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Table 1. Quantitative results for TADNet across five real-world datasets use metrics P, R, and FI for precision, recall, and F1-score (%).
Higher values indicate better performance. Best and second-best results are in bold and underlined, respectively. Dataset are followed by
brackets, where u indicates univariate and m multivariate.

F154 8 mMx 3R 10%

Dataset UCR (u) SMD (m) SWaT (m) PSM (m) WADI (m)
Metric P R F1 P R F1 P R F1 P R F1 P R F1
[NeurComput’01] OCSVM 41.14 94.00 5723 | 4434 76.72 56.19 | 4539 4922 4723 | 6275 80.89 70.67 | 61.89 62.31 62.10
[IJCAr19] BeatGAN 45.20 88.42 59.82 | 7290 84.09 78.10 | 64.01 87.46 7392 | 90.30 93.84 92.04 | 65.13 3832 48.25
[SIGKDD’19] OmniAnomaly | 64.21 86.93 73.86 | 83.34 9449 88.57 | 86.33 7694 81.36 | 91.61 7136 80.23 | 31.58 6541 42.60
[SIGKDD’21] InterFusion 60.74 95.20 74.16 | 87.02 8543 86.22 | 80.59 85.58 83.01 | 83.61 8345 83.52 | 80.26 30.38 44.08
[ICLR’21] AnomalyTran 72.80 99.60 84.12 | 8940 9545 9233 | 91.55 96.73 (94.07) 9691 9890 97.89 | 80.30 79.23 79.76
[PVLDB’22] TranAD 94.07 100.00 96.94 | 88.03 89.42 88.72 | 97.60 6997 81.51 | 96.44 87.37 91.68 | 3529 8296 49.51
[IEEEBigData’22] DecompTran 71.58 96.83 82.31 | 89.32 9394 91.57 | 95.17 80.30 87.10 | 97.65 87.21 92.14 | 7940 81.01 80.20
TADNet(Ours) | 9751 10000 (9874 ) 9481 91.93 (9335) 92.15 8835 9021 | 98.12 9921 ((98.66) 94.03 8296 (88.15)
UCR-136 SMD-3-10 SMD-1-6 SMD-1-1 PSM-6
T 051 0.51 H ' 0.51 Mm 0.51 WMA 0.5
2 w
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©
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Table 1: Performance promotion by applying the proposed framework to four TSF models.

