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D-LINet: Time Series Forecasting Framework Integrating Dual-linear Layers and Dual Normalization

GENG Haijun and LI Dongxin

School of Automation and Software Engineering,Shanxi University, Taiyuan 030006, China

Abstract Time series forecasting plays a crucial role in various real-world applications such as energy management, traffic flow
forecasting,and meteorological analysis. However, the presence of distribution shift and long-term dependency in time series data
continues to limit the performance of both traditional methods and existing deep learning models in long-range forecasting. To ad-
dress these challenges, this paper proposes an innovative model named D-LINet. The proposed model integrates the distribution
normalization capability of the Dish-TS framework with the efficiency of linear mappings. By employing dual-direction normaliza-
tion and dual-linear-layer designs,it effectively mitigates distribution shifts in both input and output spaces,while significantly en-
hancing the capture of periodic and trend-related features. A comprehensive evaluation of D-LLINet on multiple real-world datasets
demonstrates that,{or both short- and long-term forecasting, D-LLINet consistently achieves lower MSE and MAE compared to
mainstream models such as Transformer,Informer, Autoformer and DLinear. In addition, experiments investigate the influence of
input window length and the incorporation of prior knowledge on forecasting performance, providing valuable insights for subse-
quent model optimization. Overall, this study offers a novel solution to address complex distribution shifts, contributing to im-
proved accuracy and robustness in time series forecasting.

Keywords Time series forecasting('TSF) . Distribution shift, Dual normalization, Linear mapping, Periodicity and trend modeling
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Hix 1 D-LINet Y1000 101G
Input: Training dataset { Xiain s Yirain ) » D-LINet model, optimizer(e. g. ,
Adam) , hyperparameters (learning rate Ir, batch size, number
of epochs,etc. )
1. Input Normalization:
2. Normalize input sequence using BACKCONET to alleviate intra-
space shift
3. for epoch=1 to num_epochs do

4. Shuffle dataset {Xirin s Yirain ) and split into batches

5. for batch=1 to num_batches do

6. Get current batch data Xpaeh » Yateh

7. Forward pass:

8. Normalize input using BACKCONET : Xjuich <~ BACKCONET
(Xhaich)

9. Use normalized input in D-LINet model: Yyrea = DLINet(Xpateh )

10. Calculate loss:

11. MSE loss: Lyvse = Loss (Y pred » Yateh )

12. Prior loss: Lyior = Priorloss(Yiach )

13. Total loss: Liow = Luse + BX Lysior

14. Backward pass:

15. Compute gradients of the loss function with respect to model
parameters

16. Update model parameters using optimizer(e. g. » Adam)

17.  Record the loss for each batch

18.  Output current epoch loss: Epoch_epoch, Ligul s Lvse s Lpsior
19. Validation:

20.  Perform forward pass and loss computation on validation set
21.  Early Stopping:

22.  Check if early stopping condition is met based on validation loss
23. if Early stopping condition met then

24. Stop training and return best model

25. Prediction:

26. After training,normalize input using BACKCONET

27. Make forecast: Y prea = DLINet (Xies)

29. Apply HORICONET to denormalize predictions to the original
scale

30. Ydenorm = HORICONET (Y,rea)

31. Testing Phase:

32. Load the best model obtained from early stopping

33. Set model to evaluation mode

34. Initialize lists to store predictions and ground truth:preds,trues

35. for batch in test_loader do

36.  Get batch:batchy,batchy sdec_inp=get_init_batch(batch)

37.  Perform forward pass to get forecast: forecast=model(batchy ,batchy)

38. Convert forecast and true values to numpy arrays for evaluation

39.  Store predictions and true values in lists: preds,trues

40. Calculate metrics: MAE, MSE,RMSE, using preds and trues

41. Output evaluation metrics: MAE, MSE,RMSE
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Table 1 Scaling coefficient of experimental indicator
Dataset Electricity ETThl ETTml1 ETTh2 ETTm2 Weather Traffic
Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
Baseline IX1077 1X107% 1X1071 1xX107! 1x107 1 1x107! 1xX107! 1x107 1 1x107! 1xX107!1 1X107* 1X1072 1x10% 1x10°
Lookback- -7 —2 1 1 —1 —1 1 1 1 —1 -3 —1 3 2
window 1X10 1X10 1X10 1X10 1X10 1X10 1X10 1X10 1X10 1X10 1X107° 1X10 1X10° 1X10
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i 160 B85 3 %) T 00 e o A AR 1] oo R R R4S SR L iR
320 A epoch, LA B 1k i #0& OF 32 U R A . Aol
Dish-TS J7 1 456 4 MRS T8 G J R AE ) L S8 00, AL 96
Informer, Autoformer, Transformer 1 DLinear, 3f 7 48 [5] f¢)
L& B S HCS N GR R T HE AT SE 50, LUR PR &5 2R 09 28 7 A
APk, S8y JE T PyTorch HE 2212 523, 3 78 NVIDIA
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MSE Hl MAE B N R, JUHAE 5K 36 3 & 96 B, PEfE 2 BHERRIE, SR, 7€ ETTh2 S8R L, 42 K 336 A,
FH AR . 140 . 7F Weather 20442 . MSE A 2. 5 i [ AIAETIAGT & F7 s s, S BT R A 1 PR R ek 55 L
1,25, K E L7 S5 B A BT 3B A R 0 Sk L, U I 38 a1 el LA K T SEBLA PE R TR A LR,

