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Abstract

The acceptance of Al agents in daily life hinges on their
alignment with social, moral, and legal norms, and in recent
years, attempts to build norm-sensitive Al agents — includ-
ing reinforcement learning (RL) agents — have gained trac-
tion. However, while there are many promising approaches,
they tend to be geared toward environments with modest state
spaces, and adaptations to the deep RL context are lacking. In
this paper we present a deep learning adaptation of normative
restraining bolts (NRBs). Our contributions are twofold; first
we combine NRBs with deep Q-networks (DQNs) and prox-
imal policy optimization (PPO) to learn optimal behaviour
compliant with challenging norms in a complex environment.
We demonstrate our agent’s ability to learn difficult norma-
tive behaviours in the game Pac-Man, which has been used
in the literature to benchmark normative RL techniques. Sec-
ondly, while past work has assumed a lexicographic order-
ing over conflicting norms when finding appropriate weights
for norms, we discuss the shortcomings of this approach, and
provide a more scalable alternative which allows for the se-
lection of policies deemed ideal by more complex metrics.

1 Introduction

As artificial intelligence increasingly pervades daily life, the
need for technologies that comply with the norms that gov-
ern our society becomes increasingly evident. Norms are
rules defining ideal behaviour — often ethical (“you ought
to help an injured person”), social (“you ought to stay in the
right lane when not passing”), or legal (“you ought to stop
at a red light”). It is not uncommon to find that they do not
align with the optimal behaviour learned by machine learn-
ing approaches like reinforcement learning (RL) (Sutton and
Barto 2018), where optimal behaviour is learned via trial and
error, by collecting numerical rewards for good behaviour,
and punishments for missteps. RL agents have proven ef-
fective in mastering a wide variety of tasks, and are a popu-
lar choice for constructing control policies in, e.g., robotics
(Kober, Bagnell, and Peters 2013), the natural sciences (De-
grave et al. 2022), and autonomous vehicles (Sallab et al.
2017), due to the technique’s ability to learn efficient and
even novel solutions to complex problems. RL from human
feedback (Christiano et al. 2017) has paved the way toward
effective language models (Stiennon et al. 2020), where the
ethical dimension of learning from normative human judg-
ments is clearly relevant. Nevertheless, RL agents prioritize
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high rewards above all else, so it is not uncommon for them
to learn behaviour that violates human norms.

As the role of RL agents in our society evolves, so does
the exploration of how RL interacts with machine ethics
(Moor 2006; Anderson and Anderson 2007; Wallach and
Allen 2008); this vein of study has yielded a growing num-
ber of techniques for imposing ethical behaviour on RL
agents (Vishwanath, Dennis, and Slavkovik 2024). These
include normative restraining bolts (NRBs) (Neufeld, Cia-
battoni, and Tulcan 2024), which combine formal represen-
tations of norm-violating behaviour (namely, a collection of
individual violation conditions expressed in linear tempo-
ral logic over finite traces (De Giacomo, Vardi, and others
2013)) with numerical punishments to disincentivize this be-
haviour. This combination allows the linking of precise and
understandable representations of desired behaviour and a
concrete means of influencing the actions of an RL agent.
Neufeld, Ciabattoni, and Tulcan (2025) further developed
this approach so that the punishment magnitudes required
for enforcing a lexicographic ordering over norms could
be algorithmically derived. However, this approach relies
strongly on modest state and action spaces, and thus lacks
scalability.

In this paper, we apply NRBs to deep Q-networks (Mnih
et al. 2015) and proximal policy optimization (Schulman et
al. 2017), two comparatively scalable RL approaches which
use neural nets to estimate an optimal policy, allowing for
applications over much larger and more complex state/action
spaces. While the weight-finding algorithm from (Neufeld,
Ciabattoni, and Tulcan 2025) cannot be used in this up-
scaled setting, we employ a hyperparameter optimization
(HPO)-based approach that searches via samples for pun-
ishment magnitudes that yield a compliant policy. With the
observation that the lexicographic ordering over norm pri-
orities employed previously is a precarious choice in the
more complex environments characteristic of deep learn-
ing problems', we propose user-defined approximately ideal
policies, which can be selected from many possible poli-

!Often, in environments characterized by inherent risk of vio-
lation of high priority norms, a strict lexicographic approach can
result in the agent completely ignoring lower priority norms and
its primary objective, due to the inevitable risk of violating a high
priority norm; even if the risk increases only slightly, the agent will
opt to ignore everything but the high priority norm.
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cies based on a tailored metric that can describe more com-
plex conditions than a simple linear ordering. In this pa-
per we make use of a metric based on a weakening of the
lexicographic assumption of (Neufeld, Ciabattoni, and Tul-
can 2025), employing the results of (Sherali and Soyster
1983). We empirically demonstrate how this approach leads
to holistically improved performance.

We demonstrate our approach in the arcade game Pac-
Man, which has been used to demonstrate the capability
of norm-sensitive RL agents to obey norms in a complex,
stochastic environment (Noothigattu et al. 2019; Neufeld
et al. 2022; Neufeld 2022; Adam and Eiter 2025; Lopez-
Miguel et al. 2025). Our experiments cover difficult norma-
tive dynamics which are not handled sufficiently by most
past approaches, such as temporal obligations and con-
flicting norms, while accommodating the tackling of large
state/action spaces with deep RL.

Related Work. Since (Abel, MacGlashan, and Littman
2016) there have been a variety of approaches presented
whose goal is to impose specifically deontic constraints on
RL agents, for example using automata (Kasenberg and
Scheutz 2018b; Neufeld, Ciabattoni, and Tulcan 2024), in-
verse RL or demonstrations (Kasenberg and Scheutz 2018a;
Wu and Lin 2018; Noothigattu et al. 2019), answer-set
programming (ASP) (Adam and Eiter 2025), and multi-
objective RL (Rodriguez-Soto et al. 2022; Rodriguez-Soto
et al. 2023; Neufeld 2024; Neufeld, Ciabattoni, and Tulcan
2025). For a fairly extensive overview of some of these tech-
niques, we recommend a recent review (Vishwanath, Den-
nis, and Slavkovik 2024).

