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Abstract— Robots operating in physical environments make
control decisions based on uncertain sensor measurements,
which can lead to unsafe or suboptimal actions. Runtime
monitors that check their behavior against safety specifications
must represent this uncertainty soundly. Zonotopes are a widely
used representation, but continuously incorporating new mea-
surements grows their order unboundedly, so monitors must
periodically apply an over-approximating reduction. The choice
of the reduction method substantially affects the zonotope’s pre-
cision, yet existing approaches typically utilize a fixed method
throughout the run, even though the optimal choice depends
on the current state. This paper presents a Predictive Zonotope
Reduction (PZR) approach, which frames reducer selection as
an optimal control problem and solves it using beam-search
model predictive control. Policy distillation into a small neural
policy further provides substantially higher execution speed
than model predictive control while maintaining improved
performance, enabling uncertainty-aware runtime monitoring
on resource-constrained real-time systems. We implement our
approach in the RLola runtime monitoring framework and
evaluate it on a 5-degree-of-freedom robotic arm simulated in
MuJoCo, with sensor uncertainty modeled according to ISO
5725. Experiments on a Raspberry Pi 5 show that dynamic
reduction significantly lowers false-positive rates in monitoring
compared with static reduction strategies.

I. INTRODUCTION

Robots operating in the physical world make control
decisions based on sensor inputs. Environmental conditions,
such as weather, affect the precision with which sensors
capture the true physical state of the measured property.
A robot that makes control decisions based on uncertain
or imprecise sensor inputs can therefore take suboptimal or
unsafe control actions.

One solution to ensure the safety of robots operating in
uncertain environments is runtime monitoring [1], [2], [3]. In
runtime monitoring, a dedicated system component, called a
monitor, observes the robot’s behavior and validates it against
a specification of known good or bad behaviors while the
robot is operating. This monitor can then be used to intervene
in the event of dangerous robot behavior. As the monitor
bases its assessment of the robot’s state on its (uncertain)
sensor inputs, it has to track measurement uncertainty to
provide sound, precise verdicts.

A common approach for representing interval-bounded
measurement uncertainty in such systems is the use of zono-
topes [4], [5], [6]. Zonotopes are convex, point-symmetric
sets used to efficiently represent the set of system states
admissible by the measurements.
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However, their use in online settings, that is, while the
robot is operating, requires continuously integrating new
sensor measurements into the zonotope [7], [8]. As more
information accumulates in the zonotope, its computational
representation grows without bound. This is a major limita-
tion for their application on resource-constrained hardware.
In the literature, several zonotope reduction methods address
this problem by computing an over-approximation of fixed
size [4], [5], [7]. In practice, however, the choice of reduction
operator is not obvious and is situation-dependent [9], while
strongly affecting the precision of the result.

In this paper, we improve the precision of monitoring
verdicts by treating the choice of the reduction method as
a sequence problem. Unlike existing works, which restrict
the reduction method to remain the same throughout the
system’s runtime, we allow different reduction methods to be
used over time. As a first solution, we frame this selection
process as an optimal control problem, in which the control
action at each step is the selection of the optimal zonotope-
reduction method. This approach, based on Model Predictive
Control (MPC), improves the false-positive rates of monitor-
ing while additionally removing the need for manual method
selection or tuning.

To enable use in real-time systems, we refine the selection
method through several optimizations. We enable online
operation by introducing causal input prediction and reducing
computational overhead through the use of beam search for
the control policy. To obtain real-time throughput, we further
distill the control policy into a neural policy. To improve
robustness to covariate shifts, we combine multiple neural
policies with DAgger [10] augmentations into an ensemble.
Lastly, we augment this ensemble with a control policy to
handle ambiguous situations and further improve robustness
to extreme events while minimally affecting performance.
We show that distilling the control policy into a neural one
yields a better policy that runs significantly faster, enabling
deployment in real-time systems.

We build our implementation on the RLola monitoring
framework [6], which has seen extensive use in cyber-
physical systems [1], [3], [11], [12], and provides formal
guarantees about its memory bounds, semantics, and sound-
ness [13], [14], [15]. We evaluate our method on a 5-degree-
of-freedom robotic arm simulated in MuJoCo [16], with
sensor noise and uncertainty modeled in accordance with
ISO 5725 [17]. We benchmark our method’s performance
on a Raspberry Pi 5 equipped with 16 GB of memory.

