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Online Adaptive Learning for Robust LiDAR Perception
in High-Performance Autonomous Racing
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Abstract— Deploying robust perception systems in the field
is inherently difficult due to the highly variable geometric
structure of real-world environments. Such variability intro-
duces a strict operational trade-off for deployed perception
pipelines: configurations robust enough to handle severe percep-
tual degradation are often computationally expensive for real-
time applications, while static perception pipelines frequently
fail to maintain the necessary balance, resulting in a single
point of failure. In this work, we bridge the gap between
reactive estimation and offline hyperparameter optimization by
deriving an online adaptive learning framework for adaptive
perception. We present a novel real-time metric of point cloud
degeneracy that enables an online Soft Actor-Critic (SAC)
policy to continuously learn from real-time observations. This
allows the system to adapt to previously unseen environments
by proactively adjusting perception hyperparameters on the fly.
We validate our approach on an autonomous IndyCar at speeds
ranging from 45 mph to 120 mph. Our results demonstrate that
online parameter adaptation reduces operational failures by
84.6% compared to static-hyperparameter baselines, improving
robustness against environmental degeneracies without the
computational burden of static, high-fidelity configurations.

I. INTRODUCTION

UTONOMOUS robots are increasingly becoming ubig-

uitous in real-world field operations such as industrial
inspection [1], search and rescue [2], and autonomous driv-
ing [3]. While reliable operation in these domains is critical,
field deployments remain fundamentally challenging because
environments are inherently uncertain, diverse, and continu-
ously changing. A quadruped navigating natural landscapes
must handle abrupt shifts in terrain [4], just as autonomous
vehicles must contend with evolving scene geometry [5],
weather [6], and unpredictable road conditions [3]. Because
these environmental factors are highly variable and rarely
known a priori, static system configurations frequently fail.
Consequently, field deployments demand robots capable of
online adaptation. By continuously estimating changes in the
environment and adjusting their perception, planning, or con-
trol pipelines accordingly [7], adaptive systems can bridge
the gap between static design and real-world variability to
ensure robust performance.

While control [8], [9] and motion planning [10], [11]
modules have become increasingly adept at online adap-
tation, perception systems have historically relied on pre-
deployment tuning [12], [13]. A primary barrier to adapting
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Fig. 1: Our perception hyperparameter adaptation framework mea-
sures point cloud degeneracy and tunes front-end perception pa-
rameters using an online Soft Actor—Critic policy. This framework
improves the robustness of the perception system under geometric
degeneracy while balancing computational cost.

perception pipelines on the fly is the severe trade-off between
robustness and computational efficiency. In LiDAR-based
pose estimation, navigating environments with weak geo-
metric structure often requires retaining more measurements,
expanding the search for scan-to-map correspondences, and
allocating greater optimization effort [14], [15]. Although
these measures improve robustness against failure, they incur
a computational burden that is unsustainable during rou-
tine, nominal operation. The core challenge is dynamically
allocating computational effort only when environmental
conditions demand it.

Prior work on Iterative-Closest-Point (ICP) uncertainty
and dynamic covariance modeling has made progress in
improving estimator consistency and handling ill-conditioned
updates in LiDAR-based perception [16]-[20]. While these
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Fig. 2: Overview of the proposed online adaptive hyperparameter adaptation framework. Left: The adaptation policy receives the
constrainability score and outputs front-end hyperparameters for downsampling, feature detection, and feature matching, which influence
downstream back-end performance, including ICP convergence and feature alignment. Right: The policy is trained using off-policy SAC
with a replay buffer and lightweight MLP-based actor and twin-critic networks.

methods quantify uncertainty from scan geometry and adjust
estimator trust, they are inherently reactive. Because they
rely on information extracted only after correspondences
are formed and optimization is underway [21], they lack
the proactive capability to adapt front-end runtime behavior
before those degraded updates jeopardize high-risk field
deployments.

To proactively adjust the front-end performance of per-
ception pipelines, a common approach is hyperparameter
optimization, where multiple configurations are evaluated
using accuracy-based metrics [22], [23]. While effective for
offline tuning on curated datasets, these methods assume
stable environments and access to ground-truth scoring sig-
nals—none of which are available during live deployments.
Even when parameter adaptation is learned [24], it typically
relies on offline training with privileged signals, leaving the
system vulnerable to domain gaps. While an offline-trained
policy can adjust parameters on the fly, it remains restricted
by its prior training distribution. These limitations underscore
the critical need for an online adaptive learning formulation
capable of continuously adapting perception parameters dur-
ing deployment in previously unseen environments.

