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ABSTRACT

We introduce latent intuitive physics, a transfer learning framework for physics
simulation that can infer hidden properties of fluids from a single 3D video and
simulate the observed fluid in novel scenes. Our key insight is to use latent features
drawn from a learnable prior distribution conditioned on the underlying particle
states to capture the invisible and complex physical properties. To achieve this,
we train a parametrized prior learner given visual observations to approximate
the visual posterior of inverse graphics, and both the particle states and the visual
posterior are obtained from a learned neural renderer. The converged prior learner
is embedded in our probabilistic physics engine, allowing us to perform novel
simulations on unseen geometries, boundaries, and dynamics without knowledge
of the true physical parameters. We validate our model in three ways: (i) novel
scene simulation with the learned visual-world physics, (ii) future prediction of
the observed fluid dynamics, and (iii) supervised particle simulation. Our model
demonstrates strong performance in all three tasks.

1 INTRODUCTION

Understanding the intricate dynamics of physical systems has been a fundamental pursuit of science
and engineering. Recently, deep learning-based methods have shown considerable promise in
simulating complex physical systems (Battaglia et al.,|2016; Mrowca et al., 2018; Schenck & Fox,
2018} Li et al., 2019; [Ummenhofer et al., |2020; Sanchez-Gonzalez et al., [2020; |Shao et al., [2022;
Prantl et al.,|2022; Han et al., 2022} |Guan et al.| [2022; |Li et al.l |2023). However, most previous
works focus on physics simulation with given accurate physical properties, which requires strong
domain knowledge or highly specialized devices. Let us consider a question: Can we predict physical
systems with limited knowledge of its physical properties? 1If not, is it possible to transfer hidden
physics present in readily accessible visual observations into learning-based physics simulators (Li
et al.| [2019; [Ummenhofer et al .l [2020; [Sanchez-Gonzalez et al., [2020; |Prantl et al., 2022)?

Inspired by human perception, researchers in the field of Al have proposed a series of intuitive physics
methods (McCloskey et al., 1983} Battaglia et al., |2013; |[Ehrhardt et al., 2019; | Xu et al., [2019; L1
et al.,[2020) to solve this problem. A typical approach is to build the so-called “inverse graphics”
models of raw visual observations, which involves training learning-based physical simulators by
solving the inverse problem of rendering 3D scenes (Guan et al.| [2022; |Li et al., [2023). However,
NeuroFluid (Guan et al.,[2022)) needs to finetune the deterministic transition model in response to
every physics dynamics associated with new-coming physical properties. PAC-NeRF (Li et al.| [2023)
adopts heuristic (rather than learnable) simulators and explicitly infers physical properties (such
as the viscosity of fluids) given visual observations. It requires an appropriate initial guess of the
optimized properties and specifying the fluid type (e.g., Newtonian vs. non-Newtonian fluids).

In this paper, we introduce the learning framework of latent intuitive physics, which aims to infer
hidden fluid dynamics from a 3D video, allowing for the simulation of the observed fluid in novel
scenes without the need for its exact physical properties. The framework arises from our intuition
that we humans can imagine how a fluid with a specific physical property will move given its initial
state by watching a video showcase of it flowing, even though we do not explicitly estimate the exact
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Figure 1: Our approach captures unobservable physical properties from image observations using a
parametrized latent space and adapts them for simulating novel scenes with different uid geometries,

boundary conditions, and dynamics. To achieve this, we introduce a variational method that connects

the particle space, observation space, and latent space for intuitive physical inference.

values of physical properties. The key idea is to represent the hidden physical properties in visual
observations, which may be dif cult to observe, using probabilistic latent staseéswn in Figuré]L.

The latent space connects the particle space and visual space to infer and transfer hidden physics with
probabilistic modeling. Speci cally, our approach includes a probabilistic particle transition module
p(x9x; z)ﬂ a physical prior learner, a particle-based posterior estimator, and a neural renderer, all
integrated into a differentiable neural network. The latent features are drawn from trainable marginal
distributionsp(zjx) that are learned to approximate the visual posterior distribufiepi ) obtained

from a learned neural renderer. By employing probabilistic latent features, our model gains exibility

in modeling complex systems and is capable of capturing uncertainty in the data that a deterministic
model may not be able to handle. Oragjx) is converged, we embed the prior learner in our
probabilistic uid simulator that is pretrained in particle space containing uids with a wide range of
physical properties. In this way, we transfer the hidden physics from visual observations to particle
space to enable novel simulations of unseen uid geometries, boundary conditions, and dynamics.
In our experiments, we demonstrate the effectivenesstenit intuitive physic®y comparing it to

strong baselines of uid simulation approaches in novel scene simulation, future prediction of the
observed dynamics, and supervised particle simulation tasks.

