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Abstract

Conventional time-series forecasting methods typically aim
to minimize overall prediction error, without accounting for
the varying importance of different forecast ranges in down-
stream applications. We propose a training methodology that
enables forecasting models to adapt their focus to application-
specific regions of interest at inference time, without re-
training. The approach partitions the prediction space into
fine-grained segments during training, which are dynam-
ically reweighted and aggregated to emphasize the target
range specified by the application. Unlike prior methods
that predefine these ranges, our framework supports flexi-
ble, on-demand adjustments. Experiments on standard bench-
marks and a newly collected wireless communication dataset
demonstrate that our method not only improves forecast ac-
curacy within regions of interest but also yields measurable
gains in downstream task performance. These results high-
light the potential for closer integration between predictive
modeling and decision-making in real-world systems.

Code — https://github.com/netop-team/gotsf
Datasets — https://hf.co/datasets/netop/gotsf-ds
Extended version — https://arxiv.org/pdf/2504.17493

1 Introduction
Time-series forecasting (TSF) represents a significant area
of study within machine learning (ML), with practical ap-
plications demonstrable in various domains, including but
not limited to, economics (Granger and Newbold 2014), en-
ergy resource management (Martín et al. 2010; Qian et al.
2019), transportation optimization (Chen et al. 2001), me-
teorological prediction (Wu et al. 2023), inventory opti-
mization (Li et al. 2022), and healthcare (Ghassemi et al.
2015; Ray et al. 2025). At its core, TSF is concerned
with constructing predictive models for time-dependent se-
quential data. This involves leveraging historical patterns
and relationships within observations to forecast future data
points. The methodologies employed in TSF are diverse,
ranging from classical statistical approaches, such as Au-
toregressive Integrated Moving Average (ARIMA) (Hynd-
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man and Athanasopoulos 2015) and Exponential Smooth-
ing (ETS) (Brown 1956), to deep learning (DL) approaches,
including Multi-Layer Perceptrons (MLPs) (Zeng et al.
2023), Recurrent Neural Networks (RNNs) (Zhang and Man
1998), Long Short-Term Memory (LSTMs) (Siami-Namini,
Tavakoli, and Namin 2019), Temporal Convolutional Net-
works (TCNs) (He and Zhao 2019), and Transformer ar-
chitectures (Nie et al. 2022; Liu et al. 2023). More re-
cently, the field has witnessed the appearance of founda-
tion Large Time-Series Models (LTSMs), pre-trained on
extensive time-series datasets to enable zero-shot forecast-
ing. These models, including Timer (Liu et al. 2024b),
Moirai (Woo et al. 2024), TimesFM (Das et al. 2024),
Chronos (Ansari et al. 2024), Moment (Goswami et al.
2024), and Toto (Cohen et al. 2024) predominantly utilize
variations of the Transformer architecture.

Generally, TSF methodologies prioritize the minimization
of predictive error, often neglecting the integration of pre-
dicted outputs within subsequent downstream processes. In
numerous downstream applications of forecasting, the prac-
tical significance of forecast errors is not uniform, and this
treatment introduces suboptimal model performance with
respect to the ultimately desired objective. This is effec-
tively illustrated by forecasting challenges IEEE-CIS Tech-
nical Challenge on Predict+Optimize for Renewable En-
ergy Scheduling (Bergmeir et al. 2022) and the M5 Accu-
racy Competition (Makridakis, Spiliotis, and Assimakopou-
los 2022), where evaluations based solely on forecast ac-
curacy substantially mismatches with evaluations based on
the eventual optimization objective, such as energy mini-
mization. This necessitates the development of TSF mod-
els that explicitly incorporate downstream task objectives
during development and evaluation. This integration is es-
sential given the widespread of real world analytical sys-
tems combining predictive and optimization components.
For example, Bertsimas and Kallus (Bertsimas and Kallus
2020) propose learning weight functions from data for in-
tegration into optimization objectives. Similarly, Elmach-
toub and Grigas (Elmachtoub and Grigas 2022) proposed
a “Predict-then-Optimize” framework within linear pro-
gramming, directly leveraging optimization structure to in-
form loss function design. Furthermore, the ML commu-
nity has witnessed a significant trend towards end-to-end
(E2E) learning paradigms, applied across domains such as
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finance (Bengio 1997), image recognition (Wang, Babenko,
and Belongie 2011), robotic manipulation (Levine et al.
2016), and inventory-management (Qi et al. 2023) highlight-
ing the potential for this approach in TSF.

A major limitation within existing literature (Bertsimas
and Kallus 2020; Elmachtoub and Grigas 2022; Qi et al.
2023) is the assumption of pre-defined task specifications.
Specifically, these methodologies presuppose that regions of
forecasting importance are both provided and static. How-
ever, numerous real-world TSF applications, such as wire-
less traffic prediction, necessitate adaptive approaches due
to unknown and dynamically shifting importance regions.
For instance, in energy efficiency policies, low-traffic peri-
ods are more important for base-station deactivation, while
high-traffic periods are less relevant. Conversely, power al-
location strategies may require sensitivity to both extremes,
with lower importance on intermediate values. In practice,
these thresholds are often not known a priori and potentially
time-varying. Consequently, there is a pressing need for TSF
frameworks that enable post-hoc configuration to give im-
portance to specific regions of interest during inference. This
work takes the first step, to the best of our knowledge, to ad-
dress the observed gap. A motivating problem that can be
tackled by our approach is illustrated in Figure 1.

