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Learning Context-Aware Neural ODE Dynamics for
Adaptive Robotic Control

Shao-Yi Yu'*, Jen-Wei Wang!*, Maya Horii', Masayoshi Tomizuka' and Vikas Garg?

Abstract—Robotic systems deployed in uncertain and dynam-
ically changing environments often face variations in contact
conditions, aerodynamic effects, and external disturbances that
challenge reliable control. To remain effective under model-
based control, these systems require dynamics models that can
adapt to such changes, especially when direct access to complete
environmental information is limited. To enable adaptability and
facilitate integration with model predictive control, we propose
a context-aware dynamics model based on neural ordinary
differential equations, which infers environmental factors from
state—action histories using a two-phase training procedure. We
validate the approach across diverse robotic platforms, including
a quadrotor in simulation, as well as a Sphero BOLT robot
and a Fanuc manipulator in real-world experiments. The results
demonstrate that our method effectively adapts to temporally and
spatially varying environmental changes across different tasks.
Videos are available here, and the source code is available at our
GitHub repository.

Index Terms—Machine Learning for Robot Control, Reinforce-
ment Learning, Adaptive Control, Learning-based MPC

I. INTRODUCTION

OBOTS are often deployed in uncertain and dynamically

changing environments. For example, mobile robots,
such as ground vehicles or drones, often need to adapt
to varying terrain conditions and wind disturbances, while
manipulators may experience changes in payload when trans-
porting items in warehouses. These environmental variations
make real-time adaptability essential. However, achieving such
adaptability remains challenging for model-based controllers,
as they rely on accurate dynamics models for planning over
long horizons [1]], [2]. Furthermore, many environmental varia-
tions cannot be fully detected using onboard sensors, making it
important for the system to infer hidden environmental factors
from limited data.

Previous efforts in in-context reinforcement learning (RL)
have led to major advances in adapting to different envi-
ronments based on past trajectories [3], [4], [S]. A line of
research in adaptive model-free RL proposes specially de-
signed adaptive modules, known as Rapid Motor Adaptation
(RMA), to encode environmental information in RL policy [6]],
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[7, [8]. However, model-free RL methods often struggle to
explicitly incorporate desired trajectories or constraints, such
as collision avoidance, into the policy, which in turn requires
large amounts of exploratory data.

Several model-based RL approaches have been proposed
[, [O], [L1O]; however, they often model dynamics over
a predefined discrete time domain, which overlooks the
continuously-evolving dynamics of rigid-body robotic systems
[L1]. Since the dynamics of these systems are typically gov-
erned by ordinary differential equations (ODE), neural ordi-
nary differential equations (NODE) [12], which learn (first-
order) derivatives and compute system states using numerical
integrators, are well-suited for modeling continuous-time dy-
namics. The approach of modeling derivatives has also shown
success in time-series prediction tasks across various domains
[L3], [14], [L5]. In robotics, learning dynamics with NODE
has demonstrated robustness to noisy and irregular data in
standard RL tasks [16]]. However, most NODE-related work
either focuses primarily on data efficiency or requires prior
system knowledge for successful adaptation. [[17]], [[18]].

In this work, we propose a context-aware NODE-based dy-
namics model that learns full dynamics without prior physics
knowledge. To improve training efficiency, we incorporate
an RMA-style adaptive module that decouples the learning
of environmental conditions from system dynamics, thereby
reducing the input dimensions required for training the NODE.
As a result, our approach enables efficient adaptation with
low computational overhead while retaining the advantages of
NODE, including smooth dynamics and reduced compounding
errors. This makes the context-aware dynamics model well-
suited for integration with model predictive control (MPC) to
determine optimal actions. We validate the approach across
multiple robotic platforms. Experimental results show that our
model outperforms baseline methods on a quadrotor flying
through varying wind fields in simulation. We also deploy the
model on two real-world systems: a Sphero BOLT navigating
across different ground textures and a Fanuc manipulator push-
ing an object with a changing or unseen center of mass (CoM)
during operation. In both cases, our method achieves higher
accuracy and robustness than its non-adaptive counterpart. The
videos are available here.

