd (17)

Finally, the cross-scale fusion representation is defined as

∼
Ht = FFN([H f

t ∥Ct]) (18)

where [·∥·] denotes concatenation and FFN(·) is a feed-forward projection layer.
The physical meaning is that the fast branch determines which contextual information

is currently needed, while the slow branch provides semantically refined and structurally
filtered background memory. This design is more suitable than naive broadcast-and-
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concatenate alignment because slow-timescale variables should guide the prediction as
background context instead of being treated as pseudo high-frequency observations.

2.5. Coarse-to-Fine Forecast Generation

A key challenge in heterogeneous-timescale forecasting is that slow contextual vari-
ables and fast observations affect the target at different functional levels. Slow-timescale
context mainly determines the background operating regime, whereas recent fast-timescale
observations govern local fluctuations, turning points, and residual corrections. To explic-
itly reflect this difference, a coarse-to-fine prediction head is designed.

2.5.1. Coarse Prediction Branch

The coarse branch predicts a background trajectory from the refined slow context and
its cross-scale interaction summary:

Ŷcoarse
t+1:t+H = fcoarse(Gt) (19)

where Gt is a global context representation obtained from Hs,c
d and Ct, for example, through

average pooling or attention pooling:

Gt = Pool
(

Hs,c
d , Ct

)
(20)

This branch is intended to capture the coarse shape of the forthcoming target profile,
including overall level, background rise/fall tendency, and dominant operating regime.

2.5.2. Fine Prediction Branch

The fine branch predicts short-term residual adjustments from the fused fast-scale
representation:

Ŷfine
t+1:t+H = ffine

(∼
Ht

)
(21)

This branch focuses on local details such as short-term ramps, oscillations, and abrupt
fluctuations that are primarily governed by recent fast-timescale evolution.

2.5.3. Final Output

The final forecast is obtained by additive reconstruction:

Ŷt+1:t+H = Ŷcoarse
t+1:t+H + Ŷfine

t+1:t+H (22)

This design avoids forcing a single output head to model both regime-level back-
ground variation and high-frequency detail simultaneously, thereby improving both inter-
pretability and modeling efficiency.

2.6. Intervention-Based Consistency Regularization

Contextual relationships observed in the training data may not remain valid under
holidays, extreme weather, emergency operations, or atypical demand patterns. To improve
robustness under such changing conditions, an intervention-based regularization strategy
is introduced in the slow-timescale semantic branch.

Given a factual slow semantic input Zs
d, an intervention-based semantic input

(
Zs

d)
c f is

constructed by intervening on selected variables while keeping other conditions unchanged.
Typical interventions include replacing a workday label with a holiday label, perturbing
weather-category variables within a physically meaningful range, or modifying event
indicators according to causal assumptions.
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The intervention-based prediction is written as

Ŷc f
t+1:t+H = fΘ(X f

t , (Zs
d)

c f ) (23)

Rather than forcing the intervention-based prediction to be identical to the factual
prediction, the objective is to penalize unreasonable response patterns under controlled
interventions. In other words, the model is encouraged to react to contextual changes
in a manner that is directionally plausible and structurally consistent with prior causal
assumptions.

Lc f =
∥∥∥Ŷc f

t+1:t+H − Ŷre f
t+1:t+H

∥∥∥2

2
(24)

where Ŷre f
t+1:t+H is a reference response constructed according to the intervention rule.

To further encourage behavior-level consistency, a directional constraint can also be
imposed for specific interventions:

Ldir =
H

∑
h=1

l
(

sign
(

ŷc f
t+h − ŷt+h

)
, sign(∆causal

t+h )
)

(25)

where ∆causal
t+h denotes the expected response direction and l(·, ·) is a mismatch penalty. This

term is optional but useful when domain prior knowledge is available.

2.7. Overall Objective Function

The total training loss combines predictive accuracy, structure-guided semantic refine-
ment, and intervention robustness:

L = Lpred + λ1Lcausal + λ2Lc f + λ3Ldir + λ4Lcoarse (26)

where λ1, λ2, λ3, and λ4 are balancing coefficients.
Here, the primary forecasting loss is defined as

Lpred =
1
H

H

∑
h=1

∥ŷt+h − yt+h∥2
2 (27)

and the auxiliary supervision term for the coarse branch is defined as

Lcoarse =
1
H

H

∑
h=1

∥∥ŷcoarse
t+h − ycoarse

t+h
∥∥2

2 (28)

If no explicit coarse target is constructed, Lcoarse can be omitted, and the coarse branch
can be optimized indirectly through the overall prediction loss.

2.8. Training Procedure

The overall training procedure of the proposed model can be summarized as follows.

• Construct a fast-timescale observation window X f
t and a slow-timescale contextual

window Zs
π(t).

• Encode the fast-timescale sequence through the fast-scale encoder to obtain H f
t .