Contributions. In this work, we address this gap by:
(1) proposing a training methodology that extends multivari-
ate TSF models to adapt to multiple downstream tasks at in-
ference without retraining, (2) conducting extensive experi-
ments on synthetic and real-world traces, including compre-
hensive baseline comparisons and ablation studies, to val-
idate its effectiveness, and (3) introducing a new wireless
mobile network dataset to support further research.

Outline of Paper. This paper proceeds as follows. Sec-
tion 2 reviews the related literature. Section 3 formalizes the
forecasting problem. Section 4 details the methodology em-
ployed in this research. Section 5 describes the experiments
we performed to investigate the performance of our train-
ing methodology. Finally, Section 6 concludes the paper and
outlines avenues for future research.

2 Literature Review
Time-Series Forecasting. Traditionally, statistical ap-
proaches like ARIMA (Hyndman and Athanasopoulos
2015) and ETS (Brown 1956) were predominant in TSF.
However, the surge in computational power and data avail-
ability has spurred the adoption of deep learning techniques.
This transition encompasses MLPs (Zeng et al. 2023),
RNNs (Zhang and Man 1998), LSTMs (Siami-Namini,
Tavakoli, and Namin 2019), TCNs (He and Zhao 2019),
and Transformer architectures (Nie et al. 2022; Liu et al.
2023; Wu et al. 2021a; Zhou et al. 2021, 2022). Adapting
Transformers for TSF is now a key research area, with ef-
forts focused on: (1) refining internal components, partic-
ularly attention mechanisms (Wu et al. 2021a; Zhou et al.
2021, 2022); (2) transforming input token representations
using techniques like stationarization (Liu et al. 2022), chan-
nel independence (Nie et al. 2022), and patching (Nie et al.

Figure 1: The figure illustrates time-series forecasting in
a wireless network, showing the stages of data collection,
model training, and deployment to downstream tasks such
as energy efficiency, where accurate prediction of low traf-
fic periods is critical, and power allocation, which requires
precise forecasts across two traffic bands. Traditional fore-
casting methods typically ignore these task-specific require-
ments, whereas the proposed approach allows a single model
to adapt to diverse downstream tasks at inference time and
provides greater flexibility than task-specific end-to-end sys-
tems.

2022; Liu et al. 2023); and (3) broadly modifying the Trans-
former architecture and its modules (Zhang and Yan 2023).
Recent advances include foundation LTSMs like Timer (Liu
et al. 2024b), Moirai (Woo et al. 2024), TimesFM (Das et al.
2024), Chronos (Ansari et al. 2024), Moment (Goswami
et al. 2024), and Toto (Cohen et al. 2024) which leverage
pre-training and Transformer variants for zero-shot forecast-
ing. This research extends state-of-the-art transformer archi-
tectures by integrating a task-specific configuration mech-
anism, enabling dynamic adaptation of model predictions
during inference.

Task-Aware Forecasting. Prior research has explored
customizations of the objective function for TSF, through
loss reshaping or re-weighing (Park et al. 2023; Xue et al.
2023; Cheng, Huang, and Zheng 2023; Hounie, Porras-
Valenzuela, and Ribeiro 2024). These works primarily aim
to integrate uncertainty quantification or fairness consider-
ations, diverging from the objective of tailoring models to
specific downstream tasks. Conversely, other research have
concentrated on developing frameworks that derive loss
weights from downstream task characteristics, thereby guid-
ing the training process of forecasting models (Bergmeir
et al. 2022; Elmachtoub and Grigas 2022; Grabocka, Scholz,
and Schmidt-Thieme 2019). While our methodology shares
conceptual similarities with this latter line of work, specif-
ically in the incorporation of loss shaping during training,
it distinguishes itself by proposing a training methodology
that enables the same model to accommodate diverse down-
stream task requirements at inference-time.

3 The Forecasting Problem
Time-Series. A multivariate time-series is a sequence of
vector-valued observations ordered temporally. Let xt ∈ Rn

denote a n-dimensional real-valued vector observed at time
t, where t ∈ [T ] and n ≥ 1. The full time-series is rep-
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resented as the ordered set {x1,x2, . . . ,xT }, where each
xt = (xt,i)i∈[n] corresponds to measurements of n variables
at time t. The temporal dependency between observations is
intrinsic to the series, with xt potentially influenced by past
values xt−k for some lag k > 0. We assume each series
i ∈ [n] lies within a bounded set X ⊂ R, where |X | < ∞.

The Learning Problem. Time-series forecasting is refor-
mulated as a supervised regression task by constructing
input-output pairs from sliding windows over the series. Let
τ ∈ N be the forecast horizon and w ∈ N be the window
size. In practice, the window size w is treated as a hyper-
parameter. For each time t, the input Xt = xt−w:t−1 ∈
Xw×n consists of a history window {xt−w, . . . ,xt−1}, and
the target Yt = xt:t+τ−1 ∈ X τ×n is the future window
{xt, . . . ,xt+τ−1}. The mapping fθ : Xw×n → X τ×n,
parameterized by θ, is learned to approximate the under-
lying dynamic Yt = f(Xt) + ϵt, where ϵt ∈ Rτ×n is
noise and f is some unknown dynamic. This generates a
dataset D = {(Xt,Yt)}T−τ

t=w . The goal is to learn the model
θ⋆ ∈ Rd for d ≥ 1 that minimizes the expected loss over the
data distribution D(X,Y):

