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Abstract

We consider the problem of estimating states (e.g., position and velocity) and
physical parameters (e.g., friction, elasticity) from a sequence of observations
when provided a dynamic equation that describes the behavior of the system. The
dynamic equation can arise from first principles (e.g., Newton’s laws) and provide
useful cues for learning, but its physical parameters are unknown. To address this
problem, we propose a model that estimates states and physical parameters of the
system using two main components. First, an autoencoder compresses a sequence
of observations (e.g., sensor measurements, pixel images) into a sequence for the
state representation that is consistent with physics by including a simulation of the
dynamic equation. Second, an estimator is coupled with the autoencoder to predict
the values of the physical parameters. We also theoretically and empirically show
that using Fourier feature mappings improves the generalization of the estimator
in predicting physical parameters compared to raw state sequences when learning
from high-frequency data. In our experiments on three visual and one sensor
measurement tasks, our model imposes interpretability on latent states and achieves
improved generalization performance for long-term prediction of system dynamics
over state-of-the-art baselines.

1 Introduction

Neural networks have become a core computational component in domains such as computer vision
[1], natural language processing [2], and deep reinforcement learning [3]. Recent work has shown
that neural networks can exhibit an inductive bias that is often introduced via designing specific
structures [4]. This bias can be used to encode prior task knowledge that helps the network generalize
to unseen data. For example, convolution neural networks capture the translation invariance of key
image features. In this spirit, we develop a structured neural network model that leverages a dynamic
equation to estimate both the state of a dynamical system (e.g., position and velocity) and its physical
parameters (e.g., friction constants) from a sequence of partial observations. Knowing the state
and parameters of the system aids learning a control policy and tracking parameter value changes
over time. For instance, for a self-driving car, we want to learn a neural network that estimates the
vehicle’s position and velocity from a sequence of egocentric camera images. The estimated state can
then be used in a control policy. In addition, we want to track physical parameters over time, e.g.,
friction coefficients. This is useful for vehicle maintenance and safety. We expect that exploiting a
neural network, regularized to follow a dynamic equation, will streamline the required data-intensive
operations and yield improved performance.

Observations can be direct measurements of some system variables (e.g., accelerations), or take a
more complex form (e.g., images). We group such observations over specified time windows and also
refer to these groupings as observations. We obtain a compact representation for these observations
that permits observation reconstruction using an autoencoder (see Fig. 1(a)). {hs} in Fig. 1(a) is
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a representation of an observation sequence {os} over a specified time window, and {ôs} is the
reconstructed observation sequence. Learning the autoencoder is both data and computationally
intensive. In addition, hs may not be physically interpretable and be a “system state.”

Figure 1: (a) An autoencoder learns a latent
representation from a block of observations.
(b) Combining a dynamic equation and pa-
rameter estimator in (a).

Motivated by these observations, we assume a sim-
ulator is provided that specifies the physical laws of
the system. This model can arise from first princi-
ples (e.g., Newton’s laws), but its free parameters θ
(e.g., masses, lengths) remain to be specified. Given
an initial state and θ, the physics simulator gener-
ates a state trajectory {x̂s} consistent with the laws
of physics. To leverage this model, we require an
estimator f(·) that maps a sequence of states {x̃s}
to an estimate of θ. We then couple the estimator
f and the physics simulator with the autoencoder
as shown in Fig. 1(b). We train the autoencoder
and f(·) to minimize the observation reconstruction

loss
∑

s ‖os − ôs‖22 . Within this process, we train
the encoder h(·) to minimize the sum of squared

state errors:
∑

s ‖x̃s − x̂s‖22 . The complete model
(Fig. 1(b)) is called Autoencoder with Latent Physics
(ALPS).

The paper’s contributions are three-fold. (1) ALPS
is the method that learns to identify the system pa-
rameters and the mappings between states and obser-
vations from data. In contrast, conventional system
identification (e.g., tools in Matlab) requires knowing the function mapping and identifying the
parameters online, which is costly to run. (2) We show that one can learn periodic or vibrational
behavior in this setting using a Fourier feature of states. (3) We evaluate ALPS in three simulated and
one real-world train dynamics. ALPS can achieve up to 4.8x and 6.3x better physical parameter and
state prediction accuracy, respectively, over prior approaches.

2 Related Work

Physics-informed neural networks. There is growing interest in including a physics prior or
algebraic and logical constraints into neural networks [5, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17,
18, 19, 20, 21, 22, 23, 24, 25, 26, 27, 28, 29]. For example, [30, 31, 32, 33, 34, 35, 36, 37, 38,
39, 40] exploit Lagrangian or Hamiltonian mechanics to learn an energy-conserving system based
on position, momentum, and the derivatives thereof along trajectories. These works assume the
physical parameters of the system are constant and need not be estimated. In contrast, we estimate
the physical parameters. This is important for fault detection and localization, and for safety. Papers
[41, 42, 43, 44] learn a general physical simulation from data, but their model is required to have
state information or a known forward rendering engine to map states to observations. In contrast, we
learn a physics-based autoencoder to estimate states in an unsupervised manner. Paper [45] also uses
an autoencoder with physics to predict parameters. However, we show that learning state sequences
as in [45] fails to generalize to unseen parameters when the system exhibits high-frequency behavior.

Koopman-inspired neural networks. Among many physics-informed neural networks developed
in the past years, the recent effect has also considered applying deep learning in learning Koopman
operators. We highlight several papers that are similar to our approach here. Koopman operators use
an embedding to describe non-linear systems in a linear form. They are useful in analyzing the system
dynamics but require domain knowledge to find the embedding. To overcome this challenge, the
work [46, 47] use an autoencoder to identify Koopman eigenfunctions. In addition, the work [48, 49]
also use an autoencoder for Koopman spectral analysis by learning Koopman invariant subspaces
from data. The use of autoencoder structure is similar to our approach, but we explicitly use a physics
simulator for constraining the representation of the autoencoder. Furthermore, the work [50] propose
a method that optimizes neural networks by Koopman theory.
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Figure 2: ALPS and the tasks. ALPS consists of four parts: (1) an encoder network that estimates
states from observations, (2) a parameter estimator network that predicts physical parameters from a
state sequence, (3) a physics simulator generates a state trajectory provided with an initial state and
values for the physical parameters, and (4) a decoder network reconstructs observations from states.

Fourier features for high-frequency data. [51, 52] show that using Fourier features helps neural
networks learn high-frequency content in image regression tasks. This approach requires specifying
the Fourier series coefficients and the basis frequencies. In contrast, the Fourier features in our
model are computed from the states, which allows us to predict physical parameters. In addition, the
concurrent work [53] replaces the self-attention sublayers [54] with a Fourier transformation of the
input word token in natural language processing. They show that this method is sufficient to capture
semantic relationships in several text classification tasks. In this paper, we provide a theoretical
justification for using Fourier features to learn system dynamics with high-frequency data.

