Learning the Evolutionary and Multi-scale Graph Structure
for Multivariate Time Series Forecasting
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Introduction Methodology

Time series forecasting is a ubiquitous problem in practical scenarios. Figure 2: The framework of ESG. Overview:The multivariate time
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Formulation Results
s Comparison With Baselines m Case Study: Verity the Effectiveness of EGL

Table 2: Comparison with baselines on single-step forecasting,.

= Multivariate Time Series Forecasting
The evolutionary correlations

Solar-Energy Electricity Exchange Rate Wind

The time series with N variables : Gasaser Ml | —3 6 12 24 | 3 6 12 24 | 3 6 12 24 | 3 6 12 24 . . .
RSE || 0.2435 03790 05911 08699 | 0.0995 01035 0.1050 0.1054 | 0.0228 0.0279 00353 00445 | 07161 07572 0.8076  0.9371 1) In Flgure S(C)y before 1630, station 166 and station 141 have a Strong

- CORR || 09710 09263 08107 05314 | 0.8845 08632 08591 08595 | 0.9734 09656 09526 09357 | 0.6459 0.6046 05560  0.4633 . . . .
X = {X(I),X(z), o ,X(T)} = RN)(T)(C - RSE || 0.2259 03286 05200 07973 | 0.1500 0.1907 0.1621 0.1273 | 0.0239 0.0272 0.0394 0.0580 | 0.6689 0.6761 0.6772 0.6819 correlation with each other. HOWGVGY, after 1630, station 141 remains stable

CORR 0.9751 0.9448 0.8518 0.5971 | 0.8670 0.8334 0.8394 0.8818 | 0.8713 0.8193 0.8484 0.8278 | 0.6964 0.6877 0.6846 0.6781

B RSE 0.1922 02679 04244 0.6841 | 0.1393 0.1620 0.1557 0.1274 | 0.0265 0.0394 0.0407 0.0578 | 0.7356 0.7769 0.8071 0.8334 but Station 166 HUCtuateS dramatically. The faCt that the Correlations eVOlVe

CORR 0.9829 09655 09058 0.7149 | 0.8708 0.8389 0.8192 0.8679 | 0.8009 0.8725 0.8280 0.7675 | 0.6415 0.5973 0.5724 0.5470

Given a look-back window P : RNN.GRU  ROE || 01932 02628 04163 04852 | 0.1102 0.1144 0.1183  0.1295 [ 0.0192 0.0264 00408 0.0626 | 0.6131 0.6479 0.6573 0.6381 from hlgh to low 1s well Captured by the adjacency matrices.

CORR 0.9823 09675 09150 0.8823 | 0.8597 0.8623 0.8472 038651 | 0.9786 09712 0.9531 0.9223 | 0.7403 0.7089 0.6956 0.7173

RSE 0.1843  0.2559 03254 0.4643 | 0.0864 0.0931 0.1007 0.1007 | 0.0226 0.0280 0.0356  0.0449 | 0.6079 0.6262 0.6279 0.6257

Single—step forecasting: LSINet  CORR || 0.9843 09690 09467 08870 | 0.9283 09135 09077 09119 | 0.9735 09658 09511 0.9354 | 0.7436 07275 07249 0.7284 Z)The eV()luti()nary C()I‘I'elation Captured by the adjaeeney matrices between

TPA-LSTM RSE 0.1803  0.2347 0.3234 0.4389 | 0.0823 0.0916 0.0964 0.1006 | 0.0174 0.0241 0.0341 0.0444 | 0.6093 0.6292 0.6290 0.6335

CORR 0.9850 0.9742 09487 0.9081 | 0.9439 0.9337 09250 09133 | 09790 09709 0.9564 0.9381 | 0.7433 0.7240 0.7235 0.7202 Stati0n166 and station 217 rises in the beginning and falls in the end, WhiCh

(t_P+1t) Ti [+ ) RSE 0.1778 0.2348 03109 0.4270 | 0.0745 0.0878 0.0916 0.0953 | 0.0194 0.0259 0.0349 0.0456 | 0.6204 0.6346 0.6363 0.0426
x — x ( Q MTGNN

