Beyond Constant Parameters:
Hyper Prediction Models and HyperMPC

Jan Wegrzynowski®2, Piotr Kicki'*?, Grzegorz Czechmanowski

Abstract—Model Predictive Control (MPC) is among the most
widely adopted and reliable methods for robot control, relying
critically on an accurate dynamics model. However, existing
dynamics models used in the gradient-based MPC are limited by
computational complexity and state representation. To address
this limitation, we propose the Hyper Prediction Model (Hy-
perPM) - a novel approach in which we encode the unmodeled
dynamics onto a time-dependent dynamics model. This time-
dependency is captured through time-varying model parameters,
whose evolution over the MPC prediction horizon is learned using
a neural network. Such formulation preserves the computational
efficiency and robustness of the base model while equipping it
with the capacity to anticipate previously unmodeled phenomena.
We evaluated the proposed approach on several challenging
systems, including real-world FITENTH autonomous racing, and
demonstrated that it significantly reduces long-horizon prediction
errors. Moreover, when integrated within the MPC framework
(HyperMPC), our method consistently outperforms existing state-
of-the-art techniques.

Full Paper, Videos, and code are available at hyper-mpc.github.io

Index Terms—Dynamics Model Learning, Model Predictive
Control, MPC

I. INTRODUCTION

One of the fundamental challenges in robotics is deter-
mining optimal actions to achieve specific objectives, a task
generally referred to as control. This challenge is particularly
pronounced for systems that are underactuated or operate at
the limits of their physical capabilities. Many of these com-
plexities have been recently resolved with learning-based con-
trollers [1], [2], [3], [4]. However, if the model of the system is
available, Model Predictive Control (MPC) has demonstrated
outstanding performance across demanding tasks, such as agile
drone flight [5], [6], [7], autonomous racing [8], [9], and
legged locomotion [10], [11].

MPC methods can be broadly categorized into sampling-
based approaches, such as MPPI [12], [13], [14], [15], which
offer flexibility at the expense of computational demand,
and optimization-based approaches [16], which often leverage
physics-derived models [11], [17] or small function approx-
imators [8], [7], [18]. Nevertheless, the effectiveness of all
these approaches depends fundamentally on the quality of the
underlying dynamics model.

Dynamics models in MPC span a spectrum: reduced-order
analytical models derived from first principles [19], [20],
purely data-driven neural networks [21], [22], [23], and hybrid
approaches combining physics-based models with Gaussian
Processes [24], [25], [26], polynomial expansions [7], [27], or
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neural networks [28], [29], [30]. However, all approximators
are limited by partial observability i.e. state representation. In-
cluding history can mitigate this issue [28], [23], but recurrent
models [31], [32] expand the system state, resulting in cubic
growth in MPC complexity. Hyper-networks [33], [34], [35]
and parameter-predicting neural networks [9] offer intriguing
alternatives, though they assume static parameters over the
MPC horizon.

To address these limitations, we propose the Hyper Predic-
tion Model (HyperPM), which encodes the unmodeled com-
ponents of the system dynamics as time-dependent variations
in the parameters of the existing model. This way, we can
enhance the accuracy of the dynamics model without affect-
ing its computational complexity. We implement HyperPM
as a neural network that predicts the trajectories of model
parameters conditioned on past states, controls, and future
planned inputs (see Fig. 1). Unlike prior works [35], [9], which
assume time-invariant parameters, HyperPM anticipates their
evolution, yielding lightweight yet accurate long-horizon dy-
namics models. Furthermore, we propose HyperMPC, which
integrates HyperPM with MPC, exploiting the synergy be-
tween superb long-horizon prediction accuracy of HyperPM
and planned control trajectories obtained with MPC.

We evaluate HyperPM on two challenging tasks: (i) rope-
suspended payload tracking with a drone, and (ii) real-world
FITENTH racing [36]. HyperPM improves prediction accu-
racy by over 12%, and 62% in these tasks compared to models
with constant parameters, while HyperMPC improves control
performance by up to 9%, and 19%, respectively.

The contributions of this paper are the following:

1) Hyper Prediction Model, a novel framework that predicts
future trajectories of dynamics model parameters based on
history and planned actions,

2) HyperMPC, which integrates HyperPM with MPC to im-
prove control performance without increasing the computa-
tional complexity of the dynamics model.

