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Abstract—Recently, we have been witnessing an increasing use
of machine learning methods in self-adaptive systems. Machine
learning methods offer a variety of use cases for supporting self-
adaptation, e.g., to keep runtime models up to date, reduce large
adaptation spaces, or update adaptation rules. Yet, since machine
learning methods apply in essence statistical methods, they may
have an impact on the decisions made by a self-adaptive system.
Given the wide use of formal approaches to provide guarantees
for the decisions made by self-adaptive systems, it is important
to investigate the impact of applying machine learning methods
when such approaches are used. In this paper, we study one
particular instance that combines linear regression to reduce the
adaptation space of a self-adaptive system with statistical model
checking to analyze the resulting adaptation options. We use
computational learning theory to determine a theoretical bound
on the impact of the machine learning method on the predictions
made by the verifier. We illustrate and evaluate the theoretical
result using a scenario of the DeltaIoT artifact. To conclude, we
look at opportunities for future research in this area.

I. INTRODUCTION

Dealing with uncertainties is an essential problem in self-
adaptive systems (SAS) [1]–[4]. Uncertainties may affect the
confidence of the adaptation decisions that need to guarantee
the adaptation goals [5]–[10]. Recently, we witness a rapid
increase in the application of supervised and interactive ma-
chine learning (ML) methods to support self-adaptive software
systems dealing with uncertainties [11], for example to reduce
large adaptation spaces [12], [13], keep uncertainty parameters
of runtime models up-to-date [14], update adaptation rules
under uncertainty [15], and predict resource consumption [16].

While these ML methods aim at mitigating some types of
uncertainties, they are likely sources of uncertainties them-
selves. In particular, since ML methods apply in essence sta-
tistical techniques, they may have an impact on the decisions
made by a self-adaptive system. This impact is particularly
relevant when formal approaches are used for runtime analysis
of adaptation options that aim at providing guarantees for the
decisions made by a self-adaptive system [17]–[22].

However, research has spent little attention on the impact of
applying ML methods on the decision-making in self-adaptive
systems [21], [23]. In fact, most self-adaptive approaches
demonstrate the added value of ML methods empirically based
on training data sets and runtime experiments. Yet, a rigorous
theoretical analysis of the impact of applying ML methods on
the decision-making of self-adaptive systems is often missing.

Computational learning theory [24]–[26] (CLT) studies the
design, analysis, and complexity of ML methods, in particular

supervised methods. CLT offers a number of theorems that
provide statistical bounds on the precision of machine learner
models in the test phase (when the models are used to make
predictions) based on their precision in the training phase
(when the models are trained to generate the right output),
the training data, and the capacity of the learner.

In this paper, we apply a number of CLT concepts and
theorems to determine a theoretical bound for the impact of
applying ML on the decisions made by a self-adaptive system
based in its verification results. We focus on a particular
instance that combines one type of learner - linear regression
- with one type of verifier - statistical model checking - to
support the decision-making of self-adaptation.

The contribution of this paper is the definition of a the-
oretical bound on the guarantees provided by combining
linear regression with statistical model checking in decision-
making for self-adaptation. We evaluate the theoretical bound
empirically using a scenario of the DeltaIoT artifact [27].

The remainder of this paper is structured as follows. In
Section II, we explain the research problem we tackle and we
formulate the research question. Section III introduces CLT
concepts, definitions, and lemmas, providing the basis for our
work. In Section IV, we present the core contribution of this
paper: a theorem that defines a theoretical bound for the impact
of a machine learning method on the analysis results provided
by a verifier. Section V evaluates the theoretical results using
a scenario of the DeltaIoT artifact. Finally, in Section VI we
discuss related efforts, and we conclude with suggestions for
future work in this area in Section VII.