The contributions of this paper can be summarized as follows:

» We introducdatent intuitive physicsa learning-based approach for uid simulation, which infers
the hidden properties of uids from 3D exemplars and transfers this knowledge to a uid simulator.

» We propose the rsprobabilistic particle-based uid simulation netwarlwhich outperforms prior
works in particle-based simulation with varying physical properties.

2 REeLATED WORK

Learning-based simulation of particle dynamics. Recent research has introduced deep learning-
based methods to accelerate the forward simulation of complex particle systems and address inverse
problems. These methods have shown success in simulating rigid Hodies (Battadl/a et Al., 2016; Han
et al|,[2022), uids|(Belbute-Peres et|al., 2020; Sanchez-Gonzalez et al|,[2020; Shap et al., 2022;
Prantl et al., 2022), and deformable objetts (Mrowca gt al.,|2018; Li et al.| 2019; Sanchez-Gonzalez
et al|, 2020; Lin et al., 2022). In the context of uid simulation, DPI-Net (Li et al., 2019) proposes
dynamic graphs with multi-step spatial propagation, GNS (Sanchez-Gonzalez et al., 2020) uses
message-passing networks, and TIE (Shao et al., 2022) uses a Transformer-based model to capture
the spatiotemporal correlations within the particle system. Another line of work includes methods
like CConv (Ummenhofer et al., 2020) and DMCF (Prantl et al., 2022), which introduces higher-
dimensional continuous convolution operators to model interactions between particles. Different
from the approaches for other simulation scenarios for rigid and deformable objects, these models
do not assume strong geometric priors such as object-centric transformations or pre-de ned mesh
topologies (Pfaff et al., 2021; Allen et al., 2022). However, these models are deterministic, assuming
that all physical properties are measurable and focus on learning uid dynamics under known physical
properties. Moreover, the stochastic components that commonly exist in the real physical world are
not taken into account by the deterministic models.

Intuitive physics learning with neural networks. Researchers have explored intuitive physics
methods from a range of perspectives. These include heuristic models (Gilden & Prof tt, 1994,

"Here, we use to indicate the historical states arfito indicate the future states in the physical process.
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Figure 2: Graphical model of tharetraining—inference—transfagipeline of latent intuitive physics.

(a) Particle-space pretraining for probabilistic uid simulation. (b) Visual posterior optimization
from visual observations with a photometric loss. (c) Adaptation of the prior learner to the converged
visual posteriorg. (d) Novel scene simulation with the adapted prior learner. The training parts are
highlighted in color. We present details of these training stages in Figure 7 in the appendix.

Sanborn et al., 2013), probabilistic mental simulation models (Hegarty, 2004; Bates et al., 2015), and
the cognitive intuitive physics models (Battaglia et al., 2013; Ullman et al., 2017). Recent advances
in deep learning typically investigate intuitive physics from different aspects. Some approaches
adopt 3D videos to to downstream tasks, such as predicting multi-object dynamics (Driess et al.,
2023), uid dynamic (Guan et al., 2022; Li et al., 2023), system identi cation (Li et al., 2023),
manipulation (Simeonov et al., 2022; Li et al., 2022) or reasoning physics parameters (Li et al.,
2020; Chen et al., 2022; Le Cleac'h et al., 2023). However, most works focus on rigid body
dynamics (Driess et al., 2023; Li et al., 2020; Le Cleac'h et al., 2023). The most relevant work to
our method is NeuroFluid (Guan et al., 2022) and PAC-NeRF (Li et al., 2023), both focusing on
uid dynamics modeling with visual observation. NeuroFluid directly adopts the learning-based
simulator from CConv (Ummenhofer et al., 2020). Unlike our approach, it is deterministic and cannot
handle the stochastic components or inaccessible physical properties in complex physical scenarios.
PAC-NeRF employs speci ¢ non-learnable physics simulators tailored to different types of uids.
When using PAC-NeRF to solve inverse problems, users need to make an appropriate initialization
for the optimized parameters based on the category of uid observed.

