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Abstract. The recent advancements of Artificial Intelligence (AI) have
generated a lot of interest in the robotics community. Indeed, Al can find
application in a wide variety of problems. Among these, social navigation
of mobile robots is a big challenge, where ensuring non-harmful behaviors
of the robotic system is fundamental.

In this paper, we consider a simulated navigation problem that involves
a fleet of mobile agents moving in a cross scenario, governed by a human-
like behavior. With the purpose of avoiding collisions among them, we
show how safe and explainable Al (XAI) methods can constitute useful
tools to tailor the parameters of the behavior towards a safe, collision-
free, navigation. We first explore how global native rule-based classifi-
cation provides interpretable characterizations of the agents’ behavior.
Afterwards, we derive safety regions, S., denoting the zones in the pa-
rameters space where collisions are avoided, with a maximum error given
by e. The design of the regions is based on scalable classifiers, a tech-
nique to tune the decision function of a machine learning (ML) classifier
so to bound its error on a desired class to a predefined level, combined
with either probabilistic scaling (probabilistic safety regions, PSR), or
with conformal prediction theory (conformal safety regions, CSR). Fi-
nally, we investigate how explainability can be provided to these regions
by extracting local rules from their boundaries.

Keywords: safe navigation - robotics - probabilistic safety regions - con-
formal prediction - interpretability - rule-based models.

1 Introduction

Nowadays, machine and deep learning play a fundamental role in many disci-
plines, and robotics stands out as one of the fields where autonomous decision-
making can find fertile ground. Artificial intelligence (AI) can indeed support
a wide range of robotics applications, spanning from object detection or recog-
nition to healthcare, manufacturing, agriculture, and many others [42]. Among
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these, assistive robotics is certainly of great interest, with the high diffusion of
social robots designed to provide assistance to people in daily-life tasks such as
indoor and outdoor motion, interacting with them and their surrounding envi-
ronment [30/4T]. The development of sophisticated mobile robots [40], leveraging
advanced sensors and the latest Al algorithms, supporting mapping, localization
and navigation phases [6/47/50], helps boosting this field.

However, such a massive presence of automation elements makes social robotics
a safety-critical scenario where it is of paramount importance to ensure that the
considered Al system behaves as intended, without causing harm to its users
and all the other people or things involved.

In this direction, research can benefit from both simulation and certification
methods for the AI algorithms. Simulation can help providing insights to the
scenarios of interest for the reliable design of Al-based solutions, collecting data
that may be hard to achieve with real experimentation [7J/46]. Besides good
training data, Al models also need validation techniques, which is topic of safe
AT research, a sub-category of the trustworthy AI paradigm [20]. This involves
pursuing performance guarantees of the AI while taking into account the so-
cial environment where the Al acts. With respect to this, explainable artificial
intelligence (XAI) is a fundamental element, providing transparency to the au-
tonomous decision-making process [26].

In this work, we consider a simulated scenario of social navigation, inspired to
human movement, where robotic agents move between pairs of opposing tar-
gets: in this setting, agents may collide each other while reaching their targets.
Therefore, we propose the application of a technique that combines the notion
of scalable classifiers [4] with rule-based XAI models [37] to drive the search of
explainable probabilistic and conformal safety regions, in the simulation param-
eters space, where safe, collision-free, navigation is guaranteed with controllable
high probability, and where XAI helps shedding light into the parameters values
defining such regions.

The remaining of the paper is structured as follows: Section[2]reports the existing
literature in the field; Section [3| describes the theory of scalable classifiers and
how their definition, combined with methodologies from order statistics, leads
to probabilistic safety regions and conformal safety regions; Section [4] presents
the adopted rule-based classification models; Section [5| describes the simulation-
based robotic navigation environment; Section [6] reports the performed experi-
mentation and the obtained results; lastly, Section [7] concludes the paper.

2 Related Works

Evaluating the reliability and trustworthiness of Al-based cyber-physical sys-
tems is becoming an increasingly essential requirement in modern engineering.
This is because Al plays a critical role in the cyber-physical systems of everyday
life, with applications including strategic infrastructure, such as energy indus-
try [43] or construction sector [I0], medical devices [49], computer vision [29],
large language models [25] and especially trustworthy autonomous driving that
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is becoming of pivotal importance for many political entities like the FEuropean
Union [8]. Among such a wide range of topics, the Al community has a grow-
ing interest in the field of robotics and the use of reinforcement learning (RL)
algorithms in it with safety-critical applications such as drone reload planning
as in [45]. More in depth, the problem of guaranteeing a safe robotic behav-
ior (e.g., collision-free navigation) has been addressed by both the model-driven
world of control theory and the data-driven one of machine learning (especially
RL): the combination of the two offer a great opportunity to design safe regions
(i.e., the states where robots can safely operate) characterized by strong guar-
antees of the model-driven component and the generalization ability to unseen
contexts of the RL part [3]. Techniques in this direction include RL solutions to-
wards safety and robustness, such as safe exploration and optimization [32124],
and uncertainty-aware RL [48]. Collision avoidance is one of the fundamental
tasks in smart mobility [I7], and is also very important in robotic navigation,
where safe RL finds fertile ground. For example, in [I3|12] deep reinforcement
learning solutions for safe and efficient navigation in complex crowded scenar-
ios are presented. In [23] an uncertainty-aware model-based learning algorithm
that estimates the probability of collision together with a statistical estimate of
uncertainty is proposed. In [28] MCDropout and Bootstrapping techniques are
used within Long-Short-Term-Memory (LSTM) models of a RL framework, to
give computationally efficient uncertainty estimates, with application to crowded
environments.