System identification. The proposed approach uses the neural network to identify the system
parameters from data, which is similar to conventional system identification methods such as linear
grey-box model estimation (greyest) tool provided in Matlab [55]. However, ALPS does not require
the mapping between the states and the observations, whereas the greyest method needs to provide
full system dynamics. This offers an advantage when the observation space is in high dimension.
In addition, it is possible to use Matlab model compilation to speed up the estimation of system
parameters, which is similar to the analogy of training ALPS first and then deploying it during test
time. However, even with Matlab model compilation, ALPS is still different since ALPS uses a
neural network to identify the system parameters.

3 Problem Formulation

We consider the continuous-time system

ẋ = Ax+Bu; o = g(x), (1)

where A ∈ Rn×n,B ∈ Rn×p and x ∈ Rn, u ∈ Rp, o ∈ Rq, denote the state, input, and observation,
respectively. The function g provides a partial observation o of x. In most situations we have partial
knowledge of A and B from physics. This is true and reasonable in many large-scale industrial
applications ranging from wind turbines to aircraft, where system designers use physics knowledge
to design machines. Hence we assume mappings A(·) : Θ → Rn×n and B(·) : Θ → Rn×p, from
physical parameters θ ∈ Θ to the system matrices A(θ), B(θ), are given (i.e., A and B obtain a
specific sparse and parameteric form). In addition, Eq. (1) assumes the system dynamics to be linear,
but our approach can be extended to other non-linear cases.
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In practice, we only have observations at discrete points in time. For simplicity, we assume these
are equally spaced at times t = 0, 1, . . . . At sample time t, we have the window of observations
{os}ts=t−τ+1, where τ is the window length. We assume the sampling rate satisfies the Nyquist rate.

Our problem can now be stated as follows. Given functions A(·) : Θ→ Rn×n, B(·) : Θ→ Rn×p,
we seek to learn a network that estimates a state sequence {xs}ts=t−τ+1, physical parameters θ,
and a mapping g(·) from a finite sequence of past observations {os}ts=t−τ+1 and past known

inputs {us}ts=t−τ+1. Once trained, the network can predict states and has learned to adapt physical
parameters to the context without re-training. Note that even though the network operates with time
sampled variables, the physics simulator can be used to predict states at any time. This problem setup
is distinct from that of HNN [33], HGN [36], or Symplectic ODE-Net [35]. In their setups, the model
is only trained on data from a single physical parameter θ, and hence they need to re-train networks
for every new set of physical parameters. In addition, compared to conventional system identification
approaches, we do not need to rerun the solver each time–we only need a forward pass of the network
to get the estimation during deployment (testing time).

To make the learning problem well-defined, i.e., to ensure that we can uniquely identify the unknown
system parameters, we make the following assumption.

Assumption 3.1. (Identifiability [56]): For a sufficiently large τ, the sequence of states and inputs
{(xs,us)}ts=t−τ+1 uniquely specifies the unknown parameter θ.

Parameter identifiability is a well-studied problem in system identification [56, 57, 58, 59, 60, 61].

For example, the (continuous time) system ẋ =

[
−(a+ b) b

b −c

]
x +

[
1
0

]
u with o = [1 0]x,

where θ = [a, b, c]
T

and g(·) is a linear function, satisfies Assumption 3.1 when b �= 0.

4 Nework Architecture

The network in Fig. 1(b) is expanded in Fig. 2 into its four parts: an encoder network, a parameter
estimator network, a physics simulator, and a decoder network.

The encoder network h(·) (from {os} to {x̃s}). We consider two types of observations: (1) pixel
images, or (2) direct measurements of some system variables. For the first case, we use a convolution
neural network to compress a pixel observation o into a compact vector embedding z′ ∈ Rd, which
preserves image features. For the second case, we use a feedforward network to project an observation
o into some higher dimensional space with a vector embedding z′. In addition, to estimating states
from these vector embeddings, we need to aggregate {z′

s} to extract the local and global context of the
dynamics. One approach is to use recurrent neural networks (RNN) (e.g., Dreamer [62]). However,
RNNs suffer from vanishing gradient problems and slow computation when processing long-term
sequences. Hence we use a self-attention network [54] to attend to z′ of greatest importance to
predict states and improve efficiency.

Furthermore, to inject a position signal of observations in the sequence, we add a positional encoding
p ∈ Rd to z′ (z := z′ + p), where p are sine and cosine functions of different frequencies (see [54]).
Finally, we stack embeddings over τ steps to form a matrix Z ∈ Rτ×d.

The self-attention module can be formulated as querying a dictionary with key-value pairs associated
with learnable weight matrices WQ ∈ Rd×dQ ,WK ∈ Rd×dK , and W V ∈ Rd×dV (dQ = dK here):

Attention(Q,K,V ) = softmax(QKT

√
d

)V , where Q := ZWQ, K := ZWK , V := ZW V , and

the softmax is taken over the sequence length τ. To provide multiview of the embedding, we use the
multihead variant of the attention by concatenating each attention head along the sequence axis

Multihead := Concat(head1, . . . , headi, . . . , headI)W
O, headi := Attention(Q,K,V ),

where WO ∈ RIdV ×d are learnable matrices, I is the number of heads, and each attention head i has

its own learnable weight matrices WQ
i ∈ Rd×dQ , WK

i ∈ Rd×dK , and W V
i ∈ Rd×dV .

Finally, a feedforward network takes in the Multihead embedding (of size Rτ×d) and produces the
parameters of the distribution for each state in the sequence. The parameters are used to define a
posterior distribution over the encoded state x̃s ∼ Q(·|õs) with the prior P (x̃s). For a translational
coordinate, the posterior distribution is a Gaussian distribution with a unit Gaussian prior. Hence the
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network predicts a mean μ ∈ Rn and a standard deviation σ ∈ Rn of a Gaussian distribution. In
addition, for a rotational coordinate, the posterior distribution is a von Mises (vM) distribution with a
unit vM prior. Similar to a Gaussian distribution, a vM distribution is defined by two parameters: a
mean μ ∈ R2, ‖μ‖2 = 1 (the angular position (cosϕ, sinϕ)), and a concentration κ ∈ R+ around
μ. Such parameterization is found useful in practice, e.g., [63]. Appendix E provides details about
self-attention networks for estimating states.