3 PROBLEM FORMULATION

We study the inverse problem of uid simulation, which refers to learning inaccessible physical
properties by leveraging visual observations. Speci cally, we consider a dynamic system where we
only have a single sequence of observations represented as multi-view fidegg 7'M , wherel
represents a visual observation received at tifinem view m. We want to predict the future states

of the system when it appears in novel scenesxket (x{;:::;x)) 2 X be a state of the system

at timet, wherex} = (pi;v{) represents the state of tH& particle that involves the positigs} and
velocity v{, with v{ being the time derivative g . The dynamics of particlefsxy;::: ;X1 gis jointly
governed by a set of physical properties, such as density, viscosity, and pressure. These properties are
hidden and need to be inferred in visual observations. To bridge the gap between particle simulators
and the visual world with a varying set of physical properties in a uni ed framework, we introduce a
set of latent featurer, = (zt;:::;z) ), wherez| is the latent feature attached to each particle. As
shown in Figure 2(a), the particle state transition function can thus be represerted gx; 1;zt),

wherez;  p(X1:t 1;2Zt 1). As the explicit physical properties are inaccessible, we can infer latent
distributionp(z; j x1:t) fromq(zj I1.7). The nal goal is to simulate novel scenes with new initial

and boundary conditions based on learned physics (see Figure 2(d)).

4 LATENT INTUITIVE PHYSICS

In this section, we introdudatent intuitive physicor uid simulation, which enables the transfer of
hidden uid properties from visual observations to novel scenes. As shown in Figure 3, our model
consists of four network components: the probabilistic particle transition modyléé physical

prior learner (), the particle-based posterior estimatoy, @nd the neural renderer); The training
pipeline involves three stages shown in Figuref@etraining, inference andtransfer.

a) Pretrain the probabilistic uid simulator on the particle dataset, which involves the particle
transition modulep (X j X¢ 1;z;), the prior learnep (2 j X1t 1;2t 1), and the posterior
g (z¢ j X1:t;Z¢ 1). The prior module reasons about latent features from historical particle states.



Published as a conference paper at ICLR 2024

Figure 3: Our model consists of four network components parametrized;by  respectively.
We present the losses for pretraining the simulator and the renderer. For schematics of other training
stagesi(e., visual posterior inference and prior adaptation), please refer to Figure 7 in the appendix.

b) Infer the visual posterior latent featurérom consecutive image observations of a speci ¢ uid,
which is achieved by optimizing a differentiable neural rendergr (

c) Train the prior learnep (2 j X1t 1;% 1) to approximate the converged distributioréofvhich
enables the transfer of inaccessible physical properties from the visual world to the simulator.

4.1 STAGE A: PROBABILISTIC FLUID SIMULATOR PRETRAINING

Building a probabilistic model has signi cant advantages for uid simulation: First, it allows us

to predict uid dynamics without knowing true physical parameters. Instead, it relies on inferring
latent features from consecutive inputs. This is valuable because many complex physical phenomena
naturally involve stochastic components. Second, when provided with visual observations, we can
seamlessly integrate the probabilistic uid simulation into our variational inference method via the
latent space. Next, we introduce how to infer physical properties from particle data.

The architecture of our probabilistic uid simulator is shown in Figure 3 (Left). Particle siates
itself is not a feature but simply de nes the particle's state in spatial space. We use the continuous
convolution (CConv)[(Ummenhofer etlal., 2020) as a feature encoder to get feature representations
of each particle. Inspired by traditional Smoothed Particle Hydrodynamics (SPH) methods, CConv
predicts particle features by aggregating its neighbors' features in a continuous and smooth manner.
Static particles such as boundaries, are processed similarly but with the particle positions and normal
vectors as input (see the literature by Ummenhofer gt al. (2020)). Since the invisible physical
properties cannot be inferred from a single state, we use a GRU to gather historical information and
infer the distribution of the prior latents. The prior learner is trained along with a separate posterior
estimatorg (z; j X1.t;2Z: 1) (not used at test time). The models can be written as

Prior:zz  GRU (CConJz; 1;X{ 1)); Posteriorzy GRU (CConJz; 1;Xt)); (1)
wherez;-; andz-; are zero-initialized. The posterior estimator takess input,.e., the target of
the prediction. The prior and posterior latents are sampled from distinct Gaussian distributions, with
their parameters determined by predicted means and variances by two GRUs. During training, we
align their distributions through KL divergence. Notably, our approach assumes time-varying and
particle-dependent uid properties, which aligns with conventional SPH methods (please refer to the
work by Bender & Koschier (2015)). This approach empirically achieves better performance than
optimizing a global latent variable, as demonstrated in our experiments.

