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Abstract—Time series forecasting is essential yet challenging
across various domains such as energy management, climate
monitoring, and traffic flow prediction. Recent methods, such
as PatchTST, have achieved strong performance. However, they
rely on fixed-scale patching, which limits adaptability to non-
stationary distributions and diverse temporal patterns. Other
approaches, such as DLinear, are efficient but struggle to capture
complex nonlinear dependencies. To address these limitations, we
propose QuadFocusNet, a novel framework built upon multi-
scale adaptive patching. Instead of using a static patch size,
QuadFocusNet extracts multi-granular temporal representations
at multiple scales in parallel. It then dynamically fuses them
through a learnable router, enabling content-aware scale selection
and efficient information flow. Moreover, we incorporate prompt
learning to inject global context and improve representation
robustness under distribution shifts. Extensive experiments on
the ETT, UCI Household Power Consumption, and Jena Climate
datasets demonstrate that QuadFocusNet achieves competitive
state-of-the-art performance. The model consistently delivers su-
perior or competitive results across diverse settings. These range
from immediate prediction tasks to medium-term forecasting at
24- and 48-step horizons, up to long-term forecasting at a 96-step
horizon. Code is available at https://github.com/David-SUSTech/
QuadFocusNet.git.

Index Terms—Multivariate Time Series Forecasting, Adaptive
Patching, Transformer, Prompt Tuning.

I. INTRODUCTION

Multivariate time series forecasting (MTSF) is essential
across various domains, including energy management [1]-
[3], climate monitoring [4], and traffic flow prediction [S]—
[7]. These applications require high levels of accuracy over
different time horizons, from real-time one-step-ahead control
to long-term strategic planning.

However, maintaining consistent performance across such
different horizons remains challenging. Classical statistical
models such as ARIMA [8] often perform well in short-
term forecasting but struggle in long-horizon settings due to
their limited ability to capture complex nonlinear interactions
and changing temporal dynamics. Conversely, Transformer-
based models [9], [10] have become strong performers on
long-term benchmarks but may miss detailed local semantics
needed for short-term predictions due to their global attention
mechanisms. This performance gap is often linked to an
insufficient inductive bias related to local temporal variations.

Existing state-of-the-art models also have structural limita-
tions. PatchTST [11] relies on a fixed patch size, ignoring that

optimal scales vary across instances. This causes a rigid trade-
off: large patches may smooth out critical local fluctuations,
while small patches may fail to capture global trends and
become more vulnerable to noise. TimesNet [12] explicitly
models periodicity but can introduce additional computational
overhead, while DLinear is efficient but limited in expressing
complex nonlinear relationships. Thus, there is an urgent need
for a unified framework that can adaptively capture both high-
frequency local variations and low-frequency global trends.

To address these challenges, we propose QuadFocusNet, a
decomposition-based architecture designed for robust cross-
horizon forecasting. Instead of inflexible patching, QuadFo-
cusNet employs a Multi-scale Adaptive Patching approach to
extract multi-granular representations with parallel receptive
fields. By explicitly restoring local inductive bias through
small-scale patches, the model functions as a “variable-focus
lens” that simultaneously captures fine-grained details and
coarse-grained trends. Crucially, we introduce a Learnable
Router that adaptively weights and combines these multi-
resolution features based on input characteristics. Additionally,
we incorporate Prompt Tuning to enhance generalization and
integrate RevIN [14] with Huber loss to improve stability
during distribution shifts and outliers.

We evaluate QuadFocusNet on the ETT, UCI-HPC, and Cli-
mate datasets, covering both one-step-ahead and 96-step long-
horizon forecasting. Experimental results demonstrate strong
performance across both settings, confirming the model’s
robustness over different horizons. The main contributions are
summarized as follows:

e We propose QuadFocusNet, a unified framework inte-
grating series decomposition with Multi-scale Adaptive
Patching, effectively alleviating the trade-off between
preserving local details and capturing global trends.

« We design a Learnable Router that dynamically combines
multi-scale features and adaptively selects informative
receptive fields for both short-term and long-term fore-
casting.

« Extensive evaluations on the ETT, UCI-HPC, and Climate
datasets demonstrate that QuadFocusNet consistently de-
livers strong and superior performance compared to state-
of-the-art baselines across various forecasting scenarios.