The parameter estimator network f(·) (from {x̃s} to θ). The parameter estimator network
predicts physical parameters from state sequences {x̃s}. However, for systems that involve periodic
or vibrational behavior, prior work [51] has shown that neural networks fail to capture the high-
frequency content in the data. To improve generalization and reduce the effect of noise, we do a Fourier

transform on each component j of state trajectories {x̃s(j)}ts=t−τ+1 to get {X̃ω(j)}tω=t−τ+1 :

X̃ω(j) :=
∑t

k=t−τ+1 x̃k(j)
[
cos
(

2π
τ ωk

)
− i · sin

(
2π
τ ωk

)]
. Note that for the systems that do not

have periodic or vibrational behavior, using {x̃s(j)}ts=t−τ+1 would be enough.

One may use {X̃ω(j)} as features for the parameter estimator network to predict physical parameters.
However in Section 5 we will show that by using the neural tangent kernel (NTK) theory [64], which

treats neural networks as a kernel regression, the resulting kernel matrix of {X̃ω(j)} does not preserve
high-frequency components in the data. To solve this, we will show that using the magnitude of the

Fourier features {|X̃ω(j)|} alleviates the issue. Hence the parameter estimator network takes in a

concatenation of {|X̃ω(j)|} from each component of the state and predicts physical parameters θ.

The physics simulator (from x̃t−τ+1 and θ to {x̂s}). Given a start state x̃t−τ+1 (from the
encoder’s first state prediction) and values for the physical parameters θ, we use the neural ordinary
differential equation (ODE) [65], a differential ODE solver, to generate a simulated state trajectory
{x̂s}ts=t−τ+1 : x̂t−τ+1, . . . , x̂t−1, x̂t = ODESolver(x̃t−τ+1, ẋ = A(θ)x+B(θ)u, τ,Δ), where
ODESolver takes in a start state, an ODE, a window length, and a sampling time interval Δ. Note
that x̂t−τ+1 = x̃t−τ+1. In addition, using an ODE solver allows us to generate an accurate state
trajectory compared to that of RNN as in [62].

The decoder network g(·) (from x̂s to ôs). Finally, the decoder network is either a deconvolutional
network (for image observations) or a feedforward network (for sensor measurements) that takes in
each individual ODE-simulated state x̂s and generates a reconstructed observation ôs.

Discussion. Note that we can replace the decoder g with a differentiable rendering engine. Prior
work [44] use a differentiable rendering engine to reconstruct the scene given the estimation of the
system parameters and the states. However, using a differentiable rendering engine may introduce a
simulation overhead, and using a network here is more generalizable. We think the future extension
of ALPS to differentiable rendering engines is a valuable future research direction. In addition, one
may think that the estimator network can directly predict the system parameters given the input
observation without taking the states. The reason to predict the states is that for some applications, it
may be useful to know the state of the system. For example, for a self-driving car, we would like to
know the speed of other vehicles by using observations from cameras. Knowing the speed of other
vehicles (i.e., , the state) allows the self-driving car to plan for a trajectory, which is important for
the safe deployment of the system. In addition, we would like to increase the interpretability of the
model. The inclusion of the state allows the system designer to ensure the representation learned by
neural networks is informative.

The loss function. Given a sequence of τ observations, we minimize the following loss function:

L =

t∑
s=t−τ+1

DKL(Q(x̃s|os)||P (x̃s))︸ ︷︷ ︸
VAE loss for h, f, and g

+
t∑

s=t−τ+1

‖os − ôs‖22︸ ︷︷ ︸
Obs. recons. loss for h, f, and g

+
t∑

s=t−τ+1

‖x̃s − x̂s‖22︸ ︷︷ ︸
State recons. loss for f and h

.

The variational autoencoder (VAE) [66] loss is a variational bound on the marginal log-likelihood
of the data. It is used to train the encoder h, the estimator f, and the decoder g. Using VAEs
avoids learning degenerated solutions and provides stable training of the network over a deterministic
network. In addition, the observation reconstruction loss encourages reconstructed observations
{ôs} to match true observations {os}, and the state reconstruction loss constrains encoded states
{x̃s} to follow simulated states {x̂s} generated by physics. The former is used to train h, f,
and g, and the latter is used to train f and h. Both observation and state reconstruction losses are
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important for training. We find that removing the state reconstruction term reduces the state prediction
performance of the encoder since the network can predict arbitrary sequences. In addition, removing
the observation reconstruction term impedes the image reconstruction quality, which is vital for
training the whole model. In practice, we tune the weight for each loss term to accommodate different
scales. Note that for the larger loss term, we use a weight smaller than 1 to ensure learning stability.

5 Fourier Feature Mappings for Learning Periodic System Dynamics

An important feature of ALPS is that it uses a Fourier feature mapping of states to learn periodic
system dynamics. Prior works [67, 68] have empirically shown that using a Fourier feature can help
with high frequency signals. To lay the foundation for the analysis and justify the use of Fourier
features, in Section 5.1 we first review the recent work that uses NTK theory [64, 51]. This allows
us to control the training of our parameter estimator network as fully-connected networks. Then in
Section 5.2 we use these tools to analyze the effects of using Fourier features, their magnitudes, and
their phases when predicting system parameters that involve the periodic behavior.

5.1 Deep networks as a kernel regression

Consider a set of labelled training data {(vi, yi)}mi with vi ∈ Rn, yi ∈ R, and i ∈ [1 : m]. Set

y = [y1, . . . , ym]
T ∈ Rm. Now bring in a feature map φ : Rn → Rr with kernel k(vi,vj) =

φ(vi)
T
φ(vj). Let K = [k(vi,vj)] ∈ Rm×m denote the kernel matrix for the training examples

and k(v) = [k(vi,v)] ∈ Rm denote the vector of kernel evaluations k(vi,v), i ∈ [1,m], for a test
sample v ∈ Rn. The resulting kernel regression predictor is ŷ(v) = yTK−1k(v).

Now bring the concept of NTK proposed by [64]. The theory in [64] says that when the width of the
layers of fully-connected deep networks with weights w initialized from a Gaussian distribution N
tends to infinity, and the learning rate for stochastic gradient descent tends to zero, the neural network
estimator ŷ(v;w) converges to the kernel regression solution using NTK. The NTK is defined as

kNTK(vi,vj) = Ew∼N
[(

∂ŷ(vi;w)
∂w

)T(
∂ŷ(vj ;w)

∂w

)]
.

Under asymptotic conditions, a neural network’s output after t updates can be approximated as

ŷ(t)(v;w) ≈ yT (I − e−ηKt)K−1k(v),

where eM is the n by n matrix M given by the power series eM =
∑∞

i=0
1
i!M

i with M0 = I.

Spectral bias in neural networks. Now we want to compute the training error of a neural network
after t times update. Let K = UΣUT denote the eigendecomposition of the kernel matrix K which
must be positive semidefinite (PSD). Here U is an orthogonal matrix and Σ is a diagonal matrix whose
entries are the nonnegative eigenvalues ordered by magnitude: λ1 ≥ λ2 ≥ · · · ≥ λm ≥ 0. So the

training error in terms of L2 norm ‖·‖22 is
∥∥ŷ(t) − y

∥∥2
2
=
∥∥∥Udiag([e−ηλ1t, . . . , e−ηλmt]

T
)UTy

∥∥∥2
2
.

