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Abstract. Long-Term Time Series Forecasting (LTSF) is pivotal in domains like
energy and traffic management but necessitates capturing intricate dependencies
over extended windows. While Transformer-based models dominate, they suffer
from quadratic complexity and positional insensitivity. Conversely, recent light-
weight MLP/RNN-based models often forcibly compress conflicting dynamic
features—Ilinear trends and non-linear fluctuations—into a single channel, lead-
ing to suboptimal accuracy. To address these limitations, we propose the Decom-
posed Recurrent Neural Network (DeRNN). Our approach decouples global
trend modeling from local fluctuation extraction via an asymmetric dual-track
architecture. Specifically, we introduce a Trend Anchor Track to preserve global
scale via direct linear projection, and a Seasonal Feature Track utilizing Bi-di-
rectional GRUs to capture complex non-linear dependencies within a reversible
normalized space. Extensive experiments on seven bench-marks demonstrate that
DeRNN achieves highly competitive, and in most cases superior, accuracy
against state-of-the-art methods while maintaining extremely low latency and
memory usage. Furthermore, the model exhibits superior robustness against noise
and distribution shifts.

Keywords: Long-Term Time Series Forecasting, Time Series Decomposition,
Recurrent Neural Network

1 Introduction

Long-Term Time Series Forecasting (LTSF) requires capturing intricate dependencies
from extended look-back windows to predict long future sequences[1], playing a piv-
otal role in domains like energy and traffic management[2, 3]. In recent years, Trans-
former-based architectures have dominated this field by leveraging their global atten-
tion mechanisms[4]. However, the quadratic computational complexity (O(L?)) and
weak sensitivity to positional information impose severe resource bottlenecks when
processing ultra-long sequences. Recently, lightweight models based on MLPs[5] and
RNN5[6] have regained attention. Nevertheless, these methods often forcibly compress
simple linear trends and complex non-linear fluctuations into a single channel, leading
to suboptimal accuracy in LTSF scenarios. This design suffers from two fundamental
limitations: (1) As illustrated in Fig. 1, Trend Dynamics and Fluctuation Dynamics are
inherently conflicting dynamic features; (2) The indirect decoding mechanism is highly
prone to introducing unnecessary cumulative errors.



2 Shanyun Qian

A. Raw Input

| ETTh1 Dataset (Target: OT)

Value

T T T T T T T T
2018-05-30 2018-06-03 2018-06-07 2018-06-11 2018-06-15 2018-06-19 2018-06-23 2018-06-27

B. Trend Dynamics C. Fluctuation Dynamics
100

7.51

5.0

254

0.0 4

—2.51

Trend Component

5.0

T T T T T T T T -10.0 ‘ ‘ ‘ ‘ ‘ ‘ ‘
SR BN CRR 7 N ® SN e P
A (SN V¢ ¥ A (SN (VY
RSP SRR SRY AR KLY AT R SRR
AT AT AN VT 4OV AV N 0 AT AT AN N 0V 0

oAl

‘
o
o e

Fig. 1. Analysis of temporal dynamics on ETTh1. (A) Raw Input. STL decomposition separates
the raw series into (B) a linear-dominant trend and (C) non-linear fluctuations.

To address these issues, this paper proposes the Decomposed Recurrent Neural Net-
work (DeRNN). Our key insight is that simple trends should be handled by simple lin-
ear layers, whereas complex dependencies should be intricately modeled by recurrent
networks. First, we directly model the global trend of the target variable via a linear
layer. Second, the model utilizes a Bi-directional GRU to perform bi-directional context
encoding on high-dimensional features, employing an MLP to capture complex non-
linear dependencies while circumventing cumulative errors. Finally, a learnable global
fusion mechanism is adopted to integrate the linear trends with the non-linear features.
In summary, our contributions are as follows:

e We propose DeRNN, a hybrid architecture combining linear trend modeling and
non-linear fluctuation feature extraction, effectively resolving the challenge of bal-
ancing long-term trends and local details in LTSF.

e We introduce Bi-directional GRU and a direct projection strategy to simplify the
decoding process, thereby enhancing robustness in ultra-long sequence forecasting.

o Extensive experiments on mainstream benchmark datasets demonstrate that the im-
proved model performs on par with or significantly outperforms state-of-the-art
(SOTA) methods in prediction accuracy across a majority of scenarios, while main-
taining extremely low memory usage and inference latency.
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2 Related Work

