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Abstract: Online monitoring aims to detect impending safety violations during runtime. Prior
approaches typically observe the system at uniform intervals and assume a known dynamics
model. We present STEM, a Self-Triggered prEdictive Monitor that is model-free and uses only
historical trajectories and online scene semantics. A neural predictor, trained on logs, forecasts
a short-horizon reachable region of future states. We convert this forecast into a high-confidence
set via conformal prediction (CP), yielding finite-sample coverage 1 — «; to improve robustness
under distribution shift, we optionally inflate the set with an f-divergence ambiguity ball. STEM
couples two online decisions: a safety action (continue or stop) based on set intersection between
the CP reachable set and unsafe semantics, and a self-triggered update of the next observation
time dictated by an explicit risk—cost trade-off. In case studies, STEM achieves millisecond-level
latency and calibrated false-alarm control at the target coverage. Compared to uniform sampling,
STEM reaches the same safety level with fewer triggers. Compared to model-based reachable-set
predictors, STEM requires no system model while providing 1 — « coverage guarantees. These
results indicate that adaptive sampling combined with CP-based reachable sets is an effective
and practical recipe for runtime safety monitoring.
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1. INTRODUCTION

In recent years, specification-based monitoring has emerged
as a promising technique for ensuring the safety and cor-
rectness of cyber-physical systems, e.g. Bartocci et al.
(2018); Yan and Julius (2022); Bonnah and Hoque (2022).
Compared to formal verification techniques, which exhaus-
tively check the correctness of all possible system behav-
iors before execution, monitoring evaluates the correctness
of the system during runtime by analyzing the actual
signals generated by the system. This approach makes
specification-based monitoring a lightweight and add-on
module that can be integrated on top of the system. It
enables the system to halt and take corrective actions
when inevitable failures are detected, providing a prac-
tical and efficient way to enhance system reliability and
safety. Recently, specification-based monitoring techniques
have been successfully applied in many real-world cyber-
physical systems such as smart cities Ma et al. (2021a),
industrial IoTs Chen et al. (2020), autonomous driving
Sahin et al. (2020) and power systems Beg et al. (2018).

In general, depending on the information used to evaluate
the system, specification-based monitoring can be cate-
gorized into offline monitoring and online monitoring. In
the offline monitoring setting, Fainekos and Pappas (2009);
Donzé et al. (2013) assume that the system has executed
a complete signal over the entire task horizon. As a result,
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the monitor can fully evaluate whether the specification
is satisfied or not. In contrast, in the online monitoring
setting, the system is operating in real-time, and only a
partial signal up to the current instant is available to the
monitor, such as in Dokhanchi et al. (2014); Deshmukh
et al. (2017). Consequently, the monitor must consider the
possibility of future suffix signals to make decisions, such
as terminating the process if no future signal can achieve
the task. This dynamic and real-time nature of online
monitoring makes it particularly challenging but essential
for ensuring the safety and correctness of systems during
operation.

Most existing studies on online monitoring implicitly as-
sume continuous or uniformly sampled signals. In many
practical systems, however, dynamically and adaptively
acquiring information at a non-uniform rate can substan-
tially reduce energy and bandwidth consumption. For in-
stance, an autonomous robot that is confidently operating
in a safe region can sample the environment less frequently,
freeing computational resources for other tasks. Along this
line, Wang et al. (2024) proposes a self-triggered algorithm
that adaptively determines the next observation instant
for STL monitoring; yet this approach relies on an explicit
system model and can be computationally demanding for
online deployment, especially in high-dimensional settings.

A complementary axis concerns how to leverage system
knowledge. Online signals are generated by dynamical sys-
tems that may be either black-box or explicitly modeled.



Incorporating model information can improve monitoring
accuracy by ruling out dynamically infeasible future suf-
fixes, motivating model-based online monitoring (e.g., STL
monitoring via reachability over explicit dynamics in Yu
et al. (2024)). In parallel, model-free predictive monitoring
employs learned predictors to forecast short-horizon sig-
nals and make decisions from those forecasts, researched
by Qin and Deshmukh (2020); Ma et al. (2021b); Yoon
and Sankaranarayanan (2021); Momtaz et al. (2023). Our
work follows the model-free line while coupling it with
a self-triggered sampling rule tailored to runtime safety
monitoring.

