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Abstract—This paper summarizes an abstraction-based formal
verification framework for unknown dynamical systems. At its
core, it uses Gaussian process regression to learn unmodelled
dynamics from a given data set of noisy system measurements.
While this paper envisions such a framework, details can be
found in [8].

I. I NTRODUCTION
As the capabilities and complexities of autonomous systems
grow, the ability to provide guarantees for safety-critical
systems becomes more challenging. Conventional methods for
the formal verification of control systems generate guarantees
with respect to a given system model [5, 2]. In many applications, a system may have unmodelled dynamics in order to
reduce complexity (e.g. linearization) or because the resources
required to obtain a high-fidelity model are unavailable. Both
of these factors may apply to a black-box system, such
as a closed-source autopilot or an off-the-shelf component.
Factors that were unaccounted for, including control actuator
changes and environmental impacts, may render initial safety
guarantees inapplicable.
Data-driven verification approaches can overcome these
limitations if we can account for the modelling error. Haesaert
et al. [7] and Kenanian et al. [9] focus on learning linear
systems from data and computing a measure of safety, though
their method is limited to linear systems. Similarly, Ahmadi
et al. [1] use a piece-wise polynomial approximation to fit a
potentially nonlinear model for safety assessment. While they
produce safety guarantees using barrier certificates, the safety
result is not applicable to the underlying system.
Recently, Gaussian process (GP) regression has become
popular for learning dynamics from data, as the procedure
can produce probabilistic error bounds between the regression
and unknown system [13, 4]. GP regression has been used in
the context of reachability and policy learning with stability
guarantees [14, 3]. This highlights the opportunity for formal
verification approaches that use a data-driven model and
incorporate the modelling error to make safety guarantees with
respect to the unknown system.
Our work combines GP regression with an extension of
model-based formal verification [10] to generate safety guarantees for systems learned from data. For example, one may
ask if the state safety property “Do not enter the unsafe
region with a minimum probability of 99% over the next

1 hour” is satisfied from a subset of possible initial states.
We accomplish this by using GP regression to learn the
unknown dynamics, then build an uncertain Markov decision
process whose transitions are defined using the probabilistic
error bounds from the regression, and finally employ a worstcase and best-case solver to find a lower-bound probability
of satisfying the safety property over a (possibly unbounded)
time horizon. For a more in-depth discussion of the presented
concepts, we refer interested readers to the full version of our
paper [8].
II. P ROBLEM AND A PPROACH
We consider a discrete-time control system
x(k + 1) = f (x(k), u(k)),
y(k) = x(k) + v(k, u(k − 1)),
where
x(k) ∈ Rn , u(k) ∈ U, y(k) ∈ Rn , v(k, u(k − 1)) ∼ Du(k−1) ,
f : Rn × U → Rn is the unknown dynamics function, U =
{a1 , . . . , a|U | } is a finite set of actions or control laws, and for
each a ∈ U, v(k, a) is a noise term sampled from distribution
Da .
The problem is summarized as follows. Let Xsafe ⊂ Rn be
a compact safe set. The safety probability Psafe (x) ∈ [0, 1]
measures the chance that a trajectory beginning at an initial state x ∈ Xsafe remains in the safe set over a time
horizon T ∈ N+ ∪ {∞}. Given a data set D of stateaction-observation tuples, find pmin (x) and pmax (x) such that
Psafe (x) ∈ [pmin (x), pmax (x)] for every initial state x ∈ Xsafe
under any choice of control u(k) for all k ≤ T .
Our framework uses GP regression and probabilistic error
analysis to learn the latent function f from noisy observations [12]. We assume that f is a member of the reproducing
kernel Hilbert space (RKHS) associated with the prior kernel
function used for the GP regression. Let fi denote the ith
component of the dynamics, and let µi and σi denote the
posterior mean and covariance functions, respectively, derived
from measurements of fi . We use a result from Chowdhury
and Gopalan [4] that (informally) states with probability at
least 1 − δ,


p
|fi (x) − µi (x)| ≤ Bi + R 2(1 + γD + log(1/δ)) σi (x),

where Bi is an upper bound on the RKHS norm of fi ,
R is a parameter related to the noise distribution, and γD
is the maximal information gain term. We note that the
proposed framework is also applicable to the case of f being
drawn directly from the GP using different probabilistic error
bounds [11].
We create an interval (uncertain) Markov decision process
(IMDP) [6] abstraction of the system over a discretization
of the state space. The decisions correspond to the control
actions afforded to the system, and the discrete state labels are
consistent with the continuous space. The transition probability
bounds between two IMDP states q, q 0 are computed by
checking the intersection between the image of q under the
posterior mean function and q 0 . We incorporate the probabilistic model error into the transition bounds to tie the IMDP to
the underlying system.
Finally, we find bounds for pmin (x) and pmax (x) by using
an existing method for solving IMDPs that results in bestand worst-case analyses. The verification procedure finds a
lower and upper bound of the probability of satisfaction by
finding those transition probabilities and control actions of
the IMDP that are minimizing and maximizing, respectively.
These double minimization and maximization problems can
be formulated as Bellman equations that are evaluated at
every step [10]. This method can be used for both finite- and
infinite-horizon problem statements, and the complexity of the
algorithm is polynomial in the size of the IMDP.

(a) T = 1 step

(b) T = 1000 steps

Fig. 1: Minimum probability of safety for a switched system
comprised of the upper and lower triangular system modes.
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III. E XAMPLES
We demonstrate the framework on a two-mode switched
linear system and a nonlinear system. The safe set is defined as
the square [−4, 4]×[−4, 4], and the verification task is staying
inside the safe set over a time horizon. One-thousand random
data points with additive noise were used for the regression.

(a) Switched-system matrices

(b) Nonlinear vector field

A. Switched Linear System
The switched system x(k + 1) = Ai x(k) where i ∈
{upper, lower} uses the matrices in Figure 2(a) and is permitted to switch between the two modes at each time step.
With two actions available to the system, the worst-case result
occurs if one action can drive the system to an “unsafe” region
of the other mode. Figure 1 shows the minimum probability
of safety after one and 1000 steps. Notably, the system is
guaranteed to remain in the safe set after 1000 steps regardless
of the applied control so long it starts in a cell with a minimum
safety probability of one.
B. Nonlinear System
The nonlinear system is given by
f (x(k)) = [ x1 (k) − 0.05 x2 (k), x2 (k) + 0.1 sin(x1 (k)) ]T .
The vector field for the true system is shown in Figure 2(b).
Many vectors flow away and out of Xsafe near parts of the
border, while the field slowly spirals away from the origin.
After 1 step, the minimum probability of safety is zero around
parts of the field that flow out of Xsafe shown in Figure 2(c).

(c) T = 1 step

(d) T = 6 steps

Fig. 2: Matrices for the linear switched system, nonlinear
vector field and the minimum safety probability for multiple
steps of the nonlinear system.

The non-zero maximum probability of transitioning to parts of
the field that flows out of Xsafe cause the initially-large set to
shrink after successive steps. After 6 steps, safety can only be
guaranteed if the system starts in regions around the origin.
IV. C ONCLUSION
In this short paper, we summarize our framework for
the verification of unknown dynamical systems from noisy
measurements.
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