II. RELATED WORK

a) Statistical time series modeling: Classical methods
emphasize interpretability and statistical rigor. ARIMA [8]
models stationary series using autoregressive and moving-
average components, while Vector Autoregression (VAR) [15]
expands this approach to capture linear dependencies among
multiple variables. Although effective under stable conditions,
these models are limited by linear assumptions, which restrict
their ability to capture complex nonlinear dynamics and high-
dimensional multivariate relationships.

b) Deep learning-based models: Early deep learning
approaches employed recurrent architectures such as LSTMs
and GRUs [16]-[19] to model nonlinear temporal dynam-
ics. Convolutional models, especially Temporal Convolutional
Networks (TCNs) [20]-[23], leverage dilated convolutions to
effectively widen receptive fields. Despite improved flexibility,
recurrent models are more computationally expensive because
of their sequential nature, and convolutional backbones often
lack an explicit way to model content-dependent global de-
pendencies compared to attention-based architectures.
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Fig. 1: A schematic comparison of representative time series
forecasting paradigms; our approach is shown in the bottom
TOW.

c) Transformer variants: Transformers [24]-[26] excel
at modeling long-range dependencies but face quadratic com-
plexity challenges. Informer [27] mitigates this with sparse
attention mechanisms. Subsequent works incorporate specific
inductive biases: Autoformer [28] and FEDformer [29] com-
bine series decomposition with autocorrelation and frequency-
domain operations, respectively, to improve efficiency and
trend detection.

d) Recent advances: Recent approaches emphasize re-
fined representation learning and structural efficiency. For
instance, DLinear [13] demonstrates that a simple linear
decomposition baseline can be highly effective. Building on
this idea, PatchTST [11] introduces patch-based tokenization
with channel independence to capture local semantic patterns
while reducing computational redundancy. Extending the focus
further, TimesNet [12] transforms 1D series into 2D tensors for
multi-periodic analysis. In contrast, iTransformer [32] applies

attention across multivariate dimensions rather than time steps
to better capture inter-series correlations.

1II. METHODOLOGY

A. Problem Definition and Overall Architecture

We study multivariate time series forecasting with an input
context window of length L. For each sample, the input is
X € REXC where C' denotes the number of channels. The
forecasting horizon is 7', and the model outputs a T'-step
prediction for the target variable T,

i, € RT.

Our experiments include both single-step and multi-step set-
tings: we use 7' € {1,24,48} on ETT, 7' = 1 on UCI-HPC,
and 7' = 96 on the Climate dataset.

The lookback length L follows dataset protocols. Specif-
ically, L = 168 for ETT, and L = 336 for UCI-HPC and
Climate.

Let the last observed values in the input window be

xlast — XL,: c RC, l,i_ast _ XL7T- (1)

last

a8t and

Our final prediction is formed by anchoring on x
adding a learned residual.

a) Channel Independence protocol: We adopt a channel-
independent (CI) processing strategy. Given a batch input X' €

RBXLXC "we permute and reshape it into
v B*xLx1
X e RV *Ex4

where B* = BC. Each channel is treated as an individual
univariate instance, while all channels share the same model
weights. After prediction, we reshape the CI outputs back to
RBEXT*C and select the target channel 7.

b) Overall architecture: QuadFocusNet follows a dual-
stream design. The input is first normalized using instance-
wise, channel-wise normalization, and then a moving-average
decomposition produces seasonal and trend components. The
trend stream uses a lightweight regressor to model low-
frequency variations. The seasonal stream performs adaptive
patching to generate tokens and applies a Transformer encoder
for representation learning. The two streams are fused in a
normalized residual space and mapped to the final forecast
through a residual-to-last recomposition.

B. Normalization and Series Decomposition

a) Train-only data normalization: Before feeding data
into the network, we normalize the raw time series using
statistics fitted on the training split only to avoid information
leakage. In our implementation, all datasets use standard-
ization; in all cases, scaler parameters are estimated on the
training split and then applied to validation and test splits.