II. RELATED WORK

Reliance on Physics-Based Nominal Model. Adaptive
dynamics modeling for robotic systems has been explored
through a variety of approaches aimed at handling chang-
ing and partially observed environments. Classical adaptive
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control [19]] and online estimation with known features [20]]
can compensate for disturbances with minimal computational
overhead, but their performance is limited by the accuracy
of the nominal model and the prior specification of features.
Some recent works incorporate NODE variants, such as KN-
ODE [21]] and Hamiltonian NODE [[18]], to model residual
dynamics not captured by the nominal model. While more
expressive, these approaches still rely on the availability of
a known physics model. In contrast, our approach removes
this dependency by learning the full system dynamics directly
from data, without requiring prior physics knowledge.

Test-Time Adaptation vs. Train-Time Adaptation. A ma-
jor distinction in adaptive modeling lies in whether adaptation
occurs during deployment or is amortized into training. Sev-
eral methods perform test-time adaptation by updating model
parameters online. For example, meta-learning approaches
obtain expressive nonlinear features offline and adapt linear
parameters online [22f, while graph-based Koopman embed-
dings update linear transition matrices via least-squares [23].
These methods are computationally efficient at deployment
but are restricted to updating only a linear layer, leading to
poor adaptation under highly nonlinear regime shifts such
as contact-rich interactions or rapidly changing terrain. Other
approaches adapt model weights online via gradient descent
[24], [2], [25], improving expressiveness but at the cost
of higher computational overhead, potential instability from
noisy gradients, and increased risk of overfitting to recent
observations. Alternatively, train-time adaptation methods en-
code adaptability into the model during training to avoid
parameter updates at deployment. These include architectures
such as transformers that leverage in-context learning from
state-action history [26], Neural Process context encoders that
incorporate terrain-specific and robot-specific context [27],
and multimodal latent mappers that fuse sensory inputs [28].
Additional training objectives, such as joint forward and back-
ward dynamics prediction [9], further improve representation
learning. However, these end-to-end approaches may struggle
with learning complex mappings due to entangled system and
environmental dynamics, as well as high-dimensional histories
inputs.

Leveraging Privileged Environmental Information. Re-
cent work demonstrates that incorporating privileged environ-
mental information during training can significantly improve
the learning of adaptive representations [29], [Sl], [30], [31].
By guiding the model to disentangle environment-dependent
factors from system dynamics, these methods enable more
effective adaptation at deployment. However, many existing
approaches do not explicitly integrate this advantage with
continuous-time modeling frameworks, limiting their compat-
ibility with certain control strategies.

NODE-Based Dynamics Modeling. A growing line of
research explores the use of NODE for robot modeling and
control, including applications in continuous forward kinemat-
ics for soft robots [17]] and dynamics learning for manipulation
[32]. These works highlight the benefits of continuous-time
representations and improved data efficiency. However, they
primarily focus on stationary settings and do not address
adaptation to changing environments. While some adaptive

extensions using NODE variants exist [21]], [18], they typically
rely on residual modeling with known physics priors, as
discussed earlier. In contrast, our method leverages NODE to
learn full system dynamics in an adaptive framework without
requiring prior models, while also benefiting from continuous-
time structure that integrates naturally with MPC.

Model-Free vs. Model-Based Approaches. Model-free
approaches, such as the RMA [6] and DATT [33]] frameworks,
have been shown to be effective in learning adaptive control
policies directly from interaction data. However, they often
suffer from poor sample efficiency and limited flexibility
at test time. In particular, incorporating new objectives or
constraints—such as collision avoidance—typically requires
retraining the policy. In contrast, model-based approaches offer
greater flexibility by explicitly modeling system dynamics,
allowing new cost functions or constraints to be incorporated at
test time without retraining the entire framework. This makes
model-based methods more suitable for scenarios requiring
adaptability not only to changing environments but also to
evolving task specifications.
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III. PROBLEM STATEMENT