In this work, we present an online learning framework that
continuously adapts LiDAR perception during deployment.
Central to our approach is the constrainability score, a novel
real-time measure of scan degeneracy. This score informs
a Soft Actor-Critic (SAC) Reinforcement Learning (RL)
policy that learns from incoming data while dynamically
adjusting runtime parameters across the perception pipeline.
This simultaneous learning and adaptation allows the robot
to balance the competing demands of maintaining robustness
in degenerate environments and minimizing computational
overhead during nominal operation.

The primary contributions of this manuscript are:

e« A directional metric for geometric degeneracy.
We propose the constrainability score, a 6-degree-of-

freedom measure of geometric degeneracy derived from
the sensitivities of point-to-plane and point-to-point ICP
residuals to pose perturbations.

« An online adaptive learning framework for hyper-
parameter adaptation. We develop an online SAC
framework that learns directly from live deployment
data while simultaneously adjusting LiDAR perception
hyperparameters.

« Extensive validations across field deployments. We
validate the proposed method on an autonomous
IndyCar under geometric degenerate environments,
demonstrating improved robustness and favorable ro-
bustness/compute trade-offs relative to fixed-parameter
baselines.

II. METHOD

To develop perception pipelines that are adaptive to dy-
namic environments, we require a means of estimating
geometric degeneracies in real-time, as well as an adaptation
mechanism for optimizing hyperparameters. In this section,
we introduce a novel measure of geometric degeneracy for a
given LiDAR scan and an online RL framework for adapting
our perception pipeline. Figure 2 illustrates the high-level
framework.

A. Environmental Constrainability Estimation

To quantify geometric degeneracy with low computational
overhead, we define a constrainability score ¢ € [0,1]°
whose elements correspond to the translational and rotational
components of the six-degree-of-freedom pose. The score is
derived from the sensitivity of both point-to-point and point-
to-plane ICP residuals to pose perturbations as follows.

Let (p;;q;;n;) € R¥ x R* xR3 i =1,--- N denote
a correspondence. The point-to-plane and the point-to-point
ICP residuals are defined as follows:

TEZPI = niT (R(O)pi +t —q;) €R,
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Fig. 3: Constrainability score illustration on the Las Vegas Mo-
tor Speedway, Las Vegas, NV. Arrows correspond to normals of
LiDAR points. The current environment contains a high distribution
of ground points, which constrain mostly the Z axis. However, there
are fewer points on surfaces with normals in X and Y, which would
cause ICP to be underconstrained in those directions.

P = R()p; +t—q; € R,

where 0 is the attitude of the robot, R(6) ~ I3 + [0]«
for small 6, where [a]. is the skew-symmetric matrix
representing the cross product (i.e., [a]xb = a X b, for
a,b € R?), and t is position. The Jacobian at § = 0 is
given by

I = nl [~[px Ts],

IR = [—[pilx Is],

yielding the normal equations for the optimal pose increment
£ =1[0"" t"]T e RS:

Nyt N,
* p2plT p2pl p2pT p2p
H¢ = — E J; T, + E J; T , (D
=1 =1
Ny N,
2plT yp2pl 2pT yp2
H =) gpeellgeeel N geeet goze,
i=1 =1

Although full condition-number evaluation of the normal
matrix is computationally prohibitive for real-time systems,
assessing constrainability through its diagonal components
serves as a lightweight proxy, effectively capturing the
strength of the geometric constraints. The diagonal com-
ponent corresponding to the point-to-plane ICP residuals
evaluates to:

Ny
crpl — Z (p; X n;) © (p; X ny)
i—1 n; ®n; ’

Similarly, the effect of point-to-point ICP residuals is given
by:

o _ % [(HT - I)l(pz- ® pi)] .

To incorporate the sensitivity of both residuals, we define
the combined measure C' = CP2P! + CP2P ¢ RS, where a
low value indicates geometric degeneracy. To obtain a scale-
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TABLE I: Representative LiDAR perception parameters
adapted online.

Parameter Role

Front-end Parameters
Edge feature threshold Accept sharper edge points
Surface/planarity threshold Accept flatter planar points
Front-end voxel size
Mapping update interval
Keyframe spacing (distance)

Downsample incoming scan
Set scan-to-map update rate
Subsample keyframes

Local map search radius Max neighbor range for ICP

invariant and bounded measure, each element is normalized
to lie in [0, 1]:

-

c=[e)" (7] . @
Ctot,@ Ctot,t

0 _ t_

¢ = [Couo] ¢ [Cont ]| )

The scores are computed during feature extraction, before
ICP optimization, so that the parameters can adapt in a timely
manner.

