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Abstract—Model Predictive Control (MPC) is a state-of-the-
art (SOTA) control technique which requires solving hard
constrained optimization problems iteratively. For uncertain
dynamics, analytical model based robust MPC imposes addi-
tional constraints, increasing the hardness of the problem. The
problem exacerbates in performance-critical applications, when
more compute is required in lesser time. Data-driven regres-
sion methods such as Neural Networks have been proposed
in the past to approximate system dynamics. However, such
models rely on high volumes of labeled data, in the absence
of symbolic analytical priors. This incurs non-trivial training
overheads. Physics-informed Neural Networks (PINNs) have
gained traction for approximating non-linear system of ordinary
differential equations (ODEs), with reasonable accuracy. In
this work, we propose a Robust Adaptive MPC framework
via PINNs (RAMP-Net), which uses a neural network trained
partly from simple ODEs and partly from data. A physics
loss is used to learn simple ODEs representing ideal dynamics.
Having access to analytical functions inside the loss function
acts as a regularizer, enforcing robust behavior for paramet-
ric uncertainties. On the other hand, a regular data loss is
used for adapting to residual disturbances (non-parametric
uncertainties), unaccounted during mathematical modelling.
Experiments are performed in a simulated environment for
trajectory tracking of a quadrotor. We report 7.8% to 43.2%
and 8.04% to 61.5% reduction in tracking errors for speeds
ranging from 0.5 to 1.75 m/s compared to two SOTA regression
based MPC methods.

I. INTRODUCTION

Model Predictive Control (MPC) [1] is an advanced control
technique, which involves solving an optimal control problem
iteratively, while satisfying a set of constraints. Although
traditionally used in oil-refineries and process control [2],
with the availability of faster computers, MPC has found
widespread popularity in autonomous driving and robotic
control [3]. In order to account for uncertain disturbances
(typically encountered in real-life), robust MPC techniques
have been proposed which add additional constraints by
setting conservative bounds on disturbances during the design
phase [4]. However, solving the system dynamics accurately
in presence of additional constraints within the required time-
budget forms a bottleneck, in high-speed applications such as
agile drone navigation, even with today’s hardware [5].

Artificial Intelligence (AI) / Machine learning (ML) based
data-driven methods have been put forward, which perform
system identification [6] by fitting kernels obtained through
regression methods such as Gaussian processes [7] or neural
networks [8]. These approaches if trained well, relaxes the
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computational demand during inference, by replacing analyti-
cal models with simple kernels [9], [10]. However, the purely
data-driven AI methods lack explainability [11] and may
require huge training data, with carefully annotated labels,
incurring non-trivial training overheads. Physics-informed
neural network (PINN) [12] introduced by Raissi et. al. ap-
proximated system of ordinary differential equations (ODEs)
using a neural network. PINNs have emerged as a promising
paradigm in the field of numerical optimization [13]. The
residual of the ODEs are fitted using data to reduce the
error using autograd — an automatic differentiation tool [14],
available in standard neural-network software frameworks.
Exploiting this PINN property, the main goal of this work
is to perform system identification in context of MPC, via a
lightweight neural network with low training overhead.

We propose RAMP-Net — a robust adaptive MPC via
PINNs and perform trajectory tracking for a quadrotor in
presence of uncertain dynamic disturbances. The PINN is
trained partly from simple ODEs and partly from data. The
ODEs represent the ideal system dynamics of a quadrotor
in absence of uncertainties/disturbances. The data obtained
through real-life-like simulated environments (with noises
and disturbances) enables the proposed network to adapt
to similar disturbances if encountered during inference. By
training from sample sources (called collocation points [12]),
whose target labels are obtained through analytical symbolic
functions, we are able to infuse system knowledge in the
training data. Having access to such analytical functions
during training enforces desired system behavior, while also
making the model partially interpretable. The main contribu-
tions of this work are as follows:

« We formulate the ideal system dynamics of a quadrotor
to fit the residual dynamics as a physics loss and use
a data loss to capture additional dynamics unaccounted
during mathematical modelling (Section III).

o We train a PINN using the composite loss (sum of the
above mentioned loss functions) to approximate the non-
linear dynamics of a quadrotor to propose RAMP-Net
— a robust adaptive MPC via PINNs (Section 1V).

e We perform trajectory tracking of a Hummingbird
quadrotor in the Gazebo simulation environment to
obtain ~ 60% lesser tracking error compared to a
SOTA regression-based method along with ~ 11% faster
convergence. We report significant reduction in tracking
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error for various speeds (0.5 —12.5 m/s) w.r.t two SOTA
regression based MPC methods [7], [15] (Section V).