The results show that our approach outperforms the state
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Overview of Predictive Zonotope Reduction (PZR) for uncertainty-aware runtime monitoring. (a) Bounded measurement errors induce a joint-angle

zonotope that the monitor checks against a geofence. (b) The PZR evaluates sequences of sound zonotope reduction methods and applies the first operator
from the sequence with the lowest predicted terminal approximation loss, which improves accuracy and the false-positive rate (c) We distill control policy
rankings into lightweight ranking policies. At runtime, an ensemble selects a reduction method by voting and consults a control policy in difficult situations.

of the art by several orders of magnitude. It produces tighter
zonotope approximations overall, resulting in a significantly
lower false-positive rate (FPR) for the monitor. In practice,
a lower FPR means fewer unnecessary emergency stops or
task aborts, which is important in scenarios such as robot
learning in uncertain environments, where mistakes during
exploration can cause harm. In summary, this paper presents
the following contributions:

« We formulate Predictive Zonotope Reduction (PZR) as
an optimal control problem in which the monitor’s
action corresponds to choosing an optimal reduction
operator. This captures the central observation that
zonotope reduction is not merely a local compression
step but an operation that affects the future shape of the
uncertainty.

We instantiate this formulation with a receding-horizon
MPC policy that selects reduction methods by optimiz-
ing predicted future set tightness. To meet real-time
monitoring budgets, we distill the control policy into a
DAgger-trained neural ranking policy that selects among
sound reduction methods at runtime, composes multiple
policies into an ensemble, and integrates the neural and
control policies together to improve robustness.

We implement predictive reducer selection in the RLola
monitoring framework, and evaluate it on robotic sys-
tems under realistic measurement uncertainty. Com-
pared with the fixed-reduction-method baselines, our
method produces tighter over-approximations, reduces
the false-positive rate, and achieves real-time inference
speeds.

II. BACKGROUND AND RELATED WORK

A. Zonotopes

A zonotope is a convex, point-symmetric set defined by
a center (¢ € R?) and a set of generators (g1,...,8k € RY).
Its points are given by the Minkowski sum of its generators

translated by its center:
A {c+dig1+--+drgr | dv,...,d €[-1,1]}.

Zonotopes are widely used in reachability analysis and
control theory due to their computational efficiency [4], [18].
In reachability analysis, zonotopes represent sets of states
reachable under all possible input sequences. In contrast,
this paper considers runtime monitoring, which assesses the
safety of a single system execution at runtime. Rather than
propagating zonotopes solely according to a system model,
runtime monitors continuously refine their state estimates
using new sensor measurements. This is related to set-based
observers from control theory [19], [20], which estimate
system states from uncertain observations. The key difference
is that runtime monitors aim to provide sound Boolean
verdicts about system health rather than precise estimates
of an unobservable system state.

All of these applications face the challenge of controlling
the order of the zonotope to keep computations feasible.
Adaptive reduction methods [21], [22], for example, tune
their parameters for a given zonotope according to a cost
function. Our approach addresses a different problem: Rather
than optimizing the reduction of an individual zonotope,
we select reduction methods sequentially across a stream of
zonotopes. This allows the choice of reduction method to
depend on the system’s evolving state and the anticipated
effects of future reductions.

B. Runtime Verification

Runtime monitoring [23] is a safety-assurance mechanism
widely applied to cyber-physical systems, particularly in
safety-critical settings [24], [25]. In stream-based runtime
monitoring [26], a monitor observes a system through input
streams representing sensor measurements. Output streams
define aggregations and transformations of input and other
output streams, while triggers specify safety properties that
express Boolean verdicts about the system’s behavior.



Most stream-based monitoring tools, such as TeSSLa [2],
Striver [27], or Copilot [28] do not explicitly account for un-
certainty in sensor measurements and may therefore produce
verdicts with false confidence. The extension of Lola [26] to
symbolic inputs [29] models uncertainty through symbolic
inputs but relies on interval-based methods, providing overly
pessimistic verdicts.

In this paper, we focus on RLola [6], the robust extension
of RTLola [30] that has seen extensive use in autonomous
and safety-critical systems, including UAVs [1], [11], [31], as
well as deep integration into the robotics software stack via a
ROS adapter [12]. The tool is validated in practice, supported
on different hardware [32], [33], well documented [30], [34],
and provides strong memory guarantees and formally verified
compilers and semantics [13], [14], [15].