We formulate robot goal reaching and path tracking as a
discrete-time MPC problem, which optimizes a sequence of
future control actions over a finite time horizon. We consider
a dynamical system governed by

Xk = F(Xk; Uk; €x);
Tt

Xk+1 = Xk + T (Xk; ui; ex) dt (1)

t;

The state of the system at time step K is denoted by
Xk 2 R", the control input by ux 2 R™, and environmental
factors (such as ground textures, wind fields, and payloads),
which influence the system dynamics, by ex 2 R!. The
function T represents the system dynamics, modeling Xx. A
numerical integrator, such as the Euler method or a higher-
order Runge—Kutta solver, can then be used to obtain Xg+1.
Given a prediction horizon of length H, the task for this
system becomes an optimization problem that can be solved
using MPC at each time step k:

kP 1
“(Xisui) + “f(Xk+H)
i=k
s.t. Xj+1 = ODESolve(X;j; uj; F; ti; ti+1);
8i=k;::i;k+H 1;
ui 2 U;
Xo 2 Xo

)
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Fig. 1. (a) Proposed control framework for robotic control, where MPC is adopted to determine optimal control actions by predicting future trajectories with
our proposed dynamics model. (b) Structure of the context-aware dynamics: State Net models the derivatives of states evolution, the environmental encoder
processes privileged information, and the adaptive module reconstructs a latent environmental vector from historical state-action data by regressing on the
corresponding latent vector from Phase 1. State prediction is obtained through numerical integration of the dynamics function. Models with trainable weights
are indicated with dashed lines.

Here, the stage cost and the terminal cost are denoted bgledicated to modeling the temporal evolution of system states,
and %, respectively. The input constraint set is denoted hye freeze the weights of the learned State Net in Phase 2. We
U, and the initial constraint set, designed to ensure that tieen regress the historical data on their correspondingred
robot starts from the designated state, is denoted pyARer obtain #. The process can be expressed as:

solving the problem[{2), only the rst control input’uof _ . _ ekl - .

the optimal sequenclc:aq is applied to the system. In‘the nest 9w Z =h(x isugam )i L=L 2 2) ()
time step, the horizon is shifted forward, and the optimization State-action history over a horizon of length M is denoted
is repeated with updated state information. MPC can handig f(xi;ui)gi“:ﬁ,\,I , and regression loss is denoted by L.

a certain degree of uncertainty or disturbances by solvifigne environmental encoder, denoted by g, encodemn®
Equation (2) online during execution. However, it fails t@c. The adaptive module, denoted by h, reconstructs key
perform well when the system deviates signi cantly from théenformation pertaining to the current environment by encoding
reference dynamics model. Therefore, a dynamics model tifag¢ state-action history into, Zand regressing it ongzusing

can mitigate model mismatch is crucial for maintaining contr@n MSE loss. We treat the environment in latent space because

performance. it is easier to align the domain of fﬁxui)g:‘:ﬁM and
its corresponding g in another lower-dimensional space, as
IV. CONTEXT-AWARE NEURAL ODE DYNAMICS they carry distinct physical meanings and have signi cantly
A. Two-Phase Framework different dimensionality.

In this section, we discuss how to learn the dynamics o )
mapping from the current state, xand current action u B- Training Details
to the next state p; conditioned on historical data. The To implement MPC, we use the Model Predictive Path
objective of learning the context-aware dynamics is to captuiregral (MPPI) framework [34] to obtain optimal control ac-
environments based solely on historical data, so that ttiens. To improve long-horizon prediction accuracy, we apply
dynamics function can be adjusted according to the inferredrriculum learning to train NODE with gradually increasing
environment. While most model-based RL methods learn tpesdiction horizons, from 1-step to H-step alignment. This
mapping in an end-to-end manner, we decompose dynamiaigates the gradient explosion and vanishing issues that com-
learning into two phases as shown in Fig. 1(b). monly arise when training on long sequences or ne-tuning an

