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Abstract

A normative supervisor is an external module that uses a for-
mal reasoning engine to impose normative constraints on re-
inforcement learning agents, by either dynamic action mask-
ing or feeding the agent additional punishments when vio-
lations of norms occur (or both). In this paper, we use a
normative supervisor implemented with a solver for deontic
answer set programming (ASP) — deolingo — as a ba-
sis for the construction of a normative narrator, which uses
deolingo’s ability to interface with the explainable solver
xclingo to construct a module capable of both regulat-
ing behaviour through action masking and additional punish-
ments, and providing contrastive explanations of why a given
action was allowed while others were not, relative to the nor-
mative system being enforced. The explanations are mod-
elled after the two tiers — internal and external — of expla-
nation. We demonstrate this approach’s ability to provide un-
derstandable and descriptive explanations in a scenario where
a taxi driver agent must act in accordance to a normative sys-
tem governing its normal duties and provisions that must be
made in case of an emergency.

1 Introduction
Over the past decade, a significant effort has been invested in
devising ways to enforce ethical (or, in general, normative)
behaviour on reinforcement learning (RL) agents. These are
agents that learn optimal behaviour by exploring an envi-
ronment and collecting rewards based on the actions they
take. While often very effective, since these agents strin-
gently prioritize high rewards, they tend toward opportunis-
tic behaviour which may violate safety standards and human
norms; hence the effort into constraining them for safety, le-
gal, and ethical purposes. However, these approaches often
suffer from a lack of transparency and the absence of fa-
cilities enabling comprehensive explanations of behaviour,
which is crucial for both troubleshooting and auditing if,
e.g., the agent does not behave as expected.

Explanations answer why-questions, and are often framed
contrastively (Miller 2021; Stepin et al. 2021). In this paper,
we are interested in norm conflicts and violations that agents
face; in the context of normative agents we may ask causal
questions, such as “Why did the agent do A, rather than B?”,
or normative questions like “Why should the agent do A,
rather rather B?”, which become relevant when, e.g., a vio-
lation of a norm takes place. Where normative agents make

decisions with the aim to maximize outcome while simulta-
neously optimizing compliance, contrastive explanations are
particularly promising (van Berkel and Straßer 2024).

Contribution. In this paper, we propose a method that
generates contrastive explanations of agentive behaviour in
reference to the violation of norms caused by an action,
its relevant alternatives, and the values promoted by these
norms. To this end, we used as a base a normative super-
visor (Neufeld et al. 2021) — a module which can guide
training and operation by either limiting an agent’s pool of
possible actions, or assigning a punishment when an unre-
stricted agent strays from this limited pool — implemented
with a solver for deontic answer set programming (ASP),
deolingo. We build on this foundation to construct a nor-
mative narrator, which uses deolingo’s ability to inter-
face with the explainable solver xclingo to construct a
module that both regulates behaviour, and provides explana-
tions for actions taken. Furthermore, our module allows for
a values-based assessment of actions when more than one
action is deemed normatively optimal.

Related Work. Over the past decade, following signifi-
cant advancements in the field of RL (e.g., (Mnih et al. 2015;
Silver et al. 2016)), various approaches have arisen for
teaching RL agents normative behaviour (though, most ap-
proaches, while amenable to some legal or social norms,
focus on ethics). Top-down approaches, which begin with
given norms/values and then, e.g., design reward func-
tions reflecting them, include (Rodriguez-Soto et al. 2022;
Rodriguez-Soto et al. 2023; Ecoffet and Lehman 2021;
Neufeld 2024; Neufeld, Ciabattoni, and Tulcan 2024). Other
approaches propose using human demonstrations or feed-
back to create an ethical utility function, for example (Riedl
and Harrison 2016; Wu and Lin 2018; Balakrishnan et al.
2019; Noothigattu et al. 2019). For a more comprehensive
discussion of these approach, we recommend the reader ex-
amine (Vishwanath, Dennis, and Slavkovik 2024).