• Encode the slow-timescale contextual sequence through the slow-scale encoder to
obtain Hs

d.
• Refine the slow semantic representation through the structure-guided projection oper-

ator to obtain Hs,c
d .
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• Apply structure-aware cross-scale attention, where H f
t serves as query and Hs,c

d serves
as key-value memory, to obtain the contextual representation Ct.

• Fuse H f
t and Ct to obtain

∼
Ht.

• Generate the coarse forecast and fine forecast, and combine them to produce the final
prediction.

• Construct intervention-based semantic inputs, repeat the forward pass, and compute
the intervention-based consistency loss.

• Optimize the total objective in Equation (26) through backpropagation.

Compared with direct daily-feature broadcasting or simple feature concatenation,
the proposed framework offers four main advantages. First, it explicitly respects the
heterogeneous temporal resolutions of the two data sources rather than forcing them into an
artificial single-timescale representation. Second, the structure-guided semantic refinement
step reduces the risk that the slow branch amplifies unstable correlations. Third, cross-
scale attention enables high-frequency dynamics to adaptively retrieve the most relevant
slow-varying context. Fourth, the coarse-to-fine output structure separates regime-level
background modeling from local fluctuation correction, improving both interpretability
and predictive efficiency.

3. Experimental Validation on a Real-World Load Forecasting Task
3.1. Dataset Description

To validate the effectiveness of the proposed forecasting framework, experiments
are conducted on a large-scale industrial load dataset from the power system domain.
This dataset mainly contains electricity consumption records of large industrial users
and is suitable for load forecasting analysis. It provides detailed load observations from
different industrial sectors and thus offers a valuable benchmark for studying short-horizon
forecasting methods under realistic industrial electricity demand patterns. The dataset is
publicly available at https://gitcode.com/Universal-Tool/c8337 (accessed on 15 May 2026)
(repository name: Universal-Tool/c8337).

The dataset covers three main aspects. First, it includes multiple types of industrial
loads, corresponding to different industrial categories. Second, it provides time-series
records of electricity consumption, which describe the temporal variation in industrial
power demand over different time periods. Third, it contains load measurements at multi-
ple temporal granularities, including hourly, daily, and monthly electricity consumption
data. Such a data organization makes the dataset well-suited for evaluating forecasting
models from both local dynamic and broader temporal trend perspectives.

In this paper, the industrial load dataset is used as the experimental benchmark to
assess the predictive accuracy and generalization capability of the proposed method. Since
the dataset contains representative temporal demand variations across industrial sectors, it
provides an appropriate real-world testbed for validating the effectiveness of short-horizon
time-series forecasting algorithms in power system applications.

3.2. Experimental Settings

To verify the effectiveness of the proposed framework on a representative real-world
task, experiments are conducted on a feeder-level aggregate load forecasting dataset span-
ning from 1 January 2018 to 31 August 2021. The load measurements are recorded at
a 15-min resolution, yielding 128,156 target observations in total. In parallel, daily me-
teorological and semantic information are collected over the same period, resulting in
1339 day-level context records. Therefore, this validation task naturally involves heteroge-
neous temporal resolutions, where the load sequence serves as the fast-timescale target
signal and the meteorological-semantic variables serve as slow-timescale contextual inputs.
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In the main setting, the fast-timescale input consists of the most recent 96 load steps.
Since the load measurements are recorded at a 15 min resolution, this input window
corresponds to the past 24 h. The slow-timescale input consists of the most recent seven
daily meteorological-semantic records. The model is trained to predict the next 16 load
steps. Under the 15 min sampling resolution, the 16-step prediction horizon corresponds
to 4 h rather than 1 h. Therefore, the forecasting task in this paper is a 16-step, 4 h ahead
short-horizon forecasting problem. The dataset is divided into training, validation, and test
subsets in chronological order with a ratio of 70%/15%/15%, so as to avoid information
leakage and better reflect practical forecasting scenarios.

The meteorological-semantic variables include weather status, temperature informa-
tion, and wind-related descriptions. Specifically, the maximum temperature, minimum
temperature, average temperature, and calendar-related indicators are treated as numerical
slow-timescale features, while weather conditions and wind descriptions are encoded as
categorical semantic features. For the load sequence, in addition to the historical aggre-
gate load values, temporal indicators including hour-of-day, day-of-week, month-of-year,
and weekend flag are also incorporated through sinusoidal and cosine transformations to
improve periodicity modeling.

Four evaluation metrics, namely mean absolute error (MAE), root mean square error
(RMSE), mean absolute percentage error (MAPE), and the coefficient of determination (R2),
are adopted to evaluate forecasting performance from complementary perspectives. MAE
measures absolute prediction accuracy, RMSE emphasizes large forecasting errors, MAPE
reflects relative percentage error, and R2 evaluates the goodness of fit between the predicted
and actual load profiles:

MAE =
1
N

N

∑
i=1

|ŷi − yi| (29)

RMSE =

√√√√ 1
N

N

∑
i=1

(ŷi − yi)
2 (30)

MAPE =
100%

N

N

∑
i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣ (31)

R2 = 1 − ∑N
i=1(ŷi − yi)

2

∑N
i=1

(−
y − yi

)2 ,
−
y =

1
N

N

∑
i=1

yi (32)

Here, yi and ŷi denote the ground-truth and predicted load values, respectively;
−
y denotes the mean value of the ground-truth load values, and N is the number of
forecasted points.