There is also a growing literature on applying conformal
prediction (CP) to online monitoring and runtime verifica-
tion. For example, Luo et al. (2024) uses CP to guarantee
bounds on the false negative rate of an online monitor,
and Lindemann et al. (2023); Cairoli et al. (2023) develop
predictive runtime verification under STL by conformal-
izing trajectory prediction uncertainty. These techniques
are complementary to our setting; however, prior works do
not consider self-triggered, non-uniform sampling. In self-
triggered monitoring, observation times depend on past
data and risk, violating the exchangeability assumption
underpinning standard CP and potentially causing under-
coverage. To address this calibration gap, we model the
trigger-induced distribution shift via an f-divergence am-
biguity set mentioned in Cauchois et al. (2024) around
the training distribution and conservatively inflate the CP
region, yielding trigger-aware uncertainty quantification
suitable for non-exchangeable sampling.

Building on these observations, we develop STEM (Self-
Triggered PrEdictive Monitoring), a model-free, self-
triggered framework for runtime safety monitoring. STEM
trains a neural forecaster on historical trajectories to pre-
dict short-horizon behavior and calibrates these forecasts
into high-confidence reachable sets via conformal predic-
tion (CP) with finite-sample coverage 1 — a.. To address
the non-exchangeable sampling induced by self-triggered
acquisition, we capture the trigger-induced distribution
shift through an f-divergence ambiguity set and conser-
vatively inflate the CP region. Online, STEM couples two
decisions: a safety decision (continue/stop) based on set
intersection between the one step CP reachable set and
unsafe scene semantics, and the selection of the next obser-
vation time via a principled risk-cost trade-off. Our study
restricts attention to safety specifications; the framework
is instantiated accordingly and evaluated in this setting.
Our contributions are threefold: (i) a model-free monitor-
ing architecture that avoids explicit dynamics models; (ii)
a CP-based calibration with f-divergence inflation that
provides trigger-aware uncertainty quantification under
non-uniform, observation-dependent sampling; and (iii) an
online triggering rule that reduces sensing effort at main-
tained coverage relative to uniform sampling and compares
favorably with model-based reachable-set baselines in effi-
ciency and without reducing decision quality.

The remainder of the paper is organized as follows. In
Section 2, we formalize the online monitoring problem.
Section 3 introduces the necessary formal definitions, in-
cluding task satisfaction and the self-triggered monitoring
mechanism. Section 4 presents the overall framework of
our approach, and Section 5 details the algorithm for

solving the proposed problems. A case study is provided in
Section 6 to demonstrate the applicability of the approach.
Finally, Section 7 concludes the paper.

2. PROBLEM FORMULATION

In this paper, we investigate the problem of online safety
monitoring for acting agents. The objective is to super-
vise the agent during execution and proactively intervene
before it enters any unsafe or hazardous state.

Abstractly, we model the closed-loop interaction between
the agent and its environment as an execution trace

7= (09, a0,01,0a1,.-.),

where o; denotes the observation at time ¢ and a; is the
action chosen by the agent.

Safety requirements are specified by a property ¢ over
(finite or infinite) prefixes of 7, which partitions system
evolutions into safe and unsafe ones.

An online monitor is a function

M (007 ap, - -
that observes the agent’s behavior in real time or only
knows its past trace and is allowed to override the agent

by issuing a stop signal. When M outputs stop at time ¢,
the agent is halted and the execution terminates.

.,0t) — {continue,stop},

The online monitoring problem is to design such a monitor
M so that:

e Preventive safety. For every execution under M,
the monitor issues stop strictly before the execution
violates ¢, thereby preventing unsafe behavior at
runtime; and

e Low intervention. The monitor is as non-intrusive
as possible, in the sense that it avoids unnecessary
stop signals on executions that would remain safe
without intervention.

e Low monitoring overhead. The monitor should
retain strong safety guarantees while keeping sens-
ing, computation, and the frequency of monitoring
invocations as low as possible, for example by using
a self-triggered mechanism that autonomously sched-
ules future observation times.