Our approach is based on the (less expressive and less
explainable) approach in (Neufeld et al. 2021; Neufeld et
al. 2022), and like (Adam and Eiter 2025), we use answer
set programming to describe normative behaviour. How-
ever, unlike these approaches, our focus is on explanations
— a topic which has been largely neglected by the above-
mentioned approaches.
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2 Preliminaries
2.1 Reinforcement Learning
RL is a learning paradigm in which an agent learns optimal
behaviour by exploring a given environment and adjusting
its behaviour based on the rewards and punishments it re-
ceives from the environment. This environment is formally
defined as a Markov decision process (MDP):

Definition 1 (Labelled MDP). A labelled MDP can be rep-
resented with the tuple: ⟨S,A, Pr, L,R⟩, where S is a set
of states, A : S → 2Acts is a function to a subset of the
set of all actions Acts (giving the actions which are possi-
ble in a given state), and Pr : S × Acts × S → [0, 1] is
a transition probability function, where Pr(s, a, s′) is the
probability of transitioning to state s′ from state s with ac-
tion a. L : S × Acts → 2AP is a mapping from state-
action pairs (s, a) to a set of true atomic propositions, and
R : S ×A× S → R is a reward function that assigns some
real-valued reward to a transition (s, a, s′).

The goal of RL is to learn an optimal policy π, often
by learning an action-value function Qπ . We will focus
on model-free value-based methods, which assume that we
don’t know the transition function Pr. In this context,
the optimal policy is a map from states to optimal actions
(π : S → Acts) defined as:

π(s) ∈ argmax
a∈A(s)

Qπ(s, a) (1)

Qπ gives the sum of future expected rewards if the agent
takes action a in state s and then follows π.

RL agents learn an optimal policy through experience;
given the current state of the environment, the agent will
take an action in π(s), and when the environment transitions
to the next state, it will collect a reward and update Qπ (and
therefore π) based on this reward. During training, with a
certain probability, the agent takes a random action, so that
it is sure to explore the entire state space. This process con-
tinues until Qπ converges, yielding an optimal policy π∗.

2.2 Normative Reasoning
Norms are rules that describe what the world should look
like, expressing ideality, not mere actuality. We deal with
two types of norms: (1) constitutive norms, which take the
form “X counts as Y in context C” (Searle 1969), and can
be used to, e.g., define terms within a normative system;
and (2) regulative norms, which regulate behaviour — e.g.,
obligations, prohibitions, and permissions (Pigozzi and van
Der Torre 2018). Reasoning about norms is a complex topic,
explored formally in the field of deontic logic. Challenging
dynamics and paradoxes abound in the literature, includ-
ing dilemmas (when two norms cannot be complied with
simultaneously), and contrary-to-duty obligations (obliga-
tions that come into force when another obligation is vio-
lated) (Gabbay et al. 2021). Furthermore, norm codes are
often conflict-sensitive by design. The aim is not to get rid
of conflicting norms, but to identify resolution mechanisms
that enable agents to apply norms that hold all things con-
sidered (Nute 1997; Parent and van der Torre 2018).

DELX. In order to express norms formally, we use a non-
monotonic deontic logic: deontic equilibrium logic with ex-
plicit negation (DELX) (Cabalar, Ciabattoni, and van der
Torre 2023). Equilibrium Logic (EL) (Pearce 1996) is the
logical characterization of answer set programming (ASP)
(Marek and Truszczyński 1999; Niemelä 1999), an estab-
lished, expressive non-monotonic knowledge representation
paradigm. DELX extends EL with the deontic operators O
(for obligation) and F (for prohibition), as well as explicit
negation (Aguado et al. 2019), an additional type of negation
which resembles classical negation (as opposed to the de-
fault negation or negation as failure typically used in ASP).
Formally, the language of DELX is:

φ ::= p | ⊥ | φ ∧ φ | φ ∨ φ | ∼ φ | φ → φ | Oφ | Fφ

where p ∈ AP is an atomic proposition. We can further
define default negation ¬φ := (φ → ⊥), and an explicit
permission operator Pφ := ∼ Fφ. Note that O(∼ φ)
is equivalent to Fφ. We also note the defined operators
Od(φ) := ¬P(∼ φ) → O(φ) (default obligations), and
Onf(φ) = O(φ) ∧ ¬φ (non-fulfilled obligation).

Deolingo. As DELX characterizes an extension of EL,
it corresponds to a language for deontic answer set pro-
gramming. Fortunately, a tool exists to compute deon-
tic answer sets: deolingo (Cabalar and Manteiga 2025).
deolingo interfaces with xclingo (Cabalar, Fandinno,
and Muñiz 2020), allowing for the generation of both de-
ontic answer sets, and explanations tracing the derivation
of these answer sets. This is accomplished via annotations
which accompany the rules in an answer set program. In this
paper, we make use of this tool to build a normative narra-
tor, which guides and explains the decisions of RL agents.