II. PROPOSED METHOD
A. Hyper Prediction Model

To motivate our approach, consider using MPC to control a
drone carrying a rope-suspended payload, where the observ-
able state includes only the drone state variables - position,
orientation, and linear and angular velocities. Therefore, a
system’s model relying solely on (z,u¢) will inevitably
incur errors, because the influence of the swinging payload
cannot be accurately captured without access to its unobserved
state. Moreover, MPC requires knowledge about the payload’s
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Fig. 1: HyperPM leverages the recent state x[(. — t,, (.| and control u[t. — ty, t.] history, together with the planned controls
Ufte,te +t,], to predict a trajectory of time-varying model parameters 0[t., t. + t,]. Injecting these predicted parameters into
the nominal dynamics yields more accurate long-horizon state forecasts, allowing HyperMPC to proactively anticipate and

compensate for previously unmodeled effects.

influence not just at the current time step, but throughout the
entire prediction horizon.

To provide the dynamics model with the ability to com-
pensate for unmodeled phenomena along the entire prediction
horizon, we propose to encode these effects into the variations
of the dynamics model parameters. We challenge the common
assumption of time-invariant model parameters and propose
to infer the trajectory of unmodeled states over the prediction
horizon. The impact of these unmodeled states is then captured
as a trajectory of time-varying model parameters 0[t., t. + t,],
yielding the Hyper-Prediction Model (HyperPM):
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which ingests the recent state history x=[t. — t,, .|, the corre-
sponding control history u[t. — t,, (.|, and the planned control
sequence wl[t.,t.+ t,], to predict the expected trajectory of
time-varying model parameters 0[t., t. + t,]. The scheme of
HyperPM is presented in Figure 1. The HyperPM model (i)
extracts a latent representation of the unobserved unmodeled
state from history of observed states and actions, (ii) propa-
gates that representation forward under the planned actuation,
and (iii) expresses the resulting influence of unmodeled states
as a trajectory of time-varying parameters 0[t., t.+1t,] across
the prediction horizon. Additional implementation details may
be found in the full paper referenced in the abstract.

Olte, tc+1tp] = HyperPM®<

Note that our approach goes beyond adapting the dynamics
model’s parameters, as approaches of this type assume that
adapted parameters are constant over the prediction horizon.
Interestingly, even an ideal adaptation can be outperformed
by HyperPM due to its capabilities to capture expected future
effects of unmodeled dynamics, as shown in the experimental
analysis (see Section III-B).

In summary, our method addresses scenarios where obtain-
ing a fully Markovian representation of the system state is
infeasible or computationally prohibitive. By approximating
certain missing aspects of the dynamics within the model’s
parameter space, HyperPM improves the accuracy of long-
horizon predictions by encoding unmodeled dynamics into
trajectories of time-varying parameters.

B. Training procedure

Training HyperPM requires a tailored procedure, as its goal
of predicting a trajectory of model parameters O[t.,t. + t,]
makes conventional single-step prediction losses unsuitable.
Instead, we predict the parameter’s trajectory and use it to
roll out the time-varying dynamics fy,, generating a predicted
state trajectory Z[t. + dt,t. + t,]. Then, we compute loss as
mean squared error between this predicted state trajectory and
the ground-truth data. We optimize the HyperPM weights ©
by back-propagating the gradients of this trajectory-wise loss
through time [37]. This end-to-end approach directly optimizes
for the long-horizon prediction accuracy, which is crucial for
MPC.

C. HyperMPC

The downstream application of HyperPM, which we focus
on in this paper, is optimization-based Model Predictive Con-
trol [16], [38]. In this framework, an optimization algorithm
computes trajectories of states and control actions that min-
imize the objective function, while satisfying the constraints
stemming from the robot’s dynamics and imposed on its states
and control signals. In order to close the feedback loop, only
the first control action is applied to the plant, and the whole
optimization process is repeated at the next control interval.

The key aspect of the MPC paradigm is the use of a model
capable of accurately predicting the evolution of the system
over the optimization horizon. Typically, MPC uses a single
constant model of the system [16]. However, as shown in [35],
it is possible to infer a new model at each control interval,
so that it can capture local variations in the dynamics of the
system. In our approach, called HyperMPC, we propose to go
further and exploit HyperPM to predict the trajectory of model
parameters over the MPC horizon and increase predictive
accuracy not only locally but also in the expected near future.

