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Abstract Accurate network traffic prediction is not only a key link to realize network refinement
and intelligent management, but also an important support for network operators and cloud service
providers in intelligent operation and maintenance and application service guarantee. This field has
become a research hotspot in the current industry, and has a wide range of application prospects.
Network traffic prediction technology plays an important role in many fields, including base
station power management, base station overload prevention, unmanned aerial vehicle temporary

base stations, new network deployment and base station construction, 5G network slicing,
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Software Defined Network resource scheduling, and resource management in multi-access
edge computing. Network traffic prediction problem is usually regarded as a time series
prediction problem. With its self-attention mechanism, Transformer can efficiently compute the
dependencies between each time node in parallel, and performs well in the field of time series
prediction. However, although the existing time series prediction models, including the
Transformer-based models, can play a certain role, they often ignore the unique periodic
characteristics of traffic data sets, so it is difficult to make a breakthrough in network traffic
prediction performance. Therefore, this paper focuses on the natural cycle of network traffic data
sets, and proposes a general network traffic prediction model, Cycle Little Linear Head
(CycleLLH) s which can effectively exploit the periodicity of time series. The backbone of the
model is the encoder of the Transformer, and the two key designs are as follows: 1. Cycle
Integration: we divide the traffic sequence into different cycle blocks according to a specific
period, and then embed the time nodes corresponding to the phase of these cycle blocks into
different input tokens; 2. Little Linear Head: it is composed of multiple multi-layer perceptrons,
and each multi-layer perceptron operates separately on each feature node. Cycle Integration makes
the model have two advantages: it is more conducive to the model to extract the features of the
dataset within one cycle; the computation and memory complexity of the attention matrix can be
viewed as a constant related to the quadratic power of the period step of the dataset, allowing the
model to use a larger look-back window with only a small increase in computational resources.
The little linear layer preserves the spatial structure of the encoder output and significantly reduces
the number of parameters in the linear layer, which helps the model to predict the detailed changes
in the network traffic data. Through a large number of experiments on public traffic data sets, this
study shows that CycleLILH shows significant advantages in traffic prediction accuracy compared
with the current state-of-the-art models, and the prediction accuracy on the six data sets is
improved by 12.3%. 8.4%. 29.9%. 5.8%. 8.3% and 2.0%. respectively. In addition,
through comparative ablation experiments, this study verifies the effectiveness of Cycle
Integration, Little Linear Head and normalization methods in improving the prediction
performance of the model. Experimental results show that CycleLLLH can achieve better
prediction performance under longer backtracking window, and shows strong robustness and
In addition, CyclelLLH also shows
high stability in noisy data environment. Code can be obtained from https://github. com/

wenjietang218/CycleLLH. git.

adaptability under different cycle division step sizes.

Keywords network traffic prediction; time series prediction; periodicity; cycle integration; little

linear head
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PEAT VA —AL XA R 21 B AR 51 1P S (A
i 22 A8 » 5 S 453X A S0 A 22 TR 2/ )2
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AR SCFEAEARA P GBI EIRAL T
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THREZE R M 2016. 1. 15 2017. 5. 1AL A i it
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2013.10. 31 2 2014. 1. 1 2% 3t 1t 15 31y, Zdhi ke I
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“ i | i 15 ) BT A 50 e 8 P BB 4 65 2016 47 A
NetTm 1 46 752 15 min 48 . e "
CityAh 1 16 416 1h 24 fit , PatchTST. Autoformer. Informer. Transformer
CityBh 1 16 416 1 h 24 P AE PF AL T LB AL MR BE L BCPE o LA https: //
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github. com/zhouhaoyi/ETDataset 2K HX . )

AR SO IR AR B 3 A 41 F00 ) MSE (Mean
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Error, P4 X R ZEOVE N BE i . 3K 2 R A A
FE 6 A~ WU K BE R MSE il MAE # ¥ {i , H o
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MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
NetTh 0.292 0.330 0.425 0.458 0.353 0.397 0.333 0.376 0.378 0.400 0.349 0.395 0.527 0.520 0.587 0.584
NetTm 0.426 0.400 0.690 0.610 0.491 0.462 0.613 0.525 0.630 0.530 0.482 0.444 0.509 0.516 0.740 0.628
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J7 90 30 43 A — 22 90 A [ BE 1 B A T A 8 2 4
seq_lenCRE—A> 53 Be A BED Fl stride RS> B[]
FarI2EKD . A T #R5T Patching £ AR X T 25 3 i 4
P2 A R SR —AEAN [F] 43 B B LA K Be fa] B
738 PatchTST 7E Net Th #5484 L A3 . A S
177 210 Yk 1 1 11K/ L=336, T )3 51 4 i