C. Model Predictive Control

Model Predictive Control (MPC) is a receding-horizon
approach to optimal control. For a system with state x,
control action uy, and dynamics xg 1 = f(xg, u ), MPC solves
the finite-horizon problem

H-1
min Z Cy iy j) + Vi (Xarm ), (1
=0
where H is the horizon, £ is the stage cost, and V; is an
optional terminal cost. Only the first action of the optimal se-
quence is applied; after the system advances, the optimization
is solved again from the new state. This feedback loop lets
the controller account for delayed consequences of its current
action, but it requires a model of how the state evolves under
candidate actions and, when relevant, a forecast or preview
of exogenous inputs.

Robust Model Predictive Control is a broad field that
focuses on optimizing physical control inputs subject to
constraints while accounting for bounded disturbances and
model uncertainty [35]. While these approaches focus on
control under uncertainty, we use MPC to control the evo-
lution of the uncertainty representation itself - the control
actions do not actuate a robot but instead shape the zono-
topes.

III. PREDICTIVE ZONOTOPE REDUCTIONS

Existing work treats zonotope reduction as a continu-
ous application of the same method. This paper views the
problem of reducing the order of zonotopes as a sequential
decision problem and formulates it as a control problem. In-
tuitively, every zonotope reduction affects the future because
it shapes the resulting zonotope, which will serve as the basis
for future reductions. Viewing this as a sequential problem,
we focus on finding the best reduction methods not just for
the current timestep but for the system’s entire runtime.

Varying the zonotope reduction method during the mon-
itor’s execution does not affect the approach’s validity [6].
The underlying monitoring algorithm is agnostic of the ap-
plied reduction method, and its soundness guarantee for the
emitted verdicts relies only on the reduction method chosen
at each step to correctly over-approximate the zonotope. It

is then guaranteed that the monitor never misses an actual
violation of the specification; that is, false negatives are
excluded by construction. The number of false positives, i.e.,
the monitor reports a violation even though the specification
is not violated, largely depends on the quality of the over-
approximation.

We use these insights to formulate zonotope reduction
over the full measurement trace as an optimal control prob-
lem: We select actions aiming to minimize the final size
of the zonotope representing the monitor’s state, thereby
reducing the uncertainty within it. The problem of Predictive
Zonotope Reduction (PZR) is the optimal control problem
of minimizing the loss L in the last step of a sequence of
zonotope reduction operations. Such a monitoring sequence
is depicted in Fig. 2. There, the reference states Zy,...,Z;
represent the most accurate representation of the system state
obtainable. The approximate states Z4g,...,Z4; represent
over-approximations of these states as a result of a sequence
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Fig. 2. The sequence problem visualized. My, ..., M are monitoring steps
that transform the state zonotopes Z; and Z*; given the input measurements.
ap,...,ay is the sequence of zonotope reduction operators.

Framed as a control problem, the system action at each
step is the choice of a zonotope reduction method from
a predefined set. The state of the control problem is the
full symbolic monitor state, including its zonotope geometry,
and the control action is the selection of a sound reduction
method. We use zero-stage cost and the Squared Hull Error
relative to an unreduced monitor rollout as the cost, while
reducer feasibility and the transform bound provide the
constraints. The action is chosen via an MPC loop that
optimizes the loss function, which is directly linked to the
zonotope’s resulting shape.

To quantify the precision of an over-approximation, we
adapt a previously proposed monitoring-specific method [6].
The metric directly estimates the false-positive rate of trigger
conditions using zonotopes representing the monitor state.
Since trigger conditions correspond to axis-aligned half-
space queries over the zonotope, the resulting loss is defined
as the dimension-wise mean squared error between the
interval hulls of two zonotopes:

Definition 1 (Squared Hull Error): Let Z =
and Z = (&,81,...