For the particle transition modufe (X; j Xt 1;zt), we adopt another CConv with additional inputs
of z; drawn from the inferred latent distribution. This allows the module to incorporate the previous
statesx; 1 and corresponding latent features for future prediction. As the stochastic physical
component has been capturedzpywe employ a deterministic architecture for the particle transition
module:®; , f(pl;9)gi-.n T (Xt 1;2t). During training, the latent posteriozs are used as
inputs of T . At test time, we use the latent priggsinstead. The uid simulator is trained with
hy X o i
L., =E N W B Pt ,*+ Dk (@ (zejXut;ze )Kkp (ZjXwe 132 1) @ (2)
i=1

Similar to the previous work (Li et al., 2019; Prantl et al., 2022; Ummenhofer et al., 2020; Sanchez-
Gonzalez et al., 2020), we use thek, error between the predicted position and the ground-truth
positions, and weight it by the neighbor count to form the reconstruction loss. Speci cally, we use
w; = exp( %N (pt)), whereN () denotes the number of neighbors for the predicted paitiatel
cis the average neighbor count.
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4.2 SIAGE B: VISUAL POSTERIORINFERENCE

Here we introduce how to solve the inverse problem by inferring scene-speci c visual posteriors,
where the visual observation governs the physical properties. In this stage, the pretrained patrticle
transition moduldl infers the input visual posterior, which facilitates the adaptation of the prior
learner in the latent space in Stage C. To this end, the particle transition module is combined with a
differentiable neural render& that provides gradients backpropagated from the photometric error
over sequences in observation space. Note that only visual observations are available in the following.

Neural renderer. To enable joint modeling of the state-to-state function of uid dynamics and the
state-to-graphics mapping function, we integrate the probabilistic particle transition module with
the particle-driven neural renderer (PhysNeRF) in NeuroFluid (Guan et al., 2022) in a differentiable
framework. PhysNeRF uses view-independent particle encagliramd view-dependent particle
encodingey to estimate the volume densityand the coloc of each sampled point along each ray

r(t) = o+ td, suchthafc; )= R (ep;eq;d). Inthis way, it establishes correlations between
the particle distribution and the neural radiance eld. Unlike the original PhysNeRF, we exclude
the position of the sampled point from the inputs to the rendering network, which enhances the
relationships between the uid particle encodings and the rendering results. The neural réhderer

is pretrained on multiple visual scenes so that it can respond to various particle-based geometries.

Initial states estimation. NeuroFluid assumes known initial particle states. However, when only
visual observations are available, estimating the initial particle statgsbecomes necessary. These
estimated initial states are used to drive the neural rend@rey for generating visual predictions at

the rst time step and also to initiate the particle transition modtilg for simulating subsequent
states. We estimate the initial particle positions using the voxel-based neural rendering technique (Liu
et al., 2020; Sun et al., 2022; Miller et al., 2022) at the rst time step. During training, we maintain
an occupancy cache to represent empynonempty space and randomly sample uid particles
within each voxel grid in the visual posterior inference stage (see Appendix D.2.3 for details).

Optimization. We rst netune the neural renderd® on current visual observation with initial
state estimatioft;=; . Then the parameters ®f andR are frozen and we initialize a set of visual
posterior latent, such thak; = T (& 1;2). In practice, we attach a particle-dependent Gaussian
distributionN (*'; A') with trainable parameters to each particléAt each time step, we sample

2 N (7)) toform2 = (%%;:::;2N). The output of the neural render@r is denoted as

€(r;t). We optimize the distributiops of the visual posterior latemtver the entire sequence by
backpropagating the photometric error, kE(r:t) C(r;t)k. We summarize the overall training
algorithm in the Alg. 1 in the appendix.