Deep Reinforcement Learning is not the only way to collision avoidance in
robotics. Authors of [27] propose a method, Probabilistic Safety Barrier Certifi-
cates (PrSBC) using Control Barrier Functions, to individuate, in closed-form,
the space of admissible control actions that are probabilistically safe with prov-
able theoretical guarantees. Gaussian Mixture Models/Regression are used in
[21] to develop an adaptive obstacle avoidance approach for collaborative robots
that is able to adapt in order to maintain a safety distance between the robots.
Also, examples of safe navigation that only relies on sensors data are present in
literature, like the work in [38], where autonomous and safe robot navigation is
based on a method of curvature trajectory control from a Lidar sensor, able to
keep a safety distance. In addition, the proposed algorithm can avoid dynamic
obstacles while smoothing the robot’s trajectories.

In the landscape of trustworthy AI approaches for robotics, another key point
is the role of XAI. Indeed, explainability and interpretability are an essential
ingredient to increase users’ trust in the intelligent system, thus favoring its
adoption in everyday life [I1I]. The work proposed in [44] studies and compares
a RL-based approach with a fuzzy logic system for risk mitigation of robotics
system in smart manufacturing; the latter method consists of linguistic rules
that were manually defined according to existing standards for collaborative
robots. Also, in [51] a rule-based RL approach for robotic navigation is presented,
where rules are built to reduce the redundant exploration space and guide the
exploration strategy, and are integrated in a RL model as a form of external
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knowledge. However, these rules are not learned automatically from the data,
via white-box machine learning models.

To the best of our knowledge, what we propose in this work makes a step beyond
the existing research, by addressing the problem of collision avoidance through
confidence guarantees of ML models other than deep/reinforcement learning
ones, and with the objective of providing interpretable indications for safe nav-
igation.

3 Confidence Regions for Machine Learning

In the following sections we introduce the concept of “safety region”, conceived
as the subset of the input space where probabilistic guarantees on the prediction
of the target (safe) class are given. The section starts with the introduction of
a special class of classifiers, namely the scalable classifiers (Section , that
rely on the idea of deforming the classifier’s boundary according to a tunable
scalar parameter. The concept of scalable classifier is then used together with
two statistical methodologies, probabilistic scaling (Section and conformal
prediction (Section , to construct the desired safety regions.

3.1 Scalable Classifiers

Given an input space X C R%, d € N*t, and an output space Y = {-1,+1}, a
(binary) Scalable Classifier [4] is a classifier formulated as follows

+1 if f@(m7p) < 07
-1 otherwise.

Po(x, p) = { (1)

where the function fg : X x R — R is the so-called classifier predictor. We
emphasize the dependency of the classifier from tunable hyperparameters 6 for
which, obviously, a different choice of them can correspond to a very different
classifier. The addition of the scalar parameter p plays a central role to de-
fine a controllable and reliable framework for classification: this parameter can
be changed in order to adjust the boundary of the classification for satisfying
predefined requirements on the evaluation metrics of the classification (as con-
trolling the number of false positives). The classifier predictor fg(x,p) has to
satisfy some assumptions, as continuity and being monotonically increasing (see
Assumption 1 of [4]). It is worth noting that any (binary) classifier, f(z) can be
made scalable just adding the scalar parameter in an additive way, i.e.

fo(z,p) = fo(z) + p.

A simple example is given by SVM classifier. Its decision function is fg(a:) =
w ' p(x) — b, where w is the vector of the learned weights, ¢ is a feature map
and b is the offset. Its scalable version is easily obtained adding p additively, i.e.
fo(x,p) = w'¢(x) — b+ p. This is valuable since also neural network output
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can be easily controlled by a rescaling of this additional parameter, without
retraining. Finally, we introduce p(x) to describe how much it is necessary to
vary f such that the point x lies exactly on the border of the classifier:

fo(x,p) =0.