(c)g17"'7gk)
,87) be zonotopes in R with ¢ = é&. The



squared hull error of Z relative to Z is
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At each time step, Predict{ve Zonotope Reductions selects
the next reduction action by minimizing predicted Squared
Hull Error over a future finite sequence of decisions. For
a decision depth H that counts the current event, let Z;,
be the zonotope state obtained by rolling out a sequence of
zonotope reduction actions A = (a;,...,a,1py—1) from a set
of all possible method combinations A” over the fixed finite
horizon H. Let Z; .y be the reference zonotope on which no
reduction method was applied. We pick the next zonotope
reduction method a; by finding the optimal sequence of
reductions A* over the horizon, and select the starting action
of that sequence as a, = (A*);.

A* € arg min L(Z2 ;. 7, , 2
gAeAH ( t+H> t+H) (2)

We perform this optimization search in every state of the
system in which the zonotope size exceeds the bound b, with
no reduction being applied if the size is within the bound.
The search discards infeasible candidates when the method
fails due to broken assumptions and ensures that a feasible
selection method always exists. The selected action a; gets
applied, and the search is repeated in the next timestep.

A. Recorded-Future Reductions

In offline monitoring, where the traces are prerecorded, or
where the zonotope-reduction decision is staggered (effec-
tively giving us a Perfect Event Preview), the future events
are precisely known. Importantly, known measurements of
the system do not eliminate uncertainty, as each recorded
value remains subject to bounded measurement error within
the monitor. In this case, the control decision on which zono-
tope reduction method to select can be made precisely based
on the known future inputs. Starting from the current monitor
state, we roll each candidate schedule through the recorded
current and future events, with an unreduced branch (with
no zonotope reductions applied) serving as the reference.
We refer to this method, which uses a full rollout with the
known three future inputs, as MPC-F.

However, enumerating all possible combinations of
method selections over the horizon is computationally pro-
hibitive due to the exponential size of the space. To address
this and enable the use of more methods and a longer
horizon, we adapt beam search [36] as a constrained search
method. After each event, the search retains the W prefixes
with the lowest current terminal loss, expands them with
every reducer, and finally commits the first action of the best
complete schedule. We refer to this variant as MPC-B, which
considers the next five future input events and explores them
using a beam search with width W = 4.

B. Causal Predictive Reductions

For a more realistic scenario, we have to consider an online
setting in which future events are not precisely known and
must be predicted. We adapt our approach to this setting by

implementing a causal prediction step that predicts future
events for the MPC rollout from previously observed inputs.
While these predictions can lead to different reducer choices
and cannot predict outlier events, they provide a strong basis
for the online setting of our method without sacrificing
soundness and safety, as these guarantees are preserved
by our zonotope reduction methods. The method MPC-L
performs Predictive Zonotope Reductions with a Horizon
Length of H =5 and a beam search width of W = 4. Future
inputs are predicted by linearly extrapolating from previously
seen inputs.

C. Learned Policy Distillation

While the causal prediction of future inputs enables our
method to be used in the online setting, where these inputs
are not known in advance, the computational bottleneck
of MPC remains restrictive for realistic deployments. To
enable this, we distill the control policies into a small
neural network. The neural policies act as a student network,
learning from the teacher outputs of the control policies, as
determined by one of the previously mentioned Predictive
Zonotope Reduction methods.

We set up the teacher-student setting with the same possi-
ble reduction actions, but focus the neural policy on minimal
resource requirements and maximal decision throughput.
While the control policies can roll out future inputs and
search for the optimal sequence of reductions, we limit the
student inputs to scenario-agnostic features of the current
zonotope. While this leads to an information-asymmetric
setting, which can limit performance, several adaptations
preserve our approach’s performance.

Crucially, the student policy is not trained on a classifica-
tion objective (“what is the optimal reduction method for this
step”) but on a current-state ranking policy. In each state, the
student policy must provide a pairwise ranking of possible
reducers that the network can choose. These pairwise rank-
ings yield a ranked list of preferred reduction methods for
each state. This learning objective provides a significantly
denser learning signal, especially given the imbalance in
method-selection choices produced by the control policies
(as discussed and shown in Sec. IV). Because the student
network can choose only among sound reduction methods,
it preserves the same soundness guarantees as the teacher-
control policies.