II. PROBLEM CONTEXT AND RESEARCH QUESTION

A prominent approach to guarantee the adaptation goals in
self-adaptive systems is the use of formal analysis of adapta-
tion options at runtime. The principal idea of formal analysis is
to use runtime models to predict the expected quality proper-
ties of different configurations that can be considered to adapt
a system, i.e., the adaptation options, with the complete set
called the adaptation space. Over the years, a variety of formal
techniques have been studied to perform runtime analysis in
self-adaptive systems. One prominent approach is probabilistic
model checking [18], [28] that (in its basic form) exhaustively
verifies the state space of each adaptation option, providing
strong guarantees on the realisation of the adaptation goals.
An alternative approach applies statistical model checking [29]
to analyse adaptation options, as for instance used in [30].



Statistical model checking combines runtime simulation of
stochastic models with statistical techniques. The approach is
more efficient as exhaustive verification, yet the results are
subject to an approximation interval with a confidence level.

In this paper, we focus on self-adaptive systems that are
based on the MAPE-K model [31], comprising four elements:
Monitor, Analyse, Plan, and Execute that share a Knowledge
repository. In particular, we focus on the adaptation problem of
ensuring an optimization goal for a self-adaptive system (e.g.,
ensuring that the packet loss of an IoT system is minimized).
The learning problem is making predictions for a system
property using a regressor to support analysis (e.g., predicting
the packet loss of all the adaptation options to reduce the
adaptation space based on a threshold value of allowed packet
loss). The verification problem is making estimates to support
the decision-making using a statistical model checker (e.g.,
estimating the packet loss of the reduced adaptation space to
select the option with the lowest estimated packet loss).

The central idea of statistical model checking is to check the
probability p ∈ [0, 1] that a hypothesized model M (a runtime
model here) of a stochastic system (the managed system with
its environment) satisfies a property ϕ (a quality goal), i.e., to
check PM (ϕ) ≥ p by performing a series of simulations on
M . Statistical model checking applies statistical techniques on
the simulation results to decide whether the system satisfies
the property with some degree of accuracy and confidence.
Concretely, statistical model checking allows computing an
estimation of probability p with an accuracy interval [p−ε, p+
ε] and confidence level 1−α. Uppaal-SMC [32] is a tool that
supports statistical model checking. A probability estimation
query in Uppaal-SMC is formulated as p=Pr[bound](ϕ). For
further details, we refer the reader to [32]–[34].

Our interest here is how the application of ML affects the
analysis results and hence the adaptation decisions made based
on these results. Hence, the research question we address is:

What is the impact of applying a ML method, in particular
a linear regressor, on the analysis results, in particular the
results obtained using statistical model checking, to support
decision-making for self-adaptation?

As the problem of the research question is statistical in
nature, we need to specify the behavior of a supervised
machine learner statistically, for which we rely on CLT.

III. PRELIMINARIES

This section explains essential concepts of supervised ML
derived from CLT. Supervised ML consists of a training phase
and a testing phase. During training, the machine learner trains
a model using labeled examples, i.e., (input, target) pairs.
During testing, the learner uses the trained model to predict
the target for new input. Since the training data is known, the
training error can be determined. Yet, in the testing phase,
when the learner is used in the real world, the test data is not
known in advance, and the target values it will predict will be
subject to some error. This raises the question: Can we define
any bound on the test error of a learning model of a supervised
learner based on its error over the training data?

To answer this question, we formalize all the relevant
concepts, leveraging on notations taken from [26]. We start

with devising a statistical model for a supervised learner. To
that end, we use the basic model of a supervised learner shown
in Figure 1 with the following components:

- A random generator G of independent identically dis-
tributed vectors1 x ∈ Rn, from a fixed and unknown
probability distribution function p(x).

- A supervisor S that returns an output y for every input
x based on a fixed and unknown conditional probability
distribution function2 p(y|x).

- A learning machine LM that selects a function from
a set of functions f(x; θ) such that it obtains the best
approximation for responses of S. Here, θ ∈ Λ is a set
of abstract parameters. Example parameters for a linear
regressor y = w × x+ b are w and b.

x
G

y

ŷ

S

LM

Fig. 1: The model of learning [26].