T=720 By SZ % » Horh seq_len€[1,20] . %F T4 —4
seq_len, stridec| 1, seq_len . AR SZLHe BV Ry 5% 3 W Y
85 —17“Patching+ & #2791 0L, 1X 210 IS5
TE MSE AR T W /M AR N 0. 2844, Fie K1 2R
B4 0.3908, F- ¥ 45 & {H hy 0. 3365, £ 4 &R T
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EVEREE R L 3X 420 R SZ58AE MSE AR 1E T /Y
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FARN 73 Bt AR I AR AT 2 58 43 1R B, 1fif HLAEAH
[) % [RL 8 78 11 i B 7 1 4 2 i W I o T el R
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1 0.291 0.291 0.284 0. 300 0. 287
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K53 K AFIE P41 . T3 — 5 8 ARSI T/
LNEIZMRERS RIGE 7R B R AR ) A B
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4.4 ZEBAMVAEBRHTEERMEEENZME

TEMIUR B BE B /N 2 v 0 2 2 BB, AR
SAURH T —)2 4% Transformer B A RHE )T
G RRAE S B A B B R e B A A X R
TRAEFE TR B T P e U T — R 1 S, L
PRI A fe /N R (AR T SRR A T REAIG . SR
M » 48 S 50w, F o, BOAS [RE I B A8 2 1 45
AN IAB Z 18] BT 7k 32. 8 %0 122 5 L X R WA
R P FR IR T . o SCRRIE A . T i 20K
YR — U PR WS B A 4 L R AR AR )2
W R E R X AR AT B S 0 AY () M R = A

SN PRI, O T A AR TR A e R I R L AR SC

A BN L2 2N AL 2 BT B IR B AL A
RS

R T RGN A T 22 2 BNAILAN [] )2 B0 A
TP R A9 52 0, A SCHE R F5 2 5t R S8ORA ] 1) 17 250
LT TR RS . X ORIE 4250, 78 Net Th
s LT T 420 RS MU RN L=
336, T 81 K T=720, Hop w,e[1,20], w.e
[0, 20]. FEAIFE MSE bRl T 19 /MR AR e KA
JABFF- 8 AW 5 B

Sy HT R 5 LA, YR ECR N B 2 B 1
s B /I« S5 KT 440 (B RS2 s/ , 3 3% W A
AU () FI0I P e A ER AR B T T SR, 2B
F3k 6 LU BERL A PR RE SR T T RN B . 28 BRI,
R T SIS A A P B RN R A SR 2
TE/NRAE 2 H A 6 )2 (1 22 )2 IR AIL

®S5 ARSEBRMINEHERE BRI
JREL 1E MSE pRifE T4 A

MIN MAX AVG
1 0.2792 0.4156 0. 3110
2 0.2674 0. 3824 0.2902
3 0. 2657 0. 3387 0. 2846
4 0.2653 0.3474 0.2812
5 0.2653 0. 3446 0.2759
6 0.2644 0. 3369 0.2733
7 0. 2645 0. 3517 0.2742
8 0.2653 0.3358 0.2737
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4.5 ML

J T BAIE CycleLLH My & B, BRAIBIA T —
o a7 3% B M P T A L BRI AR G
(A AT 51 h Pk et — 5 H A9 N A9 R e, Bl
JEE[ —0.2X,, 0. 2X, | B el P 5 o 36 28 32 w9 4
Pt A gy, Horh X, FORIF IR B0 . BTk AT
TCRETE AT MRS BRI FH TR A I R

% 68/ CycleLLH ZE AR 30 LB T 72454
BE 4 L 61K 1) MSE A MAE 1520 #118
B Ja — 845 T M T A TR A MR Y RS T
MSE Fl MAE 44 (1 A 43 Lb , 384 8 22 1 W A5E AL (1Y)
U e 52 A ™

W2 6 fT7 bt 40 3h FL B A 88 in 24 17 HL )
AR 1%.5%.10% BF, MSE I MAE 1570 5% B
AN TR K R E S B 11%
4.1%.9.5%. X —Z5FEFB L W75 1 T AT AR X A
TP TN 1 R AR 3 A TR R AR R B AR —
FEPE FIOAIE T CycleLLH 78 Ab B4R A7 — & W 7 B4
B e . FRATTAY S B0 25 R 58 73 6, CycleLLH
A T ASE /NI 7S 00 A B B B8 i 3 e R Y
e e o I FLAEA 500 X 45 o S 50080 18k 0 i » 1%
BRI i T B B X — R BRI T
CycleLLH (R, o8 HoAE &2 4 2748 (15Ul B
S N FHERHE T S