2.3 Explanation in AI
Due to the presence of norm conflicts, and the possibil-
ity of violation, agentive behaviour needs to be explained
in the context of norm tensions. For this reason, con-
trastive explanations are most promising for normative con-
texts (van Berkel and Straßer 2024). A norm conflict is a
tension between multiple norms and possible actions, hence
contrastive explanations support understanding of how these
norms and possible actions lead to a final decision. Due to
the focus on conflict avoidance (here, violation), we draw
from existing work on explanation in argumentative dispute.
First, contrastive explanations answer why questions in ref-
erence to a claim and a foil: e.g., “why did the agent per-
form x (claim), despite the possibility to perform y (foil)?”
We adopt the two tier model by Johnson (Johnson 2000) to
answer such questions: An explanation in light of conflict
contains the internal, illative, tier which provides reasons in
favour of a given action (both the claim and the foil), by list-
ing relevant facts, including norms, factual context, and, in
our case, the number of violations that may occur. Then,
to explain why the claim precedes over the foil, such an ex-
planation contains an external, dialective, tier, which makes
explicit how counter-reasons (from the foil), do not suffice
for different behaviour (cf. “despite”).
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Figure 1: Interaction between the Normative Narrator, the RL
agent, the environment, and the user. Boxes with rounded corners
are computational modules (the agent, the reasoner, the labeller),
and the rectangles signify some mutable information source (the
environment and the fact/knowledge/norm base).

The Role of Values. Values play an essential role in dis-
pute. For instance, in legal disputes a judge may refer to
the spirit of the law, which represents the values that the
law aims to promote (Perelman 2012; Bench-Capon 2002),
this is referred to as judiciary discretion (Dik and Markovich
2024). There is a strong connection between normative
judgements and value judgements (Hansson 2001). For this
reason, using values to resolve (and explain) conflict has
been extensively investigated in the context of symbolic AI,
formal argumentation in particular (Atkinson and Bench-
Capon 2021). A feature of these approaches is that values
enter the stage when the conflict cannot be resolved by an
appeal to norms alone. In those cases, resolve is sought in a
preferential balancing of the values they promote.

3 Normative Narrator
The normative narrator’s structure resembles that of the nor-
mative supervisor (Neufeld et al. 2021), with the notable ad-
dition of an Explainer; see Fig. 1 for an overview of the
architecture. The normative narrator works together with an
RL agent at training or operation time; for each new state the
RL agent transitions into, it sends the narrator the state s and
those actions available in that state A(s), and for each action,
a fact base FB is generated (via an implementation of the la-
belling function from Definition 1, noted as the Labeller in
Fig. 1). The result is a list of propositions that are true in that
state if that action is taken, such as raining := “it is rain-
ing”. A knowledge base KB provides domain knowledge
about the environment that can help the narrator determine
which actions will cause a violation; e.g., there might be a
rule that says that moving north from coordinate (0, 0) will
leave the agent in (0, 1).

The norm base NB is provided by the user, containing
the constitutive and regulative norms that form the norma-
tive system the agent will be subject to, in terms of the the
vocabulary established in FB ∪ KB (note that constitu-
tive norms may introduce new terms). Each norm can be

accompanied by annotations which will inform the expla-
nation given by the Explainer if requested. For example,
the norm emergency → O(atSafety) might be accompa-
nied by an annotation: "Agent must be at a safe
place because of emergency."

FB∪KB∪NB will be transformed into a logic program
LP syntactically amenable to deolingo. E.g., the above
norm and annotation would generate the following code:
%!trace_rule {"Agent must be at a safe place

because of emergency"}
&obligatory{atSafety} :- emergency.

The generated logic program is then sent to the Reasoner. In
the filter, for each action a ∈ A(s) deolingowill generate
an answer set Ans(a) containing all of the facts and obliga-
tions that hold in state s if action a is taken. The number
of violations (computed from each Ans(a), as those obli-
gations O(p) ∈ Ans(a) such that p /∈ Ans(a) and those
F(p) ∈ Ans(a) while p ∈ Ans(a)) is counted. The set
AN (s) is then composed of those actions with the fewest
number of violations. Formally:

AN (s) := argmin
a∈A(s)

V iol(a)

where

V iol(a) = |{p | O(p) ∈ Ans(a) ∧ p /∈ Ans(a)}|
+ |{p | F(p), p ∈ Ans(a)}|

This way only those actions deemed normatively optimal
are passed to the agent; it has no other option but to choose
one of these.