Intuitively, a good monitor anticipates potential viola-
tions and intervenes just in time when danger becomes
imminent, while otherwise allowing the agent to operate
without interference. Its quality is thus captured by the
three criteria above: preventive safety, low intervention,
and low monitoring overhead. In this work, we aim to
synthesize online safety monitors that satisfy these criteria
by equipping them with a self-triggered mechanism that
adaptively schedules future observation times.

3. PRELIMINARIES

3.1 System Model

We consider a discrete-time dynamical system with an
unknown dynamic function:

Ti41 = f(zt,wt), xo = ¢,

where z; € X C R” is the system state, w; € W C R™ is
the disturbance with an unknown distribution, and f : X x



W — X is the unknown dynamic function. The trajectory
of the system over a time horizon H is a sequence of states:

— H+1
X0:H = ToX1...TH 12 € X s

where x411 = f(x¢,w) for some w; € W. Specifically, if
the system monitor samples the system state consistently
at each discrete time instant, then its observation of the
system is a complete trajectory generated by the system.

3.2 Monitoring Specifications

In specification-based online monitoring, the objective is to
assess, in real time, whether a system satisfies or violates
a given specification, such as safety properties, Boolean
specifications, or temporal logic formulas. In this work, we
focus on the runtime monitoring problem for autonomous
agents, with the aim of ensuring their operational safety. In
particular, our goal is to guarantee that the agent avoids
collisions and does not enter hazardous regions, even in
dynamic environments where conditions may change over
time.

In uniform-sampling monitoring, at each decision time ty,
during operation, we predict the agent’s near-future states
using either (i) only the current state z;, (Markov case),
or (ii) a finite history x¢, —r+1:1, (history-based case). Let
O; C X denote the time-varying unsafe set (e.g., obstacles
or hazardous regions extracted from the semantic map M).
A predictor P outputs either a conditional distribution
P(xe,4+1 | -) or an a-level reachable set R, (t + 1) C X,
characterizing the possible states at the next time step
tr + 1. The monitoring process can be formulated as:

ﬁa(tk +1)NO0Oy 41 #F = stop

~

Ra(ty +1)N Oy, 41 =2 = continue

(1a)
(1b)

It is immediate that uniform sampling requires sensing and
inference at every decision time ¢, incurring nontrivial en-
ergy, bandwidth, and computational costs even in benign
regimes where the risk of violation is negligible. In many
practical scenarios, long stretches of operation are almost
surely safe with respect to the specification, rendering
frequent intermediate monitoring steps redundant. These
considerations motivate a self-triggered monitoring scheme
that adaptively schedules the next observation time based
on the predicted residual risk.

3.3 Self-Triggered Monitoring Mechanism

In general, for the purpose of energy saving, the monitor
may not choose to observe the system state consistently
at each predefined sampling instant. Instead, it may adap-
tively determine when to take the next observation sample
based on online information. This leads to the notion of a
self-triggered monitor, which operates as follows:

e At each decision instant ¢, determined in the previous
decision round, the monitor observes the system state
x; by, for example, turning on the sensor.

e Based on the new observation, the monitor makes a
monitoring decision in {0, 1}, where:

- “1” denotes that ‘the agent remains safe and is
not expected to be in danger in the next second.”,
and

- “0” denotes that “the agent is predicted to be
in danger in the next second, and therefore we
should stop it immediately”.

e Simultaneously, along with the monitoring decision,
the monitor determines an integer 7 specifying after
how many time instants the next observation will be
made.

e The system then evolves according to its own dynam-
ics “silently” until time instant t+7+1, at which point
the above steps are repeated.