Given the idea that the class +1 refers to “safety” and —1 to “unsafety”, the
introduction of Scalable Classifiers allows to define another important concept
to assess safety in classification, the so-called p—safe set:

S(p)={zeX : folx,p) <0} (2)

Then, S(p) is the region where the classifier predicts +1, or, in other words, where
the classification is supposed to be safe. However S(p) itself does not provide
any probabilistic guarantee on the actual result of the classification, but it only
defines a region where the classifier predicts +1 without taking into account
misclassification error. The aim is to obtain a probabilistic safety region S, that
with a probability no smaller than 1 — § satisfies the probability constraint

Pr{y:—l andwESE} <e. (3)

This can be achieved through a simple procedure relying on a calibration set
Ze = {(wi,y:)}c; C X x Y and techniques belonging to the field of order statis-
tics: probabilistic scaling [31] and conformal prediction [I]. It has to be remarked
that the set S is supposed to be nonempty, otherwise would be trivially sat-
isfied. Specifically, as it would be clear from the next section, a special value
of p, namely p., that defines S, is always provided by construction. However, it
is possible that S; N X’ is empty, due to various reasons like a bad pre-trained
classifier (insufficient number of training data, bad hyperparameter choices, non-
separability of the data etc. etc.) or simply the fact that the classifier cannot
confidently predict the class +1 while satisfying the probabilistic constraint in
. This might suggest that the classification problem to be addressed is inher-
ently ill-conditioned or that the solution is poorly designed.

3.2 Probabilistic Scaling

Before introducing [1} that proves is achievable, it is necessary to define the
concept of generalized maz:

Definition 1 (Generalized Max). Given a collection of n scalars I' = {~;}1"_, €
R™, and an integer r € [n], we denote by

max " (I")

the r-smallest value of I', so that there are no more than r — 1 elements of I’
strictly larger than max(") (I).

Moreover, to better introduce the concept of “scalable classifier” we make the
following assumptions:
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Assumption 1 (Scalable Classifier) We assume that for everyx € X, fo(x, p)
is a continuous and monotonically increasing function on p, i.e.

p1>p2 = fo(x,p1) > fo(x,p2), Ve e X. (4)
We assume also that

lim fo(x,p) <0< li_}rn fo(x,p), VxeX. (5)
p—00

p——00
Then, we can introduce:

Theorem 1 (Probabilistic Safety Region, [4]). Consider the classifier (1)),
and suppose that Assumption 1 holds and that Pr{x € X} = 1. Suppose that
§ € (0,1), € € (0,1) and take a calibration set Z. = {(x;,y:)}cy (ne i.i.d.
samples) and an integer parameter 1 < r < n. such that

747 1 Fnc"
r= .
2
Consider the subset ZU = {(:i';], —1)}:21 corresponding to all the unsafe samples
in Z. and define the probabilistic scaling of level € as follows

pe = max® ({p(@))}52,), (6)

where ﬁ(:i‘,gj) is such that f(igj,ﬁ(icgj)) = 0 for all j € [ny]. Define then the
corresponding pe-safe set

S = S(pe) ifny >r
€ X otherwise.

Then, with probability no smaller than 1 — 4§,
Pr{y:—l and:ceSE} <e. (7)

The proof is available in [4]. Thus, probabilistic scaling provides a way to build
safety regions simply scaling the offset of the classifier according to the num-
ber of negative samples of a calibration set, regardless any assumption on the
probability distribution of the data and the classifier chosen.

3.3 Conformal Prediction

Conformal Prediction is a relatively new framework developed starting in the late
nineties and early two thousand by V. Vovk. We refer the reader to the surveys
[215] for a gentle introduction to this methodology. CP is mainly an a-posteriori
verification of the designed classifier, and in practice returns a measure of its
“conformity” to the calibration data. We consider the particular implementation
of CP discussed in [2], relative to the so-called “inductive” CP: in this setting,
starting from a given predictor and a calibration set Z., CP allows to construct a
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new predictor with given probabilistic guarantees on the basis of a score function
s : X xY — R that encodes the agreement between a sample « and a candidate
label 3. The larger is the score the worse is the agreement between x and 7.
Scalable classifiers give a natural definition of score function [B], based on their
own classifier predictor:

s(x,9) = —gp(x) (8)
with p(x) such that fg(x, p(x)) = 0. For example, the score function for the
scalable SVM is s(z,9) = —4(b — w " ¢(z)). Computed then the ([(n. + 1)(1 —
e)]/nc)-quantile of the score values obtained on the calibration set, to every
point x, CP associates a set of “plausible labels”

Ce(z) ={ye{-11} : s(z,9) <sc }
that, given any (unseen before) observation (&, §), satisfies the following marginal
coverage property:
PrijeCe(@)}>1--. (9)
This formulation is oriented on the output set, but it can be adapted to give
guarantees on the input set. In this regard, we introduce the following set

Ye={xecX : s(x,+1) <s. s(x,—1) > s }. (10)

that is the piece-wise set of the input sample x that have the marginal coverage
probability to have as true label y = +1. We will refer to this set as Conformal
Safety Region (CSR). With this formulation, to achieve the following thorem
holds.