The proposed model is implemented in PyTorch (version 2.5.1), and the hyperpa-
rameter settings are summarized in Table 1. Unless otherwise specified, the baseline
and the proposed model are trained and evaluated under the same protocol to ensure a
fair comparison.

Table 1. Core hyperparameter settings of the proposed model.

Hyperparameters Value

Load history length 96
Weather-semantic history length 7

Prediction horizon 16 steps (4 h)
Batch size 64

Number of epochs 20
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Table 1. Cont.

Hyperparameters Value

Initial learning rate 1 × 10−3

Fast encoder hidden dimension 64
Slow encoder hidden dimension 64

Fusion dimension 64
Number of attention heads 4

Dropout rate 0.1
Early stopping patience 8

3.3. Feature Contribution Analysis of Meteorological-Semantic Variables

Before constructing the final slow-timescale input set, a leave-one-out feature contri-
bution analysis is conducted to identify the meteorological-semantic variables that provide
effective contextual information. Specifically, each slow-timescale feature is removed from
the semantic branch one at a time, and the corresponding change in the test MAPE is
recorded as ∆MAPE. A positive ∆MAPE means that removing the feature degrades fore-
casting performance and therefore indicates a beneficial contribution. In contrast, a negative
∆MAPE suggests that the feature introduces redundant or even detrimental information
under the current forecasting setting.

The complete ranking results are reported in Table 2. Daytime Wind Direction (DWD),
Nighttime Wind Direction (NWD), and Nighttime Wind Level (NWL) provide the strongest
positive contributions, followed by Maximum Temperature (MaxT) and Weekend Indicator
(WI). In contrast, Weather during the Day (WD), Weather during the Night (WN), Average
Temperature (AT), and Minimum Temperature (MinT) exhibit negative contributions,
indicating that these variables introduce contextual redundancy or noise for the adopted
short-horizon forecasting task. Based on this analysis, the subsequent dual-timescale
models retain only the positively contributing variables to construct a more compact and
effective slow-timescale representation.

Table 2. Feature contribution ranking of meteorological-semantic variables.

Feature Feature Type MAPE ∆MAPE Contribution

DWD Categorical 2.5301 0.1420 Positive
NWD Categorical 2.5183 0.1303 Positive
NWL Categorical 2.4509 0.0628 Positive
MaxT Numerical 2.4156 0.0275 Positive

WI Numerical 2.3952 0.0072 Positive
DWL Categorical 2.3893 0.0012 Positive
WD Categorical 2.3360 −0.0520 Negative
WN Categorical 2.3347 −0.0533 Negative
AT Numerical 2.3167 −0.0713 Negative

MinT Numerical 2.3121 −0.0759 Negative

3.4. Overall Performance Comparison

To evaluate the overall effectiveness of the proposed framework, we compare it with
both single-timescale and dual-timescale baseline models. The single-timescale baselines
(denoted by “F-“) include F-LSTM, F-GRU, F-TCN, and F-Transformer, which use only fast-
timescale load observations. The dual-timescale baselines (denoted by “D-“) incorporate
both fast-timescale load data and slow-timescale meteorological-semantic information. Rel-
ative to these baselines, the proposed method further introduces structure-guided semantic
refinement, cross-scale attention fusion, coarse-to-fine prediction, and intervention-based
consistency regularization.
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As shown in Table 3 and Figure 2, the proposed method achieves the best overall
performance among all compared models. It attains an MAE of 3828.11 kW, an RMSE
of 7942.71 kW, and a MAPE of 2.93%. Compared with the best single-timescale baseline,
F-Transformer, the proposed model improves MAE, RMSE, and MAPE by 6.44%, 5.62%,
and 6.98%, respectively. Compared with the best dual-timescale baseline, D-Transformer,
the improvements reach 14.56%, 4.36%, and 9.01%, respectively. These results indicate that
performance gains do not come merely from adding slow-timescale inputs; instead, they
arise from more effective refinement and utilization of contextual information.

Table 3. Overall performance comparison results.

Method MAE (kW) RMSE (kW) MAPE (%) R2 (%) Test Time (s)

F-LSTM 4826.02 8408.10 3.39 94.48 9.27
F-GRU 4207.37 8291.08 3.12 94.63 10.22
F-TCN 6109.56 11532.63 3.91 89.61 9.28

F-Transformer 4091.54 8416.18 3.15 94.47 9.34
D-LSTM 5614.10 9087.35 3.74 93.55 15.11
D-GRU 4511.17 8287.63 3.27 94.89 15.01
D-TCN 5153.45 8715.43 3.49 94.07 15.61

D-Transformer 4480.47 8304.36 3.22 94.35 14.58
Ours 3828.11 7942.71 2.93 95.59 14.63
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Figure 2. Comparison of overall test results (one day at random).