In Phase 1, we use privileged informatiop, avhich con- existing model. In addition, for the adaptive module design,
tains direct and complete environmental information, to facilissing a 1D convolutional neural network to handle the high
tate learning the state evolution in response to control actiodémensionality of historical data shows bene ts in quadrotor
However, since gmay not be measurable during deploymengxperiments by improving latent vector reconstruction through
we apply an environmental encoder to rst transforiniato the extraction of local temporal patterns. The sliding Iters
a latent vector z. We then feed iz into State Net, which capture environmental changes regardless of their position in
is part of the dynamics function f, to obtairk, and use the sequence, which is useful in robotic motion, where changes
a numerical integrator to compute the next state; X This in velocity or motion direction may occur at arbitrary points
process models trajectories as solutions to a continuous-timighin a time sequence. Since each element in the state and
differential equation, inherently producing smooth and physaction vectors represents a distinct physical quantity, treating
cally consistent outputs. After completing end-to-end traininfpem as separate channels further enhances feature extraction.
in Phase 1, Phase 2 addresses the original mapping problerfio improve performance across environments, we incorpo-
by learning to infer g from historical data. Since Phase 1 igate online ne-tuning of the learned dynamics model. As
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new observations f(x; ux; Xx+1 ) become available during the source, with a peak force of 2N. The disturbance is further
execution, we update the parameters in the dynamics mogefturbed by additive Gaussian noise whose variance scales
on the y to reduce prediction errors. To avoid catastrophiwith the local wind magnitude, yielding a random time-varying
forgetting as well as to balance exploration and exploitationopmponent resembling Brownian motion [33].

we use experience replay buffers to record all the observationsthe MPC cost function for a quadrotor performing a goal

for online learning and enable a robot to select betweenr@ach&g and hovering or path tracking task is de ned as
random action andig'J This gontlnual learning process allpws — E:o w, pe p 2 twq 1 g 2 . Where
the model to re ne its predictions and adapt to distributional

ot . iy .
shifts, especially for unseen historical data. Notably, we use is the reference (goal or trajectory) position at time k,

the same training and testing time step for NODE throughoh e refgrence quaternion at tlme ks denpted !5’9 nd the
the experiments. weighting factors for the position and orientation errors are

denoted by w and v, respectively.