2 W] S T 45 2R

Table 2 Time series forecasting results

Method D-LINet Autoformer Informer Transformer DLinear
Metric MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
36 0.891 0.154 1.259 0.189 1.148 0.185 1.017 0.173 0.914 0.156
96 0.967 0.172 1.386 0. 206 1.353 0.209 1.421 0.217 1.019 0.174
ETThl 192 1.077 0.187 1.883 0.255 1.435 0.219 1. 799 0.252 1.565 0.284
336 1.175 0.209 2.129 0.275 1.481 0.224 2.38 0.271 1.496 0.211
420 1. 186 0.214 2.506 0.299 2.592 0.299 2.621 0.288 1.189 0.296
36 1.163 0.154 1.379 0.195 1.168 0.171 1.377 0.188 1.504 0.195
96 0.790 0.143 1.014 0.176 1.028 0.173 1.067 0.179 0. 808 0.147
ETTml 192 0.973 0.163 1.657 0.228 1.235 0.191 1.257 0.189 1.012 0.163
336 1. 042 0.178 1.468 0.216 1. 545 0.215 1.371 0.201 1.094 0.176
420 1.244 0.205 2.519 0.277 1.669 0.223 1.373 0.218 1. 146 0.225
36 1.138 0.212 1.297 0.234 1. 445 0.246 1. 466 0.247 1.351 0.236
96 1. 486 0.249 1.813 0.279 2.193 0.305 2.078 0.296 1.510 0.253
ETTh2 192 1.786 0.284 1.774 0.282 2.112 0.312 2.061 0.311 1.827 0.287
336 1.824 0.293 2.192 0.318 2.261 0.336 2.172 0.315 1.952 0.319
420 1.703 0.285 3.353 0.403 2.394 0.343 2. 447 0.343 2. 446 0.354
36 0.928 0.193 0.956 0.199 0. 887 0.186 0.831 0.183 1.083 0.211
96 0.995 0.198 1. 144 0.219 1.153 0.215 1.27 0.233 1.039 0.215
ETTm2 192 1.317 0.226 2.243 0. 306 1.528 0.253 1.351 0.232 1.322 0.233
336 1.579 0.249 2.046 0.302 1.817 0.282 1.833 0.278 1.541 0. 256
420 2.161 0.294 2.956 0.355 2.076 0. 304 2.023 0. 295 1.761 0.296
36 0. 409 0.154 0.443 0.187 0. 365 0.148 0.433 0.154 0.47 0.318
96 0.253 0. 146 0.474 0.252 0.247 0.155 0.328 0.183 0. 286 0.176
Weather 192 0.187 0.143 0.389 0.226 0.192 0.133 0.271 0.181 0.22 0.169
336 0.181 0.147 0.388 0.221 0.217 0.155 0. 203 0.151 0. 206 0.164
420 0.189 0.154 0.381 0.223 0.264 0.178 0.213 0.171 0.203 0.167
36 0.315 0.216 0.532 0.272 0.622 0.297 7.285 0.954 0.338 0.225
96 0. 481 0.231 0.684 0.294 1.313 0.386 7.554 0.971 0.527 0. 260
Electricity 192 0.659 0.259 3.291 0. 857 1.117 0.356 7.795 0.979 0.717 0.285
336 0.966 0.309 7.785 1.181 3.103 0.499 7.828 0.981 0. 895 0.329
420 0.912 0.325 7.413 0.977 1. 441 0.404 8.763 0.973 0.955 0.338
36 1.24 1.758 0.91 1.671 1.04 1. 671 2.77 3.424 1.40 1.908
96 0.95 1.492 1.1 1.79 1.24 1. 829 1.22 1.739 1.27 1.769
Traffic 192 0.84 1.355 2.33 3.267 1.4 1.988 1.15 1.681 0.92 1.415
336 0.83 1.36 1.03 1. 691 1.2 1. 858 2.9 3.513 0.88 1.377
420 0.87 1.343 1.09 1.714 2.78 3.387 1.15 1.712 0.82 1.396
F 3 I [E] R 50 TR o A AU R e R B
Table 3 Statistical information of all datasets for time series forecasting
Dataset ETThl/h2 ETTml/m2 Weather Electricity Traffic
# Channel 7 7 21 321 862
Timesteps 17420 69680 52696 26304 17544
Granularity 1 hour 15 minutes 10 minutes 1 hour 1 hour
Data Partition 6:2:2(month) 7:2:1
-e- ETThl ETTml Electricity -= ETTh2 ETTml -« Weather |
275
) . 22 w
o o
5 22 5 20
z 15 g B —
§ 150 § 16
P =
100 14
36 48 72 96 144 168 192 336 420 720 36 48 72 96 144 168 192 336 420 720
Lookback Windows(steps) Lookback Windows(steps)

