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Experiments-1: KBIFIHESS

Table 1: Long-term forecasting tasks. The lookback length is set as 96. All models are evaluated on 4 different

prediction horizons {96, 192, 336, 720} and average MSE/MAE results of ten repeats are reported. The best
model is in boldface and the second best is underlined.

Models | CARD | PatchTST | MICN | TimesNet |Crossformer| Dlinear | LightTS | FilM |ETSformer|FEDformer
Metric IMSE MﬁtEl MSE MAEl MSE MAE|M5E. MAEI MSE MﬁEl MSE MAE| MSE MAEl MSE MAE|M5E. MAEI MSE MAE
ETTml Iﬂ.3~33 ﬂ333lﬂ.3‘}5 (.408 |w 0411 |ﬂ.4{H} MI(}AHE ﬂﬂl?lﬂ.ﬂlﬂ [].4[]?“].435 [].43?|[].4[]H [].3‘H|ﬂ.42‘} U.425|ﬁ.443 (0.452
ETTm2 |l].27[ ﬂﬂlﬁlﬂ.zﬂ3 0.327 |[].Eﬂ4 U.Mﬂﬂ.ﬁ":}l U.333|ﬂ.ﬁl'...'!‘} (0.521 |ﬂ.35[] [].4ﬂl|ﬂ.4ﬂ“-.]' [].43&“].23’? [].325|ﬂ.2‘-}2 ﬂ.342|ﬂ.3ﬂ5 (0.349
ETThl IM u.429|u‘455 Mlﬂ.ﬂﬂ U.4ﬁ2|ﬂ.4ﬁﬁ U.45ﬂ|{}.4ﬂﬁ (0.481 |ﬂ.45ﬁ [].451'.“].4‘“ [].4?‘:}|[].4ﬁ| [].45ﬁ|ﬂ.452 ﬂ.ﬁlﬂ'lﬂ.ﬂl-ﬂl“ (.46(0)
ETTh2 |l].367 ﬂﬂgﬂlﬂjﬂrﬁl (.406 |[].4[E 'U'.43T|'U'.4 14 U.4E?Iﬂ'.l}f:ﬁ (.69 |ﬂ.55‘1' 0.51 5|ﬂ.ﬁ{ﬂ [].543![].334 [].4“&!{!‘.439 'U'.45?I'U'.437 (0.449
Weather |l].24“ ﬂlﬁﬂ-lﬂ.ﬁ? [].2%![].243 'U'.E‘H|U.259 ﬂ'.ZHTlﬂ.Eﬁﬂ (.3 |[]|ﬂ.1ﬁ5 [].3]?|ﬂ.2ﬁ| [].3]2|[].2ﬁ‘:]‘ [].339|U.2?| U.334lﬁ.3{l‘} ().36(0)
Elﬂctricitﬂl].lﬁil ﬂlSﬂlﬂ.E] 60318 |M M"U 192 M'(]‘.Z’?E (.363 |ﬂ.1 12 [].3[]{]“].22“:} [].32‘:}|[].223 [].3[]3|ﬂ.2ﬂﬂ ﬂ.323|ﬂ.2 14 0.327
Trattic |l].45“ ﬂl’?ﬂlw 0.327 |[].542 mw.ﬁlﬂ U.33ﬁ|ﬂ.5":}3 {}‘332“]‘&25 []‘333“].'&21 [].3‘)1“].&3"1} [].339|U.ﬁ2| U.E“Jﬁlﬂ'.ﬁlﬂ (0.376
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Experiments-2: EFSEiEFER

Table 2: Anomaly detection. F1 scores are reported. The best model is in boldface and the second best is
underlined.

Models| CARD|PatchTST|MICN|TimesNet| Crossformer| ETSformer|Light TS| Dlinear| FEDformer|Stationary| Autoformer|Informer
SMD [0.872| 0.866 |0.800| 0858 | 0778 | 0831 | 0.825 [0771| 0851 | 0847 | 0851 | 0.855
MSL |0.817| 0.823 |0.816] 0.852 | 0820 | 0850 | 0.790 | 0.849 | 0786 | 0775 | 0.791 | 0.841
SMAP|0.857 | 0.695 [0.656] 0715 | 0674 | 0695 | 0.692 [0.693| 0708 | 0711 | 0711 | 0.69
5W3T| “.945| 0.9049 |ﬂ.375| 0.921 | ().886 | 0.849 | 0.933 | 0.875 | 0.932 | 0799 | 0927 | 0.814
| | | | |
| | | | |