B. On-The-Fly Hyperparameter Adaptation

We cast hyperparameter adaptation as an online adaptive
learning problem formulated as a Markov Decision Process
(MDP), M = (S, A, P,r,v) where S is the state space,
A is the action space, P(s' € S | s € S,a € A) is the
transition model describing the probability density of the
next state s’ conditioned on the current state s and action
a, r(s,a) is the reward function, and v € [0,1) is the
discount factor. We define the state space S as the Cartesian
product of the estimated robot pose and the constrainability
score. Augmenting the pose with ¢ € [0,1]® ensures that
the state s € S provides a real-time representation of the
scene’s geometric degeneracy. The action space A is defined
as the continuous set of incremental updates applied to
preprocessing and front-end hyperparameters. These updates
are bounded and applied incrementally, preventing abrupt
changes that could destabilize the pipeline.

Since perception hyperparameters dictate how raw sensor
data is processed, they directly control the trade-off be-
tween robustness and computational efficiency. Downsam-
pling parameters, for instance, determine this balance: larger
voxel sizes improve efficiency, whereas smaller voxel sizes
preserve more geometric detail for residual minimization.
Under our online RL paradigm, where ground-truth poses
are not consistently available, the reward must act as a multi-
objective proxy. To encourage accurate pose estimation, we
define a residual-based reward:

surf surf
Tres = [)2511 - ;ur ;
where p$Uf is the aggregated ICP residual at time t. To

balance this with computational cost, we introduce a penalty
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Fig. 4: Performance comparison of our approach. (A) Position error divergence locations for static configurations and the baseline
online policy with ICP eigenvalue-based context, shown in (a)-(d). Our policy avoids divergence by producing more reliable configurations.
(B) Satellite image of the WeatherTech Raceway Laguna Seca and highlighted locations where static configurations failed. (C) Onboard
footage from the autonomous racecar highlighting open fields with low geometric features.

proportional to the ICP convergence time:
ricp = 0.005 (20 — max(7;°F,0)),

where T[CT is the computation time in milliseconds. Next,
to prevent the policy from achieving low compute times by
over-downsampling, we enforce feature sufficiency via a high
ratio of matched points:

nmatch

o i >0,
Tratio = ny

0, otherwise.

To strictly discourage operating with an unsafely low number
of matches, we apply a threshold penalty:

-Plowv if n;natch < Nlowa
Plow = .
0, otherwise,

where Ny, 1S the minimum acceptable number of correspon-
dences. Lastly, we explicitly encourage the policy to select
configurations that improve constrainability:

6
Z(Ct,i - Ct—l,i)~
=1

Tconst =

| =

The total reward is then given by the bounded sum of
these sub-objectives:

Tt = Chdwres Tres + TICP + Tratio — Plow + Tconsts —1, 1),

where clip(z,m,m) := min(max(z,m),m) and Wyes
weights the residual improvement term.

Implementation details. The online RL algorithm em-
ployed in this paper is SAC [25] with automated temperature
tuning. To ensure safe adaptation, we constrain the action
space to parameter ranges that avoid parameter configura-
tions known to cause catastrophic failures (e.g., excessively
low feature extraction thresholds or overly aggressive down-
sampling). This allows SAC to preserve the flexibility of
continuous hyperparameter adaptation while restricting the
policy to a physically meaningful and operationally safe re-
gion of the parameter space. Additionally, we apply spectral
normalization to the actor and critic networks, constraining
layer-wise operator norms and yielding a tighter Lipschitz
bound. In our online setting, this reduces sensitivity to input
perturbations and improves adaptation stability.

Both the actor and the critic are implemented as 2-hidden-
layer perceptrons with 256 units, making the framework
lightweight. The actor maps the current constrainability score
to a stochastic continuous action distribution representing



incremental hyperparameter updates. During deployment, the
actor receives the current constrainability score and outputs
incremental hyperparameter updates, which are regulated
to a safe admissible range before being applied to the
perception stack. This incremental formulation encourages
smooth adaptation. The critic is not used directly for action
generation but it operates as part of the off-policy learning
process to improve the actor. In the current implementation,
parameter updates are produced online while learning pro-
ceeds asynchronously at a slower optimization rate, enabling
real-time adaptation without interrupting perception.