%6 CycleLLH BT 2RI (R EIH) e RARARIHIRAS ENELH])

W LAl KAk F LT LA
NetTh NetTm MilanM CityAh CityBh CityCh
MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
e=0%  0.292 0.330 0.426 0.400 0.038 0.130 0.173  0.293  0.303 0.354 0.240 0.331
e=1%  0.295 0.333 0.435 0.405 0.039 0.130 0.174 0.294 0.309 0.358 0.243 0.333 1.1%
e=5Y%  0.302 0.343 0.440 0.411 0.040 0.132 0.187 0.305 0.322 0.368 0.251 0.339 4.1%
e=10%  0.324 0.356 0.447 0.415 0.044 0.139 0.201 0.315 0.341 0.381 0.273 0.353 9.5%

4.6 H—HFHEHEEY

T T IR A Ay R T B 2 U
O AT 55 A aE R MR SR L FRATT BT
CycleLLLLH. iTransformer 1 PatchTST = i 5% 1l 7

ANAEHEEE T HIE— A g AR A — 16
B MSE FI MAE 845 . 36 7 JB/R T BERIZEAT H]
AR FH IE — Ak 7 B 7E 6 AT BE A 15 431
{8 B B LA B B KL B

®7T BREEREA-UIBRERME, R REREP—L,CiDRTAERET—H

Hln sk R R

CycleLLH (+in) CycleLLH (-in) iTransformer (+in) iTransformer (-in) ~ PatchTST (+in) PatchTST (-in)

MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
NetTh 0.292 0.330  0.406 0.403 0. 425 0. 458 1. 488 0.923 0. 353 0. 397 0.553 0.522
NetTm 0.426 0.400  0.422 0. 370 0. 690 0.610 1. 389 0.848 0. 527 0. 493 0.962 0.671
MilanM 0.038 0.130 0.135 0.320 0. 062 0.174 0.269 0.401 0. 064 0.183 0. 386 0.571
CityAh 0.173 0.293  0.178 0. 305 0. 195 0.330 2.699 1.414 0.232  0.361 0. 307 0.427
CityBh 0. 303 0.354  0.357 0.411 0.372 0. 415 4.090 1.630 0. 380 0.434 0. 486 0.511
CityCh 0.240 0. 331 0.310 0. 388 0. 286 0. 381 3.189 1.523 0. 295 0. 387 0. 381 0.454

MR 7R AR HH— 455, CycleLLH,
iTransformer 1 PatchTST i) MSE #1 MAE 48 1
SRR TREES . X - R R .
VA — A Ty 32 X6 T i RS R % T 1 e EL A R AR
FH  FLRBE AT R b B2 5 5T 780 A LR H X 266 It o T30
P55 i EravE . Bt FRATS I A5, 10—k ik
L e X 2 o T A 55 v — A R LA AR £
P b PR F-Bt .