Theorem 2 (Conformal Safety Region, [5]). Consider the classifier
and suppose that Assumption 1 holds and that Pr{x € X} = 1. Consider then
a calibration set Z. = {(x;,y;)}io; (ne exchangeable samples), a level of error
e € (0,1), a score function s : X xY — R as in (§)) with the [(n.+1)(1—¢)]/n.-
quantile s. computed on the calibration set. Define the conformal scaling of level
e as follows

Pe = |SE|7
and define the corresponding p.-safe set
Se = S(ps)' (11)
Then, given the conformal safety region of level e, X, we have

i)S.C ..
i) S. = . if s. <0.

that is, S¢ is a CSR. Moreover, it can be stated that
Pr{y=—-land x € S.} <e.
The proof is available in [5].

Remark 1. In the following, we will denote the safety region S. obtained with
the two methods with S for the probabilistic scaling approach (Theorem
and with S¢% for the conformal prediction approach (Theorem .
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4 Rule-based classification

Different techniques can lead to generate intelligible rules: depending on whether
rules are learnt with the aim of explaining the whole dataset, or they are designed
to provide interpretation to point predictions of a pre-trained ML classifier,
two categories of rule extraction can be distinguished, following the common
categorization of XAI [I9/9]. In the first case, we deal with global native rule
generation, while in the latter we speak about local post-hoc rule extraction.

The fundamental notation is the same regardless the specific kind of algorithm.
Rule-based classifiers are machine learning models that provide their outcomes
as sets of decision rules, i.e., rulesets. Independently on the specific way rules
are learnt, a decision rule r is expressed with the following general syntax [33]:

if premise(r) then consequence(r)

The premise part is also known as the antecedent, and states all the conditions
on the input features that must be simultaneously met to make the rule satisfied,
while the consequence part indicates the target class predicted by the rule.

4.1 Global native rule generation

Global rule-based classification involves learning a set of rules whose aim is to
represent the whole logic of the model, being thus appropriate to be used on
any data sample. Also, being native methods means that the learning mecha-
nisms directly provides the rules, with no intermediary step. The problem can
be formalized as follows.
Let us consider a set of inputs 7 = {(x;,,)} )=, € XxY, with x; € R” and y €
{=1,+41}. A rule-based classifier trained on T generates a ruleset R = {rk}g/[:rl,
with each rule r;, composed by a premise being expressed as the following con-
junction:
N
premise(ry) = /\ Ciy -
=1k
Each condition ¢;, corresponds to an interval on the input features, which can
be bounded, only left-bounded or only right-bounded.
Further, rule consequence is expressed as:

consequence(ry) = g € {—1,+1}

The performance of each rule r; of the model can be measured by two metrics,
the covering C(ry) and error E(ry) (commonly known as True Positive Rate and
False Positive Rate of the rule, respectively), defined as follows:

TP(ry)

Clre) = TP(r,) + FN(ry,) (12)
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FP(T'k)
E(ry) = 13
(re) TN(r.) + FP(ry) (13)
where TP(ry), FP(r), TN(ry), FN(ry) are the true/false positives and true/false
negatives associated to the classification of samples through rule r;. Combined
together, covering and error determine the rule relevance:

R(ry) = C(rg) - (1 — E(ry)) (14)

Since they express the portion of points correctly covered by the rule, both
covering and rule relevance can be considered as good metrics to evaluate how
much the rule can generalize to unseen data.

Logic Learning Machine Logic Learning Machine (LLM) by Rulex E| is a
global rule-based classifier [3536]based on three steps:i) discretization of the
feature space and mapping to a Boolean lattice; ii) identification of groups of
points associated to the output classes, through a shadow clustering method;
finally, rule gemeration phase, where clusters are converted back to the origi-
nal spaceand eventually combined into a set of intelligible rules.In this model,
resulting rules can overlap (i.e., a sample may cover multiple rules).

In the inference phase, label assignment is performed by the LLM as follows.
Let us denote with RY the set of rules verified by a generic test point & and
predicting a label y, and let us RY be the set of all rules generated for class y.
Then, a class label § is assigned to @ by solving the following problem [14]:

Hence, rule relevance has an important role in determining the inference results.

§ = argmax (15)

Y

Skope Rules skope—rule#ﬂ is a rule-based ML algorithm, inspired to RuleFit
[16], that learns interpretable and diversified rules for “scoping” a target class
of interest, i.e. detecting samples from this class with high precision. Differently
from the LLM, a separate training is thus required for each class of the problem
(if one wants to obtain rules for all classes).

The rule learning process is structured in three phases: i) a bagging of decision
trees is trained and a decision rule is extracted from each path or sub-path of
the ensemble; ii) the set of rules extracted from the bagging undergoes a perfor-
mance filtering based on precision and recall thresholds, and, finally, iii) semantic
deduplication further filters the rules to avoid redundant terms.