This shows the training convergence will decay exponentially at the rate ηλi. Hence the components
in y will be learned faster if their corresponding eigenvalue is larger. In Section 5.2 we will show
that for a sequence of states without doing Fourier transform, the resulting NTK will have smaller
eigenvalues at the high-frequency components. This leads to a slower convergence in high-frequency
components of data which are essential to identify parameters for the periodic behavior.

5.2 The effect of Fourier feature mapping

To understand the effect of the Fourier feature mapping, we first derive the kernel function of Fourier
features, their magnitudes, and their phases. Then we compare the spatial bias of the kernel matrices
from these three kernels.

Kernels of Fourier feature mapping. Consider a state trajectory v = [x0, x1, . . . , xτ−1]
T , where

here we consider a 1D case for a scalar state x ∈ R although it can be extended to a vector state
x ∈ Rn. The feature maps of the Fourier feature mapping, their magnitudes, and their phases are

(1) φDFT(v) = [X0, . . . , Xω, . . . , Xτ−1]
T ∈ Rτ ; (2) φMAG(v) = [|X0|, . . . , |Xτ−1|]T ∈ Rτ ;

(3) φPHA(v) = [arg(X0), . . . , arg(Xτ−1)]
T ∈ Rτ ,

6
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Figure 3: Using a Fourier feature mapping of kMAG and kPHA results in a wider spectrum, which lets
neural networks learn a wide frequency content. (a) The time series data with the sine basis frequency
of 25, 17.5, 11, 7.7, 2, 1Hz associated with the amplitude of 1, 1.2, 1, 1, 0.4, 1. (b) The kernel spatial
of the kernel matrices. We see that kMAG can preserve high-frequency parts of the signals. (c-f) The
kernel matrices of the composed NTK. (best viewed in color)

where Xω =
∑τ−1

j=0 xj

[
cos
(

2π
τ kj
)
− i sin

(
2π
τ kj
)]

. Set Ck =
[
cos
(
2π
τ ki
)
− sin

(
2π
τ kj
)]
∈

Rτ×τ , then the kernel functions of these mappings are

(1) kDFT(v1,v2) =

τ−1∑
k=0

vT
1 Ckv2; (2) kMAG(v1,v2) =

τ−1∑
k=0

√
vT
1 Ckv1vT

2 Ckv2;

(3) kPHA(v1,v2) = φPHA(v1)
T
φPHA(v2).

After mapping the input points into the Fourier features, we feed them into a neural network to obtain
ŷ(φ(v);w). Hence for DFT kernel function the resulting composed kernel of the neural network is
kNTK(φDFT(v1), φDFT(v2)). Similarly, we have the kernels for kMAG and kPHA.

Visualizing the composed NTK. We generate time series data composed of different frequencies and
magnitude of sine waves. The length of the data is 200 samples, and we set τ = 100 (i.e., v ∈ R100)
with the sampling rate being 100Hz. We slide a window and hence have 101 instances in total. Fig. 3
shows the time series data, the effects of each kernel, and its spatial plot. By construction, kMAG and
kPHA have a slower decay in the high-frequency domain as shown in Fig. 3(b). In addition, kDFT

and no mapping have the same kernel matrix and a narrower kernel spatial. This observation supports
the idea of not using Xω when learning the system with periodic or vibrational behavior as |Xω|
(magnitude) preserves high-frequency information, which is useful for parameter estimations. Note
that for the system that does not have high-frequency signals, both Xω and |Xω| are equally well.

Comparison to [51]. Our work is inspired by [51], which also uses Fourier feature mappings.
However, there are a few key differences. (1) Setup. The Fourier feature mapping in [51] transforms
the low-dimensional x-y coordinates into high-dimensional Fourier features, which projects data
into a high-dimensional space. In contrast, we use Fourier feature mapping of raw time series data,
which compresses data into more compact representations. (2) Analysis. We discuss the difference of
Fourier feature mappings, their magnitudes, and their phases to understand the effect of each mapping
for predicting system parameters. In contrast, [51] does not have such analysis.

6 Simulations

We study the following questions: (1) How does ALPS perform compared to other baseline methods
without the Fourier feature mapping and physics-in-the-loop? (2) What is the effect of self-attention
networks in ALPS? (3) How does ALPS perform in a full-scale train wheel system dynamics?

Visual dataset. We generate three visual datasets: pendulum, mass-spring-damper (MSD), and a
two-body system to compare the performance of ALPS to that of the baseline in the literature. These
baselines are very commonly used in the prior work. We first randomly sample an initial state and
physical parameters, and then generate a 125 step rollout following the true system dynamics, and
render corresponding 64 by 64 by 3 pixel observation snapshots. The sampling rate is 20Hz in the

7
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pendulum, 100Hz in MSD, and 6Hz in two-body systems. The observation length τ is 100. In total,
we generate 500 training and 500 test trajectories, resulting in 13,000 training and test sequences.

(1) Pendulum. The dynamics is d
dt

[
ϕ
ϕ̇

]
=

[
ϕ̇

−βϕ̇− G
L sin (ϕ)

]
, where ϕ is an angle, ϕ̇ is an

angular velocity, β is a friction coefficient, G is a gravitational constant, and L is the length of the
pendulum. We fix G = 10, L = 1, then sample β from a uniform distribution β ∼ U(0.1, 1), an
initial angle from a uniform distribution ϕ0 ∼ U(−π,+π), and an initial angular velocity from a
uniform distribution ϕ̇0 ∼ U(0.5, 4). We predict θ = [β] in this task.

(2) Mass-spring-damper. The dynamics of double mass-spring-damper system is

d
dt

⎡⎢⎣x(1)x(2)
x(3)
x(4)

⎤⎥⎦ =

⎡⎢⎢⎣
0 1 0 0

−α(1)−α(2)
m(1)

−α(3)−α(4)
m(1)

α(1)
m(1)

α(3)
m(1)

0 0 0 1
α(1)
m(2)

α(3)
m(2) − α(1)

m(2)
α(3)
m(2)

⎤⎥⎥⎦
⎡⎢⎣x(1)x(2)
x(3)
x(4)

⎤⎥⎦+

⎡⎢⎢⎣
0 0

α(2)
m(1)

α(4)
m(1)

0 0
0 0

⎤⎥⎥⎦[u(1)u(2)

]
,

where x(1), x(3) are the displacement and velocity of the primary spring; x(2), x(4) are the displace-
ment and velocity of the secondary spring; u(1), u(2) are the inputs; α(2), α(4) are the stiffness and
damping ratio of the primary spring and damper; α(1), α(3) are the stiffness and damping ratio of
the secondary spring and damper, and m(1),m(2) are the mass of the primary and secondary spring.
We fix all the parameters and the initial state except for α(2), which is sampled from a uniform
distribution α(2) ∼ U(4 × 103, 4× 106). The input excitations are sampled from a unit Gaussian
distribution u ∼ N (0, 0.05)×N (0, 0.05) (i.e., white noise). We predict θ = [α(2)] in this task.