II. RELATED WORK

We consider trajectory tracking in the face of uncertain
dynamic disturbances. Research endeavours in the past to
achieve this are briefly discussed.

Deep Reinforcement Learning based Neural methods:
Deep Reinforcement Learning (RL) [16], [17] approaches
assume the underlying control problem to be a Markov
Decision Process (MDP), and uses functional approximation
to learn the optimal policy to perform sequential decision
making under uncertainty. The authors of [18] have
combined RL with adversarial learning [19]. The robust
optimization problem is addressed using an actor-critic
setup, where an agent (actor) learns a policy to control the
system and another agent (critic) learns a separate policy
to destabilize the system. The work in [20] extends [18]
using an ensemble of Deep Q-Networks [21] with the
actor being risk-aware and the critic being risk-seeking.
Neural-MPC [22] uses Deep RL frameworks within an MPC
pipeline, and High-MPC [23] exploits RL to learn high level
policies from low-level MPC controllers. However, many RL
approaches suffer from the sample-inefficiency with lots of
training cycles and steady convergence is still a challenge in
complex scenarios or in rapidly evolving environments [24].
Moreover, absence of analytical/symbolic priors results in
lack of explainibility [11], making these methods tractable
only for simple setups [25].

Data agnostic model-based Analytical/Symbolic methods:
Tube-MPC [4] is a typical robust MPC method, which uses
a nominal dynamics model and sets conservative bounds of
disturbances (called rube) on the state variables, to obtain
robust behaviour. The conservative uncertainty/disturbance
states guarantee stability in the worst-case scenario, however
at the expense of increased “hardness”, as more constraint
satisfactions are required. This problem exacerbates
in performance-critical high-speed applications having
strict time-budgets. To reduce the conservatism of robust
controllers, adaptive MPC techniques [26], [27] consider
parametric uncertainties over state variables. Such techniques
either use functional analysis methods to guarantee closed-
loop stability or adapts the controller parameters to mimic
a reference model. However, such methods are limited to
tackle only parametric uncertainties and tend to overfit to
the analytical reference models, a phenomenon known as
model drift. Hence, model-based adaptive MPC does not
guarantee optimal convergence to true parameters.

Regression based system identification methods for MPC:
We are interested in data-driven control methods in the
context of MPC. To achieve this, we consider system iden-
tification [6], where the analytical model is improved using
data-driven regression methods. This has recently inspired
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Fig. 1. Moving Horizon Illustration. Best viewed in color.

researchers to integrate machine learning and MPC [28]. To
solve this, [7] uses Bayesian tools such as Gaussian processes
to perform regression. On the other hand, [15] recently
employed a technique called Neural-ODE [29] to correct
modelled dynamics using neural networks. Our proposed
method is along similar direction, where we use PINNs to
formulate a composite loss function, with the aim to design
a robust adaptive MPC framework, which we now present.

III. PROPOSED APPROACH
A. Dynamical System formulation

Let us consider a dynamical system of the form
&(t) = f(z(t), u(t)) M

on the time interval T € R, where « : T — X € R” represent
the state variables and w : T +— U € R™ represent the
control variables. In this study, we consider a quadrotor, with
n = 13 states and m = 4 control variables. At ¢t = 0, if
x(t) = z[0], then we are interested in solving an initial-value
problem (IVP) over time-interval T. According to [30], if f
is Lipschitz-continuous with respect to the state, then the IVP
has a unique solution for each w € L (T,U). From Eqn.
(1), we can write

t=k+1 t=T
[ = [ sa), ) (22)
t=k t=0
t=T
= zlk+1] =x[k] + /70 f(x(t), u(t))dt (2b)
= xlk+i+1] = o(T,x[k +i],ulk +1]) (2¢)
Vi=1{0,1,..,N —1,N} 2d)

