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Learning What Matters: Task Tailored Dynamics
Models through Differentiable MPC

Jan Węgrzynowski, Piotr Kicki, Grzegorz Czechmanowski, Krzysztof Walas

Abstract—In model-based control, dynamics models are typ-
ically trained by minimizing open-loop prediction errors uni-
formly across all states and time steps. However, due to finite
model capacity, this approach often misallocates representational
power, as not all prediction errors impact the downstream
closed-loop task equally. In this paper, we propose a task-aware
training methodology that weights multi-step prediction errors
based on their analytical sensitivity approximation to the closed-
loop task cost, extracted via differentiable MPC. Experimental
results demonstrate that fine-tuning dynamics models with our
sensitivity-weighted loss significantly improves closed-loop track-
ing performance compared to standard Mean Squared Error
(MSE) or variance-based state standardization.

Index Terms—Model Predictive Control, Dynamics Learning,
Differentiable Optimization, System Identification

I. INTRODUCTION

The deployment of optimization-based control, particularly
Model Predictive Control (MPC), has seen significant success
in highly dynamic robotic applications. Traditionally reliant on
first-principles models, there is a growing trend to use high-
capacity function approximators, such as neural networks, to
capture complex, unmodeled phenomena like aerodynamic
drag or complex friction interactions [1]–[4]. When these
learned dynamics models are integrated into MPC frameworks,
they can significantly enhance closed-loop performance [3],
[5]–[7].

However, training these neural dynamics models presents
a fundamental challenge. Conventionally, models are trained
via regression to minimize the open-loop multi-step prediction
error between the simulated trajectory and the ground truth [7],
[8]. Standard loss functions, such as MSE, implicitly assume
that an error in any state dimension at any future time step is
equally detrimental. In practice, due to the limited computa-
tional resources available for real-time inference, the model’s
representational capacity is strictly bounded. Consequently,
the model is forced to distribute its limited capacity evenly
across all states. Yet, in the context of closed-loop control,
this assumption rarely holds true: a small prediction error in a
critical state (e.g., heading angle at high speeds) can severely
degrade task performance, while a larger error in a less relevant
state might be entirely compensated for by the controller’s
feedback loop.

The concept of aligning the dynamics model training objec-
tive with its downstream usage has been explored within the
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RL community. Termed “value-aware” model learning, these
approaches adjust the model loss based on the gradient of the
value function, encouraging the model to be accurate where
it affects the policy’s expected return [9]–[11]. Furthermore,
techniques to shape the prediction loss to avoid irrelevant
visual distractors have been successfully deployed in model-
based RL [12]. Despite these advances in RL, weighting
the training loss in the context of explicit optimization-based
control, where the planner solves a constrained optimal control
problem at every time step, remains largely unexplored.

In this work, we bridge this gap by learning dynamics
models with a control-aware loss tailored for MPC. Rather
than treating the controller as a black-box policy, we leverage
the known, differentiable structure of the MPC optimization
problem [13], [14]. By utilizing differentiable MPC, we can
analytically compute the sensitivity of the planned control
actions and ultimately, approximate the closed-loop task cost
with respect to specific state prediction errors along the
horizon. We utilize these sensitivities to construct a weighting
tensor that explicitly penalizes prediction errors that would
have a significant impact on the controller’s performance.

The main contributions of this paper are:
1) a novel task-aligned training objective that utilizes dif-

ferentiable MPC to extract sample-, state- and prediction
length- dependent sensitivity weights, effectively teach-
ing the model “what matters” for control, and

2) an empirical evaluation demonstrating that models
trained with our sensitivity-weighted loss achieve su-
perior closed-loop performance without requiring larger
network architectures.

II. METHOD

In modern model-based control, it is common to use uni-
versal function approximators, such as neural networks, to
learn the dynamics model which is then used in a predictive
controller. Ultimately, the objective of learning a dynamics
model is not merely to minimize open-loop prediction errors,
but to maximize the closed-loop performance of the controller.
Due to limited computational resources and the strict timing
requirements of the control interval, the dynamics model’s
capacity is constrained. Conventional training methodologies
typically evaluate model accuracy using uniformly weighted
loss functions. However, this implicitly assumes that all state
errors are equally detrimental to the task, which we believe
is rarely true in complex robotic systems. To explicitly align
model training with its downstream usage, we introduce a
task-aware weighting formulation, i.e., we aim to make the
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dynamics model more accurate in states that are critical
for controller performance, given the finite limit on model
capacity.