2.1 Transformer-based Models for LTSF

Transformer-based architectures have significantly advanced LTSF by leveraging self-
attention mechanisms to capture long-range dependencies. Early works focused on re-
ducing the quadratic complexity, such as Pyraformer[7], which introduced pyramidal
attention to capture multi-resolution temporal patterns. CrossFormer[8] further ex-
plored cross-dimension dependencies to strengthen multivariate modeling. Recently,
iTransformer[9] proposed inverting the traditional structure by applying attention
across variates rather than time steps, achieving SOTA performance. Despite their suc-
cess, many Transformer models still struggle with positional information encoding and
high computational overhead when dealing with ultra-long sequences, as noted in re-
cent critiques[10].

2.2 RNN and MLP-based Models for LTSF

In response to the complexity of Transformers, lightweight models based on Multi-
Layer Perceptrons (MLPs) and Recurrent Neural Networks (RNNs) have regained
prominence. DLinear[10] first challenged the dominance of Transformers using simple
linear layers. Subsequently, LightTS[11], TSMixer[5] further enhanced MLP architec-
tures with residual connections and encoding-decoding structures. Parallelly, modern
RNN variants are breaking the limitations of sequential bottlenecks. SegRNN[12] em-
ployed segment-wise recurrence to improve efficiency, while MLANet[6] integrated
adaptive mechanisms for efficient long-term modeling. Our DeRNN follows this resur-
gence of efficient architectures, utilizing Bi-directional GRUs to capture intricate non-
linear dependencies more effectively than pure MLP-based methods.

2.3  Time Series Decomposition

Time series decomposition is a fundamental technique to disentangle complex temporal
patterns into interpretable components like trend and seasonality. Autoformer[13] pio-
neered the integration of deep decomposition blocks within neural networks.
TimesNet[14] transformed 1D series into 2D variations to model multi-periodicity. Fur-
thermore, Duet[15] leveraged dual clustering to enhance multivariate feature separa-
tion. Inspired by these approaches, DeRNN explicitly decomposes the series into linear-
dominant trends and non-linear fluctuations, employing specialized modules to handle
each component for superior accuracy.

3 Proposed Methodology

3.1 Structure Overview
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Fig. 2. The Architecture of DeRNN.

Figure 2 illustrates the architecture of our proposed Decomposed Recurrent Neural Net-
work (DeRNN). To address the challenges of non-stationarity and error accumulation
in long-term multivariate time series forecasting, DeRNN adopts a dual-track strategy
that explicitly disentangles the modeling of trend and seasonal patterns.

Specifically, given a multivariate time series input XERBxLxC, where L is the look-
back window size and C is the number of channels, we first employ Reversible Instance
Normalization (RevIN) to mitigate the distribution shift. The model then diverges into
two parallel processing tracks:

e The Trend Anchor Track A linear pathway that directly captures the low-fre-
quency global trends from the raw target series.

o The Seasonal Feature Track A non-linear pathway that utilizes a Patch-GRU En-
coder to capture high-frequency local dependencies and global correlations from the
normalized series.

Finally, the outputs from both tracks are adaptively fused via a learnable weighting
mechanism to generate the final prediction Y € REXF*C where F is the forecasting
horizon. The overall process can be formulated as:

Xnorm = RevIN (X), (1)

?trend = Linear(Xtarget)' (@)

Yoeas = PatchGRU (Xnorm), 3)

1?}inal = Denorm(wo : ?trend +wy - ?seas) 4)

where [wg, w;]T = Softmax(W,mpine) denotes the globally learnable fusion weights,
ensuring wy + wy = 1.
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3.2 Series Decomposition and Trend Modeling

Real-world time series often exhibit non-stationary behaviors, where the statistical
properties change over time. Standard RNNs often struggle to distinguish between
global trends and local variations. To address this, we implement an implicit decompo-
sition approach aligned with the model’s dual-track design.

Trend Modeling.
We approximate the slowly changing global trend via a dedicated linear “Anchor
Track™:

?trend = WtrendXtarget + btrend- (5)

This “Anchor Track” ensures that the model preserves the fundamental trajectory of the
series, preventing the neural network from overfitting to high-frequency noise when
predicting the trend.