(3) Two-body. In this system two particles interact with each other via an attractive force. The

dynamics is a HamiltonianH =
‖p(1)‖2

2

2m(1) +
‖p(2)‖2

2

2m(2) + Gm(1)m(2)
‖q(1)−q(2)‖2

, where p(1), p(2) are the positions

of the particles; q(1), q(2) are the momentum of the particles; m(1),m(2) are the masses of the
particles, and G is a gravitational constant. We fix G = 10,m(1) = m(2) = 1, then sampleH from
a uniform distributionH ∼ U(0.4, 1). We predict θ = [H] in this task.

Time series dataset. In addition, we obtain an MSD system dataset with state measurements.

(4) MSD time series data from full-scale train wheel suspension system. To show the applicability
of ALPS, we conduct experiments with the data that represent the situation when sensors are installed
in the real train wheel suspension system. We use full-scale dynamics of the train wheel suspension
system with 18 state elements, 12 observations, 16 input excitations, and 24 system parameters. We
want to identify the stiffness and damping ratio of the 12 spring-dampers. The dynamics are complex
due to the interactions of multiple springs and dampers. In addition, this problem is challenging as
the data contain noise. To align with the real world scenario, we assume that the system parameters
of the system slowly change over time. As a result, the data has the same set of system parameters
but with different initial conditions (e.g., initial vibration speed). The dataset contains 20 trajectories
with 500 steps sampled by 100Hz. We use a 50-50 split to get the training and test datasets with
τ = 100. Here we do not use the self-attention and decoder network in ALPS–the estimator takes in
state measurements directly.

Baselines. We select the following baselines that are commonly used in the literature.

(1) Context-aware dynamics model (CDM) [69]. CDM is the state-of-the-art method to learn the
system dynamics into two stages: it first learns a context vector that captures the local dynamics, and
then predicts the next state based on the context vector and the current state and input. CDM does
not consider physics prior nor Fourier feature mapping. This is to show that using physics priors
improves performance and benchmark the results.
(2) Autoencoder. We remove the estimator and the physics simulator to benchmark the mismatch
between the true state and the latent representation (equal dimension) of the autoencoder in Fig. 1(a)
to show the interpretability of ALPS.
(3) ALPS w/o the Fourier feature mapping. We consider a variant by replacing the Fourier feature
mapping with raw encoded state trajectories {x̃s}. This method is similar to [45], which also uses
time series data to learn system dynamics.
(4) ALPS w/o self-attention networks. We consider a variant by replacing the self-attention network
with a simple MLP to predict the position of the system, followed by a first-order finite-difference
estimator to estimate the velocity. This uses the same approach as in [63] to estimate states. Finally,
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Pendulum Mass-Spring-Damper Two-body

SE OE PE SE OE PE SE OE PE

CDM [69] 345.22 1766.70 – 0.99 5.69×108 – 50.23 2.03×108 –
Autoencoder 3041.12 600.84 – 7.63 7.42×108 – 95.80 2.71×108 –

ALPS (ours) 86.48 1696.91 0.06 0.29 7.43×108 0.60×106 0.45 2.59×108 0.02
w/o Fourier feat. [45] 90.82 1773.39 0.29 0.93 7.44×108 2.28×106 1.86 2.56×108 0.02
w/o self-attention [63] 181.22 1950.77 0.06 1.85 7.44×108 1.87×106 511.49 2.72×108 0.27

Figure 4: (Top) Evaluation for the tested networks in the visual tasks. (Bottom) Selected visualization
results (we randomly sampled the ground truths and tested ALPS and CDM to show more cases).
Note that for the pendulum and two-body tasks, the range of θ is (0, 10]; for the MSD tasks, the θ
is in the range of 106. SE: state prediction error; OE: observation prediction error; PE: parameter
prediction error. And in visualization the true state here is x, ENC state is x̃, and ODE state is x̂.
ALPS achieves competitive performance in predicting physical parameters and states.

we ensure that all baselines are comparable in terms of representation power and the number of
parameters. The loss functions used for these baselines are included in Appendix D.

Evaluation metrics. We use a mean squared error (MSE) between simulated {x̂s} and true states

{xs} to evaluate the performance: SE := 1
N

∑N
i=1

∑t
s=t−τ+1 ‖x̂s − xs‖22 , where N is the number

of test data. We also compute MSE between reconstructed {ôt} and true observations {ot} : OE :=
1
N

∑N
i=1

∑t
s=t−τ+1 ‖ôs − os‖22 . Moreover, we compute the absolute value difference between

estimated θ̂ and true parameters θ : PE := 1
N

∑N
i=1

∥∥∥θ̂ − θ
∥∥∥
1
.

Results in the visual tasks. Fig. 4 shows the results. Note that we let the size of the latent
representation of the autoencoder be the same as the size of the true states. The reason is that we
would like to know its state error when there is no constraint imposed so that we can quantify the
difference from the one with imposing physics constraints. We see that (1) ALPS achieves the best
performance in predicting physical parameters in all cases, with at the most 4.8x lower error in
the pendulum task. On the other hand, the Fourier feature mapping does not have much effect in
predicting the physical parameter in the two-body system. This verifies the analysis of the Fourier
feature mapping: for the task with a wider frequency spectrum (e.g., 100Hz in the MSD), the Fourier
feature improves the prediction due to higher eigenvalues in the high-frequency content, whereas for
the task with only a low-frequency spectrum (e.g., 6Hz in the two-body), raw state sequences can
already capture low-frequency content. This supports the idea of using Fourier feature mappings for
high-frequency data. (2) ALPS achieves competitive results in predicting the states, with at the most
6.3x lower error in the MSD task. We further visualize the state prediction results in the pudendum
task for ALPS, which shows that ALPS can accurately track the true states. Without self-attention
networks, the network has a substantial SE due to a large error in computing the velocity, as in the
two-body task. The smaller the sampling rate is, the greater the velocity estimation error is. In
addition, the high SE in autoencoder suggests that its latent representation is uninterpretable. This
verifies the idea of using physics to constrain the representation of the autoencoder to estimate states.