4.3 SIAGE C: PHYSICAL PRIOR ADAPTATION

The visual posteriors learned in the previous stage are speci ¢ to the estimated particles within the
observed scene and cannot be directly applied to simulate novel scenes. Therefore, in this stage, we
aim to adapt the hidden physical properties encoded in the visual posterior to the physical prior learner
p . Instead of netuning the entire particle transition model as NeuroFluid (Guan et al., 2022) does,
we only netune the prior learner module. Due to the unavailability of the ground truth supervision
signal in particle space, tuning all parameters in the transition model in visual scenes might lead
to over tting problems, as the transition model may forget the pre-learned knowledge of feasible
dynamics, or learn implausible particle transitions even if it can generate similar uid geometries
that are suf cient to minimize the image rendering loss. Speci cally, we perform forward modeling
on particle state®; by applying®; = T (X¢ 1;%), wherez, is sampled from the distribution

p (2 j X1t 1;% 1) predicted by the prior learner. To transfer the visual posterigr towe

netune the prior learner by minimizing the distance between its generated distribution and the
pre-learned visual posteriofid (*';~)g'=1'N with T andR xed. The volume rendering loss is

still used for supervision as well. The entire training objective is

X
L = KC(rit) C(rik+ D (a@)kp (2)xw 172 1): 3)
With the netuned physical prior learngr , we can embed it into the probabilistic uid simulator

to perform novel simulations on unseen uid geometries, boundary conditions, and dynamics with
identical physical properties, which brings the simulation back to the particle space.
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Table 1: Quantitative results of average prediction edron unseen uid geometries and boundary
conditions giverx=; . We present the mean and standard deviatiatDofdependent samples drawn
from our model (forOursonly). Geometrymeans unseen uid initial positions whiBoundarymeans
unseen boundary conditions. Each physical property set is trained with a single visual observation.

=2000; =0:065 =1000; =0:08 =500; =0:2
METHOD GEOMETRY BOUNDARY GEOMETRY BOUNDARY GEOMETRY BOUNDARY
CConNv 52.49 64.29 51.40 56.33 40.67 53.28
NEUROFLUID 65.01 73.55 59.79 60.46 40.88 50.73
Sys-ID 156.59 179.11 127.06 140.27 58.71 71.80
PAC-NERF 51.10 59.61 51.33 56.84 40.97 62.05
OURS 34.54 0.55 39.86 0.90 33.11 0.50 37.79 0.84 39.03 0.79 47.251.26

Table 2: Quantitative results of the average future prediction droor observed scenes. We compute
the mean results and standard deviations@ihdependent samples drawn from our model. Notably,
NeuroFluid learns to over t the observed scene by tuning the entire particle transition simulator.

METHOD =2000; =0:065 =1000; =0:08 =500; =0:2
CConv 107.27 103.95 54.37
NEUROFLUID 85.45 73.04 33.22
Sys-ID 37.25 36.28 42.71
PAC-NERF 44 .42 42.82 50.05
OURS 32.41 0.17 32.97 0.71 41.15 0.71

5 EXPERIMENTS
5.1 EBEVALUATION OF VISUAL PHYSICAL INFERENCE

Settings. To evaluatdatent intuitive physic$or inferring and transferring unknown uid dynamics

from visual observations, we generatsiaglesequence usinGuboidas the uid body (not seen

during pretraining in Stage A). The uid freely falls in a default container. The sequence cofitains

time steps, where the rdi0time steps are used for visual inference, while the 18stme steps

are reserved for additional validation on future rollouts. We use Blender (Community, 2018) to
generate multi-view images wi0 randomly sampled viewpoints. We assess the performance of
our uid simulator after transferring hidden properties from visual scenes through: (1) simulating
novel scenes with uid geometries that were not seen during trairstenford BunnySphereDam

Breal), (2) simulating novel scenes with uid dynamics with previously unseen boundaries. We
conduct experiments across three distinct sets of physical properties. In each evaluation set, we
impose random rotation, scaling, and velocities on uid bodies. Please refer to Appendix C & D.2
for more information on visual examples, novel scenes for evaluation, and implementation details.
Following Ummenhofer et al. (2020), we compute the average Euclidean distance from the ground
truth particles to the glosest predicted particles as the evaluation metric, where the average prediction
errorisd= 1, ;ming jipl Piji2. Please see Appendix D.1 for details.