Figure 1 illustrates the Multiple-Shooting Moving Horizon
scheme [31] of MPC, which we adopt. T' represents the time-
interval. The final state x[k+i] of the previous interval is fed
as the initial state z[0] of the next interval to obtain x[k+i+1]
by solving an IVP for each interval 7T'. This enables a time-
discretized implementation of a digital controller. We make a
zero-hold assumption for the control variable, i.e, u[k] = 0,
meaning the control signals are constant and discrete within a
moving horizon interval (from ¢t = 0 to ¢t = T'). ¢ represents
a regressor (model-based or data-based or both) to be fitted.

B. MPC problem formulation
Given a reference trajectory xzef , and a control system
as described in Eqn. (2), we want the state vector (xj) of
a quadrotor to follow ;cch as closely as possible. We use a
quadratic cost J € R, defined as follows:
k+T—1
T(awup) = > (lef —al™g +luwillz)  3)
i=k
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where ||z]|g = V&TQx : R" — R, |ju||r = VuTRu :
R™ +— R are weighted semi-norms V Q € R"*", R €
R™X™ being positive semi-definite. The MPC problem then
involves iteratively solving the following in real-time:

argmin J (x, wy) (4a)
ug
st x[k+ 1] = ¢(T, z[k], u[k]) (4b)
vV x[k] € X, ulklelU (4c)
V ke{0,1,...,N,N—1} (4d)
By abuse of notation, &, = «x[k], and u, = ulk].

For each interval, the optimal control signals wj are ob-
tained by solving Eqn. (4). Traditionally, model-based MPC
employs non-linear programming methods such as interior-
point-optimization (IP-OPT) [32] and uses numerical inte-
gration schemes such as Runge-Kutta methods. For high
speed applications, evaluating ¢ can be challenging, specially
if additional constraints are imposed for robust tracking,
by setting conservative bounds. For complex environments,
¢ can be hard to model accurately. In this work, we use
a PINN to numerically evaluate ¢, enabling rapid system
identification for a robust adaptive MPC. We now give a brief
background on PINNs and explain how it can be modified
to perform system identification of a quadrotor subjected to
uncertain dynamic disturbances.

C. Physics-informed Neural Networks

Physics-informed Neural Networks (PINNs) [12] was in-
troduced in 2019 by Raissi et al. . It solved differential
equations by adding the differential equation to the loss
function itself, as a residual. If we consider Eqn. (1), we
can formulate a residual physics loss as follows:

Ly = MSE(x(t), f(2(t), u(t))) 5)

M SE stands for the mean square error. The original paper
only considered equations with state variables . However to
solve an MPC, we require addition of control variables u. In
this work, we add provision for using the control variable
u, and a time variable ¢, to be fed to the neural network, as
separate signals, similar to [33]. Substituting the continuous
variables, with ¢ from Eqn. (4), in this work, we arrive at
the corresponding physics loss, as shown:

L, = MSE(H(T, xp, ur), f(zr, ur)) (62)
= L, = MSE(¢r(zk, u; 0), f(zk, up)) (6b)
|P|
1 .
= Ly = o 2 6@, wss 0) — (o w60
k=1
¥ {@r, up} € P (6d)

We use a neural network parametrized by 6 to learn ¢ and
treat T' as the network parameter, dropping it as a function
argument. Using autograd [14] — an automatic differentiation
tool readily available in standard neural network packages,
the numerical derivative qS'T can be easily evaluated in one
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Fig. 2. PINN Loss = Physics Loss + Data Loss. id implies identity operation.

forward propagation. {xy,ur} € P are called collocation
points [12], where P is the physics dataset. In the physics
loss (Eqn. 6), instead of a labelled target, the symbolic
prior applied on the collocation points (f(x,w)) is used,
imposing a constraint on the data loss (Eqn. 7). This con-
strains/regularizes the neural network to obey the dynamics
of a quadrotor modelled in f.