The function chosen by LM is based on a training set L that
comprises of pairs {(x1, y1), . . . , (xm, ym)}. Note that these
pairs are independent identically distributed and drawn from
probability distribution function3 p(x, y) = p(x)p(y|x).

Suppose that the loss function4 of y (the output of S, see
Figure 1) and ŷ (the output of LM ) is denoted by l(x, y, θ) =
loss(y, f(x; θ)), we can describe the expected risk r(θ) as a
function on the domain of (x, y) pairs, denoted by Ω, as:

r(θ) =

∫
Ω

l(x, y, θ)p(x, y)dxdy.

The expected risk function refers to the performance of a
learning algorithm in terms of the accuracy of the predic-
tions it makes; it is defined as the continuous mathematical
expectation [35] of the loss function, with (x, y) being a
pair of continuous random variables. The goal of the learning
problem is to minimize the value of r(θ). However, p(x, y)
is unknown. Therefore, we define a replacement for r(θ) that
is called empirical risk denoted by the function re(θ), and
defined as follows (with {(x1, y1), . . . , (xm, ym)} representing
the training data set):

re(θ) =
1

m

m∑
i=1

l(xi, yi, θ)

Whereas r(θ) is based on unknown p(x, y), the empirical
risk corresponds to the discrete mathematical expectation of

1Hence, we follow the common assumption that samples have been drawn
from the same distribution function independent from each other.

2The conditional probability distribution function is defined by p(x,y)
p(x)

.
3Based on the definition of the conditional probability, p(y|x) =

p(x, y)/p(x), we have p(x, y) = p(x)p(y|x).
4The loss function defines a distance measure on the predicted target value

by the learner and the real target value.



the loss function based on the known samples from Ω. To
answer the question how we can define a bound on the test
error of a learning model of a supervised learner based on its
error of the training data, we need to define a relation between
re(θ) and r(θ) based on the definition of the loss function.

To that end, a vital concept is Vapnik–Chervonenkis (VC)
dimension that defines the learning capacity of the machine
learner based on its loss function l(x, y, θ) – that is a set of
functions based on θ parameter – and its input dimension, i.e.,
the dimension of x. Lemma 1 states that the VC dimension of
linear regression methods with input dimension n (we use this
lemma for the evaluation case in this paper). Values for other
common learning methods can be found in the CLT literature,
see for instance [24], [25]. For further details on the formal
definition of the VC dimension, we refer the reader to [26].

Lemma 1 ([36]). The VC dimension of a set of linear functions
in Rn (such as for linear regression) is n+ 1.

We can now define a bound on the probability of the
expected risk in a range based on: (i) the number of training
data m, (ii) the empirical risk re(θ) with θ ∈ Λ, (iii) the
VC dimension of the learner d = VC(l(x, y, θ)), (iv) the
minimum and maximum value of the predefined loss function
a and b respectively, and (v) a free variable η ∈ [0, 1] that is
controllable by the designer, using the following lemma:

Lemma 2 ([26]). For all functions in a set of totally bounded
functions a 6 l(x, y, θ) 6 b with θ ∈ Λ and VC dimension
d = VC(l(x, y, θ)), for m independent identically distributed
training data with d < m, the probability P of the expected
risk r(θ) between an upper and lower bound is bounded as:

P [re(θ)− δ 6 r(θ) 6 re(θ) + δ] > 1− η

δ = (b− a)
√
ν and ν =

d(ln 2m
d + 1)− ln η

4

m
.

Lemma 2 defines a lower and upper bound for the expected
risk of a learner. η is a free variable set by the designer to
balance the lower and upper bound of r(θ) and the minimum
probability that the (lower and upper) bound contains the true
value of r(θ). The probability of the (lower and upper) bound
for the expected risk can be set in different ways. For instance,
we can have a tighter bound by decreasing the VC dimension
using a different learning model. If we want to reach a high
probability for the (lower and upper) bound by lowering η but
without changing the (lower and upper) bound (as ν contains
η) and keeping the same learning model, we can for instance
increase the number of training samples for the learner.