PSM | 0.957| 0951 |0.933| 0975 0.92] 0918 | 0972 | 0936 | 0972 0.973 0.933 0.771
Avg | 0.890| 0.849 |0.816| 0.864 0.5816 0.829 | 0.842 | 0.825 | 0.849 (0.821 (0.843 (.789
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Table 3: Influence for signal decay-based loss function. The lookback length is set as 96. All models are
evaluated on 4 different predication lengths {96, 192, 336, 720}. The average results are reported, and the full

table is deferred to Table 19 in the Appendix. The model name with * uses the robust loss proposed in this work.
The better results are in boldface.

Models| CARD | CARD* |MICN-regre|MICN-regre*| TimesNet | TimesNet* | FEDformer|FEDformer*|Autoformer|Autoformer*
Metric | MSE MAE|MSE MAE|MSE MAE |MSE MAE |MSE MAE|MSE MAE|MSE MAE|MSE MAE |MSE MAE|MSE MAE
ETTm1|0.390 0.399/0.383 0.383|0.392 0.414(0.383 0.393 |0.400 0.406(0.392 0.395|0.448 0.452|0.413 0.415|0.588 0.528|0.523 0.475
ETThl |ﬂ'.449 ﬂ.4-‘-1ﬂ|ﬂ.443 ﬂ.425|ﬂ.559 0.535 |ﬂ.5?..7 0.499 |ﬂ.453 ﬂ.45ﬂ|ﬂ.449 {I.438|ﬂ.44{l ﬂ.4ﬁﬂ|ﬂ.43ﬁ 0.442 I'[L4'Jﬁ ﬂ.437|ﬂ.5]4 0.481
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Figure 4: Experiments on token blend size. The blend size is varying in 1, 2, 4, 8, and 16.

0.20° 192 336 720

Table 6: Model configurations of CARD.
Dataset |patch|stride|model dim|FFN dim|dr0pm[|blend size|learning rate|warm-up|batch size

ETTml 16 | 8 16 32 0.3 2 le-4 0 128
ETTm2 16 | 8 16 32 0.3 2 le-4 0 128
ETThl 16 | 8 16 32 0.3 2 le-4 0 128
ETTh2 16 | 8 16 32 0.3 2 le-4 0 128
Weather | 16 | 8 128 256 0.2 16 le-4 0 128
Electricity| 16 | 8 128 256 0.2 16 le-4 20 32
Traffic 16 | 8 128 256 0.2 16 le-4 20 24
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Figure 36: Attention Map Samples of ETThI task.
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Figure 38: Architecture Variants

Table 25: Model variants. All models are evaluated on 4 different predication lengths {96,192, 336, 720}. The
best results are in boldface.

Models | c->t+c (CARD) | t->c4t | t4+c | t->c | c->t
Metric | MSE MAE | MSE MAE | MSE MAE | MSE MAE | MSE MAE

96 | 0.316 0.347 | 0.318 0346 | 0.318 0346 | 0326 0.363 | 0.334 0.368
'E 192 | 0.363 0370 | 0367 0.370 | 0366 0.369 | 0.366 0.385 | 0.372 0.387
=336 0393 039 | 0399 0391 | 0396 0391 | 0400 0.404 | 0401 0.407
E 720 | 0.458 0426 | 0.466 0429 | 0.463 0428 | 0.459 0.440 | 0458 0.438
avg | 0.383 0.384 | 0.388 0.384 | 0.386 0.384 | 0.388 0.398 | 0.391 0.400
96 | 0.150 0.188 | 0.153 0.193 | 0.152 0.189 | 0.152 0.191 | 0.152 0.192
E 192 | 0202 0.238 | 0.203 0.239 | 0.201 0.236 | 0.201 0.239 | 0.203 0.240
= | 336 | 0260 0282 | 0269 0.288 | 0.261 0.281 | 0.263 0.284 | 0.262 0.284
g 720 | 0.343 0335 | 0345 0339 | 0344 0337 | 0.347 0339 | 0.344 0.337
avg | 0.239 0.261 | 0.243 0.265 | 0.240 0.261 | 0.241 0.263 | 0.240 0.263
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Figure 39: Experiments on dynamic projection dimensions. The projection dimension is varying in 1, 8, and 16.
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