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Interacting Systems are Dynamic in Nature

* In interacting systems, objects would interact with each other and

demonstrate complicated behavior along the time.

« Example: Molecular dynamical system
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Challenges: Changeable System Environment

o Example: Different temperatures and pressures

o Temporal environmental variation would indicate different data distributions

over the time

o Continuous distribution variation is difficult to capture
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Overall Framework
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Probabilistic Model

Assumption 4.1. (Independence-1) The context variable is independent of the sequences before
the last observed timestamp, i.e., P(ct|c!=F, G%?) = P(ct|ct=%,Gt=%?), where t — k is the last
observed timestamp.

Assumption 4.2. (Independence-II) Given the current states and contexts, the future trajecto-
ries are independent of the previous trajectories and contexts, i.e., P(Y t=Fi+l|GOt=k c0:t=k) —
P(Yt=kit=k+l|Gt=k ct=F) ywhere [ is the length of the prediction.

P (Yt | GO:t—l) — /P (Yt | Ct_l,Gt_l)'
P (ct—l | ct—k Gt—k:t—l) . P (Ct—k | GO:t—k)dct—ldct—k.

 Divide each training sequence into two parts, namely [0,t-k], (t-k,1]
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Context Acquirement

 Construct a temporal graph connecting all the observations.

e ( Yo w5 ) Waatuch] ’”) ,

7' EN(3°)
o) 1 t—k
s _ ps,(L t—k __ s
q; =h;"7 +TE(s), u; " = k41 ;U(Wsuqu'),
Bt = tanh( ( Z ulT Y Weonteat) - Ul ko etk = Z Bfuf_k,
V] 3% ieV

UCLA December 2, 2023



Context-attended Graph ODE

o We then introduce coupled ODEs to model the dynamic evolution of node
representations and the context variable. Specifically, the context variable

can be inferred during the evolution of node representations, which in turn

drives the evolution of the system.
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Decoder and Optimization

» Generate the predictions:
b5, G;] = 24(v;)
* Learning Objective:

t
L= ¥V =Y +n(V° = V[ +]e°—¢||),

s=t—k
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Results
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Table 1: The RMSE (x 10~2) results of the compared methods with the prediction lengths 1, 5, 10
and 20. v, vy and v, represent the velocity in the direction of each coordinate axis.

Prediction Length | +1 | +5 | +10 | +20

Variable | s vy v, | v Uy v, | v Uy v, | v vy v,

Lennard-Jones Potential

LSTM 3.95 3.92 3.68 9.12 9.21 9.15 | 10.84 10.87 10.76 | 14.82 1494 14.67
GNS 3.28 3.75 3.39 7.97 8.05 7.68 | 10.09 10.15 10.13 | 13.65 13.62 13.59
STGCN 291 3.08 295 506 5.17 5.11 689 690 6.93 9.31 932 944
MeshGraphNet 2.89 3.13 2.94 529 553 5.28 7.03 7.09 7.11 9.12 9.21 9.24
CG-ODE 1.79 2.05 1.71 3.47 3.92 338 546 599 5.36 9.03 9.26 8.92
TIE 1.62 1.98 1.47 3.25 390 3.15 524 582 517 8.24 8.34 8.47
Ours 0.76 0.89 1.01 294 316 285 501 469 4.71 575 591 5.82
3-body Stillinger-Weber Potential
LST™M 17.11 17.14 17.18 | 23.64 23.69 23.60 | 25.46 2542 2548 | 2844 2845 2844
GNS 15.39 1527 1533 | 22.14 22.19 22.17 | 2529 2536 2531 | 27.18 27.15 27.14
STGCN 12.33 1231 1235 | 1794 1796 1791 | 20.08 20.14 20.13 | 23.49 23.51 23.52
MeshGraphNet 12.16 12.10 12.13 | 1833 18.38 18.34 | 20.65 20.62 20.71 | 23.62 23.54 23.61
CG-ODE 9.78 9.74 975 | 12.11 12.05 12.14 | 15,55 15.58 15.50 | 16.17 16.24 16.22
TIE 10.18 10.26 10.19 | 1475 1470 14.73 | 18.42 18.45 18.41 | 2092 21.04 21.36
Ours 421 429 4.18 9.74 9.79 9.71 | 13.65 13.71 13.57 | 1530 15.39 15.35
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Results
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Table 2: The RMSE results of the compared methods over different prediction lengths 1, 10, 20 and
50. v, vy and p represent the velocity in different directions and the pressure field, respectively.

Prediction Length | +1 | +10 | +20 | +50
Variable | vg Uy P | v Uy p | ve Uy P | s Uy D
CylinderFlow
LSTM 335 294 125 | 7.06 448 17.8 |9.47 495 199 | 143 736 423
GNS 3.12 288 119 | 7.18 443 173 |9.01 49.6 19.2 | 135 732 41.6
STGCN 2.68 267 11.0 | 547 421 169 | 6.72 456 18.4 | 9.15 68.7 40.0
MeshGraphNet 1.75 224 106 | 409 39.7 157|538 445 172|792 643 37.7
CG-ODE 1.05 204 851|344 36.8 13.6 |4.15 385 17.1 | 5.14 612 323
TIE 1.22 20.8 894 | 375 352 13.0 | 4.62 40.6 16.0 | 587 595 32.1
Ours 087 191 7.21 | 3.02 329 118|395 378 139 | 497 558 294
Airfoil
LSTM 749 773 192 | 886 9.02 378 | 10.8 11.0 4.71 | 149 15.7 4.96
GNS 695 7.14 169 | 820 834 334|102 10.5 398 | 142 141 4.11
STGCN 6.24 535 1.07 | 657 651 233 |7.88 801 3.16 | 11.6 11.8 3.17
MeshGraphNet 472 468 050|589 574 123|632 648 1.85|9.03 9.12 2.08
CG-ODE 426 432 035|478 470 046 | 581 566 104|739 785 1.69
TIE 417 439 033 (499 486 051|575 562 095|725 763 144
Ours 351 411 0.19 | 38 3.75 034 416 4.12 045 6.74 6.82 0.81
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Thank You
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