IV. IMPACT OF ML ON VERIFICATION RESULTS

We now determine the impact of applying a ML method
(regression) on the verification results (obtained through sta-
tistical model checking), answering the research question.
Concretely, regression is used to predict the value of a quality
property of all the adaptation options for a given adaptation
goal. These predictions are used to reduce the adaptation
options. These options are then verified using statistical model
checking and the best adaptation option is selected using the
estimated values of the quality property of the verified options.

The aim of statistical model checking is to estimate the true
mean of the value y of a quality. Yet, this estimation, denoted
by y′, has an error that we denote by κ. The probability
that y lays in the κ-neighborhood of y′ is determined by the
confidence level 1− α of statistical model checker,5 i.e.:

P[y′ − κ 6 y 6 y′ + κ] > 1− α

Note that error κ is domain-dependent and can in general be
expressed as a function g(ε), with ε representing the bounds
of the approximation interval of a probability estimation p± ε
obtained using statistical model checking.

On the other hand, we know that the prediction of the
machine learner will be determined by f(x; θ) (defined in
Section III) based on the input vector x. Hence, we need to
define a loss function to measure the distance of the predicted
quality value ŷ and the true value y. For the purpose of our
further analysis, we define the loss function as the squared
error (y − f(x; θ))2 for two reasons: (i) this loss function is
differentiable in all points, and (ii) by taking the square root
of the loss function, we can simply obtain an error on y with
the same unit as the estimation error κ. In contrast, choosing a
more straightforward loss function such as the absolute error
|y − f(x; θ)| would not be differentiable at point zero.

Applied to this loss function, the expected risk r(θ) of y
and ŷ (see Section III and Fig. 1) is defined as follows:

r(θ) =

∫
Ω

(y − f(x; θ))2p(x, y)dxdy

By taking the squared root
√
r(θ), we obtain the expected

error (or expected euclidean distance) of y and ŷ = f(x; θ).
Since this error has the same unit as the estimation error κ, the
expected error of a verification result obtained with statistical
model checking for an adaptation option selected based on its
predicted value with a linear regressor will be

√
r(θ) + κ.

To express this empirically and answer the research ques-
tion, we follow a three-step process: (i) we determine the
impact of the result of statistical model checking on the
expected and empirical risk of the regressor in Lemma 2, (ii)
we determine the absolute error between the value of the best-
selected option of the reduced and the complete adaptation
space (and its relation to the expected error

√
r(θ)), and (iii)

we combine the results of (i) and (ii) to determine the impact
of ML - in particular regression - on the verification results -
in particular those obtained using statistical model checking.

A. Impact of verification results on ML predictions

In Section III, the definition of empirical risk re(θ) assumed
that the target values yi of the training data are exactly known,
determining the true target values for xi. However, when
applying statistical model checking, the values of the training
data are estimated by the verifier. Hence, we modify the
definition of re(θ) by replacing yi with yi±κ. The definition

5Probability estimation computes approximation interval p± ε with confi-
dence 1−α. If this estimation is repeated N times, then the estimated interval
contains the true probability p at least (1− α)N times for N →∞ [32].



of expected risk r′e(θ) that is based on training values obtained
through statistical model checking is defined as:

r′e(θ) =
1

m

m∑
i=1

l(xi, yi ± κ, θ)

To find a relation between re and r′e, we develop the Taylor
series6 of l(x, y±κ, θ) around constant point c = (x0, y0, θ0):

l(x, y ± κ, θ) = l(c) +

(
∂l

∂x
(c)(x− x0) +

∂l

∂y
(c)(y ± κ− y0)