Residual Modeling.
Simultaneously, the input X is normalized by subtracting its instance-specific mean and
dividing by its variance via RevIN:

X = (X9 = 1)/0; (6)

It effectively standardizes the local distribution, mitigating non-stationary distribution
shifts. By capturing the structural trajectory via the Trend Anchor Track, we enable the
Seasonal Feature Track to focus exclusively on these standardized, zero-mean oscillat-
ing patterns, thus decoupling sequence normalization from topological trend modeling.

3.3 Patch-GRU Encoder for Seasonal Patterns

Modeling long-term dependencies in the residual component is challenging due to the
vanishing gradient problem and high computational cost of point-wise RNNs. To over-
come this, we propose the Patch-GRU Encoder.

Patching and Embedding.

Instead of processing the time series point-by-point, we segment the normalized input
series X orm into non-overlapping patches. Let P denote the patch length. The input
sequence of length L is reshaped into N = |L/P| segments. This patching operation,
followed by a linear projection (embedding), significantly reduces the trajectory length
from L to N, enhancing the model’s ability to capture long-term history:

Epaten = Embed(Patch(Xnorm)). (7

where Epyecn € RP€*V*P and D is the hidden dimension.
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Bi-directional GRU Encoding.

To capture the temporal dependencies among patches, we utilize a Bi-directional Gated
Recurrent Unit (Bi-GRU). The Bi-GRU captures the context from both past and future
directions within the look-back window, enriching the representation of each patch:

H = BiGRU(Epqrcn)- (8)

The bidirectional mechanism ensures that the final hidden states encapsulate the global
semantic information of the entire look-back window.

3.4 Direct Projection and Learnable Global Fusion

Direct Projection.

DeRNN employ a Direct Projection strategy instead of traditional recursive structure.
We take the final hidden states of the Bi-GRU, flatten them, and map them directly to
the entire forecast horizon F via a Multi-Layer Perceptron (MLP):

Zyeqs = MLP (Reshape(Hyinar))- )

This design allows the model to generate all F future steps in a single forward pass,
significantly improving inference speed and avoiding severe error propagation in long-
term forecasting (F = 720).

Learnable Global Fusion.

To combine the outputs from the Trend Anchor Track and the Seasonal Feature Track,
we introduce a globally learnable parameter vector Weompine € R2. We utilize a stati-
cally learned weighting strategy constrained by a Softmax operator:

[wo, Wl]T = Softmax(Weombine) (10)
1?;‘inal =Wq - ?trend +wy - 1?seaLs- (1)

Finally, Y, is passed through the RevIN Denormalization module to restore the orig-
inal scale of the time series. This parameterized fusion explicitly defines the dimensions
and constraints of the weights, allowing DeRNN to automatically discover the optimal
corpus-level balance between trend extrapolation and seasonal pattern matching.

4 Experimental Evaluation

4.1 Experimental Settings

Datasets and Baselines.

We evaluate DeRNN on seven widely used real-world benchmarks, including ETT,
Traffic, Electricity, and Weather. We compare our method against state-of-the-art base-
lines, including Transformer-based models such as iTransformer, TimesNet, Cross-
Former, Pyraformer, and Autoformer, as well as MLP/RNN-based models such as
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TSMixer, DLinear, and LightTS. To ensure a fair comparison, the selection of base-
lines, dataset split proportions, and data pre-processing steps are kept consistent with
the standardized benchmarks established by iTransformer.

Implementation Details.

Following previous studies, the historical look-back window is fixed at L = 96, and the
prediction horizon is setto T € 96,192,336,720. To facilitate reproducibility, we detail
the specific configuration of DeRNN: the patch length is set to P = 16(8 for specific
high-frequency datasets) and the hidden state dimension for the Bi-GRU is D = 128.
The model is optimized using the Adam optimizer with an initial learning rate of
5 X 10™%, an exponential learning rate decay, and a batch size of 32. The training pro-
cess runs for a maximum of 30 epochs, utilizing an early stopping mechanism with a
patience of 5 epochs based on the validation loss. All experiments are conducted on a
single NVIDIA RTX 3060 GPU via PyTorch 2.0. We use Mean Squared Error (MSE)
and Mean Absolute Error (MAE) as the evaluation metrics, defined as:

1 ~ 1 Y
MSE = 3350 (yi —90%  MAE = S5, |y = 9il. (12

where y; and J; denote the ground truth and predicted values, respectively, and N rep-
resents the total number of samples.

4.2 Main Results

Table 1. Multivariate long-term forecasting results. The best results are highlighted in bold and
the second best are underlined.