Figure 2 illustrates the implemented PINN loss evaluation.
A simple Multilayer Perceptron (MLP) is trained. The control
variable u along with the initial values x[0] (last measure-
ment from the previous horizon) are fed as inputs. The
PINN MLP output is passed through f (the ideal dynamics)
and % (the autograd function) to obtain the physics loss.
Furthermore, we collect recorded observations to prepare a
dataset D which to fit a data loss as follows:

Lq= MSE(¢r(xi,uis 0),y;) (7a)
|D|
1
= Lq= D[ D (@i, wi 0) — yi)||? (7b)
=1
V{(xi,w;),yi} €D (70)

The dataset D consists of uncertain dynamic disturbances,
obtained through noise injections in a simulated physics en-
gine. The data samples {x;, u;} € D represent the state and
control input measurements obtained through odometry, and
{yi}, the corresponding groundtruth label of the quadrotor
state derivatives. The physics loss and data loss are added
together to obtain the final composite PINN loss (£, + Lg),
which is backpropagated to perform the weight updates.
Later, we show quantitatively the relative impact of varying
|P| and |D| (Section V-C).

IV. SYSTEM DESIGN

Figure 3 illustrates the logical view of the proposed
RAMP-Net architecture. A switch S; is used to toggle be-
tween the training (S, = ON) and inference (S; = ON). We
summarize the quadrotor nominal dynamics model similar to
[34], [35] and subsequently describe how we achieve robust
behavior to tackle the issue of uncertain dynamics in context
of MPC, when S; is set to ON.

A. Quadrotor Nominal Dynamics

Consider a six degrees-of-freedom quadrotor with mass m
and diagonal moment of inertia J = diag(J;, Jy, J.). We
define * = [p,q,v,wp] V « € R as the quadrotor state
variables. p = [z,y, z]T V p € R are the quadrotor position
coordinates in the world frame. We use the unit quaternions
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Fig. 3. RAMP-Net Architecture. Best viewed in color.
q € R* = [qu, ¢z, gy, ¢-]T such that ||q|| = 1 to represent the
quadrotor attitude, also in the world frame. v € R? are the
linear velocities, i.e. v = p in the world frame, and wp € R3
denotes the angular velocities along XYZ axes in the body
frame. We model the quadrotor thrusts T; V i € {0,1,2,3}
as the control input signals u € R*. The quadrotor nominal
dynamics is modelled as follows:

. v
b 0
@ = Z = flz,u) = q'LBm] (8a)
o +q0Tp+g
B J‘l(TB—waJwB)
0 0 ]
g=| 0 [, Tg=]| O (8b)
~9.8 >
L(-To—Ti +To+T3) |
TR = L(—T() + T1 + T2 — Tg) (80)
kdrag(_TO+Tl _T2+T3)_

where T'p is the collective thrust acting upward, 75 is the
body torque, kg;q4 is the drag constant and L is the quadrotor
arm length in x configuration. ¢ ® T's indicates the rotation
of vector body torque by the quadrotor attitude, i.e., g©Tp =
qT'pq, where q is the conjugate quaternion.

B. Robustness through infusing Parametric Uncertainty

We modify the system dynamics governed by function f
(see Eqn. (1)) as follows:

where f(x,u) represents the nominal dynamics in Eqn. (8)
and f (x,u) represents the additive parametric uncertainty
representing deviations from the nominal quadrotor state
variables. Such deviations can be sampled from standard
distributions, such as a normal distribution parameterized by
N(u,0), 1 and o being the mean and standard deviations
respectively (see Section V-A). This additive term is included
in the symbolic prior, influencing the physics loss £,, as:

|P]

L, = ‘% SO 1[G (i Oranie) — (F+ HIF - (100
k=1

V f = f(wr, ur) (10b)

V [ = f(@r, u N, 0)) (10¢)

C. Adaptation to Residual Non-Parametric Uncertainty

In addition to analytical modelling (which includes the
physics loss), we utilize data-driven methods to obtain more
accurate dynamics. External environment conditions such as
winds, disturbances and frictional effects on rotor inertia
cannot be parameterized using quadrotor states. We add a
non-parametric term f in Eqn. (9) as follows:

frrue(,u) = f(@,u) + f(z,u) + f (11)

where f: T — X € R". We fly the quadrotor in a simulated
environment which injects various noises and disturbances.
Specifically, we inject zero-mean Gaussian noises with 1
standard deviation on the rotor thrusts, a 2nd order poly-
nomial aerodynamic drag effect and add asymmetric motor
voltage noises in the simulated environment while preparing
the dataset D. From Eqn. (4b), using shorthand, we have