+
∂l

∂θ
(c)(θ − θ0)

)
+ · · ·

Rephrasing the elements of the series gives:

l(x, y ± κ, θ) =

[
l(c) +

(
∂l

∂x
(c)(x− x0) +

∂l

∂y
(c)(y − y0)

+
∂l

∂θ
(c)(θ − θ0)

)
+Higher order of Taylor series for l(x, y, θ)

]
± ∂l

∂y
(c)κ+ ξ(κ2)

= l(x, y, θ)± ∂l

∂y
(c)κ+ ξ(κ2)

The first part of the series (inside the square brackets) is the
Taylor series of l(x, y, θ). The last term ξ(κ2) shows that the
lowest power of κ in the remaining part of the series is two.
If we assume that error κ is small and κ2 is negligible, we
can replace l(x, y ± κ, θ) with l(x, y, θ)± ∂l

∂y (c)κ in r′e:

r′e(θ) ≈
1

m

m∑
i=1

(
l(xi, yi, θ)±

∂l

∂y
(c)κ

)
Rewriting the right hand side gives:

r′e(θ) ≈
1

m

m∑
i=1

(l(xi, yi, θ))±
∂l

∂y
(c)κ

r′e(θ) ≈ re(θ)±
∂l

∂y
(c)κ

This formula expresses the empirical risk r′e(θ) with data
values obtained from statistical model checking based on
empirical risk with true data values re(θ) and an error ∂l

∂y (c)κ.
If we assume a smooth loss function, i.e., the absolute value

of the derivative of l in y is limited, i.e., a′ 6
∣∣∣ ∂l∂y ∣∣∣ 6 b′, we

can rewrite the formula in Lemma 2 as follows:

(1)P [r′e(θ)− δ′ 6 r(θ) 6 r′e(θ) + δ′] > (1− η)(1− α)

δ′ = δ + b′κ

This formula shows the impact of statistical model checking
on the machine learner’s expected and empirical risks. The
initial expected risk re(θ) of the lower and upper bounds of
the risk in Lemma 2 is replaced by the expected risk r′e(θ) for

6A series that expands a function in an infinite number of terms of its
derivative. Also, it can be defined for multi-variable functions based on the
function’s partial differentiation of its variable which is denoted by ∂.

data obtained through statistical model checking. The bound
δ on the probability of the risk is affected by the error κ of
statistical model checking (as a function of ε) denoted by δ′.
The probability of the (lower and upper) bound is modified by
multiplying the original probability 1− η with the confidence
level of the result obtained from statistical model checking
1 − α (because, the true value of each yi is located in κ-
neighborhood of yi with probability 1 − α). The analysis in
this section relies on the assumption that l is differentiable in
all points, see the selection of the squared error loss function.

B. Error of best option after adaptation space reduction

The adaptation space reduction is based on the predictions
of a quality property by a regressor. This paper analyzes the
case of an optimization goal that aims at minimizing a quality
property7 The domain of the value of the quality property is
defined between Lq and Uq .8 The adaptation space reduction
is based on a cut-off value C, with Lq < C < Uq , that is, all
configurations whose quality value is predicted to be ≤ C are
included in the reduced adaptation space. The cutoff can be
defined as a specific absolute value or as a percentage of the
actual adaptation options or another approach can be used.

We denote the best-available adaption option of the com-
plete adaptation space by Ow with a true value of Bw. The
best option of the reduced space is denoted by Or with a true
value Br. To determine the absolute error of the best-selected
option, i.e., |Br −Bw|, two general cases are possible.

First, the prediction of the adaptation option Ow with true
value Bw lays inside the reduced space [Lq, C], i.e., Lq 6
Bw−

√
r(θ) and Bw+

√
r(θ) 6 C, with

√
r(θ) the expected

error of the predicted value of the selected adaptation option,
as shown in Figure 2.