B2 SN 0 T=720 & A [A] [0 A5 K 3 22 $80 42 100 14 BB (9 25 2 (MSE 5 MAE 43+ #71)
Fig. 2 Results of the impact of different lookback window sizes on multi-dataset forecasting performance with a fixed prediction

horizon of T=720(MSE and MAE analysis)
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Fig. 3 Impact of different a1 and a;values on time series

forecasting performance(a; a2 =1{0,0. 25,0.5,0.75,1})

Sk — 2 S T A EE R A A AN 2 R B X A L P

YR BRI BE 9 43 A SRR DL AL X T B 22 e d 28, 5K
WA RANE 4 B, 24 =0 i, B0 52 4 2200 iy A 51 40 A
BERS X E ETTm2 Al ETTh2 5 43 7 R 58 52 Hh 1% B4 42
R MSE K B (400336 3 720) T KiE B,
7 24 8= 1, A% 0 3 B A0 A i A 2 A R Y AR Ak R4S 1 de 4
K 36 F 96) T REAL 3 #2243 A8 AL RFAE (B 7E K 25 K (i
420 #] 7200 T, BFR AT (ttucare » Ot IF T BES FHES T3
PEREIR AL, FEFTA SCI0 400 T, p=0. 3 ZAH X S OR 1 k£,
A AT S 5 50 A A o » o) B 43 40 EE % AN H A 43 A
Cptrnare »Orunare ) B B AS R AE L 50 0 b B2 w8 T ML R0 6 2 73 VB2 5 58 1Y
BE e (i ETTm2) th g KA BHNACR . DL Se g 45 R 3R 0,
FE I 1] e 30 U AT 55 v 38 JE 1 43 A B2 RS AR A AL RN T L
LRI A B A L RE S . 2 2 i A A1 T 1k R L U HL 2 7
KK T & 22t AT 5 R Bk Kz kg . X
PR R T HEBE R R, S B A 0 1S
B, A 8% T g 4t 3T AN [ ) 80 4 R A e A R ) T
PEAULFR I RS AR . Bk Sa g R A 4 FiR,

300
13
j 275
250
© P
@ 225
11 /_/‘. E 200
175
10 / / 40

* f=0
/ = $=03 150 = p=03
- =06
091¢ £-10 1251

- 3=06
810

MSE

36 9 168 192 336 420 720 36 96 168 192 336 420 720
ETThl ETTh2
(a)ETThl (b)ETTh2
»
13 18 4/
. -
12 16 &
11
8 § 14
= 10
09 2 * 5=0 12 4 * =0
= 5=03 = f=03
08 - p=06 10 - =06
< =10 A=10
3% 96 168 192 336 420 720 3 96 168 192 336 420 720
ETTml ETTm2
(0)ETTml (DETTm2

&l 4 R[] pAE X B ] e 5 T 4 66 i 5 (8= {0,0. 3,0.6,1})
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A AR RBU A 35 T=420 (AP B8 TEAG 5050 [7] HOU H W,YU F R.RWKV T S:Beyond traditional recurrent

Table 4 Model performance evaluation with lookback and neural network for time series tasks [J]. arXiv: 2401, 09093,

prediction step length of T=420 2024.
Method MACs Parameter Time/ms  Memory/MiB [8] HU A.WANG D K,DAI Y.,et al. TimeCNN: Refining cross-
D-LINet 5.80X 108 4.300X 105 0.2 1630 variable interaction on time point for time series forecasting [ J].
Transformer 2. 8410 1,059 107 28.0 1975 arXiv:2410. 048532024,

Informer 2.59x108 1.138x107 28.6 2091 .

Autoformer 5. 31 168 L 061X 107 - 2050 [9] SHIJ,MYANA R,STEBLIANKIN V,et al. Explainable paral-

lel renn with novel feature representation for time series forecas-

ERIEFE A K D-LINet HE42 45 i 8] 7 21 F50m H ting[ C7] // International Workshop on Advanced Analytics and

A EE RS S R R Y A% O Pk AR L 38 B 1) I3 — £k 3R e 5 X0 Learning on Temporal Data. IEEE Computer Society, 2023 56-

LRPER BT T — SRR 5 A R XA 5 o A6 R 75.

B A, S B T T %k B R] 5 40 ) 3 R e A A A [10] VASWANI A,SHAZEER N,PARMAR N,et al. Attention is

Beh, BERFTHEEES S FHBOMEE N, €7 L all you need [C] // Advances in Neural Information Processing

STRCHE AR [ ST 45 5 35 0, D-LINet 78 55 19 5 K 1 i il 4T Systems. IEEE Computer Society,2017:5998-6008.
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