More importantly, the comparison highlights the novelty of the proposed structure-
guided dual-timescale design. The proposed method differs from ordinary single-timescale
models by explicitly separating fast load dynamics from slow contextual semantics. It
also differs from conventional dual-timescale baselines by introducing structure-guided
semantic refinement and structure-aware cross-scale attention before prediction. Therefore,
the observed improvement is not simply caused by using more input variables, but by
modeling heterogeneous temporal sources according to their different structural roles.

The test time of the proposed model (14.63 s) is close to that of the dual-timescale
baselines, indicating that the accuracy improvement is achieved without a significant
computational burden. This result suggests that the proposed framework can balance
forecasting performance and inference efficiency on the adopted validation task.

3.5. Training-Stage Performance and Computational Cost

To further evaluate the fitting behavior and computational cost during the training
phase, representative models are additionally evaluated on the training set. The selected
methods include F-GRU, F-Transformer, D-Transformer, and the proposed model. These
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models respectively represent recurrent single-timescale modeling, attention-based single-
timescale modeling, ordinary dual-timescale attention-based modeling, and the proposed
structure-guided dual-timescale framework.

Table 4 reports the training-stage prediction performance and training time of the rep-
resentative models. Compared with the single-timescale baselines, the two dual-timescale
models achieve lower training errors, indicating that slow-timescale contextual information
is useful not only in the test stage but also during the model fitting process. Among the
representative models, the proposed model achieves the best Train RMSE, Train MAPE,
and Train R2, although D-Transformer obtains a slightly lower Train MAE. This suggests
that the proposed framework can effectively fit the training data while maintaining good
agreement with the actual load profile.

Table 4. Training-stage performance and computational cost of representative models.

Method MAE (kW) RMSE (kW) MAPE (%) R2 (%) Train Time (s)

F-GRU 4310.22 9148.31 2.76 0.9664 1134.51
F-Transformer 4157.05 9139.30 2.68 0.9665 1415.44
D-Transformer 3663.89 8106.87 2.35 0.9736 1645.98

Ours 3710.90 8000.93 2.34 0.9743 1711.20

In terms of computational cost, the proposed model requires a longer training time
than the single-timescale baselines because it includes additional structure-guided se-
mantic refinement, cross-scale attention fusion, coarse-to-fine prediction, and consistency
regularization modules. However, its training time is only slightly higher than that of
D-Transformer, indicating that the additional structural components introduce acceptable
computational overhead. Therefore, the proposed model provides a reasonable balance
between training-stage fitting ability and computational cost.

3.6. Statistical Significance Analysis

Although the overall comparison results show that the proposed model achieves lower
forecasting errors than the representative baselines, it is still necessary to examine whether
these differences are statistically significant. Therefore, a window-level paired statistical
analysis is further conducted. Since the prediction horizon of the forecasting task is 16 load
steps, 16 consecutive 15 min forecasting points are grouped as one prediction window. For
each prediction window, MAE, RMSE, and MAPE are calculated for the proposed model
and the representative baseline models. Then, paired statistical tests are performed over
the same prediction windows.

Three representative baselines are selected for statistical comparison, including F-GRU,
F-Transformer, and D-Transformer. F-GRU represents a strong recurrent single-timescale
model, F-Transformer represents a strong attention-based single-timescale model, and
D-Transformer represents a representative dual-timescale baseline. Since all models are
evaluated on the same test samples, the window-level errors of the proposed model and
each baseline naturally form paired observations. The null hypothesis is that there is no sig-
nificant difference between the errors of the proposed model and those of the corresponding
baseline. The paired t-test is used to evaluate the significance of the performance difference.

As shown in Table 5, the proposed model achieves lower average window-level
MAE, RMSE, and MAPE than all representative baselines. The differences are statistically
significant at the 0.001 level for all reported metrics. Specifically, compared with F-GRU,
the proposed model reduces the window-level MAE, RMSE, and MAPE by 349.25 kW,
374.72 kW, and 0.1696 percentage points, respectively. Compared with F-Transformer,
the corresponding reductions are 233.42 kW, 335.00 kW, and 0.0896 percentage points.
The improvement is more pronounced when compared with D-Transformer, where the
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reductions reach 782.36 kW, 788.65 kW, and 0.3424 percentage points, respectively. These
results indicate that the performance gain of the proposed model is not caused by isolated
test samples, but is consistently observed across prediction windows.

Table 5. Window-level statistical significance analysis between the proposed model and representative
baselines.

Comp. Metric Ours Base. Diff. p Sig.