+(
√
r(θ))−(

√
r(θ))

Lq C Uq
Value

quality property

Bw

Fig. 2: The true value of the quality attribute for each adapta-
tion option is marked with a cross on the axis. The best option
of the complete adaptation space (Ow) is marked by the (blue)
square. In this case, the predicted value of the best adaptation
option with expected error

√
r(θ) is located inside the reduced

space based on the cut-off value C for the minimization goal.

Second, when the prediction of Ow lays outside the re-
duced space, its predicted value can be greater than C, i.e.,
Bw +

√
r(θ) > C, see Figure 3. We refer to an adaptation

option with a true value in the
√
r(θ)-neighborhood of Bw

as a feasible option. Assume that the predicted values of
adaptation options are uniformly distributed9 around their true
value

√
r(θ)-neighborhood. Take a feasible option Of with

the true value Bf , hence, Bf − Bw 6
√
r(θ). Based on the

uniform distribution, the probability pf that the prediction of

7For the analysis of a goal that maximizes a quality property, see [37].
8Lq and Uq are real values, i.e., Lq ∈ [−∞,+∞) and Uq ∈ (−∞,+∞].
9We use uniform distribution for explaining the general idea. Based on the

domain and regression method, other distributions may apply.



Of is located inside the reduced space is equal to the ratio of
its true value

√
r(θ)-neighborhood [Bf−

√
r(θ), Bf+

√
r(θ)]

that intersects with the reduced space [Lq, C]:

pf =

∣∣∣[Bf −√r(θ), Bf +
√
r(θ)

]
∩ [Lq, C]

∣∣∣∣∣∣[Bf −√r(θ), Bf +
√
r(θ)

]
∩ [Lq, Uq]

∣∣∣
The maximum value of the divisor of pf is obtained when

the complete
√
r(θ)-neighborhood of the true value of the

feasible option is located inside the range of quality property
values [Lq, Uq]. Hence, the maximum value for the divisor is
2
√
r(θ). On the other hand, since for a feasible option Bf −√
r(θ) 6 Bw 6 C and Bw 6 C < Bf +

√
r(θ), the dividend

of pf is greater than or equal to C − Bw. Therefore pl =
C − Bw/2

√
r(θ) 6 pf . We denote the lower bound of pf

with pl = C −Bw/2
√
r(θ). Since pl does not depend on the

true value of Of , the prediction of any feasible option will
be located in the reduced set of adaptation options with the
minimum probability pl.

However, in a real application we cannot compute pl as
the value Bw is unknown. To address this problem, we can
estimate this value by selecting the best option among the set
of all predictions; we denoted the value of this best option
with B̂w. If we assume that B̂w is located inside the reduced
space, as the expected error of the prediction is

√
r(θ), we

can estimate the probability pl with p̂l = C−B̂w

2
√
r(θ)

.

+(
√
r(θ))−(

√
r(θ))

Lq C Uq
Value

quality property
Bw

Fig. 3: The predicted value of the best adaptation option with
expected error

√
r(θ) can be located outside the reduced space

based on the cut-off value C for the minimization goal.

If the prediction of any feasible option is located inside
the reduced space, it is straightforward to show that the error
|Br − Bw| will be at most

√
r(θ). Hence, the probability of

|Br−Bw|6
√
r(θ) is equal to the probability that at least one

of the feasible options is located in the reduced space. If we
denote the number of feasible options by n, the probability of
|Br −Bw|6

√
r(θ) is at least 1− (1− p̂l)n, i.e., formally:

(2)P
[
|Br −Bw|6

√
r(θ)

]
> 1− (1− p̂l)n

Example. Consider a self-adaptive IoT network with a
packet loss in a range [0, 100] and a cut-off value for packet
loss of 10 %. The system uses a runtime model to predict the
packet loss for different adaptation options. Figure 4 illustrates
the error of the best adaptation option after adaptation space
reduction at a particular point in time for the IoT application.