QuadFocusNet: Dual-Stream Forecasting with Adaptive Patching, Temporal Prompts, and Residual-to-Last Recomposition

TOP BAND: PROBLEM DEFINITION AND CHANNEL INDEPENDENCE PROTOCOL Channel Independence (Cl) protocol: treat each channel as one univariate instance
Input context window . - Select target
X € REXC Typical settings (examples) I Praer;\;\;;e; - d ";p_l:i“ R%sallakpe channel 7
T = ETT: Tin {1, 24,48}, L = 168 X € RBXLXC prasssssssssesannans P X R hivrsnasnnnnnnnannannan
= T 1 Electricity: 7 =1, L = 336 B*=BC RBXTxC
y:€R Climate: 7' = 96, L = 336

normalization P =

LT
—qu

(no leakage)

(AvgPool1D, stride 1, same padding)

normalized space

Flatten
time axis

Two-layer MLP
regressor

A trend € RB*xT

Pre-rerecs
Kee per-instance target
e

77 All channels share weights; ch p p ly; target selected after reshape. J
MIDDLE BAND: OVERALL ARCHITECTURE: NORMALIZE -> DECOMPOSE -> DUAL STREAM (TREND AND SEASONAL) -> FUSE [ ovrien |
Instance-wise channel-wise Trend Trend stream: lightweight reg| for low-frequency variati @
Train-only dataset pomacation ReviESHAS) Series decomposition via moving average | component Trend residual in

J

Scaler fit on ) Xirend = MA(X™™)
training split; I 2 (Xre—pe)* +e 0t S = S
applied to val/test 1 B | Adaptive
— X, =T o e e stream: adap ->temporal prompts -> Transformer encoder |
Xpe = SO sca for recomposition ST T E LD N ol
Temporal prompts: Transformer encoder s

Encoder

prepend P trainable tokens

Prompt embeddings
(shared across samples)

Learnable Router

Multi-scale patch tokenization (parallel Conv1D embeddings)
(input-conditioned mixture over scales)

ConviD k1 E = convk.(xsmsonal)
RE
Conv1D k2

Fused patch

K={k,....km} embedding

(Pre-LayerNorm)

Encoded

o g tokens

MHA(LN(Z), LN(2), LN(2)))

= Convy, (X,
Example: {8, 16, 32} cRE k( Sm“ﬂ)

Token sequence

Z, = Concat(U, )
e RB'x(P+N)E>(pd“Ch

M
Epatchb = 21 Wy,iEip
i

r =MLP(GAP(Xeasonal))
w = Softmax(r) Eparn € REXNxd

w e REXM

Conv, (Xseasonal)
RE'xNxd

N=[L/s]

Conv1D k3 E;=

Same padding and stride s ->

aligned token indices across scales J

v

Z'=Z + Drop(FFN(LN(Z)))

Droh[) applies to attention and
FFN outputs; implementation
may use standard or 1D variant.

I
BOTTOM BAND: PREDICTION HEAD AND RECOMPOSITION (NORMALIZED RESIDUAL SPACE -> DATASET SPACE) m
" \ Residual-to-last recomposition
3 Linear Seasonal residual in trend i . Elegst processing (anchor on last observation) Final forecast
N Ihast olt:szrvatloly > projection normalized space Fused normalized residual Rtlashtapg CIk = ?elec: 9y = x4 pporm (dataset-scaled,
arget channel to horizon outputs bac arge > =X + OU inverse-transform

st — Aseasonal = Llnear(GAP(Z’)) “Anom A™™ = Agrend + Aseasonal RBXTXC channel T T . for reporting)

K las’ —XL seasona]T € RB*XT " _ Offset uses Iast value, $re RBXT

Lt Peri target _/ " not per instance mean } T
scale fromReviN  Or 0 € St ! along T;
baselme; lesldual scales with when T equals 1 reduces
Blue = Trend stream = Seasonal stream = Router/Prompts  Indigo = Transformer = Fusion/Recomposition Dotted arrows = Cl reshape/permutation instance variability to scalar per sample

Fig. 2: Overall Workflow of QuadFocusNet We adopt channel-independent processing (B*=

BC), use RevIN-style normalization and

moving-average decomposition, and forecast through a dual-stream design: a lightweight trend regressor for low-frequency variations and
a seasonal Transformer driven by router-fused multi-scale patch tokens with temporal prompts. The two streams are fused in normalized

residual space, reshaped back to REXTxC

, and recomposed with a residual-to-last formulation for the target channel: ¢, = xlTaSt+A$°”“®aT.