Ours-F-GRU MAE 3858.12 ± 4606.36 4207.37 ± 5252.87 −349.25 <0.001 ***
Ours-F-GRU RMSE 4707.05 ± 6071.98 5081.78 ± 6551.32 −374.72 <0.001 ***
Ours-F-GRU MAPE (%) 2.95 ± 32.49 3.12 ± 32.47 −0.17 <0.001 ***
Ours-F-Trans. MAE 3858.12 ± 4606.36 4091.54 ± 5205.81 −233.42 <0.001 ***
Ours-F-Trans. RMSE 4707.05 ± 6071.98 5042.06 ± 6738.85 −335.00 <0.001 ***
Ours-F-Trans. MAPE (%) 2.95 ± 32.49 3.04 ± 32.46 −0.09 <0.001 ***
Ours-D-Trans. MAE 3858.12 ± 4606.36 4640.47 ± 5211.62 −782.36 <0.001 ***
Ours-D-Trans. RMSE 4707.05 ± 6071.98 5495.71 ± 6490.26 −788.65 <0.001 ***
Ours-D-Trans. MAPE (%) 2.95 ± 32.49 3.30 ± 32.05 −0.34 <0.001 ***

Note: The paired tests are conducted using window-level grouped forecasting errors computed over the same
test samples. Each prediction window contains 16 consecutive 15 min forecasting points. Diff. denotes ours
minus baseline; negative values indicate lower forecasting errors of the proposed model. *** denotes statistical
significance at the 0.001 level.

3.7. Ablation Study

We conducted an ablation study to evaluate the contribution of each component
in the proposed model. The variants tested include fast-only, using only fast-timescale
inputs; baseline dual-timescale, which combines fast and slow inputs without additional
enhancements; w/o Causal Refinement (w/o CR), w/o Cross-Scale Attention (w/o CSA),
w/o Coarse-to-Fine (w/o CTF), and w/o Counterfactual Consistency (w/o CC), where key
components are removed to assess their impact.

The results in Table 6 and Figure 3 show a clear performance hierarchy. Fast-only
performs the worst, with an MAE of 4630.51 kW and a MAPE of 3.33%, indicating that
recent high-frequency observations alone are insufficient for capturing the full forecasting
context. Baseline DT improves upon fast-only (MAE: 3979.62 kW; MAPE: 3.02%), confirm-
ing the value of introducing slow-timescale contextual information. However, removing
any proposed component from the full model leads to performance degradation, which
demonstrates that the gain is produced by the coordinated design of the framework rather
than by a single isolated module.

Table 6. Ablation tests performance comparison results.

Method MAE (kW) RMSE (kW) MAPE (%) R2 Test Time (s)

Fast-only 4630.51 8604.74 3.33 94.21 13.58
Baseline DT 3979.62 8179.18 3.02 94.77 14.08

w/o CR 4263.60 8253.17 3.13 94.68 13.90
w/o CSA 3897.89 7743.40 2.94 95.31 16.69
w/o CTF 4302.11 8507.78 3.15 94.35 14.53
w/o CC 3857.50 7595.55 2.96 95.39 15.70

Ours 3681.69 7636.52 2.87 95.61 13.83

Among the ablated variants, removing structure-guided refinement or coarse-to-
fine prediction causes relatively larger performance drops, suggesting that suppressing
unstable semantic information and separating background tendency from local fluctu-
ation are both important to the final prediction quality. Removing cross-scale atten-
tion or intervention-based consistency also degrades performance, indicating that adap-
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tive fusion and robustness-oriented regularization further enhance the usefulness of
slow-timescale context.
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Figure 3. Comparison of ablation test results (one day at random).

The full model achieves the best overall results, with an MAE of 3681.69 kW, an RMSE
of 7636.52 kW, and a MAPE of 2.87%. These results verify that each component contributes
to the final framework and that their integration yields the strongest predictive accuracy
and robustness.

The ablation results further explain the source of the model novelty. Removing
structure-guided refinement weakens the model’s ability to suppress unstable contextual
components, while removing cross-scale attention reduces its ability to adaptively align
fast dynamics with slow semantic information. In addition, removing the coarse-to-fine
prediction structure weakens the separation between background tendency modeling and
local fluctuation correction. These observations demonstrate that the proposed framework
improves forecasting performance through coordinated structural modeling rather than
through a single isolated module or a simple increase in model complexity.

3.8. Robustness Evaluation Under Different Operating Scenarios

To further assess robustness under practically relevant uncertainties, four testing
scenarios are constructed according to the explicit implementation in the code: summer,
winter, network interference, and weather anomaly. All models are trained using the same
training set, while scenario-specific selection or perturbation is introduced only during
evaluation. Therefore, the reported results reflect robustness and generalization under a
unified training condition rather than scenario-dependent retraining.

The first two scenarios correspond to natural seasonal distribution shifts. Specifi-
cally, the summer scenario contains test samples whose timestamps fall in June, July, and
August, whereas the winter scenario contains test samples from December, January, and
February. No artificial perturbation is introduced in these two cases. Instead, they evalu-
ate whether the learned forecasting models can maintain satisfactory predictive accuracy
when load characteristics vary with season, temperature conditions, and weather-driven
demand behavior.