We obtain a horizon-long trajectory of dynamics-model
parameters using HyperPM that is fed with both the recent
history of observations and the planned control sequence
generated by the previous MPC iteration. These predicted
parameters are then injected into the nominal dynamics model
and supplied to the MPC solver, which resolves the optimal-
control problem for the current horizon. Only the first action
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Fig. 2: Experimental platforms used to validate the proposed
method: (i) drone with rope attached payload trajectory track-
ing, (ii) real-world autonomous FITENTH [36] racing.

of the refreshed solution is applied to the plant; the state
and planned-action buffers slide forward, and the entire cycle
repeats at the next control interval.

Crucially, the scheme maintains the same computational
complexity as the primary dynamics model within the op-
timization loop, adding only a single forward pass through
a lightweight neural network performed before solving the
optimal control problem.

III. EXPERIMENTS AND RESULTS

To evaluate the effectiveness of the proposed HyperPM and
HyperMPC, we performed experiments on two challenging
control tasks using systems presented in Fig. 2. We show that
forecasting the trajectories of dynamic model parameters using
HyperPM enhances the prediction accuracy and improves the
control performance in MPC. In each experiment, control
performance is evaluated via the accumulating MPC stage
cost across episodes, highlighting differences between the
modeling approaches.

A. Baselines

To establish baselines for our method, we selected a group
of approaches to model the dynamics of the considered
systems: const, — a dynamics model with constant parame-
ters, obtained using single-step prediction error minimization.
const; — a dynamics model with constant parameters, opti-
mized using long sequences to minimize the error between
simulated system states and ground-truth states across entire
trajectories. HD, — referred to as HyperDynamics, inspired by
[9], [35]. This is a dynamics model in which parameters are
predicted by a neural network and held constant for the entire
prediction horizon of the roll-out. It is trained using single-step
prediction error minimization according to [9], [35]. HD; — the
same architecture as HDyg, but trained using long sequences.

In addition, we tested extending the nominal dynamics of
the system with a residual neural network [29], [30], = =
f(x,u) + NN(x, u), trained using long sequences, which we
refer to as res. For drone experiments, the residual network
predicts the residual forces acting on the drone frame.

To ensure a fair comparison with baselines, the training and
architectural hyperparameters (e.g., neural network architec-
ture, batch size, and learning rate) were optimized for each
method by grid search, using the accuracy of the validation
subset as the evaluation criterion. Full details of the training
setup, including hyperparameters, exact MPC formulation, and
dataset descriptions, are provided in the full paper.

TABLE I: Long-horizon prediction error for drone with
payload. Improvement is calculated w.r.t. const; model with
adequate dynamics model.

Nominal Model  Error (mean+std) () Improvement [%] (1)

const; 0.0655 4 0.132 —
HD,; 0.0252 £ 0.083 61.52
HyperPM (ours) 0.0176 £+ 0.076 73.12

Residual Model  Error (mean+std) () Improvement [%] (1)

const; 0.0186 4 0.058 —
HD; 0.0184 £+ 0.057 1.08
HyperPM (ours) 0.0164 £ 0.060 11.82
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Fig. 3: Comparison of drone modeling approaches for an MPC
trajectory tracking task. Values are relative to the nominal
const; model.

B. Simulated drone with rope suspended payload

Drone trajectory tracking is a fundamental component of
an aerial vehicle’s autonomy stack and presents a particularly
challenging modeling problem, especially when the drone is
tasked with transporting a rope-suspended payload. In our
setup, the rope was attached to the center of mass of the drone
frame, allowing us to model the behavior using only forces.
It is important to note that the state of the system does not
include the position or velocity of the payload. This partial
observability introduces complex, time-varying disturbances
not evident from the drone’s state alone, making accurate long-
horizon prediction and control challenging.

In our experiments, we used two dynamics models, nom-
inal [39], and a residual model in which a neural network
predicts drone frame residual forces. Dynamics model pa-
rameters that can be changed by HD; or HyperPM are the
additional forces acting on a drone’s frame. Additionally,
we include an oracle-adaptation baseline that retrieves the
exact payload-induced forces from the simulator and assumes
that these forces remain constant throughout the prediction
horizon. This represents an idealized scenario with access
to perfect information, albeit with the limitations of time-
invariant parameterization. We omitted the models trained
using single-step prediction as they proved unstable inside the
MPC loop and failed to deliver reliable control performance.