However, these approaches are typically implemented
within the tabular RL paradigm, where utilities are com-
puted and stored in a table indexed by each state-action pair,
greatly limiting the size of feasible state/action spaces. In
order to accommodate large, complex state/action spaces,
a deep RL technique (such as DQNs (Mnih et al. 2015)
or PPO (Schulman et al. 2017)) is typically needed. Ap-
proaches attempting to impose norms on deep RL agents do
exist (Chen et al. 2017; Peschl 2021; Peschl et al. 2022;
Al Nahian et al. 2024); however, most of these focus on
shaping behaviour with implicit or observed norms, rather
than explicitly defined obligations, permissions, prohibi-
tions, and priorities. With respect to deep RL approaches
focusing on imposing explicit, formally-defined constraints
— considered by many to be an important goal for respon-
sible autonomous systems (Moor 2006; The IEEE Global
Initiative on Ethics of Autonomous and Intelligent Systems
2019) for reasons of, e.g., transparency/auditability — a re-
cent approach, (Xiao, Li, and Wang 2024), imposes an LTL
specification on a deep RL agent. While similar in some
ways to our technique, this approach rewards compliance
instead of punishing violation (and thus is subject to the
“procrastination” tendency illustrated by Neufeld, Ciabat-
toni, and Tulcan (2024)). Additionally, it utilizes a single
LTL specification (and as a result could not handle con-
flicts and contrary-to-duty obligations (Neufeld, Bartocci,
and Ciabattoni 2022)). While the original implementation of
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policy fixes (Adam and Eiter 2025) used tabular Q-learning,
(Lopez-Miguel et al. 2025) demonstrated an application in
deep RL as well as OFTEN-DEEPRL, which integrates them
directly into deep RL policies. To frame the problem of
minimally changing decisions to enforce norm compliance,
i.e., fixing a policy, as a planning problem in ASP, both ap-
proaches require an abstract model of the environment, and
they are restricted to maintenance obligations. To the best
of our knowledge, there are no deep RL approaches sup-
porting explicit representations of norms which can actu-
ally handle the difficult normative dynamics studied in the
fields of deontic logic and normative reasoning, like permis-
sions/exceptions, contrary-to-duty obligations, and conflicts
between norms.

2 Preliminaries
2.1 LTL over Finite Traces

Linear Temporal Logic (LTL) (Pnueli 1977) extends classi-
cal propositional logic with temporal operators:

pi=plopleVelop|pUp

where p € AP, AP being a set of atomic propositions.

o is the “next” operator (o, or ¢ is true in the next state),
and U is the “until” operator (¢U1, or ¢ is true until ¢ is
true). We can also define the operator O = TUp (¢ is
eventually true) and the operator Cp = =0 (¢ is always
true). T, L, A, and — can be derived in the usual way.

LTL formulas are interpreted over infinite traces o €
(24P)«; LTL over finite traces (LTLf) (De Giacomo, Vardi,
and others 2013) differs from LTL only in that the traces
over formulae are interpreted are finite, of length \.

Deterministic Finite Automata (DFAs). DFAs are finite
state machines of the form A = (X, Q, 4, qo, F'), consisting
of a finite input alphabet 3, a finite set of states Q, a deter-
ministic transition function § : @ x X — Q, an initial state
qo € Q, and a set of final states F' C Q. We say A accepts
aword o = (0, ...on—1) € X* if for the run qo, q1, ..., ¢
generated by inputting o to A (i.e., ¢i+1 = 0(g;,0;) for
i € {0,...,A —1}), ¢ € F. LTLf formulae ¢ over atomic
propositions AP can be transformed into equivalent DFAs
A, with alphabet 24P such that o |= ¢ (that is, the trace o
satisfies ¢) iff A, accepts o (De Giacomo, Vardi, and others
2015).

2.2 Norms

We deal exclusively with regulative norms; i.e., norms that
regulate behaviour (as opposed to, e.g., constitutive norms).
Regulative norms include obligations O« (or “« is obliga-
tory”), prohibitions Fa = O—a: (we refer to obligations and
prohibitions both as obligations), and (strong) permissions
Pa, which often act as exceptions to obligations to the con-
trary (and these are the only kind of permissions we consider
here). Norms are often conditional, represented as O(«|5)
(“« is obligatory when (3”); for consistency we will write
unconditional norms O(«) as O(a|T). We can also define
temporal norms (Governatori et al. 2007) such as mainte-
nance obligations O} (| 3) which demand that upon being
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triggered with (3, « is obligatory in each state until the dead-
line d, and achievement obligations O (a3) which state
that after the trigger 3, it is obligatory to achieve « before 4.

Normative reasoning is a rich field in which many unique
dynamics have been studied, many of them remaining open
topics of study. For example, there are many different
ways of handling conflicts between norms (Gabbay et al.
2021); in our implementation, we will assume a “fuzzy”
preference over conflicting norms in which one norm gen-
erally takes priority over another, allowing that significant
improvements compliance in lower priority norms can su-
persede marginal deterioration with respect to high priority
norms.

Another dynamic that we model is contrary-to-duty obli-
gations (CTDs) (Chisholm 1963), which come into force
with the violation of another norm, and can prove difficult
for e.g. safe RL approaches (Neufeld, Bartocci, and Ciabat-
toni 2022). Note that modelling both CTDs and conflicts ne-
cessitates some tolerance for violation in a formal language
— this is why early straightforward modal logic approaches
have failed (Gabbay et al. 2021).

We refer to a set of norms which apply in the same domain
(and perhaps interact with each other) as a normative system.
Information on which normative systems an agent is subject
to is contained in what we call the agent’s norm base.

Violation and Exception Specifications. LTL(f) strug-
gles to model norms directly (Governatori 2015; Neufeld,
Bartocci, and Ciabattoni 2022); namely, there is no LTL(f)
formula ¢ that faithfully models an obligation, and LTL(f)
on its own does not tolerate conflicts. From here we make
use of violation specifications, which specify the conditions
under which a norm is violated in LTL(f), to represent obli-
gations, and special exception specifications to model per-
missions. This presentation of norms is inspired by the “An-
dersonian” approach (Anderson 1958) to modelling obliga-
tions, by representing a condition for violation and linking it
to an individual (in our case numerical) sanction.