CORR || 09852 09726 0.9509 09031 | 0.9474 09316 0.9278 09234 | 0.9786 09708 0.9551 09372 | 0.7337 07209 0.7164 0.7134 iS also Consistent Wlth the fact ShOWH il’l Figure S(C)

RSE 0.1839  0.2612 03564 0.4768 | 0.0799 0.0909 0.0989 0.1019 | 0.0506 0.0674 0.0676 0.0685 | 0.6197 0.6358 0.6243  0.6379
CORR 0.9841 0.9679 0.9395 0.8740 | 0.9490 0.9397 0.9342 0.9209 | 0.8871 0.8703 0.8499 0.8738 | 0.7282 0.7202 0.7228 0.7130

RSE 0.1708 0.2278 0.3073 0.4101 | 0.0718 0.0844 0.0898 0.0962 | 0.0181 0.0246 0.0345 0.0468 | 0.6118 0.6250 0.6272 0.6298

| % | CORR || 0.9865 0.9743 0.9519 0.9100 | 0.9494 09372 09321 0.9279 | 0.9792 0.9717 0.9564 0.9392 | 0.7417 0.7281 0.7258 0.7225 The COI‘relatiOIlS at different Observation Scales
X(f—P"'l-t) y X(Hl-HQ) Table 3: Comparison with baselines on multi-step forecasting.

StemGNN

Multi-step forecasting :

ESG

In Figure 5(d) , the values 1n the adjacency matrix at the scale 1 4.9 tend to
be highly polarized, which indicates the short-term dependency of the stations

Horizon 3 Horizon 6 Horizon 12 All
RMSE MAE CORR ] RMSE MAE CORR ] RMSE MAE CORR ] RMSE MAE CORR

XGBoost 3.7048 2.2167  0.5232 4.1747 2.9511 0.3614 4.3925 2.7091 0.2394 4.0494 2.4689 0.4107