Models DeRNN iTransformer TSMixer TimesNet DLinear
(Ours) (ICLR 2024) (AAAI 2024) (ICLR 2023) (AAAI 2023)
Datasets Metric r MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
ETTh1 96 0377 0398 0395 0410 0494 0502 0.389 0412 039 0411

192 0432  0.429 0449  0.441 0.597  0.567 0.439 0442  0.445 0.440
336 0.467 0.447 0492 0465 0.677 0.618 0494 0471 0.487  0.465
720 0.499 0489 0522 0.504 0752 0.674 0.518 0.494 0.513 0.510
ETTh2 96 0.293 0344 0300 0350 1.056 0.806  0.337 0.371 0.341 0.395
192 0371 0396 0382 0400 2.587 1.403 0405 0415 0482 0479
336 0.425 0437 0424 0432 2407 1.347 0451 0.449  0.593 0.542
720 0.440 0457  0.426 0.445 2.051 1218 0434 0448 0.840  0.661
ETTml1 96 0322 0.361  0.341 0.376 0479 0470 0334 0375 0346  0.374
192 0.368 0.386  0.381 0.395 0480 0.482 0408 0414 0382  0.391
336 0.399 0410 0419 0419 0541 0525 0415 0422 0415 0.415
720 0.461  0.447 0486 0456 0.617 0574 0479 0458 0473 0.451
ETTm2 96 0.175  0.258 0.184 0.267 0250 0366 0.188 0268  0.193 0.293
192 0.243 0302 0.253 0312 0492 0559 0.252 0307  0.285 0.361
336 0.301 0340 0.315 0352 0.833 0.735 0321 0350 0.385 0.429
720 0396 0396 0412 0406 2.543 1352 0420 0406 0.556  0.523
Traffic 96 0455 0299 0395 0.269 0.541 0.365  0.589 0315  0.711 0.437
192 0.465 0.303  0.413 0.277 0.556 0385 0.618 0324  0.662  0.417
336 0482 0310 0.422 0.282 0.582 0395 0.632 0336  0.669  0.419
720 0.514  0.332  0.460 0.302 0.623  0.422 0.660 0349  0.709  0.437
Weather 96 0.176 0218 0.175 0216 0.180 0252 0.183 0217  0.195 0.252
192 0223 0.258 0.225 0.258 0.218 0287 0.225 0265 0.239  0.299
336 0.278  0.298 0.280 0.298 0.261 0321  0.282 0304  0.281 0.331
720 0.354  0.348  0.361 0.351 0.318 0363  0.359 0354  0.345 0.382
Electricity 96 0.165 0252  0.148 0.240 0.204 0308 0.168 0272 0210  0.302
192 0.175  0.261 0.164 0.256 0218 0329 0.186 0288 0210 0.305
336 0.192 0279 0.178 0271 0239 0350 0.203 0304  0.223 0.319
720 0233 0312 0228 0312 0272 0373 0.221 0317 0258 0350
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Models DeRNN CrossFormer LightTS Pyraformer Autoformer
(Ours) (ICLR 2023) (2022) (ICLR 2022) (NeurIPS 2021)
Datasets Metric  MSE MAE  MSE MAE MSE MAE  MSE MAE  MSE MAE
ETTh1 96 0377 0.398 0406 0437 0435 0444 0.680 0.624 0497 0479