[NeurlPS’17] [AAAI'21] [NeurlPS’21] [AAAI’23]
Dataset = Transformer +Seq2Peak Informer +Seq2Peak Autoformer +Seq2Peak DLinear +Seq2Peak
Metric MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE
o 5 2.585 1.403 | 0.299 0.390 | 2.120 1.232 | 0.341 0.410 | 0.48 0.519 | 0.334 0.413 | 0.306 0.378 | 0.240 0.338
= 10 2.547 1376 | 0.330 0.406 | 2.502 1.265 | 0.367 0.420 | 0.588 0.549 | 0.365 0.426 | 0.353 0.414 | 0.263 0.358
E 15 2.668 1.342 | 0.353 0.418 | 2.635 1.358 | 0.413 0.451 | 0.617 0.561 | 0.338 0.413 | 0.393 0.442 | 0.27 0.368
= 30 2.684 1.446 | 0.439 0.466 | 2.779 1.418 | 0.503 0.507 | 0.747 0.633 | 0.398 0.440 | 0.513 0.517 | 0.335 0.399
Avg | 2.621 1.392 | 0.355 0.420 | 2.509 1318 | 0.406 0.447 | 0.610 0.566 | 0.359 0.423 | 0.391 0.438 | 0.279 0.366
\ & 5 1.847 1.094 | 0.375 0.448 | 2.223 1.278 | 0.592 0.540 | 0.448 0.499 | 0.400 0.458 | 0.294 0.382 | 0.301 0.384
/L\ < 10 1.932 1.111 | 0.391 0.444 | 1.849 1.158 | 0.540 0.522 | 0479 0.513 | 0.429 0.471 | 0.376 0.428 | 0.360 0.423
E; 15 1.873 1.103 | 0.398 0.452 | 1.886 1.190 557 0.533 | 0.517 0.532 | 0.456 0.487 | 0.426 0459 | 0.373 0.433
= 30 1.946 1.186 | 0.437 0.474 | 2.138 1.290 | 0.646 0.566 | 0.623 0.582 | 0.591 0.547 | 0.664 0.582 | 0.435 0.476
a:li Avg | 1.900 1.124 | 0.400 0.455 | 2.024 1.229 | 0.584 0.540 | 0.517 0.532 | 0.469 0.491 | 0.440 0.463 | 0.367 0.429
Sz i 5 0.457 0.469 | 0.273 0.345 | 0.893 0.681 | 0.307 0.366 | 0.330 0.395 | 0.299 0.361 | 0.252 0.326 | 0.229 0.305
éﬁ oS 10 0.551 0.513 | 0.293 0.358 | 1.030 0.739 | 0.327 0.380 | 0.356 0.410 | 0.343 0.388 | 0.286 0.351 | 0.263 0.330
g 15 0.524 0.510 | 0.326 0.380 | 1.450 0.917 | 0.335 0.383 | 0.403 0.438 | 0.354 0.399 | 0.312 0371 | 0.289 0.350
Bl 30 0.557 0.517 | 0.351 0.398 | 1.530 0.959 | 0.379 0.409 | 0.459 0.466 | 0.399 0.429 | 0.373 0.415 | 0.352 0.394
*E = | Avg | 0.522 0.502 | 0.311 0.370 | 1.226 0.824 | 0.337 0.385 | 0.387 0.427 | 0.349 0.394 | 0306 0.366 | 0.283 0.345
o 5 4.030 1.007 | 2.101 0.814 | 7.148 1.729 | 2.388 0.951 | 3.801 1.050 | 2.253 0.877 | 2.303 0.905 | 2.050 0.836
% 10 4.045 0991 | 2.024 0.796 | 7.458 1.796 | 2.513 0.986 | 3.889 1.076 | 2.254 0.876 | 2.377 0918 | 2.110 0.844
5 15 4.068 0993 | 2.072 0.808 | 8.138 1933 | 2.684 1.034 | 3.932 1.068 | 2.458 0.915 | 2.447 0931 | 2.145 0.848
= 30 4.270 1.037 | 2.206 0.834 | 8.881 2.071 | 3.139 1.172 | 3.908 1.085 | 2.513 0.920 | 2.641 0.969 | 2.256 0.868
Avg | 4103 1.007 | 2.101 0.813 | 7.906 1.882 | 2.681 1.036 | 3.883 1.070 | 2.370 0.897 | 2442 0931 | 2.140 0.849
1.25 SFPG) | |
1.00 7 i wt BEERY PFP(i) I ]
0.75 A ’ —— SFS(ii) |
0.50 NN ﬁ N\ o Ours(iv) TZi\ *H X‘
oast M AN N EASST \ ot ’j j
seeo 4 TR -
0.00¢ PFP(ii) v \ ]v \ A /\\ f\ j: 3:}‘3 7%
~0.25F —— SFS(iii) vy 70 WA \\[\1 e
—0.50F — OurS(iV) \ : /
’ : -1.0
- GT Ii |
=0.75F L L 1 ?
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DLinear on ETTh2