Compared methods. We use four baseline model€Conv(Ummenhofer et al., 2020) learns
particle dynamics without physical parameter inpisuroFluid(Guan et al., 2022) grounds uid
dynamics in observed scenes with a particle-driven neural reRA€=NeRHLi et al., 2023) and

System Identi cation (Sys-IDstimate explicitly physical parameters in the observed scenes. PAC-
NeRF employs an MPM simulator. Sys-ID utilizes a CConv simulator that takes learnable physical
parameters as inputs. It also employs the same neural renderer as our approach. All models are
trained onCuboidand tested on novel scenes. Please refer to Appendix D.2.1 for more details.

Novel scene simulation results. We evaluate the simulation results of our approach given only the
true initial particle stateg;=; of the novel scenes. Table 1 shows the average prediction error across
all testing sequences. We predict each sequé&ftienes with differentz; drawn from the same prior
learner and calculate the standard deviation of the errors. We can see that the adapted probabilistic
uid simulator from the visual posteriors signi cantly outperforms the baselines on novel scenes
across all physical properties. Though our model is trained on scenes with the default uid boundary,

it shows the ability to generalize to unseen boundary conditions. Figure 4 showcases the qualitative
results. Among the baselines, Sys-ID underperforms in novel scene simulation, as it requires accurate
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Figure 4: The rst row shows the visual observation on the observed scene with physical parameters
=2000; =0:065 Rows 2-6 show qualitative results of simulated particles on novel scenes (Left:
unseen geometries, Right: unseen boundaries). More qualitative results are provided in the appendix.

parameter inference from visual observations. In contrast, our model encodes the hidden properties
with higher-dimensional latent variables, providing a stronger feature representation for the unknown
properties in a physical system. PAC-NeRF employs an MPM simulator, which inherently produces
more accurate and stable simulation results than the learning-based simulators used by other models
trained on limited data. Despite this advantage, PAC-NeRF tends to over t the observed scenes and
yields degraded performance when applied to novel scenes. More results are shown in Appendix F.

Future prediction results of the observed scenes. We predict the particle dynamics of the observed
sceneCuboidfor 10time steps into the future. As shown in Table 2, our model performs best in most
cases. NeuroFluid slightly outperforms our model on500; = 0:2. Since NeuroFluid jointly
optimizes the entire transition model and renderer on the observed scene, it is possible to over t the
observed scene and produce plausible future prediction results. However, it fails to generalize to
novel scenes as shown in Table 1. Unlike NeuroFluid, our approach adapts the physical prior learner
to visual scenes, without training a probabilistic physics engine. By leveraging knowledge from the
pretraining stage, the transition model is less prone to over tting on the observed scene. This not
only enhances the generalization ability but also signi cantly reduces the training burden.

5.2 EBVALUATION OF PROBABILISTIC FLUID SIMULATOR

To validate whether our approach can infer hidden physics from particle data in latent space, we
evaluate the pretrained probabilistic uid simulatoy () in a particle dataset generated with
DFSPH (Bender & Koschier, 2015), which simulates uids with various physical parameters (
viscosity , density ) falling in a cubic box. Each scene contaRig3-19;682 uid particles and
200time steps. To assess the simulation performance under incomplete measurement of physical
parameters, the true parameters are invisible to simulators. See the Appendix C.1 for more details.

We compare our probabilistic uid simulator with four representative particle simulation approaches,
based on graph neural networks, continuous convolution models, and TransiamBPI-Net (Li

et al., 2019), CConv (Ummenhofer et al., 2020), DMCF (Prantl et al., 2022), and TIE (Shao et al.,
2022). Following Ummenhofer et al. (2020), given two consecutive input statas, we compute

the errors of the predicted particle positions w.r.t. the true partidies: = Ni lipts Bt iz,

for the next two steps (2 f 1; 2g). To assess the long-term prediction ability, we also calculate the
average distanca from true particle positions to the predicted particles over the entire sequence.
The rst 10 states are given, and the models predict the followliig states. From Table 3, our
model performs best in both short-term and long-term prediction. The qualitative result of long-term
prediction is shown in Figure 16 in Appendix F. These results showcase that our probabilistic uid
simulation method provides an effective avenue for intuitive physics learning.
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