Let x̂t:t+tp ∈ Rtp×n represent a predicted state trajectory
of length tp and state dimension n. This trajectory is rolled
out from an initial true state xt using a sequence of applied
controls ut:t+tp−1 and a parameterized dynamics model f rk4

θ

(utilizing Runge-Kutta 4 integration). Let xtrue
t:t+tp denote the

corresponding ground-truth trajectory.
We formulate a sensitivity-weighted objective function for

training the dynamics model as follows:

Lsens(θ) =
∥∥∥St:t+tp ⊙

(
x̂t:t+tp − xtrue

t:t+tp

)∥∥∥2
2

(1)

where St:t+tp ∈ Rtp×n is a prediction horizon length- and
state-dependent weighting tensor, and ⊙ denotes the element-
wise (Hadamard) product.

The core problem formulation in this context lies in the
optimal selection of S. Ideally, S should be designed such
that the resulting training loss is proportional to the closed-
loop performance of the controller operating with the learned
model. Standard practices often default to naive selections
for S, such as an all-ones tensor (standard MSE) or inverse
variance scaling (state standardization).

Rather than using generic baselines, we propose structuring
S to weight prediction errors across each sample, each state,
and each time step of the prediction. This allows the model
to focus its limited capacity on dynamic couplings that are
significant for the control objective, while reducing the penalty
for inaccuracies in states that are irrelevant to downstream
performance.

III. SENSITIVITY OF THE TASK OBJECTIVE TO
PREDICTION ERRORS

To formalize the control-aware form of the weighting tensor
S introduced in Section II, we must quantify how open-loop
prediction errors impact the closed-loop performance of the
system. We define the closed-loop performance via the total
episodic task cost J =

∑T
τ=0 c(xτ , uτ ), where c(x, u) is the

instantaneous cost.
Let et:t+tp = x̂t:t+tp − xtrue

t:t+tp denote the multi-step
open-loop prediction error over the horizon at timestep t.
Our objective is to derive the gradient of the total cost J
with respect to this error trajectory for each sample. This
is evaluated over trajectory tuples drawn from a dataset D
consisting of ground-truth state and action sequences, denoted

as D =
{(

xtrue
i:i+tp

,ui:i+tp

)}N

i=1
.

It is worth keeping in mind the open-loop nature of the
model rollouts during training and the closed-loop nature of
the controller during deployment. The controller optimizes a
planned trajectory but only applies the immediate action ut. At
the subsequent timestep t+1, the system transitions to a new
state based on the true dynamics. Subsequently the controller
computes a fresh prediction horizon, around which a new set
of errors et+1:t+1+tp can occur. Consequently, the open-loop
prediction error et:t+tp influences overall task cost J entirely
through its perturbation of the immediate action ut.

Leveraging this insight, let us consider the total derivative
of the task cost with respect to the prediction errors at time t
to t+ tp:

∂J

∂et:t+tp

=
∂ct

∂et:t+tp

+

T task∑
τ=t+1

∂cτ
∂et:t+tp

, (2)

where ct represents the step cost at time t that depends on
state xt and control ut, and then by applying the chain rule,
we derive the following expression

∂J

∂et:t+tp

=

[
∂ct
∂ut

+

T task∑
τ=t+1

( ∂cτ
∂xτ

dxτ

dut
+

∂cτ
∂uτ

duτ

dut

)]
︸ ︷︷ ︸

Task Sensitivity
to Action (∂J/∂ut)

∂ut

∂et:t+tp

.︸ ︷︷ ︸
Controller Sens.
to Pred. Error

(3)
This factorization decouples the problem into two distinct

components: the sensitivity of the task objective to the ap-
plied action ∂J

∂ut
, and the sensitivity of the controller to the

underlying model inaccuracies ∂ut

∂et:t+tp
. This establishes the

theoretical ideal for our training weights S from Section II:

St:t+tp ∝ ∂J

∂et:t+tp

=
∂J

∂ut

∂ut

∂et:t+tp

(4)

While this formulation provides a target for aligning model
training with closed-loop performance, computing the exact
analytical value of ∂J

∂ut
is intractable in practice. Specifically,

computing the downstream task sensitivity requires evaluating
the state-action Jacobians over time dxτ

dut
. These terms are

governed by the true underlying system dynamics, which are
unknown and precisely what the parameterized model f rk4

θ is
attempting to learn. Therefore, we must rely on approxima-
tions of St:t+tp to bridge this gap.