I H AT E] CyclelL.LH #RI 7E K % FHIH—
A TR A B AR5 LT 5 LTI 1 f A 2 A S R B

G IJUNEAR B S . 7E Net Tm 8048 46 I,
CycleLLH () it Il fig 71 & 20 A Fr i -, iX — & 3
AT CycleL LH Y FE b Xk AN [F] 4545 42 Bsf (1435 7
PS5 E N . M Z T . iTransformer A1 PatchTST
FERVAE G = U3 —fb b BRI A5 A LS04 fg 3
THERN T, XX — P 5HIE T CycleLLH
ABEUTE X 268 Uk 1 P AT 55 v AR AR P AT e e
AN iU I S =il oL TS S £ 2 O <
CycleL LH #5781 J B 7 X 5 0 2% 9t o0 7000 A4 4% =5
T PO YRR FHANE .
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MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
96 0.524 0.519 0.636 0.574 0.577 0.533 0.627 0.560 0.486 0.494 0.527 0.520 0.677 0.611
Retth 336 0.425 0.458 0.353 0.397 0.333 0.376 0.378 0.400 0.349 0.395 0.684 0.614 0.587 0.584
96 0.883 0.680 0.581 0.502 0.792 0.610 0.850 0.614 0.482 0.444 0.522 0.520 0.747 0.611
NetTm 336  0.749 0.641 0.531 0.493 0.647 0.545 0.662 0.548 0.502 0.445 0.509 0.516 0.740 0.628
384 0.690 0.610 0.491 0.462 0.613 0.525 0.630 0.530 0.491 0.450 0.516 0.520 0.786 0.655
96 0.048 0.154 0.058 0.180 0.045 0.150 0.270 0.431 0.050 0.159 0.473 0.484 0.299 0.429
MilanM 336 0.053 0.160 0.057 0.173 0.050 0.154 0.249 0.423 0.062 0.181 0.452 0.477 0.229 0.388
384 0.062 0.174 0.064 0.183 0.058 0.165 0.234 0.413 0.067 0.189 0.461 0.483 0.270 0.403
. 96 0.202 0.332 0.249 0.373 0.197 0.320 0.214 0.340 0.229 0.348 0.523 0.518 0.721 0.677
CirA 336 0.195 0.330 0.232 0.361 0.186 0.312 0.218 0.349 0.221 0.344 0.499 0.509 0.534 0.59%4
. 96 0.372 0.415 0.444 0.461 0.380 0.407 0.487 0.499 0.379 0.414 0.524 0.518 1.458 0.975
Citan 336 0.373 0.426 0.380 0.434 0.329 0.386 0.374 0.425 0.355 0.403 0.507 0.513 1.214 0.890
. 96 0.298 0.388 0.341 0.418 0.283 0.368 0.531 0.588 0.327 0.405 0.529 0.521 1.302 0.923
Cian 336 0.286 0.381 0.295 0.387 0.245 0.338 0.303 0.395 0.302 0.386 0.504 0.511 1.441 0.915
10 CycleLLHMEERBEZANHTE TERAKEBE O K/N
Hfidk R 22 K
CycleLLLH i Transformer PatchTST RLinear DLinear TimesNet Crossformer Autoformer
NetTh 336 336 336 336 336 336 96 336
NetTm 384 384 384 384 384 96 336 336
MilanM 384 384 384 384 384 384 384 384
CityAh 336 336 336 336 96 336 336 336
CityBh 336 96 336 336 336 336 336 336
CityCh 336 336 336 336 336 336 336 96
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11 CycleLLH FnE#E R A ST S R
Hfdk R 2