To formalize the above process, we introduce the notion of
observation history as a sequence of the following form:

h = (xo,70) (@}, 1) ... (2, )2, € (X xN)*X.  (2)
At this definition, each 2} denotes the state at the i-th
observation not at the ¢-th time instant and 7; is the time
gap between observations zj and zj ;. Then we denote by
H := (X x N)*X the set of all observation histories. This
leads to the following definition of self-triggered monitor.

Definition 1. (Self-Triggered Monitors). Let T,.. be a
number specifying the maximum time the monitor allowed
to stay silent. A self-triggered monitor is a function:

M HxM— {0,1} x {0,1,...,Thnaz} (3)
that makes decisions based on the observation histories. M
means semantic map, mapping from world coordinates to
semantic labels. Specifically, if the most recent observation
does not violate the prescribed safety rules, the monitor
selects an inter-sample interval and schedules the next ob-
servation time; if a violation is detected, it intervenes (e.g.,
issues a stop). This yields runtime safety with adaptive
(non-uniform) sampling and reduced sensing or compute

load.
4. SELF-TRIGGERED PREDICTIVE MONITORING

4.1 Owverall Framework

Before formally presenting how to construct high-quality
monitors that both ensure safety and reduce the frequency
of monitoring, we first introduce a methodological scaf-
fold via an architectural decomposition of our C P-based
STEM framework. Specifically, our approach consists of
the following three components:

e Point Predictor: The monitoring process requires
predictive capabilities for future state estimation,
which is challenged by two key factors: (i) the sys-
tem dynamics and environmental disturbances are
unknown, and (ii) the presence of closed-loop control
policies. To address these challenges, a neural net-
work—based deterministic point predictor gy is em-
ployed to provide consistent online forecasts under
uncertainty.

e Trajectory generator: Under the self-triggered
mechanism, the observed information becomes tem-
porally discontinuous, whereas the training data are
collected at uniform sampling intervals. As a result,
test-time observations cannot be fed directly into the
neural network trained on continuous trajectories. A
naive attempt to align the two by subsampling the
training data (e.g., via point deletion) would require
test-specific architectural adaptations and effectively
lead to a combinatorial explosion in model configu-
rations and parameters, substantially increasing both



complexity and computational cost. To avoid this, we
introduce a trajectory generator Iy. Its input is the
discontinuous observation history, and its output is
a continuous trajectory obtained via linear interpola-
tion. The reconstructed trajectory produced by Iy is
then used as the input to the point predictor gg.

e Conformal Prediction with F-divergence ball:
Then we use conformal prediction Py to extend deter-
ministic point prediction into uncertainty-calibrated
prediction regions with confidence guarantees. How-
ever, the synthesized trajectories violate the i.i.d. as-
sumption required for training data and testing data.
To address this distribution shift between training
and test data and quantify the correct probability
of prediction regions, we propose a f-divergence ball
framework in Section 4.5.

Next, we provide the technical details of each part.
4.2 Point Predictor

We employ a neural network-based deterministic point
predictor to estimate the next state of the trajectory given
its recent history. Let the observed trajectory segment at
time t be denoted as

Xt L1t = Tt L1812 --- Tt € X T,
where L is the fixed observation length and z; € R¢
represents the position (e.g., d = 2 for (x,y)). The point
predictor gg(-), parameterized by neural network weights
0, produces the one-step prediction

Ty = go(Xe—Ly1:),
which corresponds to the expected next state under cur-
rent motion patterns. The model is trained by minimizing
the mean squared prediction error:

(4)
—go(x;” L+1: +)

2
»Cpred ‘

2’

where N is the number of training samples. This deter-
ministic predictor serves as the foundation for constructing
the conformal prediction regions introduced in Section 4.4,
providing a nominal trajectory around which symmetric
uncertainty sets are later formed.

4.8 Trajectory Generator

Given two endpoints x} and x},, of a trajectory and the
time interval 74 between them. We use linear interpolation
to generate points between two endpoints, which can be
formulated as:

xy; = TG(x}, w4y, 7t) =
where ¢ € T = {1,...,
interval 7.