θ⋆ ∈ argmin
θ∈Rd

E(X,Y)∼D [l(fθ(X),Y)] , (1)

where l : Rτ×n × Rτ×n → R is a differ-
entiable loss function. In practice, this expectation is
approximated by the empirical risk over D: θ̃⋆ ∈
argminθ

1
|D|

∑
(Xt,Yt)∈D l(fθ(Xt),Yt) + R(θ). The reg-

ularization term R : Rd → R (e.g., the Euclidean distance
R(θ) = λ∥θ∥22) is incorporated to control the complexity of
the model parameters θ, and it aims to prevent the mem-
orization of noise within the training data, enhancing the
model’s ability to generalize to novel data (Shalev-Shwartz
and Ben-David 2014). Among the most commonly used loss
functions are the Mean Squared Error (MSE) and the Mean
Absolute Error (MAE), each of which serves a distinct sta-
tistical purpose (i.e., conditional expectation and the condi-
tional median, respectively).

4 Methodology
Our methodological investigation proceeds by first estab-
lishing a baseline policy (B-Policy), representative of
standard forecasting model training that overlooks specific
prediction intervals. We then define an end-to-end policy
(E2E-Policy), which focuses on training a model tailored
to a particular interval of interest. Subsequently, we intro-
duce a naive policy (C-Policy) designed to train a founda-
tion model capable of adapting to various intervals at infer-
ence time by exposing it to all possible intervals during train-
ing. Following this, we describe a policy (DL-Policy) that
explores a finite subset of relevant intervals, strategically
chosen such that their combination covers the entire fore-
casting space. Finally, we propose a policy (D⋆

L-Policy)
that discretizes the forecasting space and, when integrated
with a patching technique, can enable the training of more
effective foundation models.

Baseline Policy (B-Policy). This policy follows the
baseline training procedure detailed in Section 3. This train-
ing approach does not incorporate interval sensitivity, and
the loss is computed with respect to the forecasting target
over the domain X .

Task-specific Policy (E2E-Policy). Given a target in-
terval I ⊆ X , the task-specific policy only considers a fore-
casting target within this range. In particular, this policy can
be considered as a variation of the baseline policy limited to
consider a forecasting loss solely over the intervals of inter-
est. Our goal is to learn the model θ⋆ ∈ Rd that minimizes
the interval-specific expected loss over a data distribution
D(X,Y) given as

θ⋆ ∈ argmin
θ∈Rd

E(X,Y)∼D
[
l (fθ(X),Y)1

(
Y ∈ Iτ×n

)]
,

where 1(χ) ∈ {0, 1} is the indicator function equal to 1
when condition χ is true. Again, the expectation can be ap-
proximated by the interval-specific empirical risk over some
dataset D consisting of samples from D with a regulariza-
tion term.

Continuous-Interval Training Policy (C-Policy). To
allow the forecasting model to differentiate between any tar-
get intervals within X , we incorporate the interval as a co-
variate. A covariate interval I ⊆ X is represented as a two-
dimensional vector in X 2 containing its boundary values
(e.g., a vector encoding (Imin, Imax) ∈ X 2, for some in-
terval [Imin, Imax] ⊆ X ). This enables the model to learn
the relationship between varying intervals and its predic-
tive outputs. Specifically, the learned mapping fθ becomes
a function of both the input time-series X and the interval
I, i.e., the mapping fθ : Xw×n+2 → X τ×n. During train-
ing, we sample intervals uniformly at random over the set
Uδ = {I ⊂ X : |I| ≥ δ}, where δ represents the minimum
length of the sampled intervals. The minimal distance con-
straint is introduced to make the training more stable, be-
cause small intervals contain less samples introducing high
variance. Consequently, for a data sample (Xt,Yt) ∼ D
and its corresponding sampled interval It, our custom loss
function is defined as:

L(fθ(Xt,It),Yt,It)=l (fθ(Xt, It),Yt)1(Yt∈Iτ×n
t ). (2)

Thus, our training objective is to learn the model parameters
θ⋆
Cont ∈ Rd (d ≥ 1) that minimize the interval-uniform

expected loss over the data distribution D(X,Y) and the
interval distribution Uδ:

θ⋆ ∈ argmin
θ∈Rd

E(X,Y)∼D,I∼Uδ
[L(fθ(X, I),Y, I)] . (3)

Similar to the previous policies, the above problem is
approximated by minimizing the empirical risk over
the dataset D and the interval distribution Uδ: θ̃⋆ ∈
argminθ∈Rd

1
|D|

∑
(Xt,Yt)∈D L(fθ(Xt, It),Yt, It) +

R(θ), where It is the sampled interval from Uδ for each
(Xt,Yt) ∈ D.

Discretized-Interval Training Policy (DL-Policy).
This policy closely resembles the C-Policy, except that
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the support space of the distribution of possible interval
is severely reduced. In particular, the interval selection
process now involves sampling an interval from a discrete
distribution, denoted by CL, defined over a set of L disjoint
intervals that collectively cover the interval X , i.e., for a
given L the support supp (CL) satisfies

⋃̇
I∈supp(CL) = X

where
⋃̇

denotes the union of disjoint sets.