The third scenario, denoted as network interference, is designed to emulate fast-
timescale data corruption. Let X f denote the fast-timescale input sequence. The perturbed
input is generated as

∼
X

f
=
(

X f + ϵ
)
⊙ M (33)
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where ϵ ∼ N
(
0, σ2

n
)

is additive Gaussian noise with σn = 0.10 is a Bernoulli mask whose
entries are sampled as Mi,j ∼ Bernoulli(1 − pd) with pd = 0.05. This design simulates com-
munication disturbance, sensor noise, and random packet loss in recent load observations.
Since short-horizon forecasting strongly relies on high-frequency temporal inputs, this sce-
nario directly examines model robustness against corruption of the fast-timescale branch.

The fourth scenario, referred to as a weather anomaly, targets uncertainty in the slow-
timescale meteorological-semantic input. For numerical temperature-related variables, the
perturbed input is generated as

∼
X

s,num

[...,0] = Xs,num
[...,0] + δT (34)

where
δT = clip(η,−cT , cT) , η ∼ N

(
0, σ2

T

)
(35)

with σT = 2.5 and cT = 6.0. For each categorical weather descriptor, random semantic
replacement is further applied with probability pc = 0.35, i.e.,

∼
x

s,cat
i,j =

{
ri,j, zi,j = 1

xs,cat
i,j , zi,j = 0

(36)

where zi,j ∼ Bernoulli(pc) and ri,j is a randomly sampled valid category index. This
scenario mimics weather forecast bias, abrupt meteorological shifts, and semantic-context
distortion. Compared with the network interference scenario, which perturbs recent
observations, the weather anomaly scenario evaluates the sensitivity of the forecasting
models to unreliable slow-timescale contextual information.

Table 7 and Figure 4 report the MAE, RMSE, and MAPE results under the four testing
scenarios. Several observations can be drawn. In the summer scenario, the proposed
method achieves the best results on all three metrics, with an MAE of 3310.56, an RMSE
of 6692.71, and a MAPE of 3.42%. Relative to F-Transformer, the proposed framework im-
proves MAE, RMSE, and MAPE by 13.52%, 3.95%, and 7.07%, respectively. The larger gains
over F-GRU further suggest that dual-timescale modeling and semantic refinement are es-
pecially beneficial when load–weather coupling becomes stronger during high-temperature
periods.

Table 7. Performance metrics comparison under different operating scenarios.

Scenario Metric
Method

F-Transformer F-GRU D-Transformer Ours

Summer scenario
MAE (kW) 3827.88 4495.38 4442.83 3310.56
RMSE (kW) 6967.79 7570.66 7511.61 6692.71
MAPE (%) 3.68 4.01 3.90 3.42

Winter scenario
MAE (kW) 5570.05 4829.24 6693.56 4744.04
RMSE (kW) 7925.60 6730.32 8772.47 7039.31
MAPE (%) 3.79 3.54 4.64 3.20

Network Interference scenario
MAE (kW) 6972.59 7478.08 6867.09 6277.50
RMSE (kW) 10,785.02 11,287.96 10534.32 10,259.97
MAPE (%) 4.35 4.62 4.35 4.10

Weather anomaly scenario
MAE (kW) 4367.25 4874.87 5013.90 3739.96
RMSE (kW) 7924.26 8262.61 8536.19 7639.13
MAPE (%) 3.20 3.43 3.47 2.88
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Figure 4. Comparison of robustness test results under different operating scenarios.

In the winter scenario, the proposed method again achieves the lowest MAE and
MAPE, reaching 4744.04 and 3.20%, respectively, while F-GRU yields a slightly lower
RMSE of 6730.32 compared with 7039.31 for the proposed model. This indicates that the
proposed framework provides the best overall pointwise prediction accuracy, although
the GRU baseline remains competitive in suppressing several larger errors under winter
conditions. More importantly, the proposed method still substantially outperforms D-
Transformer, reducing MAE, RMSE, and MAPE by 29.12%, 19.75%, and 31.03%, respectively.
This result shows that simply introducing dual-timescale inputs is insufficient unless the
slow-timescale information is effectively refined and fused.

In the network interference scenario, all models experience visible performance degra-
dation, confirming that corruption of recent observations severely affects short-horizon
forecasting. Nevertheless, the proposed model remains the best-performing method across
all three metrics, with an MAE of 6277.50, an RMSE of 10,259.97, and a MAPE of 4.10%.
Compared with the strongest baseline, D-Transformer, the proposed model reduces MAE
and RMSE by 8.58% and 2.60%, respectively, while lowering MAPE from 4.35% to 4.10%.
These results indicate that the proposed architecture is not only accurate under clean inputs
but also more resilient to high-frequency measurement disturbance.

In the weather anomaly scenario, the superiority of the proposed method becomes
even more evident. It achieves the best MAE, RMSE, and MAPE values of 3739.96,
7639.13, and 2.88%, respectively. Relative to F-Transformer, the proposed model improves
MAE, RMSE, and MAPE by 14.37%, 3.60%, and 10.00%, respectively. Compared with
D-Transformer, the corresponding improvements increase to 25.41%, 10.51%, and 17.00%.
These results verify that the proposed structure-guided semantic refinement and dual-
timescale fusion mechanism can more effectively filter unreliable meteorological-semantic
information and preserve predictive stability under contextual anomalies.