Using a temporal logic to implicitly represent norms en-
ables the modelling of temporal obligations. Conditional
atemporal obligations (punctual obligations) O(«|S) can be
represented through their violation conditions as O(8 A —a);
the obligation is violated when 3 occurs, but o does not.
Strong permissions P(—«|51 A B2) (an exception to an obli-
gation O(«|S;)) are represented with an exception specifi-
cation (giving the conditions under which the agent is ex-
empted from a specific obligation) {(—a A 51 A B2). Main-
tenance obligations Q27 («r|3) have in general the violation
specification {(8 A =dU-«), and achievement obligations
04 (a|B) can be modelled with the violation specification
O(B A —aUo).

2.3 Reinforcement Learning

We assume that the environment in which the agent is learn-
ing is a labelled Markov decision process, which assigns la-
bels to each state representing propositions which are true in
that state. While this would be a strong assumption in many
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real-world problems, we argue that the below labelling func-
tion could be supplied through some additional technique,
e.g., object detection from images. Our assumption of a la-
belling function enables separating the problems of norm-
compliance and extraction of labels from, e.g., images.

Definition 1. A labelled MDP is a tuple (S, A, Pr, L, R)
where S is a set of states, A is a set of actions, Pr : S x A X
S — [0, 1] models the transition probabilities Pr(s, a, s') of
reaching state s’ by performing action a in s, L : S —
24P s g labelling function mapping states to sets of atomic
propositions, and R : S x A x S — R is a reward function
assigning scalar rewards to state transitions.

The goal of reinforcement learning (RL) is to find an op-
timal policy 7 : S — A(A) mapping states to distributions
over actions. An optimal policy maximizes the expected dis-
counted cumulative return from time step ¢:

o0
Gy = Z’YZR(S:&% Qtyis St4itl),
i=0
where a; ~ 7(s;) and s;41 ~ Pr(s;,a;,-). The discount
factor v € [0,1) enables prioritizing immediate rewards
over future rewards, and ensures that G is finite.

Q-learning (Watkins and Dayan 1992) is a popular model-
free RL technique (that is, a technique facilitating learning
without an explicit model of the environment). It is based on
approximating the action value function

Qﬂ—(87a) = Eﬂ' [Gt | St = §,a¢ = a]7

which characterizes the expected return from state s, when
taking action a and then following policy 7.

The agent explores the environment based on an estima-
tion of the optimal Q-function @Q* (assuming Q*(s,a) =
Q7 (s, a) for optimal policy 7). Each time it takes action a,
transitioning from state s into state s’ and receiving reward
r, a so-called Q-learning update, based on the Bellman equa-
tion, is performed to improve the current state-action value
estimates Q(s, a):

(D

Qtarget(sa a) —r+v max Q(S/, a'),
a’€A

Q(s,a) + Q(s,a) + a(Quurger (s, a) — Q(s,a)).

The learning rate o applied to the TD error Q arge(s, @) —
Q(s, a) balances learning speed and stability. The current
values of (s, a) are usually stored in a table.

Deep Q-Networks. Tabular Q-learning is not feasible for
MDPs with large state spaces due to the necessity of storing
Q-values for each individual state-action pair. A common
way to address this issue is to estimate the Q-values using
Sfunction approximation with, e.g., neural networks.

A fairly direct adaptation of Q-learning to the deep learn-
ing context is the well-known DQN algorithm from (Mnih
et al. 2015), which approximates Q-values with deep Q-
networks. These are feedforward neural networks where the
inputs encode the MDP state s and the outputs are the esti-
mated Q-values Qe(s7 a) for each (discrete) action a. The
network weights 6 determine the shape of the Q-function
and are adjusted during the training process.
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The training process resembles tabular Q-learning. The
agent selects actions based on the optimal action predicted
by Q?(s, a) (using a strategy such as e-greedy to balance ex-
ploitation and exploration) and regularly adjusts 6 to account
for recent experiences. In contrast to tabular Q-learning this
is done by sampling from an extensive set of recently experi-
enced transitions, which are stored in a replay memory. This
technique, experience replay, helps to break the correlation
between consecutive experiences and stabilizes training.

Proximal Policy Optimization. Q-learning and DQN are
considered value-based reinforcement techniques; these
stand in contrast to policy-based techniques. As the ap-
proach we put forward for this paper is based on reward
shaping (i.e., changing the reward signal in the MDP to ei-
ther guide learning or alter behaviour), it is highly flexible,
and as we will show in the next section, it can be used on
both value-based and policy-based (including actor—critic)
techniques. In particular, we will make use of proximal
policy optimization (PPO; Schulman et al. 2017) alongside
DQN to demonstrate our approach.

PPO is a policy gradient method, which learns a stochas-
tic policy my. Instead of learning the action-value function
Q™, it directly optimizes the parameters 6 of this policy. In
particular, an objective function J(0) = E. [Gp] is opti-
mized, which can be estimated using a policy gradient (Sut-
ton et al. 1999). PPO is a direct descendent of TRPO (Schul-
man et al. 2015), which uses a “surrogate objective” by av-
eraging over several trajectories:

LCPL(g) = B, [rt(e)fxt] ,

To(at|st)
o4 (at]St)
which estimates the advantage of taking action a; at state s;
(over the other possible actions). PPO replaces this objective

with:
LOLIP (9) =T, |min(ry(0) Ay, clip(ri(0), 1 — €, 1 + €) Ay)

and A, is an advantage function

where 7,(6)

which limits the size of policy updates by clipping the size
of r¢(0) to the range [1 — €, 1 + €.

Normative Restraining Bolts. A restraining bolt (RB)
(De Giacomo et al. 2019) is a collection {(y;, 7))} of
individual LTLf specifications ¢; paired with rewards r;,
along with a labelling function L. They can be combined
with a labelled MDP M sharing its labelling function, to
create a non-Markovian reward decision process (NMRDP)
M whose reward function adds to R(S;,—1, Gm—1, Sm) (the
reward from M for the transition to s,,) every r; for which
(L(s0), ...y L(sm)) = ;. As was established in (Brafman,
De Giacomo, and Patrizi 2018), M can be translated into
a regular MDP by extending its state space to a product
space with the state spaces of the DFAs A, corresponding
to each ;. This extended MDP M’ is equivalent (Bacchus,
Boutilier, and Grove 1996) to M: when M’ is solved with a
regular RL algorithm such as Q-learning, the optimal policy
is likewise optimal for M.