In practical applications, skope-rules model has been applied to several safety-
critical classification tasks, as well as anomaly detection problems or cluster
description [22].

® https://www.rulex.ai/
5 |https://github.com/scikit-learn-contrib/skope-rules
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4.2 Local rule extraction via Anchors

Anchors [39] is a model-agnostic local rule extraction technique aiming at gener-
ating high-precision rules to explain point predictions of any black-box classifier.
Even if they are designed to be locally faithful, these rules also hold in a certain
neighborhood (perturbation space, unseen during training) of the instance being
explained, thus allowing to define a measure of covering as per Eq.
Formally, an anchor A is defined as a set of predicates on input instance x to be
explained, such that:

Pr{Prec(A) > A\prec} > 1 -0, (16)

where ¢ € [0, 1], and Appec € [0,1] is a threshold on precision Prec(A), which is
computed as:

Prec(A) = Ep, 214 L f(2)=f(2)] (17)

with f being the underlying black-box model and D, (z|A) an arbitrary distri-
bution of perturbations z of point x when the anchor applies. The search of the
optimal anchors is based on reinforcement learning [33] and can be expressed as
the following combinatorial optimization problem:

max C(4), (18)
A st.Pr{Prec(A)>Aprec }>1-6

where C'(A) expresses the covering for the candidate anchor A.

5 Simulation of Social Robotics Navigation

5.1 Navground simulator

The social navigation simulator Navgrouncﬂ allows to experiment with navi-
gation algorithms. At its core, the simulator features multi-agent systems that
perform a given navigation task, avoiding collisions with static obstacles and
other agents. Each agent is modelled as a circular disc with a state given by
2D pose and velocity, and navigates using one of the several possible reactive
navigation behaviors that take the current state of the environment into account
to output a control command to progress towards the target while avoiding col-
lisions. For this work, we simulate the scenario captured in Fig. [T} where four
targets are located at the vertices of a cross. Agents go back and forth between
pairs of points, crossing in the middle, using the navigation behavior described
in the next section: one half of the agents between red/yellow and the other half
between green/cyan.

" Navigation Playground, see https://idsia-robotics.github.io/navground/
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Fig. 1: Left: the simulated scenario where robots navigate back and forth between
pairs of opposing targets (colored cylinders, distanced 4m from each other);
LEDs show the color of the current targets. Right: the navigation behavior for
a robot (modelled as a disc with an additional safety margin o) moving towards
the red target: after selecting the desired direction considering its target and
the state of its neighbors (modelled as discs), it computes desired velocity Uges
taking into account the free distance D in that direction, and then modulates
current velocity v towards ¥Uqes.

5.2 Human-like Behavior

The Human-like behavior (HL, [I8]) is a bio-inspired, conceptually simple and
computationally light, local navigation algorithm, that extends and adapts to
robotics a heuristic model for pedestrian motion [34]. The behavior tries to
address both engineering (e.g., effectiveness of trajectories or scalability to dif-
ferently crowded environments) and societal aspects, i.e., producing acceptable,
human-friendly and predictable trajectories. As illustrated in the right side of
Fig. |1l the navigation behavior, at regular time-intervals At, performs the fol-
lowing steps to control the agent’s velocity.

1. Tt picks a desired direction where it would come nearest to the target point
before possibly colliding with any obstacle or neighbor. For this, the agent
enlarges its radius by a safety margin o and takes into account the current
velocity of neighbors too.

2. It selects a maximal desired speed that would allow to stop in less than n
time: |Tges| = min(vopt, D/n), where D is the free distance in the desired
direction and vop the optimal speed.

3. It modulates the velocity over relaxation time 7: ¢ =

Vdes— U
-

Parameters impact the safety of the resulting trajectories. For instance, safety
margin ¢ is added to account for modelling and perception errors to reduce the
probability of collisions. For the scenario used in this work, where simulated
agents have ideal perception, we can define a value & that ensures that no colli-
sion happen; for differential-drive robots, it is given by & = 2vopt (At + 7 + Tt ),
where Tyt is an extra relaxation-time for rotations. This value represents a very
conservative upper-bound because it models a worst-case that happens very
rarely if ever. In the next section, we derive a more useful description for the

11
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Parameter Description

T Relaxation time controlling the smoothness of the motion
n Minimal time to anticipate unexpected collisions
o Minimal distance to keep away from obstacles and neighbors

Table 1: The HL behavior’s parameters we analyse in this work.

parameters region linked to safe trajectories. We summarize in Tab. [I] the HL
parameters we are going to investigate.