Assume that
√
r(θ) is 5, and at the point in time shown in

the figure the best adaptation option among n = 25 feasible
options has a value B̂w = 7 %. Then, the probability that error
|Br − Bw|6 5 is equal to 1 −

(
1− 10−7

10

)25 ≈ 0.99. If we
decrease cut-off value C from 10 to 8, this probability, with
the same number of feasible options, will decrease to 0.96.

+5−5

Lq = 0
C = 10

packet loss (%)

6

︷ ︸︸ ︷25 feasible options

· · · ≈

Uq = 100

Fig. 4: Illustration error of best adaptation option after adapta-
tion space reduction at one point in time for IoT application.

C. Impact of ML on Verification Results

To answer the research question, i.e., to determine the
impact of applying regression on the analysis results obtained
with statistical model checking to support the adaptation
decisions, we need to combine the results of the two previous
sections: (i) a (lower and upper) bound of the expected risk
r(θ) based on known factors (VC dimension of the learner,
η, etc.) in Formula (1) (Section IV-A), and (ii) a probabilistic
bound for the absolute difference between the true value of the
best-selected adaptation option in the complete and reduced
adaptation space (Section IV-B), in Formula (2). Based on
that, we formulate a theorem to answer the research question:

Theorem 1. For the specified regressor and statistical model
checker, the absolute error of the best-selected adaptation op-
tion for a minimization goal will be at most (

√
r′e(θ) + δ′+κ)

with minimum probability (1 − η)(1 − α)2 (1− (1− pm)
n
);

δ′ = δ + 2Uq · κ is a measurable factor that determines
the absolute difference of expected and empirical risk with
δ = U2

q

√
ν, pm = (C − B̂w)/(2

√
r′e(θ) + δ′) the estimated

probability that the predicted quality value of a feasible option
is inside the reduced adaptation space, B̂w the minimum
predicted quality value of the complete adaptation options,
and n the minimum number of feasible adaptation options
that can be approximated and depend on the domain at hand.

We can approximate n and pm using the predictions of the
regressor and relying on the verification results of the options
of the reduced adaptation space.

Answer to Research Question: The impact of apply-
ing a machine learner - a linear regressor that reduces
the adaptation space with a given cutoff value for an
optimization goal - on the analysis results of a verifier
- a statistical model checker - is as follows: the bound
on the estimation error of the best selected adaptation
option increases from κ = g(ε) to

√
r′e(θ) + δ′ + κ,

while the confidence level is reduced from probability
1−α to probability (1− η)(1−α)2 (1− (1− pm)n).
r′e(θ) is the measured empirical risk of the regressor, δ′

is the measurable factor that determines the absolute
difference of the expected and empirical risk, η is a
parameter that can be set by the designer to control the
tightness of the error interval and its confidence level,
pm is the estimated probability that a feasible option
is located in the reduced adaptation space, and n is the
minimum number of feasible adaptation options, that
can be determined for the domain at hand.



V. ILLUSTRATION AND EVALUATION

We evaluate Theorem 1 empirically using a illustrative
scenario of the DeltaIoT artifact [27], inspired by the work
presented in [13].10 DeltaIoT is wireless IoT network that
monitors the environment and sends the data to a central
facility. The network is subject to interference and varying
traffic load. To that end, a managing system adjusts the
communication paths to minimize packet loss. This managing
system exploits a regressor that predicts the packet loss of all
possible network configurations (4096 in this scenario), i.e.,
adaptation options, in each adaptation cycle. These predictions
are used to reduce the adaptation space based on a cut-
off value C = min value + (median − min value)/4.0.
The analysis of the runtime model of the selected adaptation
options is done with UPPAAL SMC using the verification
query Pr[<=1](<>Network.PacketLoss) (for details
see [13], [37]). The minimum and the median values of C are
computed over the predictions. We compare the theoretical
bound on the error of the packet loss of the best selected
adaptation option over 200 cycles as defined in Theorem 1,
i.e.,