A. Updated Estimating St

Although we do not have access to the true analytical S, we
can use the finite MPC horizon as a proxy to evaluate how a
change in the selected action will degrade the estimated MPC
cost. Furthermore, through the use of differentiable MPC, we
can establish how perturbations of states along the prediction
horizon will influence the selected action. Therefore, we
propose the following approximation of the true sensitivity
matrix S:

Ŝt:t+tp =
∂ĴMPC

t

∂u0

∣∣∣∣∣
eff

· ∂u0

∂et:t+tp

. (5)

This approximation consists of two parts:
1) Approximated sensitivity of the action on the objec-

tive: When the optimal control action u∗
0 is active at a

hard constraint, the sensitivity is strictly non-zero and
can be extracted directly as the Lagrange multiplier of
that constraint.
However, when u∗

0 is unconstrained, it lies at the lo-
cal minimum of the objective function, meaning the
exact first-order derivative evaluated at u∗

0 is zero
(∇u0

ĴMPC
t = 0). Evaluating the sensitivity exactly at
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Fig. 1. The cost map shows the influence of errors in dynamics model across
states and across prediction horizon on estimated task cost. Generated from
provided pretrained CaDeLaC [15] model.

this point would erroneously yield a weight of zero,
masking the true penalty incurred if prediction errors
perturb the controller away from this optimal action.
To capture the local curvature, how severely the cost
degrades as we move away from the optimal action,
we define an effective sensitivity. This is formulated as
the expected magnitude of the cost gradient subject to a
small perturbation ξ around the optimal action:

∂ĴMPC
t

∂u0

∣∣∣∣∣
eff

= Eξ

∣∣∣∣∣∣ ∂Ĵ
MPC
t

∂u0

∣∣∣∣∣
u∗
0+ξ

∣∣∣∣∣∣
 . (6)

In practice, assuming ξ is drawn from a discrete uniform
distribution ξ ∈ {−ϵ, ϵ}, we approximate this expec-
tation by querying the sensitivities at utest = u∗

0 ± ϵ
and averaging the slopes. By setting utest as an equality
constraint within the differentiable MPC solver, we can
extract the corresponding gradients and average their
absolute magnitudes.

2) Sensitivity of the controller to the dynamics model
errors ∂u0

∂et:t+tp
. This sensitivity can be obtained through

a differentiable implementation of MPC. To do so, we
evaluate the sensitivities along the prediction horizon.

Issues and Assumptions:
1) MPC objective must be similar to the task objective, i.e.,

the optimal control problem must be well formulated.
2) Sensitivities are evaluated around the predicted trajec-

tory, not the executed trajectory, which is used as a
reference for model training. Fortunately, if the model
used for MPC is reasonably accurate, the predicted and
executed trajectories are well aligned. In the limit, as
the prediction error approaches zero, the predicted and
executed trajectories match exactly. However, this may
not be an issue if the sensitivities decay faster than
the point at which the actual and predicted trajectories
diverge.

IV. EXPERIMENTAL RESULTS

In our experimental analysis, we aim to evaluate whether
the proposed weighting improves closed-loop control perfor-

mance. To do so, we consider a trajectory tracking task for
the 7DoF Franka Panda manipulator with different payloads,
following the setup introduced in [15]. As our base archi-
tecture, we employ Context-Aware Deep Lagrangian Model
(CaDeLaC) [15], which augments a nominal physics model
with a history-conditioned residual network to capture unmod-
eled dynamics. All experiments start from the same pretrained
CaDeLaC dynamics model and fine-tune it on a dataset
collected from closed-loop MPC rollouts while tracking ran-
domized reference trajectories in MuJoCo [16] simulation.
Each sample contains the measured joint positions and ve-
locities, the applied MPC torques, and the sensitivity terms
were calculated using acados [14], [17] MPC implementation
using the provided pretrained CaDeLaC model. The learned
dynamics state is x = [q, q̇] ∈ R14 and the control input is the
7-dimensional joint torque vector.

Figure 1 visualizes the estimated cost sensitivity over state
dimensions and over the prediction horizon. The map is
strongly non-uniform, with early prediction steps and a subset
of joint coordinates dominating the downstream cost, which
motivates the potential usefulness of control-aware dynamics
model loss weighting.

A. Training Setup

We fine-tune the pretrained model with multi-step rollout
losses of length p ∈ {1, 4, 12} using the task-aligned objective
in (1). In the experiments reported here, we train primarily
with a position objective, meaning that the loss is calculated
based only on joint positions. We also evaluated variants
trained on both positions and velocities, as well as velocities
alone, but the position objective gave the best closed-loop
tracking performance.