CycleLLH  iTransformer  PatchTST RLinear DLinear TimesNet Crossformer  Autoformer
MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
96  0.314 0.337 0.411 0.442 0.370 0.403 0.346 0.376 0.363 0.385 0.345 0.389 0.427 0.453 0.544 0.540
168 0.291 0.328 0.436 0.464 0.350 0.394 0.327 0.370 0.368 0.390 0.352 0.402 0.482 0.489 0.582 0.578
192 0.296 0.328 0.440 0.467 0.356 0.397 0.334 0.374 0.380 0.402 0.333 0.375 0.494 0.496 0.537 0.545
Netth 240 0.304 0.336 0.441 0.470 0.362 0.401 0.345 0.382 0.373 0.396 0.351 0.400 0.497 0.507 0.639 0.636
336 0.285 0.327 0.406 0.444 0.344 0.393 0.329 0.377 0.374 0.400 0.363 0.403 0.543 0.531 0.623 0.604
720 0.265 0.323 0.416 0.458 0.333 0.395 0.319 0.376 0.408 0.429 0.348 0.399 0.717 0.642 0.600 0.604
96 0.434 0.415 0.638 0.578 0.450 0.440 0.558 0.490 0.571 0.489 0.489 0.466 0.402 0.447 0.697 0.615
168 0.441 0.412 0.706 0.624 0.507 0.481 0.651 0.552 0.669 0.557 0.458 0.434 0.446 0.476 0.713 0.618
. 192 0.433 0.401 0.704 0.621 0.508 0.480 0.661 0.559 0.676 0.562 0.469 0.437 0.470 0.490 0.734 0.609
Nectm 240 0.448 0.408 0.710 0.622 0.515 0.475 0.660 0.554 0.684 0.565 0.501 0.458 0.497 0.507 0.706 0.600
336 0.403 0.384 0.694 0.609 0.503 0.466 0.624 0.528 0.644 0.537 0.491 0.456 0.533 0.533 0.847 0.695
720 0.400 0.381 0.687 0.604 0.466 0.427 0.527 0.465 0.537 0.467 0.484 0.414 0.705 0.642 0.746 0.630
48 0.017 0.086 0.033 0.130 0.038 0.137 0.027 0.114 0.103 0.265 0.029 0.120 0.365 0.416 0.251 0.386
96 0.017 0.089 0.038 0.141 0.043 0.148 0.032 0.127 0.136 0.319 0.045 0.151 0.406 0.444 0.241 0.381
. 168 0.029 0.118 0.055 0.165 0.059 0.175 0.049 0.153 0.268 0.450 0.069 0.193 0.442 0.472 0.366 0.439
MilanM 192 0.033 0.124 0.060 0.173 0.061 0.179 0.055 0.162 0.260 0.443 0.073 0.201 0.488 0.500 0.242 0.399
240 0.042 0.142 0.065 0.179 0.069 0.194 0.066 0.181 0.312 0.496 0.079 0.213 0.497 0.508 0.259 0.413
384 0.088 0.225 0.119 0.255 0.115 0.262 0.119 0.256 0.324 0.504 0.109 0.253 0.565 0.557 0.259 0.402
96 0.127 0.247 0.152 0.290 0.182 0.320 0.137 0.267 0.146 0.274 0.181 0.312 0.401 0.441 0.461 0.562
168 0.150 0.271 0.182 0.321 0.202 0.338 0.158 0.288 0.173 0.301 0.204 0.332 0.462 0.483 0.553 0.616
. 192 0.155 0.275 0.191 0.330 0.208 0.343 0.164 0.294 0.178 0.305 0.202 0.328 0.457 0.481 0.481 0.569
CityAh 240 0.173 0.295 0.186 0.321 0.225 0.359 0.182 0.312 0.203 0.331 0.218 0.343 0.480 0.499 0.440 0.545
336 0.198 0.321 0.207 0.341 0.252 0.381 0.207 0.336 0.223 0.351 0.246 0.366 0.536 0.533 0.500 0.581
720 0.236 0.348 0.250 0.374 0.320 0.422 0.271 0.375 0.363 0.481 0.279 0.384 0.659 0.619 0.766 0.690
96 0.250 0.308 0.311 0.373 0.326 0.394 0.280 0.340 0.300 0.354 0.310 0.364 0.402 0.440 1.033 0.833
168 0.276 0.332 0.347 0.398 0.354 0.415 0.304 0.364 0.343 0.397 0.325 0.380 0.445 0.473 0.995 0.820
. 192 0.284 0.339 0.358 0.407 0.362 0.421 0.311 0.371 0.349 0.403 0.342 0.394 0.468 0.487 1.043 0.843
CityBh 240 0.299 0.354 0.363 0.405 0.381 0.435 0.330 0.389 0.397 0.449 0.349 0.401 0.474 0.494 1.000 0.823
336 0.326 0.376 0.394 0.430 0.409 0.454 0.354 0.409 0.427 0.473 0.373 0.421 0.533 0.533 1.002 0.828
720 0.384 0.414 0.459 0.478 0.450 0.483 0.397 0.441 0.431 0.474 0.429 0.460 0.719 0.649 2.211 1.192
96 0.220 0.312 0.245 0.351 0.268 0.369 0.219 0.319 0.231 0.331 0.264 0.358 0.408 0.445 0.892 0.778
168 0.232 0.323 0.273 0.374 0.288 0.382 0.236 0.330 0.262 0.359 0.289 0.377 0.447 0.475 1.169 0.881
. 192 0.240 0.330 0.282 0.380 0.296 0.387 0.243 0.335 0.307 0.401 0.306 0.387 0.457 0.482 1.506 0.990
CityCh 240 0.255 0.340 0.286 0.380 0.311 0.397 0.259 0.347 0.351 0.434 0.301 0.388 0.474 0.493 1.230 0.897
336 0.259 0.345 0.309 0.395 0.313 0.398 0.265 0.351 0.369 0.446 0.339 0.415 0.533 0.530 1.322 0.915
720 0.237 0.337 0.323 0.406 0.293 0.390 0.248 0.347 0.298 0.401 0.312 0.393 0.706 0.642 1.692 1.076

B3R D.

J T 5% CycleLLH £ NetTh 54 4 I i 4%
PRI AR SCHEAT T 420 Wk B9 7 11K /N L=336,
i S T=720 iy 528 . Horpw,e[1.20],
w0, 20, ARSLEG R 12 A0 £ 3 A =
F1e TR 38 A+ /N 27 1 o8 SR 808 . 3X 420 Ik

S R fE MSE FRHfE T 19 /M3 2K (0 0. 2644, B
AN 0. 3369 FHIHR KA M 0. 2733. [l it T L)

T 2 2 8 79 MSE /S 6 BAE w, 720 B, X E

PR ) 2 i 22 ) 245 47 D S 4 3] 20 S o i 1
AR .