It is easy to see how this technique (essentially non-
Markovian reward shaping) could be used to incentivize nor-
mative behaviour in RL agents; compliance specifications
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(logical formulae which specify the compliance conditions
of a norm) are an established avenue for using temporal log-
ics to indirectly represent norms (Kasenberg and Scheutz
2018b; Neufeld, Bartocci, and Ciabattoni 2022). Neverthe-
less, Neufeld, Ciabattoni, and Tulcan (2024) showed that
this approach is not ideal, at least for the restraining bolt.
The RB rewards the agent when a specification is satisfied;
however, a compliance specification will be satisfied even
when the norm is not in force (as technically, the agent is
still complying with the norm), which can result in the agent
trying to extend its runtime in order to reap rewards for com-
pliance. To circumvent this issue, Neufeld, Ciabattoni, and
Tulcan (2024) proposed that violation specifications (with
corresponding negative rewards) should be used instead.

Definition 2 (Normative Restraining Bolt (NRB) (Neufeld,
Ciabattoni, and Tulcan 2025)). An NRB is a tuple NRB =
(L, {(pi,—1:)}Y,), where L : S — 24T is a labelling
function from states to sets of atomic propositions, each r; €
R*, and N = n +m. Fori € {1,...,n}, @, is the violation
specification of a punctual or achievement obligation; for
i€ {n+1,...,n+m}, g is the violation specification of a
maintenance obligation.

Like RBs, NRBs can be combined with a labelled MDP
M to produce an NMRDP with an equivalent extended
MDP M'’. Beyond the expansion of the state space S to
S = Q1 X ... x Qn x S (where Q; is the state space of
the automaton A, ), the only major differences between M
and M’ are the reward and transition functions.

R(q1, s N+ 8,0, Q1 s @y 8') =
N

>

i:0;(qi,L(s"))EF;

R(s,a,s’) + )

—r;
is the reward function, with punishments instead of rewards;

the transition function is:

Pri(qry o N, 8, 0y QY s @y 8') =
{Pr(s,a,s’) ifVie{1,..N}: ¢ =4 (q;,5)

0 otherwise
where
q it (¢, L(s")) =q; ¢ F;
q'(gi,8') = qio ifi€{l,..,n}and (g, L(s)) € F;
qi otherwise

The transition function is represented in two parts because
the DFAs corresponding to different kinds of obligations re-
quire different kinds of “resetting” mechanisms to account
for the possibility that a norm is violated more than once.
When an obligation is violated, the associated automaton
reaches a final state, which is also a sink state. Thus, to both
avoid punishments after the violation has been rectified and
allow for detecting future violations of the same norm, we
“reset” the automaton; for punctual or achievement obliga-
tions, the state of the automaton, if it is final, skips without
input to the initial state, while for maintenance obligations,
it skips to the previous state (as maintenance obligations
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Figure 1: Our Pacman environment, a 5 X 18 maze with 55 food
pellets, 2 ghosts, and 2 power pellets, allowing for a maximum
score of 1795.

can be violated repeatedly whilst the obligation remains in
force).

We maintain the single-objective framing of the problem
of learning with normative restraining bolts from (Neufeld,
Ciabattoni, and Tulcan 2024), as opposed to the multi-
objective RL framing from (Neufeld, Ciabattoni, and Tul-
can 2025). This enables the use of standardized deep RL
libraries, which do not, to our knowledge, support multi-
objective deep RL algorithms. However, we will refer to the
method presented in the latter paper to algorithmically deter-
mine which punishments r; are necessary to enforce a given
priority ordering over the corresponding violation specifica-
tions, when we propose an alternative method to more feasi-
bly approximate these punishments (which is necessary for
the environment presented directly below).

2.4 Evaluation Environment: Pacman

Our environment is inspired by the classic arcade game Pac-
Man, which takes place in a maze filled with ‘food pellets’.
The agent, Pacman, must navigate the maze and eat the
food pellets it travels over (for 10 points each) using the ac-
tions {Stop, North, South, East, West}; the game is won
when Pacman has eaten all the food pellets in the maze,
earning 500 points. The goal is to win the game as quickly as
possible, with a penalty of —1 point per step. Additionally,
there are two ghosts wandering randomly around the maze,
with the ability to ‘eat’ Pacman if it collides with them (in
which case Pacman loses and collects —500 points); how-
ever, if the ghosts are in a temporary ‘scared’ state, which
is triggered when Pacman eats a special ‘power pellet’, they
can be eaten by Pacman, earning Pacman 200 extra points.
The exact layout of the maze we are using is shown in Fig. 1.
Inspired by Noothigattu et al.; Neufeld et al. (2019; 2022),
we utilize this setting to train and test the behaviour of Pac-
man under a variety of normative systems. We start with
VEGAN, a very basic norm base containing only the norm

vegan . F(eatblueGhost \% eatorangeGhost|T)

corresponding to violation specification {(eatpiyeGrost V
eat(,mngeGhost); that is, the obligation is violated (once) if
the agents eats a blue or orange ghost at some point. We then
introduction the strong permission

permBlue : P(eatpiuechost|T)s

which explicitly allows Pacman to eat a blue ghost. To-
gether with vegan, permBlue makes up the VEGETARIAN
norm base. We further employ an achievement obligation

. A
hungTy : Oscoreloo(eatblue(}hostveatorangeGhost|SCOTGO)
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vegan  permBlue hungry penalty
(permission) (temporal) (CTD)
VEGAN v
VEGETARIAN v v
HUNGRY v
HUNGRYVEGAN v v
HUNGRY VEGETARIAN v v v
HUNGRYPENALTYVEGAN v v v
Table 1: Overview of Pac-Man norm bases.
a > —
E % Actions/
N a & > Values
o o
- 72}
Input Image E >

Image Features &
DFA States

Figure 2: Architecture for deep RL with NRBs, with heads corre-
sponding to a Q-network (DQN) or an actor-critic pair (PPO).

which demands that starting when the game begins at score
0, Pacman is required to eat a ghost before it reaches a score
of 100. We use this norm individually in the HUNGRY norm
base and conflicting with vegan in HUNGRY VEGAN. HUN-
GRY VEGETARIAN contains vegan, permBlue, and hungry.
Finally, we introduce the CTD obligation

penalty : O(5t0p|eatblueGhost \ eatorangeGhost)

which obligates the agent to give up a turn (perform the ac-
tion stop) after violating vegan. This occurs with hungry
and vegan in HUNGRYPENALTYVEGAN. A summary of
the norm bases we employ can be found in Table 1.