The reward weights and penalty constants were tuned
to balance robustness and computational efficiency under
real-time deployment constraints. In practice, increasing
the weighting of residual minimization terms produced
marginally lower localization error but encouraged com-
putationally heavier configurations that increased onboard
resource usage. Conversely, emphasizing compute-efficiency
penalties reduced runtime overhead at the expense of more
frequent localization degradation in geometrically degenerate
environments. The selected reward configuration was chosen
to achieve a stable trade-off between operational robustness
and computational cost on shared onboard hardware.

III. EXPERIMENTS ON AUTONOMOUS INDYCAR

We evaluate the proposed online adaptive parameterization
approach by deploying it on an autonomous IndyCar and
applying it to the LiDAR localization subsystem. We com-
pare our online RL-based approach against static-parameter
baselines fine-tuned with respect to the initial operating
condition. We evaluate robustness using the squared /> norm
position error epos = ||[trRrk — fLiDARHE, considering a run
as failed when localization error exceeds 3 m.

Experiment details. Evaluation was conducted at the
WeatherTech Raceway Laguna Seca. The platform is
equipped with a Luminar Iris LiDAR operating at a 10 Hz
scan rate and RTK GPS. In the online RL pipeline, parameter
updates are performed at the same rate as the LiDAR scan,
whereas gradient updates are performed at 100 Hz. We use
a 5-second warm start while the car is stationary to expose
the agent to a fixed local scene, allowing it to improve from
early policy-driven interactions. To remain compatible with
a compute-aware autonomy stack, localization inference is
kept on the CPU while SAC is trained on the GPU.

Operational robustness. The first experiment compares
localization error over one lap. Figure 4 (A) shows the
error comparison between the static-parameter baseline and
our online approach. The static baseline fails in different
sections of the track (Fig. 4 B), demonstrating it is unsuitable
for dynamically evolving scenes. Furthermore, Online SAC
using ICP eigenvalue-based context (H = JTJ) fails to
adapt safely; raw eigenvalues lose interpretability under
degeneracy, whereas our normalized constrainability scores
provide actionable information. Figure 4 (C) shows failures
occur in flat areas with fewer geometric cues, whereas
our approach’s adaptation remains effective. Figure 5 show-
cases how reduced geometric information in a straight line
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Static config

Fig. 5: Real-time scan alignment on the Rahal straight of the
WeatherTech Raceway Laguna Seca. This segment contains low
geometric features, causing static configurations to fail. The SAC-
outputted configuration allows the system to remain operational.

triggers system failure for static configurations. Leveraging
the constrainability scores, the SAC-outputted configuration
allows the system to remain operational in previously unseen
environments. This result highlights that, when the robot
is deployed in a previously unseen type of environment,
a static configuration may lead not only to performance
degradation but also to system failure in the worst case,
whereas online adaptations maintain operation by actively
adapting the stack’s hyperparameters.
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Fig. 6: CPU performance in various environments. (A) CPU
usage recorded throughout deployment. Static* corresponds to the
best performing static configuration. (B) Constrainability scores of
various environments.

CPU usage on shared onboard hardware. Figure 6
illustrates CPU usage in environments with different geo-
metric constraints. A conservative static configuration keeps
localization stable but at a higher CPU cost. Our SAC-
based approach allocates higher CPU only in hard segments
where robustness is required, then reduces CPU in easier
segments. This leads to lower average compute usage without



sacrificing operational robustness. This supports the system-
level claim of this paper: online adaptation of perception
parameters improves operational robustness while freeing
compute budget to other autonomy systems on the same
onboard platform.

Deploying our approach on 20 laps executed at speeds
ranging from 45 to 120 mph, static configurations caused
the perception system to fail in 13/20 laps. Our approach
failed in only 2 runs. Through online adaptation of hyper-
parameters, our approach reduces the failure rate by 84.6%
compared to static configurations.

IV. CONCLUSION

In this paper, we presented an online adaptive learning
framework for proactive parameter adaptation in field per-
ception systems. By proposing the constrainability score as
a real-time measure of geometric degeneracy, we enabled
a SAC policy to continuously learn and adjust LiDAR
perception hyperparameters on the fly without prior train-
ing data. The constrainability score provides a directional
representation of geometric information in LiDAR scans, al-
lowing the system to adjust perception behavior accordingly.
Through extensive experiments on an autonomous IndyCar
operating at speeds up to 120 mph, we showed that our on-
line adaptation framework significantly improves operational
robustness while maintaining efficient use of computational
resources. These results demonstrate that concurrent learning
and adaptation can effectively break the static trade-off
between robustness and efficiency in unpredictable environ-
ments. Future work will extend this framework to additional
perception modalities.
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