For more details about QuadFocusNet’s architecture, please refer to Figure 3.

b) Instance-wise channel-wise normalization (RevIN-
style): 'We further apply an instance-wise, channel-wise nor-
malization over the lookback window inside the model. For
each sample and each channel ¢, we compute

1 L
Z ; Xt,cu

fhe

2

L
1 2
o=\ 7 2 (Xre—pe) +e
t=1
where € is a small constant for numerical stability. The
normalized input is

Xt7c — He

Oc

norm __
te

3)

We denote by o, the resulting per-instance standard deviation
for the target channel; it is later used in the residual-to-last
recomposition.

c) Series decomposition via moving average: We ap-
ply a moving-average decomposition implemented by one-
dimensional average pooling with a stride of 1 and the same
padding. Let MA(-) denote this operator:

Xirend = MA (Xnorm)’

4
— Xnorm ( )

- Xtrend-

Xseasonal

Under CI, the same decomposition is applied to X €
RB*xLxl_

C. Adaptive Patching with Learnable Router

a) Multi-scale patch tokenization: We generate tokens at
multiple scales using parallel one-dimensional convolutional
embeddings. Let K = {ky,...,kas} be a set of kernel sizes
(e.g., {8,16,32}). For each k;, we apply a Conv1D with stride
s and same padding to the seasonal signal, producing
RB* x N xd (5)
where d is the model dimension and N is the number of
tokens. With same padding and stride s, N = [L/s], so all
E; share aligned token indices.

b) Learnable router and patch fusion: A lightweight
router outputs mixture weights over scales conditioned on the
input. Formally, the routing process is defined as follows:

r = MLP (GAP(Xseasonal))a
w = Softmax(r).

E;, = CODV]W (Xseasonal) €

(6)

Here w € RE™*M apnd Zi\il wp,; = 1 for each instance b.
The fused patch embedding is computed instance-wise:

M
Elatchp = E wy i Ey p,
1=1

L E RB XN xd

@)

Epatc
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Fig. 3: QuadFocusNet architecture. We apply channel-independent processing (B*=BC'), RevIN-style normalization, and
moving-average decomposition to obtain trend and seasonal components. The trend stream uses a lightweight MLP regressor,
while the seasonal stream encodes router-fused multi-scale patch tokens with temporal prompts via a Transformer. Their
fused normalized residual is reshaped back and recomposed with a residual-to-last anchor to produce 3.
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Fig. 4: Part of the performance comparison on multiple
datasets. The radar chart shows that QuadFocusNet (Red)
achieves competitive or superior results, demonstrating supe-
rior performance across diverse scenarios.

D. Temporal Prompts and Representation Learning

a) Temporal prompts: We prepend P trainable prompt
tokens to the patch token sequence. Let U € RP*9 be
the prompt embedding matrix shared across samples. Given

Epaten € RB™*Nxd_the token sequence is:
Zy = Concat(U, Epaten) € RE X (PHN)xd )

b) Transformer encoder with Pre-LayerNorm: We adopt
a Transformer block with pre-normalization for stable opti-
mization:

7 = Z + Drop (MHA (LN(Z),LN(2), LN(Z))),
- - €))
7' = 7 + Drop(FFN(LN(Z)) ).

Drop(-) denotes dropout applied to attention and feed-forward
outputs (implementation may use either standard dropout or its
1D variant for stability on specific datasets).

E. Prediction Head and Recomposition
a) Trend prediction: After flattening the trend signal

along the time axis, we apply a two-layer MLP to obtain a
T-step residual prediction in the normalized space:

A‘crend € RB XT-

b) Seasonal prediction from token representations: From
the Transformer output Z’, we obtain a global representation
via global average pooling across the token dimension and
map it to the horizon:

Ageasonal = Linear (GAP(Z/)) c RB*XT (10)

c) Fusion in normalized residual space: We fuse the two
streams additively:

AT = Atrend + Aseausona.l € RB* XT- (1 1)



d) Residual-to-last recomposition: Instead of predicting
absolute values directly, we predict residuals and anchor them
to the last observation. All recomposition is performed in the
dataset-scaled space, and we report final metrics after inverse-
transforming the target channel. Let A™ € RB*T denote
the fused residual for the target channel after reshaping CI
outputs. The final prediction is computed by anchoring on the
last observation and re-scaling the residuals. Note that we use
7185t ag the offset term instead of adding back the per-instance
mean p-. By applying broadcasting along the time dimension

T, we obtain:

177 _ :L,L_ast + Agorm ® o,

12)

where © denotes element-wise multiplication with broadcast-
ing, and ¢, € REXT For T = 1, the broadcasting reduces to
scalar operations, and ¢, is a scalar per sample. This residual-
to-last formulation preserves the persistence baseline while
allowing learned corrections that scale with instance-specific
variability.

The overall workflow is shown in detail in Figure 2.

IV. EXPERIMENTS

We evaluate QuadFocusNet on three benchmark datasets
covering distinct forecasting horizons. The experiments in-
clude: (1) one-step-ahead prediction (I' = 1) on the UCI-
HPC dataset; (2) short- and mid-term forecasting on ETT with
T € {1,24,48}; and (3) long-term forecasting on Jena Climate
with T" = 96.

A. Experimental Setup

1) Datasets and Protocols: We utilize three standard
benchmarks with the following configurations:

« UCI Household Power Consumption (UCI-HPC): A
high-frequency dataset where we utilize a lookback win-
dow of L = 336 to predict the next step (7' = 1).

o Electricity Transformer Temperature (ETT): Includ-
ing ETThl, ETTh2, ETTml, and ETTm2. We set the
lookback window L = 168 and evaluate on horizons
T € {1,24,48}.

« Jena Climate: A meteorological dataset recorded at 10-
minute intervals (aggregated hourly). We use L = 336 to
forecast a long horizon of 7' = 96 steps.

Data Partitioning: All datasets are partitioned into 70%
training, 10% validation, and 20% testing. To prevent infor-
mation leakage, the data scaler is fitted solely on the training
split.

Context-aware Evaluation: During validation and test
phases, we strictly implement a context-aware mechanism that
prepends input sequences with the last L time steps from the
preceding split, ensuring valid historical windows for every
target point.

2) Implementation Details: We employ the Adam optimizer
with a learning rate of 10~* and the Huber loss (§ = 1.0)
to enhance robustness against outliers. The early stopping
patience is set to 8 epochs to prevent overfitting, with a
maximum of 50 epochs to ensure model convergence.
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Fig. 5: Visualization of RMSE performance on ETThI,
ETTh2, ETTm1, and ETTm?2 datasets. The vertical axis em-
ploys a logarithmic scale. QuadFocusNet consistently achieves
the lowest error rates across prediction horizons of 1, 24,
and 48 and demonstrates superior robustness compared to
PatchTST, iTransformer, and DLinear.

o Batch Size: 128 for the UCI-HPC dataset; 32 for ETT
and Climate datasets, considering different dataset sizes.

« Regularization: We apply a standard dropout of 0.2.
Specifically, for the Climate dataset (long-term task), we
replace standard dropout with SpatialDropoutlD in
the Transformer block to enforce feature-channel inde-
pendence and prevent overfitting on long sequences.

« Training Strategy: Early stopping is employed with a
patience of 8 epochs. The learning rate is reduced by a
factor of 0.5 upon validation loss plateaus.

B. Results on UCI-HPC dataset

In this context, we evaluate our model’s ability to predict
immediate future values by reporting the Root Mean Squared
Error and Mean Absolute Error in the scaled space. Table I
shows the performance of various models on the UCI-HPC
dataset. QuadFocusNet achieves an RMSE of 0.1089 and
outperforms all baseline models. Although the MAE of Quad-
FocusNet is slightly higher than that of Stacked GRU, our
model still offers comparable performance.

C. Results on ETT datasets

In this setting, we evaluate the model’s robustness on the
Electricity Transformer Temperature (ETT) datasets. These
datasets include both hourly-recorded subsets (ETTh1, ETTh2)



and minute-recorded subsets (ETTm1, ETTm?2), across time
horizons of T € {1, 24, 48}.