3 Shaping Deep RL Policies with NRBs

As we discussed in Sec. 2.3, a labelled MDP M can be com-
bined with an NRB (L, {(¢;, —7;)}X;) and translated to
an extended MDP M’, for which we can learn an optimal
policy with, e.g., Q-learning. However, tabular RL already
struggles with large state spaces, and the state space S’ of
M’ exceeds | S| by a factor that is exponential in the number
of norms imposed, presenting an obstacle for implementa-
tion in large environments with many norms. A natural so-
lution is to combine NRBs with deep RL, via value-based
(e.g., DQN) or policy-based (e.g., PPO) methods.

The input to the deep RL agent is comprised of: (1) d fea-
tures that represent a state s of the environment MDP. We
denote these features as {¢;(s)}%_, (in the Pacman setting,
this includes the location of the nearest food, the locations
of the ghosts, the score, etc.); and (2) each state of each
automaton corresponding to a specification in the restrain-
ing bolt (i.e., U, ;< Qa,,) as one-hot encoded features,
which have a value of 1 when it is a current state, and 0 oth-
erwise. Thus, the set of features for the extended MDP state

(a1, > 9) s {01(5) 1, U (U ciendl = albacon,, )
where [] are Iverson brackets. The reward corresponding to
each transition of M’ can be computed with Eq. 2.
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In a second approach, we follow (Mnih et al. 2015) in pro-
cessing raw image data from the Pac-Man game with three
layers of 2D convolutional neural networks (CNNs). To use
NRBs with image input, we concatenate the flattened fea-
tures, extracted using the CNNs, with one-hot encoded DFA
states, and pass both through two additional linear layers, as
depicted in Fig. 2. Finally, the resulting features are pro-
cessed by an output layer to estimate Q-values (in the case
of DQN) or actor and critic heads (in the case of PPO).

3.1 Approximately Ideal Policies

(Neufeld, Ciabattoni, and Tulcan 2025) resolve norm con-
flicts under a given strict lexicographic ordering, where
the primary objective is always in last place. The multi-
objective framing manifested in a Q-function being learned
for each norm; ergo, following Rodriguez-Soto et al. (2022;
2023), convex hull value iteration (CHVI) (Barrett and
Narayanan 2008) can be used to compute the convex hull
of the multi-objective MDP’s policies (the policies optimal
for some combination of weights/penalties r;). Linear pro-
gramming can compute from the convex hull the required
weights r; for enforcing the given lexicographic ordering
over the value functions. Unfortunately, CHVT itself is com-
putationally expensive, even over modest state spaces’; in
the Pac-Man environment, it would be infeasible.

Size is not the only limiting factor; the stochasticity of an
environment might be prohibitive as well. For instance, con-
sider two policies for a self-driving car; one involves reach-
ing the user’s destination, and one consists of ignoring the
user’s commands and staying in the garage. If our high-
est priority norm is to avoid collisions, then a strict lexico-
graphic ordering will result in the latter policy. Whenever
the car leaves the garage, there exists some possibility of a
collision; even a small probability of collision will result in
the car staying parked if the probability of collisions in the
garage is zero. In real-life, there has to be some margin for
error when it comes to prioritizing norms, and in general, the
desired policy for a nuanced and difficult problem might not
be so straightforwardly reduced to a strict linear ordering.

With these challenges in mind, we propose that instead of
deriving weights, we search for them. It established that any
policy learned with NRBs is in the convex hull (Neufeld,
Ciabattoni, and Tulcan 2025); and while using CHVI to
compute all of these policies is not feasible in our setting,
we can compute some of them, and observe their character-
istics by sampling the distribution induced by the policy on
the MDP. Namely, we can sample combinations of weights
from some subset of R™Y, compute the policy optimal for that
combination, and evaluate the resulting behaviour w.r.t. our
expectations, for example by scoring with some pre-defined
metric (. We are then interested in approximately ideal poli-
cies (AIP), which yield trajectories that optimize for a spe-
cific “scoring” function ¢ : 27 — R:

marp = argmax (({7}-~r) 3

mell
2Around O(|A|'S"1); and despite the relatively small size of the
environment in (Neufeld, Ciabattoni, and Tulcan 2025), it was re-

ported that up to 256 GB of RAM were necessary to find weights
for two norms.
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¢ is composed of a number of auxiliary feature functions
fi(t), e.g. the average score of a game after several
episodes. In the context of learning with NRBs, we are spe-
cially interested in ¢ which are maximized by policies in the
convex hull.

Our proposal, then, is to search for the weights yielding
our AIP via hyperparameter optimization (HPO); we con-
sider each r; for the NRB a hyperparameter in our learn-
ing problem, and we use the multivariate TPE algorithm
(Bergstra et al. 2011) via Optuna (Akiba et al. 2019) to
implement the hyperparameter search. The objective of
the HPO will be the tailored metric (, which will, for our
purposes (learning with NRBs), incorporate e.g. the norm
violation count over a trajectory. In particular, we con-
sider the normalized violation count: f® : T — R for
ie{l,..,.N}:

mazViol — violy, (T)

frel(r) =

where maxV'iol is the maximum possible violations in a
trajectory, and viol,, (7) is the actual number of violations
of the norm with violation specification ¢; over 7; thus,
fPiel () is 1 when there are no violations, and approaches 0
as more violations occur.

maxViol

Our Approach. In this paper, we do not stray far from a
strict lexicographic ordering. We make two amendments to
this approach, however: first, we non-linearly rank norms so
that two norms can share the same rank. Additionally, we
weaken the strict ordering; e.g, if a higher priority norm is
violated only slightly more for a given policy, but there is a
massive drop in violations for a lower priority norm, we will
typically prefer this policy over one where violations of the
higher priority norm decrease only slightly, while there is a
sharp increase in violations of the lower priority norm.