6 Experimental Results on Collision Avoidance Task

I Native rule generation ‘I
I — @ xal I
Simulation 1 Non-collision |
dataset : IF-THEN rules . Safe Al :
N @ e T e e e e e e e e e 7/
Navigation S ey e R s BN .
1 Y
Playground :i @ saien ||
T ! [Probabilistic Safety Region ® i'
L Conformal safety Region H :
L T L ]
Safe navigation parameters | v |
1 ! !
1 1
| Local :
\ rule extraction @ xal /
~ 4

Fig. 2: Flowchart of the experimental methodology, involving XAI and safe Al
(i.e., error control) components. Green, orange and red circles are used to denote
a good, medium or bad level of the related component

In this Section, we present the experiments and results we carried out putting
together the simulator and the illustrated techniques. The flowchart of Fig. [2]
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helps understanding the high-level workflow. After data collection through Nav-
ground simulator, we study the problem of collision avoidance guarantees in two
different ways: on the one hand, the native rule generation solution is highly
interpretable but does not guarantees any bound on the classification error; on
the other hand, scalable classifiers through probabilistic and conformal safety
regions are designed to provide probabilistic assurance on the error and thus
can individuate simulation parameters ranges useful to guide the safe robotic
navigation. Moreover, since safety regions lack of XAl features, we propose to
locally extract rules from their boundaries to achieve a solution that brings a
compromise provides interpretability again while maintaining a sufficient level
of safety guarantee.

Code and data are made available for repeatabilityﬁ

6.1 Data collection

Using Navground, we generated a suitable dataset to study the safety of robots’
movement while avoiding collisions, via probabilistic scaling and conformal pre-
dictions methods, with interpretation via rule-based classifiers.

We executed N = 10000 simulation runs, each lasting 5 minutes of simulated
time (i.e., a total simulated time of more than one month), with a group of
20 agents modelled after the Thymio robotﬂ a small mobile robot with a size
of 8cm and a two-wheel differential-drive kinematics, which is a very common
kinematics shared by many ground robots and most smart wheelchairs. Each
simulated robot executes the HL navigation behavior with following parameters:
i) At = 0.1s; ii) vopt = 0.12m/s; iii) 7oy = 0.5s; iv) o sampled uniformly
from [0.0m,0.1m]; v) 7 and 5 sampled uniformly from [0.0s,1.0s]. For this
configuration of parameters, the modelled upper bound required to ensure safety
lies within the interval [0.144 m, 0.384 m], where the two extrema correspond to
7 =0s and 7 = 1s respectively.

For each simulation run, we recorded the value

T = (0-7 777 T)?

which has been used by all simulated robots during that run, and the number of
collisions that have happened. Then, we assigned a binary label y through the
following criteria:

(19)

1 if number of collisions = 0
] -1 if number of collisions > 0

Finally, we obtained the dataset T,q, = {(x;,y;)|7 = 1,..., N}, which we then
analysed via reliable Al techniques.
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Fig. 3: Pairwise class distributions of the features in 7,q4,. Green distribution
refers to “non collision” label, red to “collision” label.

6.2 Data exploration

Before entering in the results in terms of confidence regions and explainability,
a first visual inspection of how classes are distributed in the dataset is useful to
understand the non-trivial nature of the problem.

Figure along the top-left/bottom-right diagonal, shows the marginal class
distributions of the three features, while the other plots are the features pairwise
scatter plots. Despite the overall high superposition of red and green points, we
can observe that, for larger o values and lower 7 or higher 7, a region of non
collision points can be individuated. The goal of the analyses detailed in the
next sections is to characterize such a region in an interpretable way, either via
direct decision rules generation or via post-hoc rule extraction from confidence
regions.

8 |https://github.com /saranrt95/ ExplainableSafetyRegionsl
9 https://www.thymio.org
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6.3 Native rule generation results

Two global rule-based models, the LLM and skope-rules, were adopted and com-
pared to provide an intrinsically interpretable classification for the generated
dataset.

Table [2 reports the global performance metrics obtained from both models. The
first and main difference that shows up resides in the number of rules that
were generated, which was more than 4 times higher with the LLM model with
respect to skope-rules. This is probably due to the semantic deduplication process
carried out in skope-rules algorithm, which filters out rules sharing the same
kind of information. Models with less rules have the advantage of being more
interpretable, but the richest ones may generate more fine-grained rules with
better discriminative ability. And this is what emerges from the higher values
of accuracy and Fi-score were obtained through the LLM model, suggesting a
better general ability in distinguishing the classes, with good balance between
false positives and false negatives.

Our labelling criterion (Eq. assumes the non collision (+1) class as the
positive one, and we remark that true positives (and therefore the rate TPR)
are here referred to non collisions being correctly predicted by the algorithms,
while true negatives are collisions being well classified. Keeping this in mind,
since our focus is on trying to best describe the non collision class, the larger
TPR reached with skope-rules denotes a better performance in this direction,
but with more discrepancy between FPR and FNR.

# of rules ACC F1 TPR FPR FNR TNR
LLM 35 86.7 87.6 89.7 16.6 10.3 83.3

skope-rules 8 83.6 819 92.0 27.5 8.0 72.5

Table 2: Performance comparison between the adopted rule-based models. The
first column reports the number of generated rules. The other columns refer
to the following metrics (expressed in %): accuracy (ACC), Fy-score (F1), true
positive rate (TPR), false positive rate (FPR), false negative rate (FNR), true
negative rate (TNR).