(1—/\t)><x,/§—|—)\t><x;+1 (4)
7t} and \; is determined by time

Remark 1. We adopt linear interpolation in trajectory
synthesis primarily to control and quantify distribution
shift introduced by reconstruction. Concretely, given an
original trajectory, we delete several intermediate samples
and then reconstruct the trajectory via a linear interpola-
tion operator. Because the operator is linear and preserves
endpoints, the discrepancy between the reconstructed and
original trajectory, which is measured at the sample level
or in distributional metrics, admits closed-form charac-
terization or tight bounds. This yields an analytically

tractable “distribution law” for the synthesized data and
allows us to calibrate, monitor, and limit the shift induced
by resampling and reconstruction. The details can be
found in Luor (2018).

4.4 Conformal Prediction

Conformal prediction (CP) is used to quantify the un-
certainty of traditional supervised learning. It is a very
general approach that can be applied across all existing
deterministic classifiers and regressors Balasubramanian
et al. (2014). C'P produces prediction regions with guaran-
teed probability by enriching point-wise predictions with
guaranteed validity.
Definition 2. (Conformal Prediction Regions). Assume that
the significance level a € (0,1) and the test input is z*
with its true corresponding target y*. The goal of CP is
to construct the a-prediction region for z*, I'Y C Y that
satisfies:

P(I*,y*)NZ(y* € F:L) >1l-a (5)
It shows that prediction region is guaranteed to contain
the true (unknown) value y* with confidence 1 — a.

The idea of CP is to construct the prediction region by
“remove” areas that do not meet the requirements. Firstly
for Ry, Ra,...,Ry+1 be n+ 1 independent and identically
distributed (i.i.d) random variables. The goal in conformal
prediction is to obtained a prediction region for R,iq
based on Ry, R, ..., R,. Formally expressed in (5), given a
significance level a € (0, 1), we want to obtain a prediction
region R, +1 < C such that

P(R,41 <C)>1-« (6)
We refer to R; as nonconformity score (NCF). For super-
vised learning, we can select R; := ||y; — gg(x;)|| where
ge is a point predictor with a network structure of RNN
or LSTM and ||y; — go(x;)|| is score function s(z;,y;) so
that a large nonconformity score indicates a poor pre-
dictive model. Refer to Tibshirani et al. (2019), we add
Ro = 00 to Ry,..., R, and sort them in non-decreasing
order (R refers to the order static of R). So for R, we have
Rit1 > R;. By setting ¢ := [(n + 1)(1 — a)] < n, we
obtain the (1 — a)th quantile as C' := R,. So we can get
the prediction region I'Y C Y for x*:

Y =y-Cy+0] (7)
where y = g(z*) and C is the (1 — a)th quantile in
calibration set Z..

4.5 Distributions Shift over F-divergence Balls

Since the generated trajectories and training set are defi-
nitely not i.i.d or exchangeable, we introduce f-divergence
ball here. In Cauchois et al. (2024), the author propose
Robust Validation, which can be used when distributions
shift. In our prediction process, score function is s(x,y) =
lly—go(z)|| where g is point predictor defined is Section 4.2.
We firstly define the f-divergence Csiszar (1967) between
two probability distributions @ and Q’ on a set Z is:

D4 (QIQ) /f d@() (8)

f is a closed convex function f : R — R satisfying f(1) =0
and f(t) = +oo for t < 0. A f-divergence ball with radius
p and initial distribution @ is:




Br,p(Q) ={Q": D;(Q'IQ) < p} (9)
We can valid the prediction model if the testing data
distribution Q¢es: is on the f-divergence ball constructed

by Qtrain .