Patching-Augmented Discretized Training Policy
(D⋆

L-Policy). The premise behind the design of this
policy is to consider the DL-Policy configured with a
sufficiently large L corresponding to a finer discretization
of the domain X . At inference time when requested with
an unknown interval I, the policy combines the constituent
intervals to make the predictions. This is made possible with
two main modifications. First, the loss function incorporates
a decay function that modulates the contribution of each
sample to the loss based on its distance from the center of
its associated interval.1 This decay mechanism is defined as

dν(y, I) = exp (−ν ·max (0, |y −∆avg| −∆diff)) , (4)

where ν is the decay rate, and ∆avg =
(max(I) + min(I)) /2 is the midpoint of an interval
and ∆diff = (max(I)−min(I)) /2 is half of the length of
the interval.

As the decay rate ν becomes large (ν → ∞), the
weight

∏
i∈[n],t∈[τ ] dν(yi, I) ∈ [0, 1] converges to the in-

dicator function 1(Y ∈ Iτ×n) ∈ {0, 1} in Eq. (2). This
weighting allows learning at interval boundaries and in-
troduces a soft overlap between intervals, which is ben-
eficial for reducing patching errors caused by bound-
ary uncertainties. Additionally, a classification head f c

θ :
Xw×n+2 → [0, 1]τ×n (parameterized by a shared θ) is
appended to predict if the true value falls within It, us-
ing the same notation as before. The modified regression
loss with the soft boundary is Lν(fθ(Xt, It),Yt, It) ≜
l(fθ(Xt, It),Yt) ·

∏
i∈[n],t∈[τ ] dν(yt,i, It), and the modi-

fied classification loss is L′
ν(f

c
θ(Xt, It),1(Yt ∈ It), It) ≜

l′ν(f
c
θ(Xt, It),1(Yt ∈ It)) ·

∏
i∈[n],t∈[τ ] dν(yt,i, It), where

l′ν is a classification loss like cross entropy. The learning ob-
jective for the augmented model parameters (including the
classifier) is defined as follows:

θ⋆ ∈ argmin
θ∈Rd

E(X,Y)∼D,I∼CL

[
Lν(fθ(X, I),Y, I)

+ ϕ · L′
ν(f

c
θ(X, I),1(Y ∈ I), I)

]
, (5)

where ϕ ∈ [0, 1] is a hyperparameter introduced to balance
the importance of the regression and classification tasks.
This objective is approximated empirically using the dataset
D and the interval distribution CL:

θ̃⋆∈ argmin
θ∈Rd

1

|D|
∑

(Xt,Yt)∈D

(
Lν(fθ(Xt, It),Yt, It)

+ϕ · L′
ν(f

c
θ(Xt, It),1(Yt ∈ It), It)

)
+R(θ),

where It is the sampled interval from Ct for each
(Xt,Yt) ∈ D.

1This function is depicted in the extended version of this paper.

Patching Mechanism. Given an arbitrary interval I, we first
identify the subset of training intervals that intersect with I,
given by the mapping

ΞL(I) ≜ {I ′ ∈ supp (CL) : I ′ ∩ I ̸= ∅} , (6)

where supp (CL) is the support of the distribution CL of size
L. The logic behind this is that when L is large enough,
the union of intervals in ΞL(I) is a good approximation of
I. For an input series X and target interval I the patching
mechanism strategies are defined as follows:
• Averaging Strategy (1-strategy). This strategy computes

a weighted average of the regression predictions for all
intersecting training intervals, weighted by their respec-
tive classification probabilities for the given input and the
target interval I. Formally, defined as

Ŷ =

∑
I′∈ΞL(I) f

c
θ (X, I ′)fθ(X, I ′)∑

I′∈ΞL(I) f
c
θ (X, I ′)

. (7)

• Maximum Confidence Strategy (∞-strategy). This strat-
egy selects the regression prediction corresponding to the
training interval with the highest classification probabil-
ity for the given input and the target interval I. Formally,
defined as

Ŷ = fθ
(
X, argmax

I′∈ΞL(I)
f c
θ (X, I ′)

)
. (8)

5 Experiments
This section presents the numerical results of our training
methodology and compares its forecasting performance with
several baselines. We start by outlining the forecasting mod-
els, training policies, benchmark datasets, and training con-
figurations used. Following this, we provide a quantitative
analysis of the different training strategies applied to these
models.

5.1 Experimental Setup
Time-Series Forecasting Models. We evaluate four lead-
ing time series forecasting models: iTransformer (Liu et al.
2024a), DLinear (Zeng et al. 2023), PatchTST (Nie et al.
2023), and TimeMixer (Wang et al. 2024). To incorporate
target interval information I, we modified these architec-
tures. Given an interval of interest I ⊆ X , for iTransformer,
the vectorized form of I was concatenated to the tempo-
ral encoding. For DLinear, PatchTST, and TimeMixer, I’s
vectorized encoding was added as two extra temporal chan-
nels. Furthermore, we adapted these regression models for a
dual-task objective (regression and classification) by adding
a classification head. This involved doubling the final pro-
jection layer’s output size (τ , the forecasting horizon) and
splitting it into regression forecasts (first τ dimensions) and
classification logits (remaining τ dimensions). This modi-
fication allows the models to predict future values and si-
multaneously assess the probability of these forecasts falling
within the target interval I.