The weighting term St+k determines which components of
the prediction error are emphasized during training. We com-
pare the following weighting strategies: uniform (ones), state
standardization (stand), range normalization (norm), MPC
stage-cost based (mpc_cost), and our task-aligned sensitivity
derived from the MPC sensitivities. Among the sensitivity-
based variants, we evaluate both standardized sensitivities
(ours) and an averaged standardized sensitivity map over the
dataset (ours_avg).

All compared models use the same architecture, optimizer,
and initialization. Thus, differences in performance can be
attributed to the loss weighting strategy rather than model
capacity or controller design. The purpose of varying the
rollout length is to test whether the benefit of task-aligned
weighting becomes more pronounced as training shifts from
one-step prediction to longer-horizon model accuracy.

B. Controller Evaluation

After fine-tuning, each model is deployed inside the same
MPC controller without changing the controller cost, horizon,
or constraints. We evaluate on 20 randomized environments in
which mass and position of the payload are sampled as in [15],
and report the average closed-loop tracking cost over a 10 s
episode. The controller runs at 50Hz, so this metric reflects
the accumulated tracking quality over the full task.
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Fig. 2. Closed-loop tracking cost comparison. Each bar reports the mean and standard deviation over the five runs for a given weighting strategy, normalized
relative to the stand baseline and expressed in percent. From left to right, the rollout lengths are p = 1, p = 4, and p = 12. The sensitivity-based weighting
ours becomes more advantageous as the rollout horizon increases.

Our primary performance metric is the weighted tracking
cost induced by the MPC objective,

Jtrack =
1

T task

T task∑
t=0

[
(qt − qreft )⊤Qq(qt − qreft )

+ (q̇t − q̇reft )⊤Qq̇(q̇t − q̇reft )
]
,

(7)

computed from the realized closed-loop trajectories. For each
weighting strategy, the reported bar plots show the top five runs
across fine-tuning epochs, and the mean cost is normalized
relative to the standardization baseline. Figure 2 summarizes
these comparisons across rollout lengths p ∈ {1, 4, 12}.

The quantitative results in Figure 2 confirm our hypothesis:
employing control-aware weighting during dynamics model
training improves the closed-loop performance of the predic-
tive controller. Crucially, our proposed sensitivity-weighted
approach (ours) outperforms all evaluated baselines across
every tested rollout length during training.

Even for a single-step rollout (p = 1), ours establishes a
clear lead, yielding the best result and reducing the tracking
cost to 95.4% of the stand baseline. Importantly, as the
rollout horizon increases, the performance gap between our
method and the baselines widens substantially. While generic
weighting strategies such as ones, norm, and mpc_cost
stagnate near 100%, ours dominates the longer rollouts,
further reducing the normalized cost to 91.7% at p = 4 and
92.8% at p = 12.

Moreover, we performed an ablation study by averaging the
sensitivities over the dataset (ours_avg), which resulted in
a significant performance drop, proving that local, sample-
dependent sensitivity is key to allocating model capacity
effectively. This suggests that the main benefit comes from
using accurate sample-dependent sensitivities, not just from
emphasizing the same states or imposing a generic decay
along the prediction horizon. Overall, the gains grow with
rollout length, indicating that per-step sensitivity weighting
is especially useful when training must preserve long-horizon
control-relevant accuracy in samples where it is necessary.

V. CONCLUSION

The proposed sensitivity-weighted loss function demon-
strates the benefit of aligning model training with the ultimate

Fig. 3. Example sensitivities for a real-world F1Tenth autonomous racing
task. Left: Sensitivity maps for the dynamic states at different points in time.
Right: Corresponding car positions on the track. The sensitivity of the task
objective to individual states changes heavily depending on the current track
position and corresponding velocities.

goal of closed-loop optimal control. By leveraging the differ-
entiable MPC framework to extract analytical sensitivities, we
showed that weighting multi-step prediction errors by their
downstream task impact significantly improves closed-loop
performance over generic statistical normalizations.

VI. FUTURE WORK

As future work, we plan to extend this approach to other
robotic domains with highly dynamic environments, such as
autonomous racing. Figure 3 provides an initial outlook in this
direction, illustrating sensitivity evaluations for an autonomous
racing vehicle on a track. The importance of predicting specific
state dimensions varies dramatically over time; for instance,
prediction errors in lateral deviation (n) and track relative
heading (µ) are heavily penalized when entering a sharp curve,
whereas different states are prominent ahead of straights.
Because the importance of specific states is highly contextual,
applying our sensitivity-weighted loss represents a promising
avenue for advancing high-speed closed-loop control of racing
vehicles.
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