0.52

. . —8— 5 days '
Table 2: Model architecture ablations. 0.50 —e— 10 days 4
0.48 15 days //
—0— 20 days
Horizons | 5 10 15 0.46 '\ /
Metrics MSE MAE MSE MAE MSE MAE g 0.44
Transformer | 2.285 1.403 | 2547 1376 | 2.668 1.342 042
+ Decoder 2.138 1.156 1.988 1.194 | 0.935 0.728 0.40
+ CyclicNorm | 0.423  0.459 | 0.421 0.467 | 0.439 0.480 0.38
+ Seq2Peak 0.299 0.390 | 0.330 0.406 | 0.353 0.418 036 e /./"/
DLinear 0.306 0.378 | 0.353 0.414 | 0.393 0.442 ‘ —o o
+ Depoder 0.267 0.370 0.299 0.393 0.333 0.416 0.0 0.2 0.4 0.6 0.8 1.0
+ CyclicNorm | 0.265 0.354 | 0.294 0.379 | 0.313 0.392 alpha
+ Seq2Peak 0.240 0.338 | 0.263 0.358 | 0.279 0.368 .
DLinear on ETTh1
The term "+ Seq2Peak” indicates the addition of the complete framework, .«
which includes both the CyclicNorm and Decoder components. 0.50 \‘\' e,
3
0.45 e /
—0— 5 days
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WIHUR :
® Zhenwei Zhang, Xin wang, Jingyuan Xie, Heling Zhang and Yuantao Gu. 2023.

“Unlocking the Potential of Deep Learning in Peak-Hour Series Forecasting.” In
Proceedings of the 32nd ACM International Conference on Information and Knowledge

Management (CIKM '23). Association for Computing Machinery, New York, NY, USA,
4415-4419. https://doi.org/10.1145/3583780.3615159 (CCF-B#yF2il, 1#52%27%)
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EBB L :

® Zhenwei Zhang, Ruiqi Wang, Yuantao Gu. “Unravel Anomalies: An End-to-end

Seasonal-Trend Decomposition Approach for Time Series Anomaly Detection.” ICASSP,
2024.
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Lhwl: ATFEHEE (BRRELH)

Table 2: Long-term forecasting task. Bold/underline indicates the best/second. Blue background
marks the models explicitly utilizing inter-series dependencies; green marks series-independent
neural models; yellow marks series-mixing transformer-based models. All the results are averaged
from 4 different prediction lengths, that is {24, 36,48, 60} for ILI and {96,192, 336, 720} for the
others. See Table 8 in Appendix A for the full results.

:SageFormer=Crossformer MTGNN  LSTnet PatchTST DLinear Stationary Autoformer Informer Transformer

Modelsi™ ours) | [ICLR23] [KDD?20] [SIGIR’18] [ICLR*23][AAAI’23] [NIPS°22] [NIPS’21] [AAAI21] [NIPS’17]
] ]

Metric  MSE MAE |MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE|MSE MAE

$RT}7.4% <~ Tratfic $0.436 0.285 [0.570 0.312|0.592 0.317/0.736 0.450[0.471 0.298/0.625 0.383]0.624 0.340]0.628 0.379]0.854 0.416{0.661 0.363

F9.3% <« Electricityi0.175 0.273 10.314 0.366 |0.333 0.378|0.440 0.4940.200 0.288|0.212 0.300|0.193 0.296(0.227 0.338|0.311 0.3970.272 0.367

Weather 30.249 0.275 10.256 0.305 \0.290 0.348|O.768 0.672|0.256 O.279|0.265 0.317|0.288 0.314|O.338 0.382|0.634 0.548\0.611 0.557

A

ETTml i0.387 0.399 10.509 0.507|0.566 0.537|1.947 1.206/0.389 0.401/0.403 0.407|0.481 0.456|0.588 0.517|0.961 0.734|0.936 0.728

] iz

ETTm2 30.277 0.322 }1.433 0.747|1.287 0.751|2.639 1.280/0.280 0.328|0.350 0.401|0.306 0.347(0.327 0.371|1.410 0.810|1.478 0.873

fEH

i ETThl i0.431 0.433 10.615 0.563 |0.679 0.6052.113 1.2370.443 0.4430.456 0.452/0.570 0.5370.496 0.487(1.040 0.7950.919 0.759

/A\ﬂ: ETTh2 50.374 0.40312.170 1.175 ‘2.618 1.308|4.382 2.008|0.381 O.404|O.559 0.515|O.526 0.516|O.450 O.459|4.431 1.729‘4.492 1.691

HiE Exchangei0.354 0.400 J0.756 0.645|0.786 0.674|1.681 0.1970.354 0.400]0.354 0.414|0.461 0.454|0.613 0.539|1.550 0.998|1.386 0.898