The narrator, like the normative supervisor, has a second
functionality, in which the narrator remains active during
training; it still computes AN (s) for every state, but instead
of passing this to the agent, limiting its choices, it allows the
agent to choose whatever action it wants, and if this action
is not in AN (s) the module assigns a punishment of magni-
tude r. This punishment is then added to the R(s, a, s′) the
agent receives from the MDP. This allows the narrator to use
reward shaping to change the behaviour learned by the agent
(similar to the safe RL technique presented in (De Giacomo
et al. 2019)). This approach, especially when combined with
the use of the Filter at runtime, can result in a significant im-
provement in performance (Neufeld 2022).

Value-Based Assessment. In the normative supervisor,
AN (s) would be sent directly to the agent; however, we pro-
pose an extra step where we optionally complete a value
based assessment of the normatively optimal actions if
|AN (s)| > 1 and the actions therein result in at least one
violation. In this case, we make an appeal to the (ordered)
values promoted by the violated norms when multiple norms
per action are violated, asserting that the agent should strive
not to violate the norm promoting the most preferred value.

For example, in the taxi scenario we will work with in
Section 4, the agent is obligated to head to safety in the case
of an emergency, which promotes the value of Safety; it
is also obligated to take the passenger to their destination,
promoting the value of Duty. Given data from the origi-
nal filtering process (about which actions violate which obli-
gations, represented as, e.g., viol(north, atSafety),
we get a logic program LP ′ containing, for example:
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%!trace_rule {"Action % opposes the value
Safety.", A}

opposeSafety(A) :- viol(A, atSafety),
action(A).

This logic program will further contain rules reasoning
about what should be done given which actions oppose cer-
tain values, such as:
perfect(A) :- action(A), not opposeSafety(A),

not opposeDuty(A).
&obligatory{A} :- not opposeSafety(A),

opposeDuty(A),
not optimal(A).

We then select all the actions which are obligatory in the an-
swer set Ansval output when we feed the above logic pro-
gram to deolingo, and pass these instead to the agent.

Explainer. When queried with a state and an action, the
Explainer generates an explanation. In our framework, we
propose a two-tiered contrastive explanation (Section 2.3):

Definition 2 (Two-Tier Explanation). Let v(s, a) be the set
of norms violated by action a in state s. Our two-tiered ex-
planation will consist of:

1. An illative explanation. This contains the data informing
why the agent might prefer action a over another action a′

by providing reasons for these actions. It consists of data
already generated by the Filter, broken up into brute facts
(those facts generated from (s, a) by the Labeller), insti-
tutional facts (those facts generated by applying relevant
constitutive norms), and deontic facts (regulative norms).

2. A dialective explanation.
(a) A trace (generated by xclingo) describing which

norms have been triggered in the reasoning process.
(b) In case there is more than one normatively optimal ac-

tion (all of which violate at least one norm), a value-
based assessment is adopted that describes which vio-
lations promote or oppose individual values, and shows
that no alternative action promotes a value strictly pre-
ferred over any value opposed by v(s, a).

To generate this explanation, the Explainer makes use of
the answer sets generated by the Filter and the correspond-
ing traces enabled by the above annotations. We trace:
%!show_trace &non_fulfilled_obligation{A}.
%!show_trace &fulfilled_obligation{A}.

Essentially, we are asking deolingo to trace the fulfilled
and unfulfilled violations. The user can query the Explainer
at any time with a state and an action, and receive these
traces which explain which obligations were violated by that
action in contrast to other actions, and which rules were trig-
gered resulting in these violations being derived. We will see
an example of such an explanation in the next section.

4 Case Study
The gymnasium (Towers et al. 2024) taxi environment is a
maze in which a taxi agent picks up a passenger at one point,
and drops it off at another. The agent is rewarded for drop-
ping off the passenger correctly. We have used a modified
version of this environment where it is possible for rainy

Narrator Psger. Sat. atSafety twrd(atSafety) atDest twrd(atDest)
w/o 98 % 10.01 6.97 2.66 0.39
w/ 55 % 7.98 0.0 6.24 0.0

Table 1: For an agent trained for 2 million steps: statistics are given
for 100 episodes and without the normative narrator, giving per-
centage of times the passenger was delivered, and the average vio-
lations of each regulative norm.

weather to develop into a hurricane. In addition, variable
points on the map have been appointed as the locations of a
“home” (which may or may not be subject to a flood risk)
area and a “shelter” area.