192 0432 0429 0456 0456 0494 0478 0.896 0743  0.528  0.506
336 0467 0447 0613 0575 0549 0510 0957 0770 0540  0.508
720 0499 0489 0809 0.680 0612 0569 1.000 0794 0541  0.520
ETTh2 96 0293 0344 0740 0.609 0414 0451 1320 0.897 0368  0.406
192 0371 039 3.012 1354 0568 0533 6.149 1987 0437  0.443
336 0425 0437 1973 1105 0669 0576 4.614 1.835 0483  0.487
720 0440 0457 3209 1525 1011 0719 4312  1.800 0519  0.514
ETTml1 96 0322 0361 0360 0405 0393 0413 0.628 0542 0529  0.484
192 0368 0386 0383 0414 0436 0441 0612 0532  0.635 0.533
336 0399 0410  0.603 0559 0464 0463  0.687 0.601 0551  0.510
720 0461 0447 0993 0754 0556 0526 0922 0734 0747  0.582
ETTm2 96 0.175 0258 0236 0327 0227 0326 0349 0445 0242 0314
192 0243 0302 0862 0645 0348 0413 0741 0614 0282  0.341
336 0301 0340 1315 0.835 0459 0484 1198 0851 0330  0.368
720 0396 0396 3985 1454 1026 0738 3.561 1439 0455  0.436
Traffic 96 0455 0299 0515 0270 0712 0440 0.698 0403 0.674  0.405
192 0465 0303 0548 0293 0.697 0443 0.683 0389 0.645 0412
336 0482 0310 0576 0303 0717 0452 0.687 0389 0610 0379
720 0514 0332 0611 0314 0771 0471 0732 0411 0.636  0.392
Weather 96 0.176 0218 0174 0239 0181 0239 0208 0291 0364  0.390
192 0223 0258 0232 0301 0215 0274 0225 0311 0290  0.350
336 0278 0298 0276 0340 0265 0314 0291 0364 0351  0.385
720 0354 0348 0372 0412 0331 0364 0376 0402 0420  0.420
Electricity 96 0.165 0252 0156 0256 0213 0316 0278 0373 0205  0.322
192 0175 0261 0164 0263 0222 0325 0294 0390 0223 0334
336 0192 0279  0.187 0286 0242 0344 0298 0393 0248  0.353
20 0233 0312 0200 032 0277 0371 0200 0387 0266 037

Table 1 demonstrates that DeRNN achieves state-of-the-art or highly competitive per-
formance across seven benchmarks with a fixed look-back window of 96. While spe-
cialized baseline models exhibit marginal advantages on specific datasets (e.g., iTrans-
former on Electricity and Traffic), DeRNN demonstrates superior overall robustness
and achieves the lowest errors on the majority of the metrics. Unlike Transformer-based
models that often struggle with overfitting in ultra-long sequences or MLP-based ar-
chitectures that lack sufficient non-linear expressiveness, DeRNN leverages a trend-
fluctuation decoupling strategy to effectively balance global trend preservation with
local dynamic modeling. This design ensures superior accuracy in complex scenarios,
exemplified by a 4.4% MSE reduction on the ETTh1 dataset (T = 720) compared to
the previous best method.

4.3 Prediction Visualization

Fig. 3 provides a qualitative comparison of forecasting results on the ETTh1 dataset.
DeRNN exhibits superior alignment with the ground truth compared to state-of-the-art
baselines, particularly in capturing sharp peaks and preserving temporal phase. While
MLP-based models like TSMixer and DLinear suffer from significant amplitude atten-
uation—failing to reach the extrema of the true series—and Transformer variants like
CrossFormer exhibit noticeable phase shifts, DeRNN effectively models both global
trends and intricate local fluctuations. This visualization corroborates the quantitative
improvements, demonstrating the model’s robustness in handling complex, non-sta-
tionary dynamics.
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Fig. 3. Visualization of forecasting results on the ETTh1 dataset.

4.4  Ablation Study

To verify the contribution of each individual component, we conducted an ablation
study on the ETThl and Weather datasets, averaging the metrics over all prediction
horizons. As shown in Table 2, the full DeRNN architecture consistently achieves the
lowest errors compared to all variants. Specifically, the removal of either the Linear
Branch or the GRU Branch leads to distinct performance degradation, confirming the
validity of our decoupling strategy in handling global trends and local non-linear dy-
namics respectively. Notably, omitting RevIN results in the most severe deterioration,
underscoring the critical role of reversible normalization in mitigating the impact of
non-stationary distribution shifts.

Table 2. Ablation Study Results on ETThl and ETTm1. Values represent the average MSE and
MAE across four prediction lengths T € 96,192,336,720.

Model Variant ETThi ETTm1

MSE MAE MSE MAE
DeRNN 0.4437 0.4404 0.3876 0.3985
w/o GRU 0.4880 0.4675 0.4235 0.4153
w/o Linear 0.4513 0.4484 0.3892 0.3996
w/o RevIN 0.4550 0.4516 0.4050 0.4182
w/o Patching 0.4725 0.4666 0.3988 0.4114

4.5 Robustness Analysis

Table 3 shows DeRNN yields the lowest degradation across all perturbations on the
ETThl dataset. Unlike Transformers, which fail under 10 dropout (MSE > 1.0),
DeRNN’s Bi-GRU effectively infers missing temporal steps. Furthermore, its Trend
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Anchor Track seamlessly adapts to drift noise, significantly outperforming models that
cannot decouple macroscopic shifts from local fluctuations.