ILI 32.113 0.877 13.417 1.214|4.861 1.507|5.3001.657|2.065 0.882|2.616 1.09o|2.077 0.914|3.006 1.161|5.137 1.544|4.784 1.471

- | Ipp——— J 1 7\ J
| | |
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Directed Cycle Graph Dataset. © .. N H 0A & |
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True Inferred Methods
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1 Figure 4: Evaluation on synthetic datasets. (a) The left side displays the heat map of the actual adja-
] cency matrix, while the right side presents the inferred adjacency matrix by SageFormer, illustrating
] the effectiveness of our proposed method in learning the inherent graph structure.; (b) Prediction

results of three different methods on the Directed Cycle Graph dataset; (c) Prediction MAE results for
low-rank datasets with varying numbers of series (V). We selected the Nonstationary Transformer
for the series-mixing method, and for the series-independent method, we chose PatchTST as a
representative.

Low-Rank Dataset.

X; = V=1 Bimsin(2maw) /i) mt) + €;¢
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24(1day)
Methods FH P %L users R 47 i B TrafficDL(1e3) %% )5 F1] Ff] PrbRatioDL
MSE | MAE R2 MSE | MAE | R2 MSE | MAE R2
Naive | 2134852  7.557 -0836 | 25348 09507  -17979 | 1760801 80461  -3.7229
HI 30614 25624 09011 | 07901 05224 05897 | 400131 37831 0.658
ARIMA | 2316123 82522  -0.8093 | 27307 10399  -16782 | 180738 89236  -3.4471
XGBoost | 2067967 74296  -07967 | 24292 09285  -17104 | 1691741 78712  -3.5919
Dlinear | 257267 2393 09108 | 05534 04327 0.724 | 291787 32099 07544
SciNet | 36233 30215 08326 | 06338 04937 06244 | 347726 37111 06106
MTGNN | 275354 23489 09102 | 05381 04197 07392 | 288914 31144 07698
Proposed | 213096 21322 09277 | 05036 04088 07516 | 25819 29708  0.7877
IMPROVE | 17.17% 9.23% 1.86% 6.41% 2.60% 1.68% 10.63%  4.61% 2.33%
30(days)
Methods Users TrafficDL(1e3) PrbRatioDL
MSE MAE R2 MSE | MAE | R MSE MAE R2

Naive | 133779 67663 06664 | 28363 10367 05933 | 137.2541  7.5195  0.6306
HI 1966731 67468 05094 | 36062 11495 04819 | 1793554 84229 05167
ARIMA | 1477822 64139 06049 | 331338 11536 05811 | 1532203 83663  0.5872
XGBoost | 1304876 60233 06745 | 27671 10185 06033 | 1335232  7.3842  0.6407
SciNet | 1671014 71703 ~ 05812 | 31891 11437 05448 | 1719799 86319 05374
MTGNN | 1520835 66977 06186 | 37079 12192 04706 | 1555192 80487 05818
Proposed | 1165232 5716 07089 | 24642 09643 06489 | 1275225  7.2488  0.6577
IMPROVE | 10.70% 5.10% 5.10% 10.95% 5.32% 7.56% 4.49% 1.83% 2.65%

A
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TABLE I
CELLULAR TRAFFIC PREDICTION RESULTS ON MILAN DATASET (THREE CASES). 'E

Dataset SMS Call Internet
Metrics RMSE| MAE] R27t RMSE] MAE] R27% RMSE| MAE] R271
HI 78.0939  35.0401 0.7842 | 57.1934 31.1083 0.8832 | 223.5931 120.7588  0.9203
ARIMA 71.8223  40.1875 0.7531 | 47.7327 24.6042 0.8226 | 240.3088 150.029 0.8902
LSTM 72.8344  39.6033 0.7832 | 44.1100 22.3111 0.8399 | 231.7825 141.3343  0.9004

DLinear 744177 35.6869 0.7804 | 46.5896  26.5153 0.9183 | 224.0433  130.6027  0.9400