As for how we achieve this with our (: it is known that for
some set of lexicographically ordered objectives, given there
exists a solution that respects this ordering, there is a linear
combination of these objectives whose global optimum is
that solution (Sherali and Soyster 1983). Namely, for some
lexicographically optimal solution z* [0, ...,xk] € X
(where z( corresponds to the lowest priority objective, and
x, to the highest), there is a by € R such that for all b > by,

k

¥ = arg max g b'a;.
zeX i—0

As we noted, however, we intend to depart from this strict
lexicographic ordering. Firstly, instead of a strict linear or-
dering over objectives, we define a function over each objec-
tive x; that maps the ith objective to some natural number
w(4) (its place in the ordering), and assign to each z; the co-
efficient () in the above sum, allowing us to account for
objectives z; and x; of equal weight (i.e., w(i) = w(j)).
A second change is to choose a relatively small b > 1
(significantly smaller than the above-mentioned bg) in or-
der to “weaken” the lexicographic ordering; this results in
the lower priority objectives having a much more compa-
rable weight with respect to higher priority objectives, so
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that a large improvement in lower priority violations can be
achieved at the expense of a small increase in high priority
violations. Our ( is then

N
C({T}T’Vﬂ') = ETNW [C:O(T):| + Z bw(i) .IAETNW [fiviOl(Tﬂ

max

where 7,4, is the highest possible reward in the environ-
ment. Thus, as b increases, compliance with the highest pri-
ority norms become more important, when compared to the
agent’s reward function or to compliance with less impor-
tant norms, approaching a lexicographic ordering. However,
as b approaches 1, the normalized violations and score be-
come more equally considered in the selection of the AIP.
To demonstrate how this acts in practise, our evaluation con-
tains a sensitivity analysis for the parameter b.

4 Experimental Evaluation

We conducted experiments in the Pac-Man environ-
ment (DeNero and Klein 2014) shown in Fig. 1, where we
trained 7 types of RL agents with PPO and DQN with 2
types of state representations. The 7 agent types range over
the six norm bases from Table 1 and a baseline agent, which
is not guided by NRBs. The 2 state representations include
a feature-based state representation, where each state com-
prises 83 features of the game state and one-hot-encoded
representation of the DFA states, and an image-based state
representation augmented with DFA state information. To
create the RL state for the image-based representation, we
convert the images to grayscale and downsample them by a
factor of three in both height and width, and we then stack
two consecutive frames to capture motion. For the training,
we used the default hyperparameters of the DQN and PPO
implementations provided by STABLE-BASELINES3 (Raf-
fin et al. 2021), except for a reduced buffer size of 100,000
in image-based RL due to memory constraints. Our code
and models, as well as some videos, can be found at https:
//github.com/lexeree/scalable-normative-deep-rl.

Our experiments examine (1) the effect of RL algorithm
and required training budget on different norm bases, (2)
the viability of HPO for finding suitable NRB weights, (3)
the effectiveness of NRBs in combination with image-based
state representations, and (4) the effectiveness of NRBs
combined with deep RL compared to the state of the art.

To address (1), we create RL policies for the feature-based
state representation with varying training budgets for both
DQN and PPO. In this first batch of experiments, we man-
ually defined weights for each norm base. For (2), we fixed
the training budgets to suitable values found in the training
budget experiments and used HPO to identify optimal NRB
weights. (3) We then evaluate policies trained from feature-
based representations and images. Finally, (4) we compare
our results to those reported in the literature.

4.1 Determining Training Budgets

We fixed preliminary weights for the NRBs and ran 12 trials
per norm base to determine how many training steps (we
tested up to 20 million) are needed to converge to a decent
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policy. Detailed results can be found in the supplementary
material contained in our GitHub repository.

In particular, we observed that for the VEGAN and VEG-
ETARIAN norm bases, DQN performs slightly better than
PPO: 2.5 million steps are sufficient for VEGAN, while
VEGETARIAN benefits from 5 or even 10 million steps. For
the achievement obligation HUNGRY, PPO performed bet-
ter than DQN with the same training budget, reaching good
performance at 10 million steps (vs. 20 million for DQN).
Similarly, for HUNGRYVEGAN and HUNGRYPENALTYVE-
GAN, PPO showed good convergence after 20 million steps,
with DQN performing significantly worse. While we ob-
served advantages of PPO for HUNGRY VEGETARIAN with
lower numbers of steps, DQN catches up at 20 million steps.

4.2 Optimizing the NRB Weights

Using the optimal algorithm and number of training steps
identified above, we then ran a hyperparameter optimization
for each norm base to identify appropriate punishments.

We used a total of 100 HPO trials per norm base, with
weights sampled from the [50, 5000] range. For each trial,
we averaged the score and norm violations over five poli-
cies’ to estimate the metric ¢ (with b = 10). Each policy
was evaluated for 1000 episodes. Our results for VEGAN
and HUNGRYVEGAN are visualized in Figure 3.

In particular, we can see that for the VEGAN norm base,
as the punishment increases, the number of violations im-
proves while the Pac-Man score worsens. Both curves reach
a plateau where norm compliance is near-optimal, and the
score appears as high as possible given that compliance.

For HUNGRYVEGAN, we can see that larger punishments
for hungry generally lead to fewer hungry violations, and
likewise larger punishments for vegan lead to fewer vegan
violations. However, setting the vegan punishment too high
can adversely affect the number of hungry violations. The
score is negatively impacted by both large hungry and vegan
punishments. The identified optimal weight vector strikes a
balance by keeping both violation rates low while maintain-
ing a high score. Results for the other norm bases can be
found in our GitHub repository and show similar tradeoffs.