√
r′e(θ) + δ′+κ, and the measured error, i.e., the absolute

difference between the minimum packet loss value for the
optimal configuration obtained from verification of all adap-
tation options and the value obtained from the reduced set
of adaptation options. Here, the empirical training risk r′e is
defined as the mean squared error (MSE) of the regressor on
the training data, i.e., r′e(θ) = 1

m

∑m
i=1(yi − ŷi)2.
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Fig. 5: The dotted line shows the theoretical bound of the
packet loss error; the solid line shows the measured error.
Settings used in the experiment: statistical model checking
parameters ε = 0.01 and α = 0.1, dimension of input data to
determine the features of the regressor 85, the VC dimension
of the regressor d = 85 + 1 (see Lemma 1), and estimation
error κ = 1, that is, κ is equal to g(ε) = 100× ε.

Figure 5 shows the results. During the first 30 cycles, the
learner is trained without adaptation space reduction. From
cycle 31 onward adaptation space reduction is applied. The
absolute difference between the packet loss values of the best
of all adaptation options and the best option of the reduced

10For a complete description of the evaluation setting with results, see [37].

space fluctuates between 0.0 and 10.4 (mean 2.1, std. 2.7).
The results show that the error for the packet loss obtained
from this experiment comply with the theoretical bound on
the estimated error and its confidence level as defined in
Theorem 1. Yet, the results are subject to validity concerns
with respect to a single evaluation in one particular domain.

VI. RELATED WORK

A characteristic work that applies ML in support of obtain
guarantees for the adaptation goals is [38]. That work used a
decision tree to predict how long it takes to change a state in
the environment based on the current state. This knowledge is
then used to tune the adaptation policies. However, that work
does not provide guarantees on the bound of the prediction
results, which could be obtained leveraging on the results we
present in this paper. Another recent study [39] employs Q-
learning to predict the quality of service of a system in support
to the planning stage. While the approach can reduce the deci-
sion space effectively, the paper does not provide a theoretical
bound on the guarantees for the proposed approach. One way
to provide such guarantees is to exploit CLT that provides
theoretical bounds for reinforcement learning methods, in line
with the approach and results we present in this paper.

Verification of properties of machine learners is a recent line
of research applied to safety-critical systems. Reluplex [40] is
a characteristic work in this realm that introduced an efficient
satisfiable modulo theories solver to verify a deep neural
network (DNN) with a rectified linear unit activation function.
The method was applied in the domain of collision avoid-
ance of unmanned aircrafts. Other efforts related to Reluplex
are [41]–[43], and [44] that proposed a unified framework for
verifying properties of DNN. Another related effort proposed
a process to select safe actions based on verified results using
reinforcement learning [45]. In contrast to these efforts, our
work studies the impact of a machine learner on the adaptation
decisions made based on formal verification.

VII. CONCLUSION AND OUTLOOK FOR FUTURE WORK

This paper contributes a theorem that defines a theoretical
bound on the impact of applying a machine learning method,
in particular a linear regressor that reduces the adaptation
space of a self-adaptive system for an optimization goal, on the
analysis results of a verifier, in particular a statistical model
checker, that are used for making adaptation decisions. We
evaluated the theorem using a simply IoT application.

The work presented in this paper can be extended to classi-
fication tasks that apply for the decision-making of threshold
goals. This case can rely on Lemma 2, yet, for this case, the
analysis needs to determine the impact of the classification loss
on the bound of the error of the selected adaptation options and
its probability. For ML-based reduction methods in general,
it may be useful to study Rademacher complexity [46] to
determine a tighter bound for the guarantees of verification
results. Rademacher complexity measures the learning capac-
ity of the machine learner. Utilizing this complexity provides
an alternative way to determine a bound between the expected
and the empirical risk, analogous to Lemma 2. Finally, more
research is required to investigate other types of learners and
other use cases of ML methods used in self-adaptive systems.
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