Training Policies. We evaluate the training policies in-
troduced in Section 4, namely B-Policy, E2E-Policy,
C-Policy, DL-Policy, and D⋆

L-Policy. The ⋆ in the
latter denotes either average (1) or maximum (∞) patching.
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(a) (b)

Figure 2: Subfigure (a) depicts the expected hypotheses used
to construct the synthetic trace SynthDS. Subfigure (b) de-
picts the inability of the baseline policy B-Policy to dis-
tinguish between the different patterns in SynthDS dataset,
as it predicts the average hypothesis (red line at 0.5). The
model used is a trained iTransformer. Each subplot shows
a time-shift of six steps. The black dotted line indicates the
true values. The blue line shows the model’s predictions over
10 random seeds.

Benchmarking Datasets. In our experimental evalua-
tion, we rely on several benchmark datasets to support
our claims. (1) SynthDS is a synthetic dataset designed
to illustrate the components of our proposed methodol-
ogy. The trace is constructed bu concatenating an in-
put signal si =

(
sin

(
π(n−1)
w−1

))
n∈[w]

, where w =

24 denotes the signal length, and a corresponding out-
put signal so =

(
s · 0.25 cos

(π(n−1)
2(w−1)

)
+ b

)
n∈[w]

, where

the pair (s, b) is sampled uniformly at random from
{(1, 0.75), (1, 0.5), (−1, 0.25), (−1, 0.5)}. To generate a
trace spanning T = 3.1 × 103 timesteps, we concatenate
the same randomly selected signal multiple times. Subse-
quently, we introduce Gaussian noise to the trace, where
the noise has a mean of 0 and a standard deviation of
0.05. A noise-free version of this trace is depicted in Fig-
ure 2a. (2) BLW-TrafficDS is released to the public do-
main as part of this study. The dataset comprises a wireless
beam-level traffic volume containing 100 beams and 103

timesteps. (3) Traffic (Caltrans 2016) contains hourly
road occupancy rates (ranging from 0 to 1) recorded by sen-
sors on San Francisco Bay area freeways from 2015 to 2016,
totaling 48 months of data. (4) Electricity (Reposi-
tory 2014) includes hourly electricity consumption (in kWh)
records of 321 clients from 2012 to 2014. (5) Weather (Wu
et al. 2021a) contains 21 meteorological indicators, such as
air temperature and humidity, recorded every 10 minutes
throughout the entire year of 2020.

Training Configuration. To ensure the reproducibility of
our experiments, we provide a comprehensive description
of the training setup. The datasets were divided into train-
ing, validation, and testing subsets. A 66-17-17 split was
used for the SynthDS, Traffic, Electricity, and
Weather datasets, while the BLW-TrafficDS dataset
used a 70-10-20 split. Four state-of-the-art time series
forecasting models—iTransformer, DLinear, PatchTST, and
TimeMixer—were evaluated across the designated tasks.

The BLW-TrafficDS, Traffic, Electricity,
and Weather datasets were processed using a multivariate-
to-multivariate configuration, whereas the SynthDS dataset

(a) (b)

(c) (d)

(e) (f)

Figure 3: Subfigures (a)–(f) present the performance of the
iTransformer model trained on the SynthDS trace. Each
subfigure corresponds to a different policy: E2E, C, D4, D8,
D1
8, and B, respectively. The purple region marks the interval

of interest, I = [0.75, 1.0]. In the 1-strategy, eight inter-
vals are patched into four. The filled region represents the
classifier’s predicted probability P(y ∈ I). Under the D1

8
policy, two intervals must be patched to generate a forecast
for the selected interval I. Black lines indicate target fore-
cast values, while dashed lines denote the mean prediction
over time, with shaded areas showing the standard deviation
computed over 10 random seeds.

used a univariate-to-univariate setup. Input sequence lengths
and forecasting horizons were tailored to each dataset: 48/24
for SynthDS, 96/24 for BLW-TrafficDS, and 168/48 for
Traffic, Electricity, and Weather. The number of
input channels was cropped to 100 for all datasets except
Weather, which used 21 channels due to its limited dimen-
sionality.

Model configurations across all experiments included 3
layers with a model dimension of 256. TimeMixer was con-
figured with a channel dimension of 100. All models were
trained with a batch size of 32 for 50 epochs. The AdamW
optimizer (Loshchilov and Hutter 2017) was used with an
initial learning rate of 10−3 and a cosine annealing sched-
ule with ηmin = 10−5, defined as:ηt = ηmin + 0.5(ηmax −
ηmin)(1 + cos(π · t/nepochs)).

The MAE loss was used for regression tasks, while Bi-
nary Cross Entropy loss was applied for classification tasks
when applicable. Early stopping with a patience of 5 epochs
and checkpoint saving mechanisms were employed to re-
duce overfitting. Validation loss was computed as the aver-
age loss over each training interval.

The D⋆
L-Policy was evaluated using 4 and 8 in-

tervals for the SynthDS, Traffic, Electricity,
and Weather datasets, and 8 and 16 intervals for the
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BLW-TrafficDS dataset. Interval endpoint sampling was
performed per sample within each batch and incorporated
into the forward pass as detailed in Section 4.

The dataset sizes are as follows: Weather—52,696
points, Traffic—17,544 points, and Electricity—
26,304 points. To set forecasting boundaries, the maximum
values were assigned as max (X ) ∈ {0.2, 500.0, 10000.0}
for Traffic, Weather, and Electricity, respec-
tively. All experiments were executed on a system with 6
Tesla V100/16GB GPUs and an Intel(R) Xeon(R) Platinum
8164 CPU (104 cores).