In addition, (3) ALPS achieves comparable results in reconstructing observations. The low error for
CDM in the MSD and two-body tasks is due to degenerated solutions as shown in the Fig. 4. This
implies that using physics stabilizes the training and improves the reconstruction of observations.
(4) Finally, the autoencoder baseline has higher reconstruction loss in some tasks. This is because
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that it learns a degenerated solution, producing blur images due to high-frequency movements of
objects on the scene. Fig. 8 in Appendix E provides more qualitative visualizations of reconstructed
images. Specifically, we find that CDM fails to track the state and resulting blur images in the
mass-spring-damper system or duplicated objects in the two-body system. In contrast, ALPS can
precisely track the state and reconstruct the image well. Our remaining simulations explore ALPS’s
ability in predicting physical parameters from raw state measurements.

SE PE
CDM [69] 56.04 –

ALPS (ours) 3.02 0.44×104

Figure 5: Results in the MSD system for predict-
ing physical parameters from time series data.
Our method achieves the best performance.

Results in MSD time series data from full-scale
train wheel suspension system. To scale the pro-
posed approach to a more complex system, we ap-
ply the approach in a system with a full-scale train
wheel suspension system. The system contains 18
state elements, 12 observations, 16 input excita-
tions, and 24 system parameters. Fig. 5 shows the
results. Here ALPS does not use the encoder nor decoder network–the estimator takes in state
measurements directly, as the system is fully-observable in the dataset. Overall we see that (1) ALPS
achieves the best performance. (2) CDM has worse SE since an MLP cannot learn well from data

with high-frequency content. In addition, we find that the average prediction error rate (i.e., θ̂−θ
θ ) for

these 24 parameters is 0.42% on the complex system. This also implies that by providing physics to
the network, we can improve SE. These observations show ALPS can robustly identify parameters
simultaneously from state measurements, and support the theory of using Fourier features to learn
periodic dynamics. Moreover, this result shows ALPS can be deployed in real prognostic applications
for tracking physical parameters to enhance railroad safety. Our result is significant for system
designers to diagnose the system and hence schedule maintenance.

7 Conclusion

We addressed the problem of predicting states and physical parameters of a system from observations
with dynamic equations. We showed that the latent representation of the autoencoder is uninter-
pretable. We then use dynamic equations to constrain the latent representation of the autoencoder
to be consistent with the laws of physics. We analyzed the effect of Fourier features for estimating
physical parameters. The results showed that ALPS achieves competitive performance in the visual
tasks and the time series dataset with up to 24 parameter predictions at the same time. This shows
that our method scales to high-dimensional systems and it is useful for real-world applications.

Limitation and future work. Future work could improve ALPS in several ways. For instance,
the understanding of underlying mechanisms in self-attention networks for estimating states from
observations can be advanced. One path is to probe the network by using approaches in natural
language processing. In addition, we require to have dynamic equations and assume that the system is
linear and exhibits periodic or vibrational behaviors. These make it challenging to generalize to more
complicated settings such as contact dynamics. One solution is to combine known physics with neural
models (e.g., interaction networks [13]) to compensate for modeling error, and use time-domain and
frequency-domain features together to predict physical parameters. Moreover, it would be interesting
to explore other more complex tasks (e.g., non-linear systems, fluid dynamics, molecular simulation).
Another limitation of ALPS is the overhead caused by simulating trajectories. For the training of
ALPS, the computation cost mostly comes from running the differential solver. For example, under
the same batch size of 10 and one gradient update, on average ALPS requires 498 seconds whereas
the autoencoder requires 317 seconds, which is 57% slower. The training time for CDM is also
similar to the autoencoder. A method to overcome this will be valuable. In addition to the challenge
of computation cost, the further investigation of the full system with higher dimensional system
parameters (e.g., large-scale machines with a hundred system parameters) and noise observation is an
important future research direction. Finally, incorporating the ideas from the literature on the system
identification [59, 60, 61] to ALPS will further enhance the performance of ALPS.
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[22] Tom Bertalan, Felix Dietrich, Igor Mezić, and Ioannis G Kevrekidis. On learning hamiltonian
systems from data. Chaos: An Interdisciplinary Journal of Nonlinear Science, 29(12):121107,
2019.

[23] Steeven Janny, Fabien Baradel, Natalia Neverova, Madiha Nadri, Greg Mori, and Christian
Wolf. Filtered-cophy: Unsupervised learning of counterfactual physics in pixel space. arXiv
preprint arXiv:2202.00368, 2022.

[24] Pingchuan Ma, Tao Du, Joshua B Tenenbaum, Wojciech Matusik, and Chuang Gan. Risp:
Rendering-invariant state predictor with differentiable simulation and rendering for cross-
domain parameter estimation. arXiv preprint arXiv:2205.05678, 2022.

[25] Niv Giladi, Zvika Ben-Haim, Sella Nevo, Yossi Matias, and Daniel Soudry. Physics-aware
downsampling with deep learning for scalable flood modeling. Advances in Neural Information
Processing Systems, 34, 2021.

[26] Rongye Shi, Zhaobin Mo, and Xuan Di. Physics-informed deep learning for traffic state
estimation: A hybrid paradigm informed by second-order traffic models. In Proceedings of the
AAAI Conference on Artificial Intelligence, volume 35, pages 540–547, 2021.

12

17168https://doi.org/10.52202/068431-1248



[27] Andreas Hochlehnert, Alexander Terenin, Steindór Sæmundsson, and Marc Deisenroth. Learn-
ing contact dynamics using physically structured neural networks. In International Conference
on Artificial Intelligence and Statistics, pages 2152–2160. PMLR, 2021.

[28] Rui Wang, Danielle Maddix, Christos Faloutsos, Yuyang Wang, and Rose Yu. Bridging physics-
based and data-driven modeling for learning dynamical systems. In Learning for Dynamics and
Control, pages 385–398. PMLR, 2021.

[29] Aditi Krishnapriyan, Amir Gholami, Shandian Zhe, Robert Kirby, and Michael W Mahoney.
Characterizing possible failure modes in physics-informed neural networks. Advances in Neural
Information Processing Systems, 34, 2021.

[30] Michael Lutter, Christian Ritter, and Jan Peters. Deep lagrangian networks: Using physics as
model prior for deep learning. In 7th International Conference on Learning Representations,
ICLR 2019, New Orleans, LA, USA, May 6-9, 2019. OpenReview.net, 2019.

[31] Jayesh K. Gupta, Kunal Menda, Zachary Manchester, and Mykel J. Kochenderfer. A general
framework for structured learning of mechanical systems. arXiv preprint arXiv:1902.08705,
2019.

[32] Miles Cranmer, Sam Greydanus, Stephan Hoyer, Peter Battaglia, David Spergel, and Shirley
Ho. Lagrangian neural networks. arXiv preprint arXiv:2003.04630, 2020.

