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[1] NeuroFluid: Fluid Dynamics Grounding with Particle-Driven Neural Radiance Fields. ICML2022 Spotlight
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Introduction: An array of pulleys, including both movable and fixed types,
along with anchor points, is arranged on a wall. Ropes are configured
with their ends connected to pulleys, loads, or anchor points, and can
be wound around the pulleys. These loads possess varying masses,
interacting with other forces in the system, leading to the emergence of
distinct motion patterns. | The primary objective of the model is to
identify the tension distributions within this elementary rope system.
Additionally, it is tasked with recognizing potential correlations or
constraints among objects in motion, such as the coordinated
movement of loads and the rotation of p == -~ single rope
Moreover, the model is expected to infel r" ,—':'Ez
between the loads' masses.

ST 5

Physical Property
Questions VIR

-
Mass |

Is the mass of the purple cube greater than

twice that of the brown cube?

a) Yes

Vb) No

¢) Cannot Judge

Dynamics Questions

ﬂlbabiﬁﬁﬁlil”

Counterfactual

If the purple cube were far much heavier, which
direction would the blue movable pulley rotate?

“ a) Anti—clockwise
b) Clockwise
c) Not affected

"
Mass Il

Is the mass of the sphere less than that of the
brown cube?

a) Yes
b) No

S V ¢) Cannot Judge

Tension

Is the tension in the black rope approximately
equal to half that in the red rope (i.e. the short
rope linking purple cube)?

V a) Yes

b) No
¢) Cannot Judge

Goal-Driven

What can we do to rotate the blue fixed pulley
clockwise?

a) Decrease gray cube mass
V b) Decrease brown cube mass
c) Increase sphere mass

d) None of the above works

-
Goal-Driven

What can we do to lift the red cube upwards?

“ a) Decrease red cube mass
b) Increase purple cube mass
V c) Increase sphere mass

d) None of the above works

[4] ContPhy: Continuum Physical Concept Learning and Reasoning from Videos. ICML 2024
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NeuroFluid: Fluid Dynamics Grounding with
Particle-Driven Neural Radiance Fields

Shanyan Guan, Huayu Deng, Yunbo Wangt, Xiaokang Yang

ICML 2022 Spotlight
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DPI-Net, Li, et al. [ICRL 2019] VGPL, Li, et al. [ICML 2020]
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DLF, Ummenhofer, et al. [ICRL 2020]
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NeuroFluid at t=1
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Average Pred2GT distance of rollout results
(10 time steps)
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Reference NeRF-T D-NeRF Li et al., 2022 NeuroFluid

Sequence

NeuroFluid FTLAESFEERERAREAT ( AMGEEAIZKIR, KERTRL )

Model PSNR SSIM LPIPS d;7, dt>50

Unknown initial positions 2921 094 0.12 35.69 30.26
Low-reso train, 200 x 200 px 28.67 0.94 0.16 2990 31.67

NeuroFluid (Final) 30.06 0.95 0.10 29.80 31.49

w/o Fictiious particles center 2742 0.92  0.18  30.79 43.00 PhysNeRF EiEgsNGRRzE (Y12

w/o Sphere density 2665 092 0.19 34.64 59.60 na: I

w/o Deformation vector 27.07 092 0.18 33.93 66.29 HIIZ AR | iE E_JEQ'?F F]F“?I&L? ﬁ

w/o Particle-relative direction 31.48 094 0.17 52.97 84.83
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[5] Physion++: Evaluating Physical Scene Understanding that Requires Online Inference of Different Physical Properties
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Latent Intuitive Physics: Learning to Transfer
Hidden Physics from A 3D Video

Xiangming Zhux, Huayu Deng*, Haochen Yuanx*, Yunbo Wangt, Xiaokang Yang

ICLR 2024
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e METHODS dit1 di42 d
LHEER ¢ DPI-NET (LI ET AL., 2019) 0.95 2.99 90.21
%z - yh2 1< | CCoNV (UMMENHOFER ET AL., 2020) 0.34 1.03 44.79
¢ *E}' _H‘_L_jr'lj(:u $§$§ M—gﬁ}_‘%— 757] DMCEF (PRANTL ET AL., 2022) 0.54 1.23 39.70
FNS R e FE &L 5. TIE (SHAQ ET AL 2022) 0.52 1.36 41.82
| OURS 0.31+0.003  0.94+0.011  38.37+0.860|
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