5.2 Numerical Results
Qualitative Comparison of Training Schemes. To build
intuition about how different training policies behave when
downstream tasks specify an interval of interest, thereby pri-
oritizing accuracy within that interval, we begin by evalu-
ating the iTransformer model on the SynthDS trace. This
dataset is chosen for its simplicity, which facilitates both re-
sult interpretation and qualitative performance assessment.

Baseline. We first examine the averaging behavior of the
baseline policy when training iTransformer on SynthDS.
As shown in Figure 2b, the model converges to an averaged
prediction centered at the trace’s midpoint (1/2), reflecting
its insensitivity to specific intervals of interest. This is unde-
sirable in scenarios where the conditional mean within the
interval of interest differs from the global mean as the model
fails to adapt its predictions to the interval-specific distribu-
tion.

End-to-End Training Approach. Figure 3a shows the per-
formance of E2E-Policy with the iTransformer model,
targeting the specific interval I = [0.75, 1]. This corre-
sponds to an end-to-end strategy in which the forecasting
loss is adapted to emphasize task-relevant intervals. The se-
lected interval represents a distinct hypothesis, and this pol-
icy serves as an optimal benchmark, illustrating the best-
case performance achievable by a method that can adapt to
any interval and be configured at inference time.

Continuous Exploration of Intervals. We also evaluate
C-Policy using the iTransformer model on SynthDS.
The results in Figure 3b show that this approach struggles
to effectively learn the relationship between intervals of in-
terest and their corresponding hypotheses, underscoring the
difficulty of the learning task even in a synthetic setting. In
this configuration, the model is tasked with learning a map-
ping from every possible interval I ⊂ X to its associated hy-
pothesis. We further explore, in the extended version of this
paper, the impact of restricting the support space of training
intervals by enforcing a minimum separation |I| ≥ δ. While
performance improves with a reduced sampling space, be-
yond a certain threshold δ′, it deteriorates as the model over-
shoots the true interval lengths, introducing bias.

Targeted Exploration of Intervals. Building on the ob-
served limitations of continuous exploration, Figure 3c ex-
amines a discrete policy (DL-Policy) on SynthDS. This
policy uniformly samples from a predefined, finite, and
relatively small set of intervals of interest during train-
ing. We first evaluate it using the optimal E2E-Policy,
which can distinguish signal patterns. The results show

that DL-Policy achieves performance comparable to
E2E-Policy while retaining the advantage of inference-
time adaptability to diverse downstream tasks. However, this
approach assumes prior knowledge of the relevant interval
set (or its size), motivating the subsequent experiment in
which we intentionally increase the number of considered
intervals to assess the reconstructability of the true signal.

Adaptive Interval Exploration with Patching Techniques.
Figures 3d and 3e evaluate the effectiveness of our patching
strategy, described in Section 4, in capturing the underlying
dynamics of SynthDS. These experiments consider scenar-
ios in which the number of intervals is deliberately overesti-
mated during training and subsequently patched back to an
unknown target interval at inference time. This overestima-
tion is intended to qualitatively assess the robustness of the
patching schemes. While the schemes exhibit visually sim-
ilar performance, a quantitative analysis is required for fur-
ther comparison. Notably, both approaches distinguish the
four distinct underlying hypotheses used to construct the
synthetic trace compared to C-Policy, thereby motivating
our design choice: train a model on a large set of intervals
that can be flexibly combined at inference time to produce
focused forecasts for a specific interval of interest.

Quantitative Comparison of Training Schemes. Fol-
lowing our qualitative evaluation of the proposed train-
ing policies, Table 1 presents the numerical results ob-
tained on the BLW-TrafficDS, Traffic, Weather,
Electricity, and SynthDS datasets. The table reports
the MAE values for the four models, each trained under the
four distinct policies.

Table 1 reports the results of training the different mod-
els on the SynthDS trace. We observe comparable per-
formance between the iTransformer and PatchTST mod-
els. Notably, B-Policy, which does not support inference-
time adaptation of the interval of interest, yields the poor-
est performance. The C-Policy shows a modest MAE
improvement, suggesting that training toward specific in-
tervals provides some benefit. However, sampling all pos-
sible intervals in C-Policy hinders the model’s ability to
learn distinct underlying hypotheses, as evidenced by the su-
perior performance of DL-Policy, configured here with
four specific intervals. Introducing the patching mechanism
in D⋆

L-Policy leads to some performance degradation for
certain intervals; nonetheless, its overall MAE remains com-
parable to, and occasionally exceeds, that of DL-Policy,
potentially due to an ensemble-like noise reduction effect.

These conclusions generally extend to the real-world
traces. Interestingly, in some cases patching outperforms
the vanilla discrete approach, with averaging-based patch-
ing achieving the best performance for the PatchTST model.
Results differ for weaker models such as DLinear, where
C-Policy appears to dominate; however, given its sub-
stantially lower overall accuracy compared to the other mod-
els, the ordering of improvements may be influenced by ran-
dom factors. We also note that DL-Policy is optimally
configured here with intervals that precisely align with the
true underlying hypotheses under the SynthDS trace—a
level of prior knowledge unlikely in practical applications.
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DLinear TimeMixer PatchTST iTransformer
DL D1

