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Neural SPH is a framework for improved training and inference of graph neural network
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Results on LagrangeBench Datasets

Neural SPH: Improved Neural Modeling of Lagrangian Fluid Dynamics

Results iIn Numbers GNS & SEGNN

We demonstrate the efficacy of our approach on all datasets accompanying the LagrangeBench benchmarking
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= Our approach targets systems governed by the weakly compressible Navier Stokes

An additional subscript ¢ indicates that external forces are removed from the model

ti NSE) with densit locit t t | f d . L . .
equations ) w TSI p, VEIOCIY VECION UL, PIEsSUTE p, EXIEINAlTOTEE 8, afl outputs, subscript p indicates that the SPH relaxation has a pressure term, and subscript

Reynolds number Re. . . .
4 . v that the viscous term is added to the SPH relaxation.
d 1 1 9 an
—(u) = —-Vp +—V*u-+ (Mom.) = — —1 (E0S) %
dt( ) 0 b o UL ’ PP) = Preg 0 ,. Dataset loops «
SN——— RG ext. force ref T 10 9
pressu e \/|SCOS| ty . i AN AN . 2 D —|— G\/ 5 O. OZ B
= The term responsible for a homogeneous particle/density distribution in SPH is the step 80 step 240 eation b " 2DRPF 3 0.02 0.2
pressure gradient term in the momentum equation. | o | | | | S>PH relaxation hyperparameters used in our 2DLDC 5 003 -
Neural SPH improves Lagrangian fluid dynamics, showcased by physics modeling of the 2D dam break example after 80 (left) and 240 (right) experiments. These hyperparameters were 2D DAM 3 003 -
rollout steps. Different models exhibit different physics behaviors. From top to bottom: GNS [Sanchez-Gonzalez et al., 2020], GNS with tuned on the GNS-10-128 model. 3D TGV 1 0.0l -
Neural SPH corrected force only (GNS,), full SPH enhanced GNS (GNS, ), and the ground truth SPH simulation. The colors correspond to the density '
deviation from the reference density; the system is considered physical within 0.98-1.02. 3D RPF 10005 -
3DLDC 1 002 -
External Force Treatment ([J,)
= Split the terms on the right-hand side of the momentum equation (Mom.) into [...] + g Lid-Driven Cavity Reverse Poiseuille Flow Outlook
= Remove the accumulated external force from the target acceleration, i.e., IR o MSE Sinkhorn
atarget — GNN(th—H_l.tka g) + gﬂD ) "? "\{% Mfﬁg&% :E%}i‘%\“&%z:g‘}% 1073 —— GNS Limitaﬁons FUture Work
N Ea g S ‘fgf‘"’ f‘@*@}@é’y&%&}i e e 107
C a0 el G S S NS . . . .
. © 3}5@“’-‘ ,,.‘,..,,_:Ji *m"@”%%i{“"’ %ﬁ‘%ﬁwﬁﬁﬁ‘e g,ii.% 1078 — GNs, (AR = Our external force treatment requires = Simplify parameter tuning recipe.
SPH Rel (1, and [ Al e S 1 o] , .
elaxation ( p an V) P ) .o"...:‘?:f %ﬁéﬁfffg%! "‘}25 o géfzé% 107 — g:iw ? IﬂfOrmahOﬂ on the time Step aﬂd the ] Deﬁne Un|versa| thresholds to determnqe
. . . o e i %ﬁwjm;}gfg}@? S i —— temporal coarsening level. whether a simulation is physical
= Apply SPH relaxation after each learned solver step to improve the particle distribution. 11 1, T3 ol e T oS MAE, Dirichlet Chamfer A 4 the SPH relaxation is not °
. . . . | | | | | | | | | | | | x 107 _ = As proposed, the relaxation is no . At
= The SPH relaxation has access only to the particle coordinates and no physical x 1073 100Fm 0 [ direpctlx?appncame o comressible fluids Explore combinations of Iegmed solvgrs
quantities like density and velocity. For the viscous term, we use the effective velocity o X7 9x 1071 . - and other terms from classical numerics.
: : : = :..'i.'* %,z{fﬁ“’ :-.-”v<; " 103 8x 1071 ,, ,
from the difference in coordma.tes. = . | ~ *ﬁgg z ke F %i References
= One update step of the relaxation corresponds to o0 S o 6 260 460 6 260 460 5 260 460
0 G>J e s Ablations on RPF 2D with GNS-10-128 over the simulation length. [Brandstetter et al., 2022] Bran(ds)tetter, J., Hesselink, R., van der Pol, E., Bekkers, E. J., and Welling, M. (2022). Geometric and
. . . e — — hysical quantities improve e(3) equivariant message passing. In ICLR.
where we hide the time step and the pre-factors in the hyperparameters o and g. oo o5 1.0 0.0 0.5 1.0 P ’ ’ o P . |
. . . [Sanchez-Gonzalez et al., 2020] Sanchez-Gonzalez, A., Godwin, J., Pfaff, T., Ying, R., Leskovec, J., and Battaglia, P. (2020).
= According to SPH theory, density fluctuations should not exceed ~ 1%. We use GNSy SPH Learning to simulate complex physics with graph networks. In ICML, pages 8459-8468. PMLR.
. . 2.00 -
density summation and set all p < 0.98p o pye f, and all p > 1.02p to 1.02p,. r. . . . . . . | [Toshev et al., 2024a] Toshev, A, Galletti, G., Fritz, F., Adami, S., and Adams, N. (2024a). Lagrangebench: A lagrangian fluid
ref == Pref ref ref Density and velocit tude of 2D lid- ty after 400 |
. Our relaxation implementah’on s based on the JAX-SPH code [Toshev et al.. 2024b] ensity and velocCity magm ude o id-dariven Cavity arter 1754} — force mechanics benchmarking suite. Advances in Neural Information Processing Systems, 36.
N . rollout steps (left to I’Ight). GNS, GNSP’ SPH. force * M1G. o) [Toshev et al., 2024b] Toshev, A. P., Ramachandran, H., Erbesdobler, J. A., Galletti, G., Brandstetter, J., and Adams, N. A. (2024Db).
1.50 1 Jax-sph: A differentiable smoothed particle hydrodynamics framework. arXiv preprint arXiv:2403.04 /50.
SPH Relaxation Parameter Tuning Recipe — Forcing step function of the .
. . . . . i 0.4 1 . . :
We propose a three-step parameter-tuning process while monitoring the position MSE, 0. [ GNsS 2D reverse Poiseuille flow 2 b | O tumaer/neuralsph X 2402.06275
Sinkhorn divergence, kinetic energy MSE, MAE of density deviation from the reference oo before (blue) and after con- ¢ B E E
pre f> Dirichlet energy of the density field, and Chamfer distance: | volution with nogmal distri- o75- T E
0.1 — bution N(0, 0.025%) (orange).
. . . [ , , : 0.50 -
1. Tune a while number of relaxation steps [ = 1 and g = 0. Typically, a € (0.005, 0.05). 00 4 6 8 10
Number of neighbors 095 - E Y
2. Tune [ with optimal « and 5 = 0. Typically, I € (1,5).
P g yP 4 ( ’ > Histogram of the number of neighbors of the 2D lid-driven cavity 0.00- |
experiment after 400 rollout steps. |

3. Tune g with optimal « and 1. Typically, g € (0.1, 1).
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