We present our expanded prediction region and provide
mathematical probabilistic guarantees that the region con-
forms to the actual range. The correct prediction set is:

Cyy (@) =={y €Y : s(z,y) < Quantileys,,(1— a; Qrrain)}
(10)

where Y is the state space, s(z,y) is the score function, «

is significance level set by us and Quantile is defined as:

Quantiles ,(o; Q) =  sup  Quantile(a; Q") (11)
Q'€Br,,(Q)

We also need to set a value for p, which is shows below:

P Z p* = Df(QtestHQtrain) (12)

Now we can provide the probability guarantee of the actual
location in prediction area:

P(Yni1 € 57 (Xn1)) > 1—a (13)

Here X, 41 means the continuous past information and
Y,+1 means the predicted future states. The predictor
function Py whose input is continuous state information
and prediction regions I is:

I'= PG(X’rH-l) = ]%?;r(Xn—&-l)
={y €Y :|ly — go(2)|| < Quantiles (1 — o; Qtrain)}
= R(ge(a?),f, paa>Qt7’ain) (14)

5. SOLVING ALGORITHM

In this section, we will propose our solving algorithm for
self-triggered online monitoring problem with unknown
model.

We first describe how to compute the distribution @) using
the predictor gy and the dataset, as summarized in Algo-
rithm 1. Specifically, we begin by computing the noncon-
formity score for each sample in the dataset and then form
the empirical distribution of these scores. Using Equa-
tion 4.5, we subsequently obtain the expansion parameter
p. We denote this procedure by CD(Zyet, Zshitt, 9o, S)-

Then we train a deterministic point predictor gg that maps
a fixed-length history of L past states to the next-step
position. The training process is shown in Algorithm 2.

Algorithm 1: Calculating distribution @ for two
disjoint calibration sets

Input: reference data Z,.s, shift data Zsp;, point
predictor gy and score function s
Output: Expansion parameter p
for k € {ref, shift} do
Set S, =0
for i ={1,...,|Zx|} do
ri = s(af, yf) = [yl — go(af)l
Sk =S U{r!'}

L .
Qu(t) = g T3 1k <1}, rk € 5,

P = Df(QshiftHQref)
Return Expansion parameter p

Algorithm 2: Training for PVY with CP

Input: Trajectory data Z, score function s and a
Pre-set function f
Output: Expansion parameter p and point predictor

9o
Spht Z into Ztrain7 anlf'r‘ef and anlfshift
Using Ziyqin to train a point predictor g with input
length L

Construct Zéal—shift =0
for (z,y) € Zcai—shiyt do

delete some points in = to get z’

éal = Zéal U{(l’l, y)}

Construct a set S =0
for (l‘/,y) € Zéalfshift do

new continuous path =’/ = Iy(z')

S =SUH@E",y)}
pP= CD(anl—refa anl—shifta 90, S)
Return Expansion parameter p, point prediction gy

Remark 2. In Algorithm 2, we first partition the calibra-
tion set into two splits. On one split, we randomly delete
a subset of points along each trajectory and use the tra-
jectory generator Iy to synthesize the missing segments,
producing complete trajectories. The resulting sample is
constructed to match the test-time distribution; we there-
fore treat it as a surrogate test set and use it to calibrate
the f-divergence ball for distribution-free robustness.

Algorithm 3 presents the online monitoring routine of
STEM, which schedules re-triggering based on conformal
uncertainty propagation. Given the most recent observa-
tion history h, the trained point predictor g produces
a one-step forecast and its conformal prediction region

+1- The algorithm then rolls this region forward over
a planning horizon, repeatedly (i) extracting obstacle sets
from the online semantic map M/, , (i) sampling sup-
port points on the boundary OR;, . to capture worst-case
propagation, (iii) pushing each support point through g to
obtain the next-step regions, and (iv) merging and closing
these regions to form a single reachable set for the next
step. We declare an immediate alarm iff 7 = 0(s = 0);
otherwise we certify a sleeping interval of length 7 and
set s = 1, which means continue operating in “sleep-
ing”. This region-to-region rollout preserves a conserva-
tive safety guarantee while avoiding unnecessary, overly
frequent monitoring.

6. CASE STUDY

In this section, we provide some motivating examples to
show that our STEM can not only guarantee safety during
online monitoring , but also cost less than time-triggered
mechanism. The provided examples cover a variety of sce-
narios in which an autonomous agent operates under dif-
ferent environmental conditions. In each case, we employ
STEM as the runtime monitor to adaptively determine
safe re-evaluation intervals and ensure reliable operation.