Examples of rules predicting non collision class are reported in Table [3| for both
LLM and skope-rules models. These rules were selected, among the others, as
they scored the highest covering on test set data, which is an indication of their
good generalizability.

The knowledge expressed by these rules confirms the visual information of Fig.
Apart from little differences in the specific cut-off values, both models agree
in the general shape of non collision class, which can be described by ¢ over a
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Model Top-3 covering rules Covering Error
if o > 0.07 and 7 < 0.79 then non collision 40 4.0

LLM if 0 > 0.019 and 0.096 < 7 < 0.35 then non collision 39 45
if o > 0.07 and n > 0.37 then non collision 35 1.8
if 0 > 0.03 and > 0.25 and 7 < 0.63 then non collision 51 1.8

skope-rules j¢ 5 - (.057 and 7 > 0.59 then non collision 21 13
if 0 > 0.03 and 77 < 0.36 and 7 < 0.63 then non collision 35 1.8

Table 3: Top 3 rules by highest covering on test data, generated via LLM and
skope-rules models and predicting the non collision class. For each rule, percent-
age covering and error are measured.

value ranging between 0.03-0.07m, 7 smaller than a value around 0.63-0.79s, and
higher values of 7.

The qualitative knowledge that these results bring out is intuitive, since it is rea-
sonable that collisions can be avoided by keeping larger distances to the obstacles
(higher safety margin). Also, smaller relaxation time 7 increases reactivity, lead-
ing to more agile maneuvers to avoid collisions, and larger n produces a more
careful behavior, reducing speed nearby obstacles and thus collisions too.
Compared to the modelled value for the required safety margin (see Section,
the rules provide a less conservative estimation: for example, ¢ > 0.07m for 7 <
0.79s, instead of the modelled 0.34 m. As shown, XAI provides a fundamental
tool in determining specific cut-off values on these parameters by learning rules’
thresholds, which are not known exactly even by field experts.

However, the analysis carried out so far involved standard rule-based classifica-
tion, and no confidence guarantees were considered. Next sections will be there-
fore dedicated to individuate safety regions where non collision class is predicted
in high probability.

6.4 Safety regions via scalable SVM

The techniques detailed in Section [3| to derive the safety regions S (Theo-
rem and SEC P (Theorem [2)) were applied by adopting an SVM as classifier
fg. Specifically, we considered a 3rd degree polynomial kernel SVM with regu-
larization parameter set to 0.3, and weighting of 0.5. This base model, prior to
any error control, scored the 86% accuracy, 87.5% F1 score, 18% FPR, and 11%
FNR, which is way similar to the LLM metrics, despite its more complex shape.

The design of the safety regions aims at bounding the rate of false positives,
i.e., the collisions predicted as non collisions, to a desired € value: to be able to
maintain a large enough input space (i.e., finding regions S’ and S that do
not reduce too much the space of parameters where the navigation can safely
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operate), we chose to set it to e = 0.1. With § = 1075, according to the formulas
in Theorem [} we then decided to set n. = 5000 and, consequently, r = 250.
Table[4 reports the performances for the safety regions obtained via probabilistic

pe ACC F1 TPR FPR FNR TNR
Probabilistic Safety Region 0.22 87.7 882 84 7 16 93

Conformal Safety Region 0.14 86.6 87.5 85 10 15 90

Table 4: Performance comparison between the adopted techniques for finding
safety regions at € = 0.1. The first column reports the optimal scaling parameter.
The other columns refer to the following metrics (expressed in %): accuracy
(ACC), Fy-score (F1), true positive rate (TPR), false positive rate (FPR), false
negative rate (FNR), true negative rate (TNR).

scaling and conformal prediction techniques. First, we can note that all the
metrics are very close in the two cases, as it is also pointed out by the similar
values of the scaling parameter p.. We can observe that the FPR is lower than
the £ bound in both cases, with S scoring even a lower error. Moreover, both
methods manage to maintain a good balance with the FNR, thus being able
to enclose high percentages of non collision points within the regions (TPR is
84% and 85% for SI'¥ and SEF, respectively). The blue and orange surfaces
of Fig. [4 show the decision boundaries of the safety regions through PSR and
CSR, respectively. The small difference between the values of p. reflects in the
closeness between such surfaces, as well as the volumes enclosed by them.