[33] Samuel Greydanus, Misko Dzamba, and Jason Yosinski. Hamiltonian neural networks. In
Hanna M. Wallach, Hugo Larochelle, Alina Beygelzimer, Florence d’Alché-Buc, Emily B. Fox,
and Roman Garnett, editors, Advances in Neural Information Processing Systems 32: Annual
Conference on Neural Information Processing Systems 2019, NeurIPS 2019, December 8-14,
2019, Vancouver, BC, Canada, pages 15353–15363, 2019.

[34] Rui Wang, Robin Walters, and Rose Yu. Meta-learning dynamics forecasting using task
inference. arXiv preprint arXiv:2102.10271, 2021.

[35] Yaofeng Desmond Zhong, Biswadip Dey, and Amit Chakraborty. Symplectic ode-net: Learning
hamiltonian dynamics with control. In 8th International Conference on Learning Representa-
tions, ICLR 2020, Addis Ababa, Ethiopia, April 26-30, 2020. OpenReview.net, 2020.

[36] Peter Toth, Danilo J. Rezende, Andrew Jaegle, Sébastien Racanière, Aleksandar Botev, and
Irina Higgins. Hamiltonian generative networks. In 8th International Conference on Learning
Representations, ICLR 2020, Addis Ababa, Ethiopia, April 26-30, 2020. OpenReview.net, 2020.

[37] Irina Higgins, Peter Wirnsberger, Andrew Jaegle, and Aleksandar Botev. Symetric: Measuring
the quality of learnt hamiltonian dynamics inferred from vision. Advances in Neural Information
Processing Systems, 34, 2021.

[38] Alejandro Queiruga, N Benjamin Erichson, Liam Hodgkinson, and Michael W Mahoney.
Stateful ode-nets using basis function expansions. Advances in Neural Information Processing
Systems, 34, 2021.

[39] Yaofeng Desmond Zhong, Biswadip Dey, and Amit Chakraborty. Benchmarking energy-
conserving neural networks for learning dynamics from data. In Learning for Dynamics and
Control, pages 1218–1229. PMLR, 2021.

[40] Kookjin Lee, Nathaniel Trask, and Panos Stinis. Machine learning structure preserving brackets
for forecasting irreversible processes. Advances in Neural Information Processing Systems, 34,
2021.

[41] Alvaro Sanchez-Gonzalez, Jonathan Godwin, Tobias Pfaff, Rex Ying, Jure Leskovec, and
Peter W. Battaglia. Learning to simulate complex physics with graph networks. In Proceedings
of the 37th International Conference on Machine Learning, ICML 2020, 13-18 July 2020,
Virtual Event, volume 119 of Proceedings of Machine Learning Research, pages 8459–8468.
PMLR, 2020.

13

17169 https://doi.org/10.52202/068431-1248



[42] Kiwon Um, Robert Brand, Philipp Holl, Nils Thuerey, et al. Solver-in-the-loop: Learning from
differentiable physics to interact with iterative pde-solvers. arXiv preprint arXiv:2007.00016,
2020.

[43] Eric Heiden, David Millard, Erwin Coumans, Yizhou Sheng, and Gaurav S. Sukhatme.
Neuralsim: Augmenting differentiable simulators with neural networks. arXiv preprint
arXiv:2011.04217, 2020.

[44] Krishna Murthy Jatavallabhula, Miles Macklin, Florian Golemo, Vikram Voleti, Linda Petrini,
Martin Weiss, Breandan Considine, Jerome Parent-Levesque, Kevin Xie, Kenny Erleben, et al.
gradsim: Differentiable simulation for system identification and visuomotor control. arXiv
preprint arXiv:2104.02646, 2021.

[45] Miguel Jaques, Michael Burke, and Timothy M. Hospedales. Physics-as-inverse-graphics: Unsu-
pervised physical parameter estimation from video. In 8th International Conference on Learning
Representations, ICLR 2020, Addis Ababa, Ethiopia, April 26-30, 2020. OpenReview.net, 2020.

[46] Bethany Lusch, J Nathan Kutz, and Steven L Brunton. Deep learning for universal linear
embeddings of nonlinear dynamics. Nature communications, 9(1):1–10, 2018.

[47] Samuel Rudy, Alessandro Alla, Steven L Brunton, and J. Nathan Kutz. Data-driven identification
of parametric partial differential equations. SIAM Journal on Applied Dynamical Systems,
18(2):643–660, 2019.

[48] Naoya Takeishi, Yoshinobu Kawahara, and Takehisa Yairi. Learning koopman invariant sub-
spaces for dynamic mode decomposition. Advances in Neural Information Processing Systems,
30, 2017.

[49] Samuel E. Otto and Clarence W. Rowley. Linearly recurrent autoencoder networks for learning
dynamics. SIAM Journal on Applied Dynamical Systems, 18(1):558–593, 2019.

[50] Akshunna S. Dogra and William Redman. Optimizing neural networks via koopman operator
theory. Advances in Neural Information Processing Systems, 33:2087–2097, 2020.

[51] Matthew Tancik, Pratul P. Srinivasan, Ben Mildenhall, Sara Fridovich-Keil, Nithin Raghavan,
Utkarsh Singhal, Ravi Ramamoorthi, Jonathan T. Barron, and Ren Ng. Fourier features
let networks learn high frequency functions in low dimensional domains. arXiv preprint
arXiv:2006.10739, 2020.

[52] Ali Rahimi and Benjamin Recht. Random features for large-scale kernel machines. Advances
in neural information processing systems, 20, 2007.

[53] James Lee-Thorp, Joshua Ainslie, Ilya Eckstein, and Santiago Ontanon. Fnet: Mixing tokens
with fourier transforms. arXiv preprint arXiv:2105.03824, 2021.

[54] Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N. Gomez,
Lukasz Kaiser, and Illia Polosukhin. Attention is all you need. In Isabelle Guyon, Ulrike von
Luxburg, Samy Bengio, Hanna M. Wallach, Rob Fergus, S. V. N. Vishwanathan, and Roman
Garnett, editors, Advances in Neural Information Processing Systems 30: Annual Conference
on Neural Information Processing Systems 2017, December 4-9, 2017, Long Beach, CA, USA,
pages 5998–6008, 2017.

[55] Linear grey-box model estimation. https://www.mathworks.com/help/ident/ref/
iddata.greyest.html. Accessed: 2022-09-18.

[56] M. Grewal and Keith Glover. Identifiability of linear and nonlinear dynamical systems. IEEE
Transactions on automatic control, 21(6):833–837, 1976.

[57] Hannu Pohjanpalo. System identifiability based on the power series expansion of the solution.
Mathematical biosciences, 41(1-2):21–33, 1978.