Overall, the results across all four scenarios consistently show that the proposed
method delivers the best or near-best performance under seasonal distribution shifts,
fast-timescale observation corruption, and slow-timescale semantic perturbation. This
consistency indicates that the gain of the proposed framework does not rely on a spe-
cific operating condition, but stems from its stronger ability to jointly exploit short-term
dynamics and slowly varying context in a robust and structured manner.

3.9. Analysis of Difficult-to-Predict Samples

To further analyze the data points that are relatively difficult for the proposed model
to predict, an error-distribution analysis is conducted based on the temporal characteristics
of the test samples. Since the forecasting task is formulated as a multi-step prediction
problem with a prediction horizon of 16 load steps, the exported prediction results contain
flattened multi-step outputs. In other words, the same target timestamp may appear in
multiple overlapping prediction windows. Directly treating all flattened prediction rows
as independent time points would over-count repeated target samples and may lead to a
biased error-distribution analysis.
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To address this issue, the flattened prediction results are first reconstructed according
to the prediction origin and the forecast horizon step. Each predicted value is mapped back
to its corresponding target timestamp using the original 15 min load timestamp sequence.
For a target timestamp that is predicted by multiple overlapping windows, the absolute
errors from different prediction windows are averaged to obtain a unique forecasting error
for that timestamp. In this way, a corrected non-duplicated error series is obtained and
used for subsequent temporal error analysis.

Based on the corrected error series, an hour–month MAE heatmap is constructed for
the proposed model. Specifically, the unique absolute errors are grouped according to
the month and the hour of day of their corresponding target timestamps, and the mean
absolute error is calculated for each month–hour cell. This heatmap provides a visual way
to identify the temporal regions in which the forecasting task becomes more difficult.

As shown in Figure 5, the forecasting errors are not uniformly distributed over time.
Relatively larger errors are concentrated in several specific month–hour regions, especially
during parts of February, April, May, June, and August. These high-error regions indicate
that some periods are more difficult to forecast than others. Such difficulty is likely related
to stronger load variability, peak-load transitions, weather-sensitive operating conditions,
or abrupt changes in the daily load profile. In contrast, several other time periods show
relatively lower MAE values, suggesting that the proposed model can capture regular
intraday patterns more effectively when the load evolution is more stable.

Figure 5. Hour–month MAE heatmap of the proposed model after removing duplicated multi-step
prediction targets. Blank cells indicate month–hour combinations without test samples.

It should also be noted that the test set does not cover all calendar months. Therefore,
blank cells in the heatmap indicate months or month–hour combinations without test
samples rather than zero forecasting error. This analysis further confirms that the model’s
prediction difficulty is temporally heterogeneous. It also suggests that future work may
improve the model by introducing uncertainty-aware forecasting, adaptive loss weighting
for high-error periods, and enhanced modeling of abrupt load changes.

3.10. Sensitivity Analysis

To further examine the influence of key hyperparameters, a one-factor-at-a-time sensi-
tivity analysis is conducted under the same 16-step forecasting setting as the main experi-
ments. Three factors are considered: the fast-timescale history length L, the slow-timescale
semantic window length K, and the regularization scale RegScale. The default setting is L =
96, K = 7, and RegScale = 1.0. In each group, only one factor is changed while the remaining
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factors are fixed at their default values. Therefore, the analysis focuses on the individual
influence of each factor rather than performing a full grid-search optimization.

As shown in Table 8, the model performance is affected by the fast-timescale history
length. When L increases from 48 to 144, the MAE decreases from 3792.84 kW to 3433.33
kW, and the MAPE decreases from 2.91% to 2.73%. This indicates that, for the 16-step
forecasting task, a longer fast-timescale history can provide more useful information for
capturing daily load patterns and short-term trend evolution. Although L = 96 corresponds
to a physically meaningful 24 h input window, the sensitivity results suggest that extending
the history window to 36 h may further improve multi-step forecasting accuracy.

Table 8. One-factor-at-a-time sensitivity analysis of the proposed model under the 16-step forecasting
setting.

Factor Level MAE RMSE MAPE (%)

L 48 3792.84 7715.00 2.91
L 96 3966.90 7928.49 2.98
L 144 3433.33 7336.49 2.73
K 3 4258.46 8521.47 3.12
K 7 3966.90 7928.49 2.98
K 14 3644.33 7501.03 2.85

RegScale 0.5 3796.66 7679.02 2.91
RegScale 1.0 3966.90 7928.49 2.98
RegScale 2.0 3985.55 7792.00 3.01

The slow-timescale semantic window also has a clear influence on performance. The
setting K = 3 leads to the largest errors, while K = 14 achieves the best results among
the tested levels. This suggests that a short semantic history may be insufficient for
characterizing slowly varying meteorological and calendar-related background conditions.
For a 4 h forecasting horizon, a longer semantic context can provide more stable background
information and improve the utilization of slow-timescale variables.