MPC performance. We compare our method against the
baseline and ablation methods listed in Table II. Table Il
Data Collection. We collect datasets using simulators bghows the control performance. We also apply online dynamics
randomly sampling initial states and applying random actiorl€arning in a constant wind eld, as described in Section IV-B,
Each trajectory consists of 50 state—action pairs. If the dynatf- ne-tune the dynamics model. From the results, we observe
ics model trained on the dataset fails to accurately capture that our approach successfully completes each navigation task
true system behavior, the online dynamics learning approaghder environmental conditions that vary across space and
discussed in Section IV-B becomes essential, as it enablesinge, achieving lower tracking errors than the model-based
robot to explore and cover critical portions of the state—actidtaselines. While there is a slight performance drop from Phase
space required to accomplish the task. 1 to Phase 2, the adaptive module in Phase 2 still reconstructs
Setup. We use the quadrotor dynamics as the governifgvironmental factors and achieves adaptation. The quadrotor
equation in our simulator [33]. The state of the dynamidéajectories in the path tracking task (Fig. 2) show that the
model is de ned as [p;v;d] where p, v and q are the 3Dmeta-learning-based and xed-dynamics models perform best
position, velocity, and quaternion. As shown in Fig. 2, contréimong the baselines, successfully guiding the quadrotor near
action is dened as [f;!] T, where f denotes the desiredthe target trajectory. However, these top baselines still cannot
thrust and ! denotes the desired angular velocity in roll, pitcRccurately track the reference, whereas our method achieves
and yaw directions [{;! ;! ,]. While the MPC determines the best overall tracking performance. Table Il also compares
high-level thrust and angular velocity commands, the low-levBlodel-free methods (RMA and DATT) with our model-based
Proportional-Integral (P1) controller computes the necessatpproach. These two categories use fundamentally different
body torques; an inverse actuation matrix then maps tiigining pipelines: PPO, a model-free and on-policy method,
combined thrust and torque into individual motor speeds. Teins the policy directly from data sampled by the current
model a real-world quadrotor, we transform the continuo®licy, whereas our approach rst collects of ine data using
dynamics model into a discrete one with the sampling tinf@hdom policies to train a dynamics model, and then ne-tunes
set as 0:02's. Environmental variations are different wind eld§e model using online data generated by the MPPI controller.
acting on the quadrotor system. The wind eld is modeled asRgcause of these differences, it is dif cult to compare the
disturbance force along the x-direction. During data collectiofethods using exactly the same training dataset. Nevertheless,
we sample the disturbance force in the range of [ 1;1]Nwe report the results in Table Ill and show that our approach
where N denotes Newtons, and collect trajectories under ed@ghieves comparable performance.
wind eld. The results in Fig. 3 demonstrate the generalization capa-
Target tasks. In the goal reaching and hovering task, thiility of our model-based method compared to the model-
domain is a box with half-size 0:2m. The quadrotor starts &ee baseline, DATT, under increasing distribution shift in
each vertex of the box, and the goal is located at the centeind eld with constant force. As the scaling factor
The objective is to control the quadrotor to reach and hovircreases beyond the training range [1;1]N, both goal-
at the goal. We allow each controller 5s to execute actiongaching and path-tracking errors grow; however, our method
then calculate the average position error (RMSE) between #ahibits signi cantly more graceful degradation, particularly
guadrotor position and goal over the nal second. In the path the goal-reaching task. While errors exceeding 0:2m are
tracking task, the quadrotor begins at the same positions axamsidered failures, DATT fails at around 1 for goal
the goal reaching tasks and follows a circular path, evaluateshching, whereas our method remains robust up to approx-
with the same RMSE metric. Test environments include twmately 3. For path tracking, DATT achieves stronger
wind conditions, spanning both within and beyond the trainingerformance—likely because it is explicitly trained for this
range. (i) time-varying winds uctuating sinusoidally aroundtask—yet both methods remain below the failure threshold
nominal force of 1:5N with the amplitude of 0:5N, updatedven at = 3. This contrast highlights that our approach
every 10 control steps; and (ii) a spatially dissipating winds not specialized for a single task but instead maintains
eld generated by a fan-like source located at ( 0:2; 0; 0),consistent performance across different objectives. Moreover,
producing air ow in x direction. The wind magnitude decayshe improved robustness can be attributed to the use of learned
with distance in both lateral and longitudinal directions frordynamics from transitions, whereas DATT directly learns a

V. QUADROTOR NAVIGATION IN SIMULATION



YU et al.: LEARNING CONTEXT-AWARE NEURAL ODE DYNAMICS FOR ADAPTIVE ROBOTIC CONTROL 5

TABLE I

BASELINES AND ABLATIONS. CADM REFERS TO CONTEXT-AWARE DYNAMICS MODEL [9]. PPO REFERS TO PROXIMAL PoLICY OPTIMIZATION [35].
Type Method Description

Meta-learning dynamics ~ We adopt the concept of the meta-learning—based approach in [5] to design a context encoder using variational inference.
Baselines CaDM Eqd-yo-end adaptive dynamics With‘ forward anq backward Iosges to extract environm_ental‘factors [91. .

RMA Building on RMA [6], we enable trajectory tracking by embedding desired future positions into the PPO policy [35].

DATT Model-free method using L1 adaptation to derive the environmental factors, trained with PPO [33].

MLP (Phase 1) MLP-based dynamics model using privileged information, trained autoregressively with L2 loss over a xed horizon.
Ablation ~ MLP (Phase 2) MLP-based dynamics trained under the same two-phase framework using historical information.

Fixed NODE NODE-based model without online adaptation, relying only on initial environmental factors during inference.
Proposed Ours (Phase 1) NODE-based model trained wit_h privileged information as an upper bo_und, solved yia Forward Euler integration.