There are a number of constitutive norms that are rele-
vant in this domain. The first is that a hurricane counts as
an emergency: hurricane → emergency. The second
is that being at the shelter counts as being at a safe loca-
tion: atShelter → atSafety. However, being at home
also counts as being safe, if there is no risk of a flood:
¬floodrisk ∧ atHome → atSafety.

For regulative norms, the first is that if a passenger is
in the taxi, it is obligatory that the taxi is at the destina-
tion: hasPassenger → Od(atDestination). We make
this a default obligation, because we will establish a higher
priority norm soon. Of course, immediately upon picking
up the passenger, being at the destination is impossible, so
there is a contrary-to-duty obligation that comes into force
when this obligation is violated: Onf(atDestination) →
O(toward(atDestination)). These two norms promote
the value we call Duty (as in doing one’s job). A sim-
ilar pair of norms exists regarding getting to safety if
there is an emergency: emergency → O(atSafety) and
Onf(atSafety) → O(toward(atSafety)), which promote
the value Safety. We establish the strong permission that
defeats the duty to be at the destination (in favour of arriving
at a safe place in the case of an emergency): emergency →
P(∼ atDestination)1. The performance of the normative
narrator enforcing this normative system is given in Table 1.
Note that compliance with norms sometimes comes at the
cost of success; sometimes the taxi does not get the chance
to pick up/drop off the passenger before the environment
times out, as it spent too much time waiting at a safe point.

Our focus here, however, is the Explainer feature of the
narrator. To explore this functionality, consider the follow-
ing scenario: the passenger asks the taxi to head east, toward
a hotel, but the taxi heads west instead, and the passenger de-
mands an explanation, because the taxi has violated its duty
to get the passenger to their destination. We provide snippets
of the explanation below2.

For the illative tier of the explanation, the report con-
tains (see Defn. 2) the contents of each answer set (each
associated with an individual action) generated in the Fil-
ter, broken into brute facts, institutional facts, deontic facts,
and the number of violations. For example, for the ac-

1This is discarded for the explanation given below, as doing so
yields a conflict, where Safety takes precedence over Duty.

2The full explanation is in the supplementary material, on the
repository https://github.com/lexeree/normative-narrator.
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tion west, brute facts include toward(atSafety), institu-
tional facts include emergency, and deontic facts include
obligatory{atSafety}, and there are 3 violations.

For the first phase of the dialective tier of the explanation
the Explainer uses the traces generated by xclingo:

|__Obligation to be at toward(atSafety) was fulfilled

| |__Taxi is going toward the shelter, which counts as

going toward safety.

| |__Taxi is not at safety; it must head toward it.

| | |__Obligation to be at atSafety was not fulfilled

| | | |__Taxi must be at a safe place because of

emergency.

| | | | |__There is a hurricane; it counts as an

emergency.

|__Obligation to be at toward(atDestination) was not

fulfilled

| |__Taxi has a passenger and is not at destation; it

must head toward it.

| | |__Obligation to be at atDestination was not

fulfilled

| | | |__Taxi must be at destination because it has

a passenger.

The second phase of the dialective tier does the value-based
assessments of all actions with the lowest number of viola-
tions.

|__east promotes Duty, but opposes Safety, and

Safety > Duty; avoid east.

| |__Action east opposes the value Safety.

|__west opposes Duty, but promotes Safety, and

Safety > Duty: do west.

| |__Action west opposes the value Duty.

|__north promotes Duty, but opposes Safety, and

Safety > Duty; avoid north.

| |__Action north opposes the value Safety.

Based on this analysis, we can see clearly that west was, in
fact, the only viable option.

5 Future Work
For future work, we aim to investigate explanations that in-
volve temporal components. Sometimes, an agent learns to
violate a norm in order to avoid an increase in norm vio-
lations in the future (Neufeld 2024). This anticipatory be-
haviour must be explained, constrastively, in light of tempo-
ral intervals that demonstrate the learned expected number
of violations over possible courses of actions.

Other promising XAI methods for normative agents
which we hope to explore include are argument-based ex-
planations (Čyras et al. 2021), counterfactual explanations
(Guidotti and others 2022), and interactive explanations
(Miller 2023), all of which are promising with respect to di-
alogues (Mindlin et al. 2025; van Berkel and Straßer 2024).
Moreover, we aim to experiment with our framework do-
mains beyond the limited taxi domain we used for illustra-
tive purposes above.
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