Ti41 = Or(Tk, Uk Orarp) (12a)
t=T
— @y =z / forvel@wydt  (12b)
t=0
t=T
— / F+ D@wd+F (12
t=0

f is hence synthesized from the dataset D affecting the data
loss L4, which is rewritten as:

|D| t=T

1
Lg= = Z ||wk+1—$k—/
D] 2~ t

=0

(F+F) (@, up)dt]* (13)

D = [((z1,u1),91), (22, u2),Y2), -, (D), wp)), Yjp))]”
logged at times [t1,%2,....,tp|], Where y; is the integrand
in Eqn. (13) V k € {1,2,....,|D|}.

We add the two losses £, and L, to train our PINN
Oranmp in order to identify our perceived dynamics in
inference mode (when S; is set to ON) as:

Trt1 = Or(Tk, Ur; Oranmp). (14)

V. RESULTS

A. Methodology

We implemented the PINN using Tensorflow [36], follow-
ing the approach in [37]. The symbolic nominal dynamics
of the quadrotor were implemented in ACADOS [38] which
wraps around the non-linear optimization toolkit CasAdi [39].
We used a 4 layer MLP with 128 neurons in each layer
as our PINN architecture, and trained for 2000 epochs
using early stopping [40] with a patience of 500 epochs.
We used a learning rate of 1. For parametric uncertainty,
we used a zero mean normal distribution with unit standard
deviation (NV(0, X)), where X is a constant unit diagonal co-
variance matrix. We used the entire dataset as a single batch
using the memory-efficient quasi-newton L-BFGS optimizer
[41] following [12], [13]. We used 5k sample points as
|P|+ |D|. The weighted coefficients for £, and L4 were set
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to unity. The PINN based RAMP-Net framework was tested
on closed-loop trajectory tracking experiments in the Gazebo
[42] environment using the AscTec Hummingbird quadrotor
model from the RotorS framework [43]. Table I presents the
implementation details.

TABLE I
RAMP-NET IMPLEMENTATION DETAILS
Quadrotor Property Value
Mass (m) (0.68 4+ 4 x 0.009) kg
Arm Length (L) 0.17 m
Drag Constant (Egrag) 8.06e — 05
Max Rotor Speed 838 rad/s
(Jzs Ty, J2) (0.007, 0.007, 0.012) kgm?
MPC Settings Value
Time Horizon (T°) 1 sec
Publish Frequency 500 Hz
Q[(0,0) : (2,2) 0.5
QI[(3,3) : (6,6) 0.1
Ql(7,7) : (9,9) 0.05
Q[(10,10) : (12, 12)] 0.01
R diag(0.1,0.1,0.1,0.1)

B. Comparitive Schemes

o KNODE-MPC [15]: This work uses Neural ODEs [29]
to learn the residual dynamics which is added to a
nominal dynamics model.

e GP-MPC: This scheme employs a Gaussian Process to
learn the residual dynamics as a posterior probability
distribution, given a prior nominal dynamics.

o Ideal: This considers the nominal dynamics only as the
ideal case, but with perfect oracle of the uncertainties
applied as the residual dynamics.

o Nominal: This considers the nominal dynamics only
without any data-driven correction.

o PID: This assumes an oracle of the uncertainties and
considers a perfectly fine-tuned adaptive PID controller.

C. Impact of data on training performance

We evaluate the training performance in terms of 1) track-
ing error and 2) total training time. We model the tracking
error as a similarity distance between the predicted and
desired trajectories using the dynamic time warping (DTW)
algorithm [44] implemented using [45], using a metric called
data-skewness (|D|/|P|) which is the ratio of number of
regular data points w.r.t the number of collocation points.