To further validate our approach, we also returned to the
“merchant environment” of (Neufeld, Ciabattoni, and Tul-
can 2024; Neufeld, Ciabattoni, and Tulcan 2025), and used
HPO to find appropriate weights for a regular tabular Q-
learning agent. We arrived at different weights (as the ap-
proach presented in (Neufeld, Ciabattoni, and Tulcan 2025)
specifically looks for the minimal weights that will result in
the desired policy), but in the end learned the same policy.
Details can be found in our repository.

4.3 Sensitivity Analysis of b

The direction in which the optimization progresses, as well
as the weights that are ultimately selected, depend on our
choice of the parameter b b for the metric (.

We provide a brief sensitivity analysis using the HUN-
GRY VEGETARIAN norm base. In Figure 4, we plot for each

3Training a single policy with 20 million steps (DQN/PPO with
high-level features) takes around 5 hours on a single Zen 5 core.
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Figure 4: Projected performance of the best found weights for all
b > 1 in HUNGRYVEGETARIAN. Note that while we optimized
for a fixed value of b = 10, the performance of any given sample
can be recomputed for arbitrary values of b.

b > 1 the expected performance (in terms of score and
norm violations) of a policy generated w.r.t. the best weights
we identified in our hyperparameter search for that partic-
ular b. As we can see, increasing b (i.e., approaching a b
which would yield a lexicographic ordering) leads primarily
to marginal improvements of adherence to the hungry norm
(that is, the higher-priority norm). This comes at the cost
of a significant degradation of compliance for the lower pri-
ority vegetarian norm. A secondary effect is that with less
compliance to vegetarian, the score increases. The choice of
a lower b, then, results in a significantly higher rate of com-
pliance to vegetarian, coming at the cost of only slightly
worse performance for hungry, illustrating how relaxing
the lexicographic assumption (decreasing the magnitude of
b) can result in significantly better performance holistically.
Plots for the other bases can be found in the the supple-
mentary materials contained in the GitHub repository.

4.4 Evaluation of DQN/PPO given the Weights

We evaluated the optimal weights identified in the hyper-
parameter search using the same settings as in the search
(rather than reporting the best observed performance dur-
ing the search, which would be upward biased by the se-
lection procedure). We also evaluated the weights with the
respective other learning algorithm, using the optimal set-
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tings identified before. Each result was averaged over 20
independently learned policies, with each policy evaluated
for 10,000 episodes.

Learning from High-Level Features The results of our
experiments with high-level features are shown in Table 2.

We can see that in general, the baseline policies (generic
DQN and PPO) perform decently (winning 84 % and 85 %
of games, respectively, and yielding roughly 83 % of the
maximum score). Meanwhile, norms are violated quite fre-
quently (between 64 and 94 % of possible violations).

For the agents trained under the influence of the VE-
GAN norm base, violations are on average less than 0.01 per
game: 0.24% and 0.13% of the baseline violations for DQN
and PPO respectively. For the VEGETARIAN norm base, the
decrease in violations is less sharp, and while the number of
times the the permission perm Blue is leveraged is very high
for the DQN policies, it was quite low for PPO, a more than
60% decrease from baseline (as opposed to the nearly 5%
increase for DQN). The likely explanation is that PPO has a
significantly more difficult time differentiating between the
ghosts due to the choice of features. For HUNGRY, on the
other hand, PPO far outperforms DQN; while DQN saw a
decrease of about 81% from the baseline hungry violations,
PPO resulted in a decrease of nearly 93%.

HUNGRY VEGAN, which contains the conflict between
vegan and hungry, proved difficult for DQN; for DQN, the
higher priority norm, hungry, is violated in more than 40%
of games (as opposed to the mere 4% for PPO). For DQN,
vegan is only violated on average 0.0933 times per game
(hence the violation rate for hungry), while for PPO it was
1.0319. As for “unnecessary violations” for DQN, in 0.4%
of games more than one ghost was eaten, and just under 1%
of games a ghost is eaten even though hugry is violated.
For PPO, in 5.6% of games more than one ghost is eaten,
while a ghost is eaten while hungry is violated in 1.6% of
games. When we add perm Blue (for HUNGRY VEGETAR-
IAN), violations of hungry decrease by over half for DQN
(and decrease to 7.7% for the alternative weights), and in-
crease to 4.8% for PPO (increasing to 6.8% for PPO for the
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Norm Base Settings hungry viols. penalty viols.  vegetarian viols.  vegan viols. | perm. levgd. win % score
Baseline DQN, 20 mil. steps 0.6469 3.4327 1.8540 3.7116 1.8540 84.16 1490.06
PPO, 20 mil. steps 0.7270 3.3875 1.8153 3.6440 1.8153 85.15 1498.44
Vegan DQN, 2.5 mil. steps * - - - 0.0089 - 93.06 868.94
PPO, 5 mil. steps - - - 0.0048 - 89.23 838.69
Vegetarian DQN, 10 mil. steps * - - 0.0528 - 1.9049 89.92 1213.73
PPO, 20 mil. steps - - 0.0238 - 0.7326 87.68 963.06
Hungry DQN, 20 mil. steps 0.1205 - - - - 82.43 1438.23
PPO, 10 mil. steps * 0.0563 - - - - 83.17 1441.45
HungryVegan DQN, 20 mil. steps 0.4060 - - 0.0933 - 18.093 44.24
PPO, 20 mil. steps * 0.0362 - - 1.0319 - 81.67 908.84
Hungry Vegetarian DQN, 20 mil. steps * 0.1725 - 0.2060 - 1.8602 89.39 1222.65
PPO, 10 mil. steps 0.0483 - 0.3998 - 1.7877 86.41 1193.99
DQN, 20 mil. steps, alt. weights * 0.0776 - 0.0520 - 1.8466 89.55 1182.01
PPO, 10 mil. steps, alt. weights 0.0675 - 0.3426 - 1.8571 86.41 1200.19
HungryPenaltyVegan ~ DQN, 20 mil. steps 0.1193 0.0 - 0.8600 - 77.43 855.75
PPO, 20 mil. steps * 0.0331 0.0032 - 1.0987 - 89.98 1029.54

Table 2: Experimental results for all norm bases for learning from high-level features; entries with the best performance are bolded.