As the learned policies are trained via distillation on
sampled traces, the resulting policies are vulnerable to
the well-known issue of covariate shift. To improve their
robustness, we combine several learned policies into an
ensemble. At each step, the policies independently rank
the reduction operators and vote for the operator to apply,
with ties resolved using rank and confidence. To improve
overall robustness and introduce diversity into the ensemble,
each policy is independently augmented with sampled traces
using DAgger [10]. We refer to these variants as Vore. To
further improve robustness and reduce the covariate shift,
we extend the ensemble with a control policy Vote-Guarded.
In uncertain cases, where the ensemble votes do not select



a clear winner, rather than breaking ties based on secondary
metrics, the next reduction method is selected based on a
prediction made by one of the control policies using a short
horizon and beam width.

IV. EVALUATION

We evaluate our methods on the robot-arm monitoring
scenario illustrated in Fig. 1. We simulate a 5-DoF MuJoCo
robot arm [16] at 10Hz and model measurement error
according to ISO 5725 [17]. The error model includes
quantization error, jitter, integral nonlinearity due to magnet
displacement, and homing and calibration errors. The robot
arm is monitored by an RLola monitor against a specification
that prevents it from entering a forbidden region. We run the
experiments on a Raspberry Pi 5 with 16 GB of memory
running Raspbian 64-bit.

A. Experimental Setup

a) Methods: Predictive Zonotope Reduction policies
choose from four reduction methods described in existing
literature - namely Girard [18], Scott [8], PCA [9], and
Combeastel [19] reducers. While many other methods exist,
experiments have shown that they are rarely selected by
policies and that their standalone performance is significantly
worse than that of the four mentioned methods. We imple-
ment these methods in RLola, with our Rust implementations
tracking their implementation in the CORA tool [5].

b) Controllers: For control policies, we evaluate on the
previously mentioned variations of MPC policies. MPC-B
and MPC-F have perfect previews of future inputs, while
MPC-L has to predict them causally. The policies are evalu-
ated over the horizon length of H =5, and MPC-L and MPC-
B search over the beam width of W = 4. We introduce the
MPC-Greedy (H = 1) baseline, which selects the best next
action at the current state and can be viewed as a restricted
version of our methods, highlighting the importance of
switching between zonotope reduction methods.

We construct the neural policies as two dense layers of 32
neurons each, with ReLU activation, mapping the 15 input
zonotope properties to 4 lower-is-better preference scores,
thereby creating a ranking of methods. As discussed in
Sec. III-C, the policies do not have access to information
such as stream values, history, or predicted rollouts. They are
distilled over 128 randomly sampled traces using MPC-F as
the teacher policy. We refer to this neurally distilled policy as
G15. For the ensemble method described before, we combine
three G15 policies, each augmented with 6 additional inde-
pendently sampled random traces. The Vote3Guard method
follows the control policy guard in case the three policies do
not unanimously select a reduction method.

c) Cohorts and Metrics: We evaluate the performance
of our methods across a range of sampled robot arm be-
haviors and zonotope budget bounds (the maximal shape
of the zonotope representation), showcasing a connec-
tion between method selection and memory bounds b €
{40,80,120,150,200,250,500}. We generate 20 random-
waypoint executions and monitor the traces at 10 Hz using
the geofence specification.

Our primary metric is the Squared Hull Error L (from
Definition 1), computed with respect to a ground-truth refer-
ence zonotope. We also report the false-positive rate (FPR),
whose denominator is the number of negative reference
events, and the p99 latency for reduction method selection
and execution. While L and the FPR are correlated, they
need not coincide, as a larger zonotope can still be better
aligned with the monitor predicate. We note that the false-
negative rate is 0 across all methods, and we do not report it
in tables or figures for conciseness. All controllers measured
use sound overapproximation methods; thus, reductions can
affect tightness and false interventions but not soundness’.

B. Results and Analysis

In total, we performed 1,400 monitoring runs, and present
the results and their analysis in the following section.

Table I summarizes the performance of all methods at
b = 150, while Fig. 3 reports approximation loss, FPR, and
selection-plus-commit latency across all transform bounds.
Table II and Fig. 4 summarize reducer choices, Fig. 5 shows
the behaviour of the control policy guard, and Fig. 6 reports
Raspberry Pi 5 latency across budget bounds.

a) Dynamic Selection beats Fixed Reduction Methods:
Table I shows that Predictive Zonotope Reductions produce
tighter zonotopes and fewer false positives than every fixed
reducer. At b = 150, the best fixed reducer has an FPR of
29.68 %, compared with 1.76 % to 5.08 % for the dynamic
selectors. Fig. 3 shows that this advantage persists across
the transform bounds. Furthermore, the performance and
throughput plot in Fig. 3 shows that fixed schedules are
fast but loose, that PZR control policies are precise but
computationally expensive, and the neural PZR policies
retain MPC-scale loss while achieving the speed required
for real deployment.