Dataset Method

DaTaSeTS & Se-ru DCRNN || 3.0172  1.7917  0.6967 | 3.2369  1.9078  0.6609 | 3.5100  2.0325 0.6196 | 3.2274  1.8973  0.6601 iS more hkely to dlffer from Others However. at the last scale the more
p STGCN || 2.6256  1.6456 0.7539 | 3.8368  2.2827  0.6282 | 43713  2.6052  0.4521 | 3.7829  2.2076  0.5933 ) ’ ?
NYC.Bike STG25eq || 34669 20409 05999 | 3.9145 22630 05079 | 4.2373 25163 04443 | 37843 22055 05413 average values 1n the adj acency matrix 4G.1D Clarify that the 4 time series
PC STSGON || 27328 1.6973 07386 | 2.8861 17416 07179 | 3.0548  1.8224  0.6903 | 2.8846 17538  0.7126
. ; . MTGNN || 25962 15668 0.7626 | 2.7588  1.6525  0.7447 | 33068 1.7892  0.6931 | 2.7791  1.6595  0.7353 _ 1
We conduct detailed experlments on Six pOPUIar CCRNN || 26538 1.6565 0.7534 | 2.7561 17061 0.7411 | 2.9436  1.8040 0.7029 | 2.7674 17133  0.7333 POSSCSS the same pattem from the long term view.
. gl . . . GTS 27628 17159 0.7248 | 2.9287  1.7769  0.7007 | 3.1649  1.8905 0.6622 | 2.9258  1.7798  0.6985
real-world datasets. Briet statistical information 1s ESG 2.5529 1.5483 0.7638 | 2.6484 1.6026 0.7511 | 2.8778 1.7173 0.7152 | 2.6727 1.6129 0.7449 . .
listed in Table 1 XGBoost |[ 15.0372 84121 0.6862 | 21.3395 11.8491 0.4433 | 26,7073 157165 0.0452 | 21.1994 11.6806 0.4416 The two case studies above offer us a Str()ng supp()rt to Verlfy that the
) DCRNN || 123223  7.0655 0.7591 | 15.1599  8.6639  0.6634 | 17.8194 10.5095 0.5395 | 14.8318 8.4835  0.6671 Iv; d It 1 lat; It te i ] Il
; . . STGCN || 11.2175 6.1441  0.8090 | 14.0360 7.6797  0.7470 | 18.7168 10.2211 05922 | 14.6473 7.8435  0.7257 evolvine and multi-scale correlations among multivariate time series are we
Table 1: The overall information for datasets. NYCTaxi STG2Seq || 140756  7.7274  0.7258 | 19.1757 10.5066 0.5429 | 24.5691 143603 0.2855 | 19.2077 104925 0.5389 2 &
Datasats Nodes Timesteps Granularity Task Types Partition STSGCN || 105381 5.6448 08370 | 10.8444 57634  0.8302 | 11.9443 63185 0.7988 | 10.9692 5.8299  0.8242 Captured by ESG.
_ MTGNN || 103394 5.6775 0.8374 | 10.7534 5.8168 0.8312 | 125164 6.5285 0.7972 | 10.9472 509192  0.8249
Solar-Energy 137 52560 10min CCRNN || 93033 5458 0.8529 | 9.7794 56362 0.8438 | 10.9585 6.1416 0.8186 | 9.8744 56636  0.8416
Electricity 321 26304 1hour . GTS 10.7796  6.2337  0.7974 | 13.0215 7.3251  0.7299 | 14.9906 85328  0.6524 | 12.7511 7.2095  0.7348 7 141 166 217 77
Biehimmse Rabs X 7588 iy Single-step 6/2/2 ESG 85745 4.8750 0.8656 | 9.0125 5.0500 0.8592 | 9.7857 5.4019 0.8450 | 8.9759 5.0344 0.8592
77
Wind 28 10957 1day : evolve
NYC-Bike 250 4368 30min W aThiats _r - Ablatlon StUdy Table 4: Ablation Study. - - - !
= . & I I
NYC‘TaXi 266 4368 30m1n * p Tab 1 e 4 S h O W th at a 1 1 Method RMSE MAE CORR 166 : : : :]' 0.150
. Static Graph Only 2.7439+0.0438 1.6302+0.0176 0.7388+0.0050 | S _ | 0125
components contribute t0  wo Scale-Specific 2.8102+0.0433 | 1.6663+0.0150 | 0.7259:£0.0047 . e BVOLVE, ot
o . . . Same Pattern of Evolution 2.7274+0.0177 1.6296+0.0036 0.7402+0.0024 A1) _—
We utilize two groups of evaluation metrics for the the final state-of-the-art s e R e et T et
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prediction, Root Relative Squared Error (RSE) and N ] — swiona |
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Empirical Correlation Coefficient (CORR) are ESG outperforms the | R ngS Staton 217 |
. .. . oo s RGE & 15 :
selected. The multi-step prediction tasks are methods using only one . O SESSA s :
. . LN e M 5 : - Y - o !
evaluated by Root Mean Squared Error (RMSE), scale information by a A A S e — |
Mean Absolute Error (MAE), Empirical large margin, which O om o ! 5w AR
Correlation Coefficient (CORR). The lower value indicates the superiority f‘ scale 1 scale 3
indicates better performance fOI' all eValuation Of quIHg the multi'scale 25 I I |I I I Im o I I I Figure 5: (a) A series of adjacency matrices in scale 2 on the NYC-Bike dataset, which reveals a strong evolving pattern. (b) The
. . s gt L " PP location of node 77, 141, 166 and 217 on the map. (c) The raw time series curves on 12 time steps, which corresponds to the
metrics eXCCpt CORR. representatlons to make e N ]RMSEI ' ' — adjacency matrices shown in (a) and (d). (d) Several adjacency matrices on scale 1 and 3.

the final prediction.

Figure 4: Utilizing the information at different scales.