Norm Base \ hungry viols. vegetarian viols. vegan viols. \ perm. levgd. \ win%  score
Baseline 0.7138 1.8248 3.6506 1.8248 83.82 1497.14
Vegan - - 0.0009 - 88.14 837.36
Vegetarian - 0.1005 1.5782 89.84 1176.13
Hungry 0.1386 - - - 65.23 1260.48
Hungry (best) 0.0740 - - - 85.75 1500.26

Table 3: Experimental results for training from images.

alternative weights). The average times when permBlue
is leveraged sits around 1.8 for all policies. Finally, when
we add the norm penalty into the mix in HUNGRYPENAL-
TYVEGAN, we find that performance for hungry actually
improves from HUNGRY VEGAN, and vegan violations are
quite close for PPO, and closer to what we would expect
(0.8600) for DQN. penalty is only rarely violated; not at all
for DQN, and only 0.08% all possible times for PPO.

Learning from Images The results for the selected exper-
iments we performed with DQN on image-based states are in
Table 3. It can be seen that the policies learned to adhere to
the Vegan and Vegetarian norm bases. However, compared
to learning from features, the policies incur more violations
of the Vegetarian norm base, due to the difficulty of distin-
guishing ghost colors, which turn very pale orange and blue
when scared. The policies also successfully learned to com-
ply with the HUNGRY norm base, approximately matching
the average violation ratio of DQN in Table 2, albeit with
a lower win percentage overall. In the best trial shown in
the last row of Table 3, we can see that policies trained on
images can match the performance of feature-based policies.

We have excluded results for the remaining norm bases,
since training failed to produce well-performing policies.
This is caused by problems related to temporal credit as-
signment, as the penalty from violating the Hungry norm
base is delayed. The connection between the punishment
for not eating a ghost and reaching a score of 100 is hard
to learn, when in conflict with the vegan norm, which pun-
ishes eating ghosts. In future work, we will aim to remedy
such issues by adapting techniques like potential-based re-
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Method Norm Base | Win % | Avg. Score | Viols.
[ Vegan 8023 | 83869 | 0.005

PPO +NRBs (0urs) | yootarian | 87.68 | 963.06 | 0.024
Vegan 93.06 868.94 0.009

DQN+NRBs (0urs) | yoootarian | 89.92 | 121373 | 0.053
Vegan 89 824.84 0.06

OFTEN-DEEPRL | G0 tarian | 88 113945 | 0.03
Poliey Fixes Vegan 88 79263 | 0.19
Y Vegetarian | 74 899.71 | 0.05

Table 4: Comparative experimental results for Pac-Man.

ward shaping, as used in reward-machine-based RL (Icarte
et al. 2023). However, like the original RB technique, these
would require adaptation (likely significant, in the case of
reward machines) for application in the normative context.

4.5 Comparison to State of the Art

We next present a comparison to policy fixes (Adam and
Eiter 2025) and OFTEN-DEEPRL (Lopez-Miguel et al.
2025). To our knowledge, these are the only techniques that
have applied comparable norms in a deep RL context, albeit
restricted to maintenance obligations. Both require special-
ized modelling of norms and abstract environments in ASP;
therefore, we limit the comparison to Vegan and Vegetarian,
since these norm bases have been modelled by the authors.

Table 4 shows a comparison of our results with feature-
based state representation to the reference results presented
by Lopez-Miguel et al. (2025). We can see that NRB-based
policies mostly produce better results than both existing ap-
proaches in terms of score and violations.

In addition to this quantitative evaluation, there are fur-
ther noteworthy differences. While we used a higher sam-
pling budget, both other approaches rely on ASP-based plan-
ning, making individual training steps considerably slower.
The planning requires an abstract model of the environ-
ment and norms. In contrast, NRBs are simpler to apply,
only requiring a violation specification in LTLf and no prior
knowledge of the environment dynamics. We also achieve
fewer norm violations than previous approaches that used
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non-neural function approximation in a larger version of the
maze, where avoiding ghosts is easier. (Noothigattu et al.
2019) achieved 0.03 average violations of the vegan norm
using inverse RL, while (Neufeld et al. 2022) achieved 0.02
and 0.04 average violations using a normative supervisor,
which corrects action choices to achieve norm compliance.

5 Conclusion

We have adapted normative restraining bolts (NRBs) to the
deep learning context, a necessity for the large and complex
state/action spaces characteristic of many real-life applica-
tions. We integrated NRBs into two deep RL methods, DQN
and PPO, to learn normative behaviour defined by explic-
itly represented norms. This allowed us to combine precise
and understandable formal representations with subsym-
bolic learning from, e.g., images. We furthermore presented
a sample-based method for arriving at the weights needed
to enforce norms under customizable conflict-resolution
mechanisms via hyperparameter optimization, combining
these contributions to learn difficult normative dynamics like
contrary-to-duty obligations and conflicting norms in the
game Pac-Man, finding that our approach surpasses compa-
rable techniques. This weight-finding method, though em-
ployed only in the context of NRBs in our paper, should
generalize to other deep RL adaptations of reward shaping
and multi-objective approaches that require finding weights
for punishments and rewards.

In the immediate future, there are several ways in which
we intend to develop our framework. For now we assume
that DFA inputs (labels) can be derived from a given la-
belling function mapping states to sets of atoms. However,
this may not always be realistic, and adding a component
for recognizing labels from, say, images, would be a signif-
icant step toward practical implementation. This step is not
trivial; learning an incorrect or noisy labelling function can
result in unwarranted or missed punishments (due to false
positives or negatives of norm violations), which can slow
convergence and reduce policy quality. Another area we
hope to explore further is selecting AIPs; the method used
to estimate AIPs, while feasible, is still computationally ex-
pensive. We would like to explore alternative approaches or
refinements of our current approach, perhaps returning to the
MORL setting, albeit in the deep learning context. Finally,
we plan to examine complex real-world scenarios involv-
ing a greater number of norms (e.g., autonomous driving)
in future work. Bayesian optimization is known to be well-
suited for high-dimensional search spaces, so we expect our
approach to scale to larger norm bases, perhaps requiring a
modest increase in the number of trials.
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