6.5 Rule extraction from safety regions

Now, we want to derive interpretable approximations for both these regions,
in the form of decision rules. Local rule extraction via Anchors (Sec. was
performed on a set of instances labelled as +1 by the scalable classifiers (i.e.,
being fo(x, pc) < 0) and sampled at a small distance d < 0.05 from their border.
Interestingly, such extraction converged to the same set of 4 rules, detailed in
Table 5| for both probabilistic and conformal safety regions, and it is reasonable
in light of the mentioned closeness of the scaling parameter. The low number of
rules is a noticeable outcome too. Thanks to the mechanism of the Anchors algo-
rithm, such a small set of rules performed quite well on the entire test set, even if
extracted from a few points close to the decision boundary, thus approximating
the safety regions while increasing interpretability.

More precisely, we assessed the anchors performance on the whole test set, by
considering both the labels assigned via the scaling methods (either probabilistic
or conformal) and the ground truth labels, as shown in Table [5| The first kind

17
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of assessment allows to understand at what extent the generated anchors are
faithful to the SVM-based safety regions, while testing with respect to ground
truth is instead devoted to understand how such rules perform on the navigation
problem. These rules confirm the visual intuitions from Fig. [3|as well as some of

8P output ST output Ground Truth
Anchor Covering Error Covering Error Covering Error
if 7 < 0.51 then non collision 76 30 75 28 67 34
if o > 0.05 then non collision 75 26 73 25 76 19
if 7 < 0.25 then non collision 44 7.9 44 5.5 36 13
if o > 0.07 then non collision 51 12 49 11 49 8.6

Table 5: Anchors extracted from the scalable SVM at € = 0.1, with probabilistic
and conformal methods. Covering and error percentages are reported for anchors
being tested with respect to the labels assigned via PS (SIS output), CP (87
output) and the real labels (Ground Truth column).

the discoveries from native XAI (Section 7 i.e., collisions are avoided by in-
creasing safety margin and lowering 7. However, differing from native XAI where
no error control was applied, the role of 7 becomes non-influential after Anchors
rule extraction from the PSR and CSR, which suggests that this parameter is
not relevant in profiling non-collision class in high probability.

The covering rate achieved with both scaling and ground truth outputs is sat-
isfactory for all the four anchors, and this highlights that these rules manage
to approximate sufficiently well the behavior of the scalable classifiers, even if
their error is on average larger than the bound provided by the probabilistic and
conformal scaling. This can be expected in light of their simplicity with respect
to the polynomial shape of the scalable SVM. Nevertheless, reminding that the
goal of the safety regions is to bound the false positive rate to 10% (i.e., we have
e = 0.1), we can observe that two of the four anchors are close to this bound
too. Specifically, these are o > 0.07 and 7 < 0.25, whose erroﬂ on the ground
truth is 8.6% and 13%, respectively.

The light blue parallelepipeds of Fig. 4] show how these two rules are located
in the feature space, with respect to the decision boundaries of the PSR (blue
surface) and of the CSR (orange surface). The overall area delimited by the

10 We remind that the error of a rule corresponds to its false positive rate, where the
positive class is intended as the one predicted by the rule (see Eq. . Hence, in
our case, the error refers to the percentage of collisions wrongly classified as non-
collisions.
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collision
non collision

PS
S

SCP

€
Sanchor
L1t

Fig. 4: Top-performing anchors extracted from the PSR (S, area under the
blue surface) and CSR (SEF, area under the orange surface), at ¢ = 0.1

logical union of the anchors can be synthesised by the following region:
Sanchor . if ¢ > 0.07 or 7 < 0.25 then non collision

which scores the 70% of covering and 21% of error on the ground truth labels
(78% and 19% on the SIS labels, 77% and 16% on the SEF labels). Consid-
ering the non trivial nature of the problem and of approximating a complex
SVM shape via hyper-rectangular shapes (rules) while keeping the error bound
as lower as possible, we can consider our results as a promising compromise
between safety and trasparency. Indeed, this region converts the equations guid-
ing the safe navigation, i.e., those defined by the S and S¢F curves, into
simpler recommendations on how the parameters should vary when such safety
guarantees are provided.

7 Conclusions and Future Works

In this research, we presented a ML-based approach to safe, collision-free, mo-
bile robots navigation. To achieve our goal, by leveraging simulation data from
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NavGround simulator, we proposed the joint usage of safe and explainable Al
techniques. Global rule-based classifiers (LLM and skope-rules) were first investi-
gated to provide a first interpretable characterization of the simulation behavior.
We then used a scalable SVM classifier and theories from order statistics to de-
sign safety regions S., where collisions are avoided with a predefined error level
€. More specifically, scalable SVM combined with probabilistic scaling allowed us
to find probabilistic safety regions SI'¥, while their combination with conformal
prediction theory led to individuate conformal safety regions SEC P Finally, local
Anchor rules were extracted from these regions to give explainability. Overall,
this method managed to find a good compromise between the more complex but
more accurate equations of the safety regions and their simpler yet less precise
rule-based version.

While in this work the focus was to provide safety guarantees, future extensions
may include efficiency evaluations for deadlock avoidance. Also, different and
more complex scenarios and/or behaviors may be explored, as well as adding
other parameters to the analysis.
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