6.1 Dynamic Model

The dynamic system model function f for experiment is
unknown to us, neither do disturbance noise. However,



Algorithm 3: Online Monitoring Mechanism using
STEM

Input: past observation h, trained point predictor g,
expansion radius p, semantic map M] at each
step, max “sleeping” interval T, pre-set
function f, significance level «, training
dataset distribution Q¢rqin

Output: “sleeping” interval 7 and monitoring

decision € {0, 1}

Set =T and s =1

Select a sequence z;_; : z; from h

continuous trajectory x¢_r. = TG(x}_; : x})

next possible point y;11 = g(X¢—r1.t)

next region prediction is

2—&-1 = R(yt+l> f7 P, Q, Qtrain)

for 1o € {0,...,T} do

Extract obstacle region O, . from M]

if Ri,  ,1NO;# 0 then

et T =19
break

else

L Set T():T0+1

Get the closed boundary OR from Rj

Select N points {z},,}¥, from OR

Set new prediction region as Ry, . . =0

for z € {zi,}Y, do

Get new trajectory 7 by delete the first point
in 7’ and added x into it

next possible point ys4r,+1 = g(m)

next region prediction is
Rt+70+1 - R(yt-i-ro—i-la f7 Py &y Qtrain)

Ry ror1 = Ripr i1t UR 11

Get the closure cl(R},, ;) as the next step
prediction region R}

L t+710+1
if 7 =0 then

L Set s=0
Return 7 and decision s

we have access to a dataset Z of the agent’s operating
trajectories.

6.2 Implementation details

We train an LSTM network as the point predictor g with a
learning rate of 5 x 107°, 100 training epochs, and a batch
size of 64. The prediction interval is constructed at sig-
nificance level a = 0.01, corresponding to approximately
99% marginal coverage for the next-step location. All ex-
periments are conducted on a single NVIDIA RTX 4090
(24 GB VRAM).

6.3 Experiments and Results

In this subsection, we present six representative snapshots
of our running results. They cover two types of scenarios:
one with simple obstacle configurations and another with
more challenging obstacle layouts. In all figures, the black
region around the perimeter denotes the boundary of
the workspace, which is impassable. The gray areas in
the interior correspond to obstacles and represent unsafe
regions. A single agent moves within this environment:
the blue dot marks the initial position, and the blue
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Fig. 3. Scenario with complex obstacles.

curve denotes the nominal trajectory that the agent would
follow without any monitoring or intervention. The orange
dots indicate supervision points when a fixed supervision
interval of 1 is used. In contrast, the green dots denote the
supervision points selected by STEM, and the red dots
mark the time instants at which STEM decides to stop
the agent.

From these results, we observe that the STEM algorithm
not only reduces the number of supervision events and
the associated monitoring cost, but also maintains safety
by stopping the agent before an imminent or high-risk
collision occurs. Moreover, STEM adapts its behavior to
the risk level: when the agent is close to obstacles, the
supervision becomes more frequent (the algorithm “opens
its eyes” more often) to avoid collisions, whereas when the
agent is far from any obstacle, the supervision frequency
is reduced, thereby lowering computational and sensing
overhead.

7. CONCLUSION

This paper studies runtime safety monitoring and in-
troduces STEM, a self-triggered, model-agnostic predic-
tive monitor that maximizes sensor sleep while certi-
fying safety. To mitigate distribution shift induced by



self-triggered sampling between reconstructed trajecto-
ries and the training data, we further incorporate an f-
divergence—based correction to calibrate predictions un-
der shift. Although our focus is safety, the framework is
generic and amenable to broader online monitoring tasks.
Future work will extend STEM to more general scenes,
e.g. specification-aware monitoring, multi-agent settings,
and tighter adaptive calibration.

DECLARATION OF GENERATIVE AI AND
AI-ASSISTED TECHNOLOGIES IN THE WRITING
PROCESS

During the preparation of this work, we used ChatGPT to
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