Figure 4 illustrates the impact of varying data-skewness.
For KNODE-MPC, this translates to the sample complexity
as discussed in the paper, where the nominal dynamics is
disjoint from the neural network. We swipe from a highly
skewed dataset (1/16) to zero skew (1/1), with intermediate
degrees of skewness (1/8, 1/4, 1/2). We plot the % DTW
errors normalized w.r.t. the nominal baselines for RAMP-
Net and KNODE-MPC for circular trajectories of radius 3m
and 4m along with the training times in seconds. The results
obtained are for maximum radial velocity of 1m/s at a steady
height of ~ 1m. For |D|/|P| = 1/16, we observe that 3
out of 4 % DTW errors exceed 100% over nominal. This
indicates that with extreme skewness (very less data), the

5 120 less data More data

(a) :
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a
” o I
[

oiel— 1/16 /8 1a 12 n

DTW Tracki
Error %

(normalized to
nominal MPC)

M r=3 RAMP-Net 100.4 68.98 56.4 355 10.25
r=3 KNODE-MPC 102.7 76.6 63.4 42 26.2
r=4 RAMP-Net 94 53.3 36.05 14.77 11.9
r=4 KNODE-MPC 101 85 53.5 29.5 28.9
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Fig. 4. Role of data vs physics points on training performance for 2k epochs
(a) 3D DTW Tracking Error (b) Training Time (sec). Best viewed in color.

PINNs do not acquire sufficient expressive power for system
identification. With reduction in skewness, we observe:

1) Errors reduce for both methods, and 2) The error
reduction in RAMP-Net is greater than KNODE-MPC with
decreasing skewness. For zero skewness, we report ~ 61%
and ~ 59% lesser errors for circles with radii 3m and 4m
respectively, compared to KNODE-MPC, with ~ 11% faster
convergence, on the entire training set. Increasing the number
of data-points beyond zero-skew (i.e. |D|/|P| > 1) can
overfit to the odometry data and also increases the training
overhead. Hence, for subsequent evaluations, we chose a
balanced dataset with no skew (i.e. |D|/|P| = 1).

D. Comparison with SOTA Regression based Methods

We compare our work with two other regression based
system identification methods for MPC — KNODE-MPC, and
GP-MPC. Figure 5 presents the % DTW errors of the three
methods for circle and lemniscate trajectories, normalized
w.r.t nominal MPC. Though the methods are trained only on
circles with radii 3m and 4m, the evaluation is performed
for lemniscate trajectories as well, to showcase the gener-
alization capability of data-driven techniques aiding MPC.
The horizontal axes in Figure 5 represent different trajectory
radii, while the vertical axes represent the top radial speed.
We considered stable hovering at 1m for the experiments.

The errors are more in most cases for lemniscate compared
to circle trajectory. This is due to the lemniscate shape being
more complex than a simple circle, places higher demands
on the motor control (more yawing is needed) in presence
of environment disturbances. For RAMP-Net, we observe
higher variation with increasing speed across different radii
(8.45, 6.24, 4.98 standard deviations for circle and 11.65,
10.17, 4.42 standard deviations for lemniscate for RAMP-
Net, KNODE-MPC and GP-MPC respectively). However,
RAMP-Net outperforms both KNODE-MPC and GP-MPC
in terms of % DTW errors normalized to nominal MPC
(46.07%, 53.63%, and 78% for circle and 47.41%, 80.65%,
and 92.79% for lemniscate for RAMP-Net, KNODE-MPC
and GP-MPC respectively, on average). For speeds ranging
from 0.5 m/s to 1.75 m/s, RAMP-Net outperforms KNODE-

1023



Speed [m/s]

3 4 5 6

KNODE-MPC, Lemniscate

o.s eIy s | 1%
0751 74 72 78 94 |80
1.04 U NGEERGER 89 |- 60
125 90 72 85 96 [ 40

150N 80 87 91 |,

175 92 [ 94 88 |

3 4 5 6

Speed [m/s]

= GP-MPC, Circle GP-MPC, Lemniscate
L .5 J8TIBOAY 8678TN78] o05- 99 93 89 o9g | 100
_§,o.75— 78 78 76 87 76 8 075 88 94 98 98 80
- 10-78 8 77 84 83 8 10- 97 83 87 92 |60
Q12577 82 77 76| 125- 94 8 95 95 | 40
Q 15174 84 77 15- 94 8 91 97 | .
N 17574 80 76 79 75 175 93 84 96 95 Lo
2 3 4 5 6 7 3 4 5 6
Radius [m] Radius [m]

Fig. 5. Heatmap of DTW errors normalized to nominal. Lower is better.
Best viewed in color.