To assess the model’s reliability in unstable industrial IoT environments, we introduce
three characteristic perturbations to the input sequences using the tsaug library1. First,
we apply Gaussian noise (zero-mean, ¢ = 0.1) to simulate the inevitable sensor ther-
mal noise and measurement uncertainty commonly encountered in harsh industrial de-
ployments. Second, we introduce Drift noise (maximum drift intensity of 0.5) to mimic
the systemic bias caused by sensor aging or gradual calibration shifts over long-term
operation. Finally, Dropout noise is applied by randomly masking 10 of the time steps
to zero, which represents data packet loss due to transmission failures or network con-
gestion in IoT communication protocols.

Table 3. Performance comparison of different models under three types of noise (Dropout,
Gaussian, Drift) with different prediction lengths. MSE and MAE are used as metrics, and the
best results are highlighted in bold.

Noise / Length DeRNN iTransformer DLinear TimesNet CrossFormer Autoformer TSMixer LightTs Pyraformer
| MSE MAE MSE MAE MSE MAE  MSE MAE MSE MAE MSE MAE MSE MAE  MSE MAE  MSE MAE

5 o 0.4381  0.4248 04301 04410 04570 04412 04464 04377 04601 DATOR 05153 04824 05463 05137 04853 0.8060  0GIT2
2 192 0.4900 04621 05069 04683 05025 04602 04981 04708 05178 04045 05680 05 0.6411 05691 0.5190 08930 07417
2 136 0.5338 04831 05451 04907 05404 04035 05426 04074 06344 DSSTL (L6631 0.7143 06214 05510 L0200 08102
a 720 0.5396 05032 05300 05130 05608 05383 05685 05229 0786 D6TE3 0.5014 0.7830 73 06069 10027 05031
g 96 0.4881  0.4812 05098  0.4596 5 0.4900  0.4952  0.4864 05240 0.5062 0.5018 05351 0.7227 06300
7 192 0.5358  0.5044  0.5573 05136 05138 0. 0.5353 0.6730 ] 05637 0.8721 07164
2 336 0.5746  0.5212 05940 0.5298 0.5340  0.550 05928 06167 0.7672 TET 05800 0.9561  0.7644
c 20 0.5742  0.5301 05914 05440 0.5683 0,603 D69 0.5962 0.8377 210 0.637T8 10680  0.5326
o 0.5550  0.5246 05720 05335 05095 05360 0.5007 05805 05609 06433 05883 0.6492 06469 0.5791 07964 06380

] 192 0.5037  0.5450 06230 05508 06140 05503 0.6020 06245 DSTE3  0.0805 06010 0.7362 T 07010 06075 0.8071 07460
a 336 06604 05810 06572 0.5747 06493 05777 06495 0.5 07032 06226 06623 05910 0.8303 0.7492  0.6322 09597 0.7749
720 0.6320 05723 06490 05830 06607 06005 06601 05807 00020 D748 06300 05947 08063 07514 07918 06772 L1036 08606

4.6  Efficiency Analysis
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Fig. 4. Inference latency versus forecasting error on the ETTh1 dataset (T=720). The dashed
line delineates the empirical Pareto front.

Empirical inference speed is a critical bottleneck for time-sensitive applications. As
illustrated in Fig. 4, DeRNN establishes a new state-of-the-art Pareto balance. It strictly

! https://github.com/arundo/tsaug
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operates within the ultra-low latency regime and yields the lowest overall error (MSE:
0.499), achieving an approximate 60 X speedup over Autoformer. Furthermore, it
maintains a decisive performance margin over competitive efficient baselines such as
iTransformer and TimesNet. This underscores the architectural elegance of DeRNN,
demonstrating that it effectively eliminates traditional computational bottlenecks with-
out compromising sequence modeling capability.

5 Conclusion

We propose DeRNN, an efficient dual-track architecture that successfully addresses the
challenge of balancing long-term trends and local non-linear dynamics. Extensive ex-
periments across seven benchmarks demonstrate that our model achieves state-of-the-
art accuracy—notably achieving a 4.4% MSE reduction on the ETTh1 dataset—while
maintaining significantly lower memory usage and nearly 3x faster inference latency
than leading Transformer-based baselines. Furthermore, its superior resistance to
Gaussian, drift, and dropout noise validates its immense potential for robust deploy-
ment in real-world industrial IoT environments.
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