Ours (Phase 2) Context-aware NODE model with an encoder that reconstfufttsnz historical state-action data.

Fig. 2. Path tracking trajectories for the quadrotor under (i) time-varying winds, and (ii) spatially dissipating wind with random time-varying noise.

TABLE 1lI achieves a position RMSE of 0:1649 0:0221m on path-

PERFORMANCE OF THE QUADROTOR UNDER (i) TIME-VARYING WINDS,  tracking tasks. With an additional 2 hours of online netuning,
AND (II) SPATIALLY DISSIPATING WIND WITH RANDOM TIME-VARYING

NOISE. RMSE (m). the RMSE is reduced to 0:0646 0:0153m.

i ii
Goal reaching  Path tracking  Goal reaching  Path tracking VI. REAL-WORLD EXPERIMENTS

MLP(Phase 1) >02 502 >02 >02

MLP(Phase 2) >0.2 >0.2 >0.2 >0.2 A Setup

CaDM >0.2 >0.2 >02 >02 T

Meta-learning based ~ 0.092£0.023 ~ 0.143:0.074  0,099:0.021  0.119+0.066 _ To demonstrate the real-world applicability of our algo-
Fixed NODE 0.066+0.011  0.055:0.019  0.065:0.008  0.049:0.013 rithm, we evaluate the proposed framework on a mobile robot
RMA 0.10740.012  0.099:0.014  0.065+0.015  0.062+0.012 . S

DATT 0.083t0.016  0070+0.013 0051+0.008  0.048:0009 Platform and a planar pushing platform, as shown in Fig. 4.
ours(Phase 1) 0.010£0.004  0.03620.020  0.012£0.007 _ 0.034%0.012 i i

Ours(Phase 2) 0.031:0.016  0.049+0.026  0.022+0.014 o.ozoxomsThe detailed setup and control problem de nition for both

platforms can be found in Table IV.

Mobile Robot Platform A Sphero BOLT robot is op-
erated on a pool table and a Luxonis Oak-D Pro camera is
mounted above the table to detect robot state. This platform
evaluates adaptability to different surface textures.

Planar Pushing Platform A Fanuc LR Mate 200iD
manipulator with a cylindrical pusher is used to push a box
toward a target, while an Intel RealSense D435i camera tracks
its pose via an ArUco marker. The robot performs a slow,
quasi-static push from the box's long edge, and varying the
Fig. 3. Performance degradation under distribution shift. (a) Goal-reachiH’@;ternal weight shifts the CoM, altering the dynam!cs In_
and (b) path-tracking errors are plotted as functions of the distribution shitays that are not observable from the camera, making this

parameter . The training regime corresponds to 2 [0;1], while >1 g challenging testbed for CoM variation.
represents out-of-range conditions with increasing wind disturbance.

B. Data Collection

policy, making it more sensitive to distribution shifts beyond Mobile Robot Platform  Since the low-level controller
the training regime. Notably, our method is trained witln the Sphero BOLT robot is embedded in the robot's compu-
9M transition samples to learn the dynamics, whereas DAT@tional board (unknown to users) and the uncertainty of the
requires 25M environment interactions to learn the policypbot's dynamics is complicated, it is hard to build a simulation
highlighting the better sampling ef ciency of our approach. Oenvironment that has small sim-to-real gap to the real-world
the other hand, model-free methods offer signi cantly fastgriatform. Therefore, we choose to collect data directly on the
inference: PPO runs at roughly 1 ms per step—an order mfal-world platform by commanding the robot with random
magnitude faster than our 17 ms—making them attractive factions from a randomly placed location on the pool table.
applications requiring very high control rates or limited onin sum, we collect around 2,000 pairs of (state, action, next
board compute. To further evaluate the effectiveness of onliggte) for each texture. For privileged information in Phase 1
learning, we conduct experiments under wind disturbanceaining, we assign relative friction coef cients to each texture.
exceeding 3N. After 8 hours of ofine learning, the policyThe friction coef cient is measured by traveling distance and
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