MPC and GP-MPC by 7.8% —43.2%, and by 8.04% —61.5%
respectively, on average, in terms of DTW error.

E. Robustness Analysis for higher flight speeds

Figure 6 presents the root-mean-square errors (RMSE)
of all the comparative schemes for radius = 3m, height =
1m. Table II reports the corresponding relative increase in
RMSE from ideal, i.e., |z — ideal|/ideal, where z is a
comparative scheme. We vary the maximum radial speed
as 2.5,5.0,7.5,10.0,12.5 m/s. The environment consists of
dynamic disturbances along with wind and translational
drag effects on the rotors. For the ideal case, the dynamic
disturbances are perfectly countered, resulting in the least
tracking error. However, with increasing maximum speed, the
available time budget reduces, increasing the tracking error.
For nominal, there is no corrective measure to counter the
disturbances, causing the highest increase. The PID control
considers the best tuned gains, however the PID errors are
still considerably high (~ 27x from ideal). We observe that
the errors for GP-MPC, and KNODE-MPC are uncorrelated
with maximum radial speed (within ~ 15X, and ~ 13x
from ideal). RAMP-Net offers the best adaptation, with least
tracking error (within ~ 10x from ideal), with sub-linear
increase (similar to the GP-MPC and KNODE-MPC), with
increasing speed (disturbances), indicating robust tracking.

TABLE II
RELATIVE AVERAGE RMSE INCREASE NORMALIZED TO IDEAL.
LOWER IS BETTER.

Nominal PID GP-MPC KNODE-MPC RAMP-Net
Random 4.61 3.59 1.49 1.38 1.05
Circle 4423 29.81 13.35 11.02 8.43
Lemniscate 51.45 46.67 30.01 26.97 20.34
Average 33.43 26.67 14.95 13.12 9.94

F. Latency comparison with standard integrators

Table III presents the execution run-times obtained us-
ing RAMP-Net and other standard integration methods like

4~ Ideal A
RMSE [m] | Random
A

Nominal -4~ PID --&- GP-MPC

RMSE [m] | Circle

—-A- KNODE-MPC
RMSE [m] | Lemniscate
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Fig. 6. RMSE Errors. Lower is better. Best viewed in color.

Eulers and Runge-Kutta (RK4, RK45) methods, used in
MPC without data-driven regression. We report an order of
magnitude lower latency. The times reported for the RAMP-
Net PINNs are the wall-clock times observed when running
Tensorflow on an NVIDIA GeForce RTX 2080 Ti GPU with
4 cards, 1 GB memory and a clock of 300 MHz. We expect
higher speedup with dedicated accelerators and lower-level
software routines such as BLAS in C/C++.

TABLE IIT
EXECUTION TIME FOR 1 FORWARD PROPAGATION
RAMP-Net Euler RK4 RK45
Mean (sec) 4.14e-04 5.25e-03 2.6e-03 9.4e-03
Median (sec) 2.67e-04 5.09e-03 2.52e-03 5.4e-03

VI. CONCLUSION

Pure model based robust MPC techniques suffer perfor-
mance degradation when subjected to uncertain dynamic
disturbances (Nominal case in Figure 6). To that effect, we
proposed RAMP-Net — a robust adaptive MPC framework
which uses a neural network that embeds the system (in
our case it is a quadrotor) dynamics directly in the neural
network loss forming a composite loss function. Experiments
performed on a Hummingbird quadrotor in the Gazebo sim-
ulation environment reveal that our proposed method results
in ~ 60% lesser tracking error while training compared to a
SOTA regression based method [15] along with ~ 11% faster
convergence. We report significant reduction in tracking error
for various speeds (0.5 — 12.5 m/s) compared to two SOTA
regression based MPC methods [7], [15] and three standard
controllers, with faster dynamics integration compared to tra-
ditional numerical integration methods. The results establish
the effectiveness of incorporating physics-based Al models
for solving optimal control problems in noisy settings. This
potentially should allow researchers to combine first-principle
models with neural networks to better identify real-world
dynamical systems.
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