124 JESCARAE : CycleLLH : — il T i S0 5 16 3 20 00 4 O A2k 0 Ao 7 2887
%12 CycleLLH7E NetTh #3534 R SLIG#1R
wy
i w, 1A
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
0 289 315 270 274 275 284 276 289 270 271 281 271 269 271 273 287 274 269 266 269
1 307 281 266 270 285 269 267 267 272 266 269 266 270 281 270 275 267 266 271 270
2 273 272 268 269 269 304 269 292 270 266 267 267 269 268 266 268 280 300 317 306
3 276 270 268 271 267 265 268 274 268 266 266 333 267 300 270 267 265 269 264 302
4 271 271 267 268 273 266 268 277 267 268 266 268 267 269 326 268 267 266 266 266
5 276 268 268 267 273 267 269 269 267 267 269 268 268 277 266 266 267 314 312 268
6 310 305 267 267 269 267 270 267 266 270 268 270 270 270 270 267 270 266 271 267
7 274 272 269 268 268 269 268 268 268 269 268 267 269 272 269 268 267 267 268 268
8 277 273 268 269 269 268 269 268 268 267 269 269 271 280 267 268 268 267 265 329
9 331 277 272 270 268 269 268 287 268 269 269 267 270 333 268 268 269 269 268 269
10 281 275 273 270 268 290 270 272 270 271 270 270 269 270 269 272 270 267 270 267
11 278 274 268 272 268 268 270 270 271 270 271 270 271 273 272 272 272 270 269 270
12 282 276 274 270 270 270 269 273 271 268 310 271 271 273 272 269 267 267 267 267
13280 276 272 272 271 271 269 288 268 272 292 270 271 337 268 269 271 271 271 270
14 282 275 216 271 267 285 273 272 269 271 273 274 274 274 272 271 270 270 270 270
15 278 276 272 270 272 268 271 273 269 271 272 273 271 271 269 271 269 272 270 270
16 286 278 272 270 269 270 270 274 270 270 273 270 273 272 273 270 269 273 271 271
17 282 276 272 271 268 280 272 274 270 270 271 273 272 287 273 273 270 271 273 293
18 282 279 271 271 2067 275 271 215 270 273 272 273 269 275 271 271 272 270 270 273
19 282 274 273 269 269 271 274 275 271 271 301 274 272 274 269 274 269 271 268 273
20 287 2716 274 274 272 271 273 274 270 271 272 274 275 274 274 275 272 272 269 272
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Background

The occurrence of downtime events in current cloud
services and cloud systems is not uncommon. One of the key
factors is that cloud service providers lack accurate estimation
and prediction of various application service traffic, which
makes it difficult for them to timely reserve or dynamically
allocate resources effectively, resulting in service crashes. If
network traffic changes could be predicted in advance and
appropriate preventive measures taken, more robust services
could be provided to users. In short, we need to build an

efficient and reliable network traffic prediction model. Time

include new generation of Internet, and data center networking.
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defined data center networks.

series prediction has always been a hot topic in the field of
artificial intelligence, and various time series prediction models
based on Transformer have emerged in recent years. It is
possible to migrate these models directly to the network traffic
prediction problem, but the general model does not take into
account the specific characteristics of a particular dataset.
Therefore, based on the concept of exploring the unique
characteristics of datasets, this paper proposes a CycleLLH
model according to the periodic characteristics of network
traffic data. CycleLLLLH has two key designs: Cycle Integration

divides the input flow sequence according to cycle, and
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integrates them in the dimension of input tokens one—to—one;
Little Linear Layer connects the output of the encoder and the
prediction sequence in a one—to—one correspondence within the
period. The model has the advantages of making full use of the
periodicity of data, reducing the complexity of time and space,
reducing the possibility of overfitting and making full use of the
features of the original data. The experiment has proved that
the cycle integration makes the model have stronger learning
ability in the longer look-back window. The model proposed in

this paper outperforms other general time series prediction

models in network traffic data, with an improvement of
12.3%, 8.4%. 29.9%, 5.8%, 8.3% and 2.0% on the six
network traffic data sets, respectively.

This work is supported by the National Natural Science of
China under Grant 62072069. This project aims to make
advances to Al-driven network situational awareness including
network traffic classification and prediction. This paper
summarizes the research progress of network traffic prediction,
then designing a new Al model for traffic prediction, which is

more suitable for network traffic.