For the regularization scale, reducing RegScale from 1.0 to 0.5 improves MAE, RMSE,
and MAPE, whereas increasing it to 2.0 does not consistently improve all metrics. This result
indicates that structure-related regularization is useful, but overly strong regularization
may constrain the model and slightly weaken point forecasting accuracy. Overall, the
sensitivity analysis shows that the proposed framework remains effective under different
parameter settings, while longer historical and semantic windows can further enhance
performance for the 16-step forecasting task.

It should be noted that this analysis is intended to evaluate parameter sensitivity rather
than to replace the default configuration used in the main comparison experiments. The
default setting, L = 96 and K = 7, corresponds to a 24 h fast-timescale history and a one-week
slow-timescale semantic context, which provides a clear and interpretable experimental
configuration. The sensitivity results further indicate that additional performance gains may
be obtained by extending the temporal context, which will be considered in future work.

4. Conclusions
This paper presented a structure-guided dual-timescale learning framework for het-

erogeneous temporal forecasting. The proposed model explicitly separates fast-timescale
dynamic modeling from slow-timescale contextual representation, and further improves
cross-scale information utilization through structure-guided semantic refinement, cross-
scale attention fusion, coarse-to-fine prediction, and intervention-based consistency regular-
ization. Unlike narrowly task-specific formulations, the proposed framework is designed at
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the methodological level and is applicable to forecasting problems in which high-frequency
target dynamics coexist with slowly varying exogenous context.

A real-world ultra-short-term aggregate load forecasting task was adopted as a rep-
resentative validation case. The experimental results demonstrated that the proposed
method consistently outperformed competitive baselines in terms of accuracy, robustness,
and efficiency. The robustness analysis further showed that the framework maintains
strong predictive performance under seasonal distribution shifts, fast-timescale observa-
tion corruption, and slow-timescale contextual anomalies. These results verify that the
proposed approach is not merely effective for the selected load dataset, but also promising
as a general solution for heterogeneous-timescale forecasting problems. Therefore, the
proposed framework provides practical value for short-horizon forecasting applications
that require both accurate prediction and robust utilization of slowly varying contextual
information, such as load forecasting, renewable energy forecasting, traffic prediction, and
industrial process monitoring.

5. Discussion
In this study, we proposed a structure-guided dual-timescale learning framework

for heterogeneous short-horizon time-series forecasting, and the experimental results on
a real-world industrial load forecasting task demonstrate consistent improvements over
both single- and dual-timescale baselines. The performance gains are primarily attributed
to the synergistic integration of structure-guided semantic refinement, which suppresses
spurious or unstable contextual components as evidenced by the feature contribution anal-
ysis, and cross-scale attention that enables the fast branch to dynamically query the most
relevant slow-varying context rather than relying on naive concatenation. The ablation
study confirms that removing any key component—especially structure-guided refinement
or coarse-to-fine prediction—substantially degrades accuracy, indicating that the frame-
work’s strength lies in the structural coordination among its modules. Furthermore, the
model exhibits remarkable robustness under four challenging scenarios (seasonal shifts,
network interference, and weather anomalies), largely due to the decoupled coarse-to-
fine prediction head that isolates background tendency from local fluctuations, and the
intervention-based consistency regularization that enforces causally plausible responses to
semantic changes. Compared with existing methods such as Temporal Fusion Transform-
ers or decomposition-based architectures, our approach explicitly respects the structural
asymmetry between fast and slow timescales and provides a principled way to filter
uninformative contextual variables.

From a practical perspective, the proposed framework is valuable for short-horizon
operational forecasting tasks in which high-frequency target observations coexist with
low-frequency contextual information. In power system applications, such forecasts can
support dispatch scheduling, reserve planning, demand response, and short-term energy
management. The robustness results under seasonal shifts, network interference, and
weather anomalies further indicate that the proposed model can maintain stable forecasting
performance when data quality or operating conditions change. This property is particu-
larly important for real-world decision-making scenarios, where forecasting models are
expected to remain reliable under imperfect measurements and uncertain contextual inputs.

Nevertheless, several limitations should be acknowledged. First, the structure-guided
semantic refinement module currently relies on a domain-informed dependency struc-
ture, and automatic structure discovery from data remains a direction for future work.
Second, the fast–slow alignment assumes a fixed mapping between high-frequency tar-
get observations and low-frequency contextual records, which may need to be extended
for irregularly sampled or asynchronously updated data. Third, although the proposed
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framework is designed for general heterogeneous-timescale forecasting, the empirical vali-
dation is conducted on a representative load forecasting task, and further tests on other
domains such as renewable energy, traffic, and industrial processes would help verify
its broader applicability. Finally, this study focuses on deterministic point forecasting,
while probabilistic forecasting and uncertainty quantification will be considered in future
work. Overall, this study offers a robust and interpretable solution for heterogeneous
short-horizon forecasting problems.
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