2L D∞
2L B C0.2 ↑ DL D1

2L D∞
2L B C0.2 ↑ DL D1

2L D∞
2L B C0.2 ↑ DL D1

2L D∞
2L B C0.2 ↑

B
LW

-T
ra

ffi
cD

S

I1 167.1 172.3 164.9 163.8 218.0 0.0% 127.5 148.1 138.0 125.9 143.7 0.0% 102.8 158.2 117.8 124.1 118.1 17.2% 119.3 121.1 122.8 130.8 133.1 8.8%
I2 76.0 74.9 75.7 82.4 84.8 9.1% 40.1 37.8 41.7 83.0 50.7 54.5% 31.1 30.4 35.3 77.9 34.6 60.9% 74.7 75.9 75.7 77.3 75.6 3.4%
I3 56.7 56.0 56.7 62.0 58.8 9.7% 24.3 22.9 23.8 64.9 32.0 64.7% 18.3 17.2 20.8 60.3 22.5 71.5% 57.1 58.4 57.6 59.5 56.0 5.9%
I4 44.2 43.8 44.4 48.9 43.4 11.2% 16.1 15.4 15.8 48.1 20.8 68.0% 11.4 10.4 12.6 47.2 15.2 78.0% 44.0 44.6 44.1 46.8 42.1 10.0%
I5 33.5 33.4 33.8 37.6 31.7 15.7% 10.8 10.2 10.4 35.8 13.1 71.5% 7.1 6.5 7.9 34.9 9.8 81.4% 31.4 32.1 31.9 35.5 28.7 19.2%
I6 28.1 27.9 28.2 31.8 26.4 16.9% 8.0 7.8 8.0 30.2 9.3 74.2% 4.5 4.0 5.0 29.4 6.8 86.3% 25.2 25.7 25.7 29.8 23.3 21.8%
I7 19.3 19.2 19.4 21.7 18.8 13.4% 5.5 5.5 5.6 21.8 6.1 74.8% 2.7 2.4 2.8 20.4 3.9 88.2% 19.2 19.5 19.5 20.6 18.1 12.1%
I8 11.1 11.1 11.2 12.5 10.9 12.8% 3.3 3.5 3.4 12.1 3.6 72.7% 1.7 1.5 1.8 11.7 2.6 87.2% 11.2 11.2 11.2 11.8 11.4 5.1%

I1–I8 54.0 54.8 54.3 57.6 61.6 6.3% 29.4 31.4 30.9 52.7 34.9 44.2% 22.4 28.8 25.5 50.7 26.7 55.8% 47.8 48.6 48.6 51.5 48.5 7.2%

Tr
af

fic

I1 1.70 1.53 1.67 1.79 1.82 14.5% 1.90 1.71 1.73 2.44 2.17 29.9% 1.08 1.02 1.06 1.41 1.11 27.7% 1.29 1.30 1.32 1.41 1.36 8.5%
I2 1.65 1.35 1.44 1.99 1.71 32.2% 1.25 1.23 1.27 2.02 1.52 39.2% 0.91 0.90 0.93 1.42 0.89 37.3% 1.19 1.22 1.24 1.50 1.13 20.7%
I3 0.61 0.44 0.47 0.81 0.62 45.7% 0.39 0.36 0.41 0.74 0.51 51.5% 0.32 0.30 0.35 0.65 0.30 53.9% 0.53 0.54 0.55 0.66 0.53 19.7%
I4 0.45 0.31 0.33 0.59 0.45 47.5% 0.22 0.20 0.24 0.59 0.35 66.2% 0.16 0.16 0.19 0.53 0.16 69.8% 0.35 0.36 0.37 0.51 0.35 31.4%

I1–I4 1.10 0.90 0.98 1.29 1.15 30.2% 0.94 0.88 0.91 1.45 1.14 39.3% 0.62 0.59 0.63 1.01 0.62 41.6% 0.84 0.85 0.87 1.02 0.84 17.6%

W
ea

th
er

I1 1.05 0.76 0.75 0.78 1.32 3.9% 2.25 0.73 0.71 1.00 1.94 27.0% 0.40 0.67 0.53 0.65 1.17 38.5% 0.49 0.48 0.49 0.68 1.72 29.4%
I2 0.36 0.23 0.29 0.42 0.36 45.2% 0.37 0.22 0.26 0.54 0.43 59.3% 0.22 0.23 0.28 0.37 0.22 40.5% 0.32 0.32 0.32 0.42 0.49 23.8%
I3 0.13 0.09 0.10 0.20 0.26 55.0% 0.19 0.08 0.09 0.26 0.25 69.2% 0.08 0.09 0.11 0.22 0.08 63.6% 0.18 0.17 0.18 0.23 0.39 26.1%
I4 0.16 0.14 0.21 0.21 0.27 33.3% 0.17 0.12 0.13 0.27 0.26 55.6% 0.10 0.13 0.14 0.23 0.11 56.5% 0.19 0.19 0.19 0.21 0.38 9.5%

I1–I4 0.43 0.31 0.34 0.40 0.55 22.5% 0.75 0.29 0.30 0.52 0.72 44.2% 0.20 0.28 0.26 0.37 0.40 46.0% 0.30 0.29 0.29 0.38 0.74 23.7%