The reported results are based on a setup that employs a
0.5 kg payload suspended from a 1 m rope attached to a
quadrotor of mass 1.325 kg. In the long-horizon prediction task
(1s horizon, 100Hz), both HD; and HyperPM substantially im-



TABLE II: Long-horizon prediction error for FITENTH car

Model Error (mean+std) () Improvement [%] (1)
constg 0.0240 + 0.0581 0.00

const; 0.0177 + 0.0290 26.25

HDg 0.0501 + 0.1880 -108.75

HD, 0.0137 + 0.0239 42.92

res 0.0091 + 0.0138 62.08
HyperPM (ours) 0.0123 + 0.0192 48.75

TABLE III: Comparison of MPC solve time, and parameter
inference time on mobile AMD Ryzen 5 4600HS CPU.

Model

Solve time [ms] () Inference time [ms] ({)

(mean =+ std) (mean = std)
const, 10.76 + 2.24 -
const; 10.53 + 1.97 -
HD 13.42 + 3.53 1.56 £+ 0.13
HD;, 10.65 + 2.05 148 £ 0.14
res 23.73 £ 4.76 -
HyperPM (ours) 10.61 £+ 1.76 1.85 £ 0.12

prove upon the nominal model, yet HyperPM’s performance is
notably better. However, for residual dynamic modeling, only
HyperPM delivers a clear gain, exceeding all other methods by
more than 10%, underscoring its ability to anticipate complex,
time-varying unmodeled effects. To evaluate the practical
utility of our approach, we tested how the learned dynam-
ics models perform in a trajectory-tracking task using MPC
following the formulation in [39]. For referenced trajectory
we used the test split of the generated dataset. As presented
in Figure 3, our approach surpasses both the oracle-adaptation
baseline and HD; in both the nominal and residual dynamics
model settings. These results further confirm the advantage
of modeling time-varying parameter trajectories in capturing
complex, unobserved dynamics and translating that capability
into superior control performance.

C. FITENTH racing

Autonomous racing represents a unique and highly demand-
ing testbed for evaluating and advancing control algorithms.
Unlike conventional autonomous driving scenarios, racing
pushes vehicles to operate at the edge of their dynamic limits,
requiring algorithms to manage highly nonlinear dynamics and
unrecoverable consequences of actions. The subsequent exper-
iments use models trained on a 36-minute dataset collected
using a real FITENTH vehicle, with expert drivers manually
navigating a variety of racetracks to span the entire operational
envelope of the vehicle. Our model-based controller objective
is to maximize track progress while keeping the vehicle within
track boundaries.

In our experimental analysis, we first evaluate the prediction
performance of the models on long-horizon sequences drawn
from the manual driving test set. In Table II, we present
the prediction errors for all evaluated modeling approaches
and refer them to the most classical one — constg. The best-
performing model is the residual model, which utilizes the
ability to model residual errors of the analytical model with a
neural network. However, this approach takes advantage of
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Fig. 4: Comparison of modeling approaches in MPC applied
to the real-world FITENTH racing task.

significantly more parameters than the remaining methods.
Among models of the same size, the proposed HyperPM
achieves the lowest error, showing a 48.75% improvement over
the model with constant parameters.

Finally, we evaluated these modeling approaches in real-
world FITENTH racing. We compared them in 30-second
runs using two criteria: (i) total cost ¢(z,w) and (ii) safety
penalty ¢4(x, 1), which mainly include track bounds violation
soft constraint, both accumulated over the whole run. In
Figure 4, we report these metrics averaged over five runs for
each method. HyperPM outperforms all methods, including the
residual network, which previously had the lowest prediction
errors. We attribute this performance gap to the lack of
generalization ability of a residual neural network to a different
distribution of inputs w.r.t. the manual driving dataset.

Regarding computational cost, Table III shows that feeding
a parameter trajectory to the MPC leaves the solver’s runtime
unchanged.

IV. CONCLUSION

In this paper, we introduced the Hyper Prediction Model
(HyperPM) and its integration into the HyperMPC framework
to enhance the predictive accuracy and control performance of
systems with complex dynamics. Our method goes beyond the
reactive paradigm of existing approaches [9], [35], adaptation
schemes, as well as online learning in which model parameters
are frozen across the prediction horizon. The proposed frame-
work, by forecasting time-varying parameters of a dynamics
model, addresses the limitations of dynamics models, where
state representation is often insufficient to describe all impor-
tant phenomena. The experimental evaluations demonstrated
that HyperPM significantly improves the accuracy of the long-
term prediction. Moreover, the HyperMPC delivered superior
performance in downstream control tasks, outperforming state-
of-the-art methods while maintaining the same optimization
loop complexity. Our results highlight the importance of
incorporating anticipated actions into the prediction of model
parameter trajectories, allowing MPC to proactively anticipate
and compensate for previously unmodeled effects.
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