Spatiotemporal | Temporal

ST-DenseNet | 60.3758 31.3021 0.8191 | 43.9073 19.6701 0.8437 | 1963721 125.0611  0.9290
STCNet 54.1664 30.3221 0.8590 | 34.3346 17.9901 09102 | 167.3321  93.8873  0.9500
StTran 62.5428 33.4029 0.8198 | 39.8231 16.4982 0.8959 | 169.7015  91.3930  0.9489
MVSTGN 49.0515 249796 0.8856 | 30.9443 14.6816 0.9310 | 165.0445  88.6983  0.9550

|| ST2T(ours) | 40.0087 23.9413 0.8594 | 215861 144490 09352 | 138.649  79.658 09562 |
&
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IR :

® Zhenwei Zhang, Leon Yan, Yuantao Gu. “ST2T: A Spatio-Temporal Transformer for
Cellular Traffic Prediction in Digital Twin Systems.” 2023 IEEE 6th International

Conference on Electronic Information and Communication Technology (ICEICT), Qingdao,
China, 2023, pp. 1112-1117, doi: 10.1109/ICEICT57916.2023.10245385. (EI2=3)

® Zhenwei Zhang, Xin Wang and Yuantao Gu. “SageFormer: Series-Aware Graph-Enhanced
Transformers for Multivariate Time Series Forecasting.” KDD-MILETS, 2023. (CCF-A

HE¥F 2 i Workshop)
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® TR IKIREL PR E, T H AR, — MG 55 H KB 5k U R RS AR ABRA IR A
A RRRE. CRIUIER, B8 —EE, o528, Hi§9202311055232.2)

BB :

® Zhenwei Zhang, Linghang Meng, Yuantao Gu. “Series-Aware Framework for Long-term
Multivariate Time Series Forecasting.” (IOTJ{E#%)
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Link-Layer Type = Ethernet (0x00000001)

} 24 byte PCAP Header
{16 byte Packet Header , o J
Firewall . m_J/ " .

Timestamp = 1 June 2020
Packet length = 66 bytes (0x00000042)

N
SN\
Web® .
IServer '\

42 00 0O 0O 42 00 0O 00
00 le ec 26 d2 ac 26 02
06 49 6b 31 08 00 45 02

Firewalll \

\
File \ \

00 34 30 8c 40 00 72 06 66 bytes of PacketData _____ - Suyen B severl
81 7f 2e 69 63 a3 c@ a8 Destination MAC = 00:le:ec: “r% d2:ac ; . & Py
@4 02 cf 3a @0 50 8d a5 Source MAC = 26:02:06:49:6b:31 ; ; jont L — - iiﬁ $ o
ee 7b OO 0O OO OO 80 c2 Source IP = 46.105.99.16 3 ! 3 . 2 LA\N \\,_ Client ‘ Client , |
20 00 ac 29 00 00 02 04 Destination IP = 192.168.4.2 ' / W ot I
@5 78 01 03 03 08 01 01 | . 't /] : \___;_M_;:v:u ,
LM7Yoo 45 d4 Se 2c 77 16 byte Packet Header v : : <\ Jow| 1| B B /
@d 00 36 00 00 00 36 00 Packet length = 54 bytes (0x00000036) \ HE U “EBE LA 23 /
00 00 00 IFENIEWVIs 2 ac W ; Access point = = Kriacker /

] N \Prolacmd LAN, 7 P 7

\ i ’

\ Phd

A — —
WAE . e B E——— e > « -~
N\
- - <
NetFlow 1 H—— t —1 ] a8
—/ — — —/ [ 1 — —/ —r— n

NetFlow 2 = e — p— — 1 ] — I S — — >
NetFlow 3

Packet: JU/NAR, 2EEEAR, hUERARE, KEEBOXEAF
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RFC2228, RFC715]

355 5 2% 1 XDMCPVMware, Telnet, RDPVNC, PCAnyWhere, | RFC0854, RFCII51, RFC8182,

SSH, TeamViewer RFC4250~4256, RFC7869
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Figure 1: The input-agnostic hierarchical deep learning framework supporting heterogeneous input for traffic fingerprinting.
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