Table I summarizes the performance on the ETT datasets.
QuadFocusNet’s superiority is particularly evident on ETTh2,
where the model achieves the lowest error rates across all time
horizons, notably reaching an RMSE of 0.4115 at 7" = 48. On
ETThl1, our model achieves the best performance at horizons
of 1 and 24, with an RMSE of 0.0761 at T' = 1, and remains
highly competitive against strong baselines like DLinear at the
extended horizon of 48.

Regarding the minute-resolution datasets, QuadFocusNet
demonstrates dominance across nearly all metrics, emphasiz-
ing its ability to handle high-frequency data fluctuations. On
ETTm1 at a horizon of 48, our model achieves an RMSE
of 0.1739, surpassing TimesNet (0.1741). This performance
advantage is even more pronounced on ETTm2; notably, at
T =1, QuadFocusNet achieves an RMSE of 0.0195 compared
to DLinear’s 0.0221. Additionally, the model maintains the
lowest error rates across the longer horizons of 24 and 48,
confirming its effectiveness in capturing detailed temporal
dependencies.

We attribute this robustness to our model’s ability to dynam-
ically shift attention between different patch scales: for high-
frequency minute-level data, the router can prioritize finer-
grained patches to capture rapid load fluctuations, whereas for
smoother hourly data, it leverages larger receptive fields to
model broader periodicities.

D. Results on Jena dataset

We further evaluate the model on the Jena Climate dataset
with a significantly longer prediction horizon of 96 to test
its stability in long-term forecasting. As shown in Table I,
QuadFocusNet achieves an RMSE of 3.6504 and an MAE
of 2.7993. This performance exceeds all baseline models,
including PatchTST, which has an RMSE of 3.7878. The
superior performance can be attributed to our multi-scale
adaptive patching strategy.

V. ABLATION STUDY

To verify the contribution of each component in QuadFo-
cusNet, we conduct systematic ablation studies by removing
or replacing key modules. Specifically, we evaluate the impact
of the decomposition and trend stream, multi-scale patching
(versus single-scale variants), the learned router (versus uni-
form averaging), and auxiliary components such as prompt
learning. Detailed numerical results are reported in Tables II,
I, IV.

Across all evaluated settings, the full model achieves the
lowest error. Notably, disabling the trend stream or removing
the decomposition—trend pathway results in apparent perfor-
mance degradation, underscoring the importance of the dual-
stream design for managing non-stationarity. Additionally, the
learned router consistently outperforms uniform averaging,
highlighting the advantage of dynamic, context-aware scale
weighting over static aggregation.

VI. CONCLUSION

In this paper, we propose QuadFocusNet, a unified frame-
work that addresses the limitations of fixed-scale patching
in multivariate time series forecasting. By combining series
decomposition with a novel Multi-scale Adaptive Patching
mechanism, our architecture effectively captures local varia-
tions while modeling global trends.

The core innovation is the Learnable Router. This com-
ponent enhances feature extraction from a static process to
a dynamic, context-aware routing system. The model then
functions like a “variable-focus lens,” automatically selecting
the most informative receptive fields for evolving temporal dy-
namics. Additionally, integrating Prompt Learning with strong
normalization techniques (RevIN-style instance normalization)
boosts robustness against non-stationarity and dataset-specific
variability.

Extensive experiments on the UCI-HPC, ETT, and Climate
datasets show that QuadFocusNet consistently performs well
across different evaluation scenarios. These include effective
one-step-ahead forecasting and long-horizon predictions. Our
ablation studies also confirm that the model’s performance
results from the combined effects of decomposition, adap-
tive fusion across levels, and prompt-enhanced representation.
Overall, this work emphasizes the importance of adaptive gran-
ularity in modern forecasting and supports flexible, prompt-
based time series architectures.
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the others are presented in scaled space. The best results are highlighted in red, and the second-best are blue.
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TABLE II: Ablation study on UCI-HPC (Short-term, 7' = 1) using scaled metrics. The table compares Patching Strategies
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TABLE III: Detailed ablation study across four ETT datasets with step-wise breakdown (H = 1,24,48). The Full Model
consistently achieves the lowest error. Significant performance drops in ablation variants demonstrate the necessity of each
component
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TABLE IV: Comprehensive ablation study on Jena Climate Dataset (here 1" = 96). Results demonstrate the effectiveness of
each component using unscaled metrics. The Full Model (bottom) outperforms all ablated variants
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