TABLE I
MEDIAN L AND FPR OVER 20 HELD-OUT TRACES AT b = 150.

Method L] FPR (%)
Fixed reducer
Girard 6.7x107%  32.60
Scott 7.6x107  39.70
PCA 1.4x10°0  62.11
Combastel 64x107%  29.68
Recorded-Future Reductions
MPC-F 2.1x 1077 1.80
MPC-B 1.5x 1077 1.76
Causal Predictive Reductions
MPC-Greedy (H=1) 2.6x 1077 1.96
MPC-L 1.6 x 1077 1.78
G15/Clean148 1.9x 1077 5.08
Vote3 2.1x 1077 1.92
Vote3-Guarded 1.9%x 1077 1.79

MPC-Greedy (H = 1) is the simplest PZR instance: it
exhaustively scores the four reducers for the current decision

INevertheless, we track the metric during evaluations and confirm that
no evaluated trace produces a false negative over approximately 700,000
monitored events
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without a future rollout. At b = 150, switching alone reduces
the best fixed median loss from 6.4 x 10~ to 2.6 x 10~ and
the FPR from 29.68 % to 1.96 %. MPC-L then scores four
causally predicted future events in addition to the current
decision, reaching 1.6 x 107 loss and 1.78 % FPR; across
the full paired sweep, it improves over Greedy in 107 of 140
cells.

b) Reduction Methods act complementary over long
traces: The analysis of the selected methods shows that
the performance of reduction methods does not strictly
correlate with their performance when combined alongside
other methods over the full execution of the system. Table II
shows the frequency with which the PZR policies select
specific reduction methods.

TABLE II
REDUCER-SELECTION FREQUENCIES (%) OF DIFFERENT POLICIES.

Controller Girard Scott PCA  Combastel
MPC-B 6.73  85.55 3.03 4.69
MPC-F 8.65 84.24 2.38 4.73
MPC-L 6.72 85.56 3.20 4.52
G15/Clean148 10.99  88.00 0.46 0.56
Vote3 10.41  87.69 0.25 1.66
Vote3-Guarded 9.13 89.12 0.06 1.69

Perhaps surprisingly, the dynamic controllers choose Scott
most often of all methods despite its poor standalone
performance. We attribute this to the Scott method being
vulnerable to poorly shaped matrices, which often lead to
poor performance or even complete failure?. However, the
application of the Girard or PCA methods at the beginning
of the trace, and their occasional use throughout (as shown
in Fig. 4), is crucial. We hypothesize that their use conditions
the zonotope representation into a form optimal for applying

2Scott’s method assumes the zonotope matrix is invertible, which often
fails during longer executions

Pi 5 traces. (b) FPR over 20 traces with paired-seed bootstrap 95 % intervals.

Scott’s methods, leading to significant performance gains
observed in Fig. 3. This shows the contrast between the
dynamic and static zonotope reduction settings, as well as
the complementary interactions among the various methods.

B Scott (85.3%) WM Girard (8.5%) WM PCA (3.2%) Bl Combastel (3.0%)

0 100

200 300
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Fig. 4. Method selections of MPC-L on a selected trace showing the ration
and distribution of reduction method selection decisions

c) Learned Policies can learn the control behavior
with minimal inputs: The results in Tables I and Fig. 3
show that learned policies distilled from the control policies
can retain strong performance despite having access to only
a limited set of information compared to the control policies,
and that they significantly outperform the static methods at
minimal runtime cost.

However, a deeper analysis of the method’s performance
reveals that simple distillation occasionally fails under co-
variate shift. These occasional failures motivate the ensemble
and control policy guard measures introduced in Sec. III-C.
As shown in Table I and Fig. 3, these additions help mitigate
these issues, although they do not completely resolve them.
We find that Vote3-Guarded helps recover performance on
the problematic traces compared to the plain learned policies.