E
le

ct
ri

ci
ty

I1 3.81 3.82 3.82 3.77 3.95 0.0% 3.83 3.95 3.95 4.50 4.86 14.9% 3.33 4.66 4.69 3.32 3.78 0.0% 12.8 10.3 10.5 3.26 3.67 0.0%
I2 1.15 1.16 1.16 1.17 1.14 2.23% 1.11 1.07 1.09 1.41 1.37 24.3% 0.919 1.24 1.34 1.01 0.990 9.37% 4.67 3.69 3.84 1.05 1.02 2.48%
I3 0.916 0.929 0.932 0.955 0.890 6.81% 0.807 0.782 0.836 1.08 0.984 27.6% 0.671 0.852 0.931 0.835 0.689 19.6% 2.08 1.84 1.98 0.861 0.822 4.53%
I4 0.369 0.379 0.380 0.399 0.353 7.52% 0.297 0.277 0.288 0.449 0.388 38.3% 0.238 0.248 0.272 0.370 0.243 35.7% 0.567 0.509 0.522 0.372 0.322 13.4%

I1–I4 1.56 1.57 1.57 1.57 1.58 0.7% 1.51 1.52 1.54 1.86 1.90 18.8% 1.29 1.75 1.81 1.39 1.42 6.93% 5.02 4.09 4.21 1.39 1.46 0.0%

Sy
nt

hD
S

I1 15.0 14.5 18.5 50.9 24.8 71.5% 16.2 15.7 17.9 45.5 17.5 65.5% 13.2 13.2 15.1 37.9 15.3 65.2% 14.1 14.1 17.5 40.2 20.0 65.0%
I2 11.7 11.9 12.8 20.3 12.8 42.4% 11.4 12.2 15.0 18.8 13.5 39.4% 9.08 10.2 11.2 26.8 11.0 66.2% 7.96 9.17 9.65 26.2 10.6 69.6%
I3 11.7 11.2 10.7 17.1 10.6 38.1% 11.5 11.7 13.3 13.9 10.8 22.4% 7.74 8.61 8.92 14.9 9.19 48.0% 7.97 8.38 8.63 16.2 8.71 50.9%
I4 16.8 16.8 18.2 41.0 20.3 59.1% 15.5 17.3 19.7 34.9 16.6 55.5% 12.7 12.9 13.3 36.8 13.7 65.6% 13.1 12.4 13.6 33.7 13.4 63.2%

I1–I4 13.8 13.6 15.1 32.3 17.1 57.9% 13.7 14.2 16.5 28.3 14.6 51.7% 10.7 11.2 12.1 29.1 12.3 63.3% 10.8 11.0 12.3 29.1 13.2 62.9%

Table 1: MAE values (↓ is better) and improvement percentages (↑ is better) relative to the baseline policy are reported for
four models: DLinear, TimeMixer, iTransformer, and PatchTST, trained using five distinct policies: DL-Policy,
D1
2L-Policy, D∞

2L-Policy, B-Policy, and Cδ-Policy (δ = 0.2). The experiments use L = 8 target intervals for the
BLW-TrafficDS trace and L = 4 for all other datasets. MAE values are scaled for readability: ×103 for SynthDS and
BLW-TrafficDS, ×500 for Traffic, ×2 for Weather, and ×10−1 for Electricity. For BLW-TrafficDS, the
number of intervals is increased to 8 and 16 for patching-based strategies. Bold values indicate the best MAE per model within
each row, while underlined values denote the overall lowest MAE across all models. Model improvements are evaluated by
comparing the best-performing policy to the baseline. The intervals of interest, denoted as I1–I4, correspond to a partition of
the time series domain X into four equal-length contiguous sub-intervals. Similarly, I1–I8 indicates eight such sub-intervals.
Notation I1–IL denotes the average performance over all intervals.

Consequently, D⋆
L-Policy offers a more pragmatic alter-

native, providing a viable strategy for training foundation
models capable of adapting to varying intervals during in-
ference.

Forecasting for Energy-Saving and Sensitivity Analysis.
We assess our proposed method in a realistic wireless net-
work energy-saving scenario. We consider a two-tier hetero-
geneous network consisting of a high-throughput capacity
cell overlaid by a wide-area coverage cell. Dynamic small-
cell control has become a central mechanism for improving
spectral efficiency and reducing energy consumption in 5G
and beyond (Celebi et al. 2019; Ju et al. 2022; Wu et al.
2021b; Lozano et al. 2025; 3GPP 2014), with DLPRB uti-
lization shown to be an effective signal for real-time sleep-
mode activation. The capacity cell can be selectively deacti-
vated during low traffic and adopt a threshold-based policy
based on forecasted DLPRB utilizatio (Celebi et al. 2019; Ju
et al. 2022). Details are provided in the extended version.

Our method reduces sleep-duration error by a factor of
three (×3), corresponding to an average of one hour saved

per day. This yields an energy-saving error of only 337 W,
compared to 0.950 kW under the baseline policy. We also
report sensitivity results across hyperparameters including
the number and length of intervals, patching strategy, and
decay rate.

6 Conclusion
This work introduces policies that equips existing TSF
models with the ability to adapt at inference time to dif-
ferent downstream tasks. We conduct an extensive em-
pirical evaluation to demonstrate the effectiveness of the
proposed framework. Future work may explore scaling
the approach to additional domains and fine-tuning exist-
ing time-series foundation models (e.g., Timer (Liu et al.
2024b), Chronos (Ansari et al. 2024)) to support adapta-
tion to arbitrary intervals as described here. Another promis-
ing direction is a theoretical analysis, potentially within a
PAC-learning framework (Shalev-Shwartz and Ben-David
2014), to explain the performance gap observed between the
C-Policy and D⋆

L-Policy policies.
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