[58] Hongyu Miao, Xiaohua Xia, Alan S. Perelson, and Hulin Wu. On identifiability of nonlinear
ode models and applications in viral dynamics. SIAM review, 53(1):3–39, 2011.

14

17170https://doi.org/10.52202/068431-1248



[59] Tobias Nagel and Marco F. Huber. Autoencoder-inspired identification of lti systems. In 2021
European Control Conference (ECC), pages 2352–2357, 2021.

[60] Ivan Markovsky and Florian D"orfler. Behavioral systems theory in data-driven analysis, signal
processing, and control. Annual Reviews in Control, 52:42–64, 2021.

[61] Alberto Padoan, Jeremy Coulson, Henk J van Waarde, John Lygeros, and Florian D"orfler.
Behavioral uncertainty quantification for data-driven control. arXiv preprint arXiv:2204.02671,
2022.

[62] Danijar Hafner, Timothy P. Lillicrap, Ian Fischer, Ruben Villegas, David Ha, Honglak Lee, and
James Davidson. Learning latent dynamics for planning from pixels. In Kamalika Chaudhuri and
Ruslan Salakhutdinov, editors, Proceedings of the 36th International Conference on Machine
Learning, ICML 2019, 9-15 June 2019, Long Beach, California, USA, volume 97 of Proceedings
of Machine Learning Research, pages 2555–2565. PMLR, 2019.

[63] Yaofeng Desmond Zhong and Naomi Leonard. Unsupervised learning of lagrangian dynamics
from images for prediction and control. Advances in Neural Information Processing Systems,
33, 2020.

[64] Arthur Jacot, Clément Hongler, and Franck Gabriel. Neural tangent kernel: Convergence and
generalization in neural networks. In Samy Bengio, Hanna M. Wallach, Hugo Larochelle,
Kristen Grauman, Nicolò Cesa-Bianchi, and Roman Garnett, editors, Advances in Neural
Information Processing Systems 31: Annual Conference on Neural Information Processing
Systems 2018, NeurIPS 2018, December 3-8, 2018, Montréal, Canada, pages 8580–8589, 2018.

[65] Tian Qi Chen, Yulia Rubanova, Jesse Bettencourt, and David Duvenaud. Neural ordinary
differential equations. In Samy Bengio, Hanna M. Wallach, Hugo Larochelle, Kristen Grauman,
Nicolò Cesa-Bianchi, and Roman Garnett, editors, Advances in Neural Information Processing
Systems 31: Annual Conference on Neural Information Processing Systems 2018, NeurIPS
2018, December 3-8, 2018, Montréal, Canada, pages 6572–6583, 2018.

[66] Diederik P. Kingma and Max Welling. Auto-encoding variational bayes. In Yoshua Bengio and
Yann LeCun, editors, 2nd International Conference on Learning Representations, ICLR 2014,
Banff, AB, Canada, April 14-16, 2014, Conference Track Proceedings, 2014.

[67] Zongyi Li, Nikola Kovachki, Kamyar Azizzadenesheli, Burigede Liu, Kaushik Bhattacharya,
Andrew Stuart, and Anima Anandkumar. Fourier neural operator for parametric partial differen-
tial equations. arXiv preprint arXiv:2010.08895, 2020.

[68] Vincent Sitzmann, Julien Martel, Alexander Bergman, David Lindell, and Gordon Wetzstein. Im-
plicit neural representations with periodic activation functions. Advances in Neural Information
Processing Systems, 33:7462–7473, 2020.

[69] Kimin Lee, Younggyo Seo, Seunghyun Lee, Honglak Lee, and Jinwoo Shin. Context-aware
dynamics model for generalization in model-based reinforcement learning. In Proceedings of
the 37th International Conference on Machine Learning, ICML 2020, 13-18 July 2020, Virtual
Event, volume 119 of Proceedings of Machine Learning Research, pages 5757–5766. PMLR,
2020.

[70] Diederik P. Kingma and Jimmy Ba. Adam: A method for stochastic optimization. In Yoshua
Bengio and Yann LeCun, editors, 3rd International Conference on Learning Representations,
ICLR 2015, San Diego, CA, USA, May 7-9, 2015, Conference Track Proceedings, 2015.

Checklist

1. For all authors...

(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s
contributions and scope? [Yes] We use an autoencoder to estimate states from obser-
vations with physics-in-the loop, and show that using the Fourier feature can improve
generalization. Our experiments support this idea.
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(b) Did you describe the limitations of your work? [Yes] See Section 7 and Section A in
the supplementary material.

(c) Did you discuss any potential negative societal impacts of your work? [Yes] We do
not see any potential negative societal impacts of the work. We show one example of
applying the proposed model in a real engineering application in Section 6, and discuss
the potential impact and limitations in Section A.

(d) Have you read the ethics review guidelines and ensured that your paper conforms to
them? [Yes]

2. If you are including theoretical results...

(a) Did you state the full set of assumptions of all theoretical results? [Yes] See Section 3
and Section 5.

(b) Did you include complete proofs of all theoretical results? [Yes] See Section B and
Section C in the supplementary material.

3. If you ran experiments...

(a) Did you include the code, data, and instructions needed to reproduce the main experi-
mental results (either in the supplemental material or as a URL)? [Yes] See Section D
in the supplementary material.

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they
were chosen)? [Yes] See Section 6 and Section D in the supplementary material.

(c) Did you report error bars (e.g., with respect to the random seed after running experi-
ments multiple times)? [N/A] We follow the same style of machine learning papers to
report the results.

(d) Did you include the total amount of compute and the type of resources used (e.g., type
of GPUs, internal cluster, or cloud provider)? [Yes] See Section D in the supplementary
material.

4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the creators? [Yes] We develop our
experiments for the visual tasks by modifying the code from [63]. In addition, we
develop our own code for the MSD time series data.

(b) Did you mention the license of the assets? [Yes] The code in [63] is open-sourced.

(c) Did you include any new assets either in the supplemental material or as a URL? [Yes]
The URL can be bound in [63].

(d) Did you discuss whether and how consent was obtained from people whose data you’re
using/curating? [N/A] We do not use the data from other people. We generated the
data by our own.

(e) Did you discuss whether the data you are using/curating contains personally identifiable
information or offensive content? [N/A] The data we use only contain measurements
of the physical systems.

5. If you used crowdsourcing or conducted research with human subjects...

(a) Did you include the full text of instructions given to participants and screenshots, if
applicable? [N/A] We do not use crowdsourcing.

(b) Did you describe any potential participant risks, with links to Institutional Review
Board (IRB) approvals, if applicable? [N/A] We do not use crowdsourcing.

(c) Did you include the estimated hourly wage paid to participants and the total amount
spent on participant compensation? [N/A] We do not use crowdsourcing.
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