Table II and Fig. 5 show how the control policy guard
helps resolve part of these issues. An interesting analysis
emerges from examining the Guard method’s actions, which
override those of the ensembles when the ensembles fail
to select a method unanimously. We find it turns on rarely
and does not always strictly replace the method that would
have been selected via tie-breaking, as in the pure ensemble
variations. Looking at 69,120 method selection decisions,
94.02 % were unanimous, while the guard was activated on



the remaining 5.98 %, of which 2.65% led to a method
change compared to the tie-breaker method.

As shown in Fig. 5, most of the overrides seem to
encourage exploitation of the Scott methods’ performance,
with occasional redirection from Scott to Girard or PCA.
These actions help stabilize the policy behavior by encour-
aging active exploitation of Scott when available, while also
helping to avoid failure modes by occasionally intervening
with PCA and Girard overrides to condition the matrices for
follow-on reductions.

tie-breaker control policy guard

- Il.l()()'(b75)

2,039 (+370)

Girard

Scott

e Q =
= o
. | ee— . 889 (+264)
Combastel =

PCA —41 (+41)

94.0%: unanimous 3-0 vote
69,120 selections, 4,135 guard activations (6.0%), 1,833 overrides (2.65%)

Fig. 5. Changes in selected reduction methods between tie-breaking and
a control policy guard over 69,120 selections. Pale bands preserve the vote
winner, saturated bands are overrides, and brackets indicate net changes.

While the occasional failures of the learned policies are
a limitation of the method, several ways of fixing it remain
open for future work, such as shadow backup copies, the ad-
dition of history, or, most directly, removing the information
asymmetry by adopting a more powerful input policy. Im-
portantly, this limitation never threatens the system’s safety,
as the construction of the Predictive Zonotope Reductions
ensures safety-by-construction.

d) Learned Polies Can Run Fast: We demonstrate that
our method can perform runtime monitoring of embedded
systems, with minimal resources and high throughput. We
profile the latency of our methods on a single isolated
Cortex-A76 core of a Raspberry Pi 5. Figs. 6 and 3 show
that the learned selectors combine low approximation loss
of the control policies with low latency. Control policies
can sustain the 10Hz throughput at its lower bound, but,
more importantly, we show that the learned policies enable
a significant boost in throughput while maintaining high
accuracy as can be observed in Fig. 3.

This also applies to the Vote3 Guarded method, which
occasionally runs a control policy, but its selective use still
keeps its performance close to that of static methods such
as Scott or Girard. Overall, neural PZR policies distilled
from the control PZR can combine the performance and high
throughput required for deployments. The distilled neural
policies introduce negligible overhead and are primarily bot-
tlenecked by the throughput of the static reduction methods
they select. This shows potential for even faster performance
on hardware with greater processing power or multi-core
capabilities.

.~
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Fig. 6. Pi p99 latency across bounds. Points are five-seed medians,
whiskers are observed ranges, and the dotted line marks 100 ms.

V. LIMITATIONS

Our policies select among existing zonotope-reduction
methods (we do not construct new ones), and our method’s
performance is tied to theirs. Our work shows that switching
between methods, as well as predicting future inputs, pro-
vides significant benefits, and we view it as deeply comple-
mentary. This, however, comes at a computational cost, and
the balance among horizon, beam width, and size bounds
depends on the specific problem and deployment. As the
physical ground truth is generally unknown, we compute the
loss metrics against a predicted ground truth derived online
from unreduced rollouts - this is an unavoidable part of
working with uncertainty. The learned policies presented aim
to maximize throughput on resource-constrained embedded
hardware, which is prone to covariate shift. Importantly,
these issues never risk loss of soundness or safety - they
only affect the zonotope tightness.

VI. CONCLUSION

In this paper, we introduced Predictive Zonotope Reduc-
tion, a sequential control framework for online uncertainty
monitoring in autonomous systems. By treating zonotope
reduction as an optimal control problem rather than applying
a static method throughout the run, our approach significantly
improves representation accuracy by orders of magnitude and
reduces vacuous alarms arising from false positives.

To satisfy embedded real-time constraints, we distilled
receding-horizon MPC controllers into lightweight neural
ranking policies augmented with a DAgger ensemble and a
short-horizon control guard. We evaluated our method on a
5-DoF robotic arm simulated in MuJoCo, with measurement
uncertainty per ISO 5725. Deployed on a Raspberry Pi 5, we
sustain high-frequency monitoring while preserving formal
safety guarantees by construction.
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