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Abstract

Value alignment, at the intersection of moral philosophy and
AI safety, is dedicated to ensuring that artificially intelligent
(AI) systems align with a certain set of values. One challenge
facing value alignment researchers is accurately translating
these values into a machine readable format. In the case of
reinforcement learning (RL), a popular method within value
alignment, this requires designing a reward function which
accurately defines the value of all state-action pairs. It is com-
mon for programmers to hand-set and manually tune these
values. In this paper, we examine the challenges of hand-
programming values into reward functions for value align-
ment, and propose mathematical models as an alternative
grounding for reward function design in ethical scenarios. Ex-
perimental results demonstrate that our modelled-ethics ap-
proach offers a more consistent alternative and outperforms
our hand-programmed reward functions.

Code — https://github.com/erynrigley/ME-Modelling-
Ethical-Values-for-Value-Alignment

Introduction
As artificial intelligence (AI) systems are adopted for a va-
riety of high-impact applications with increasing autonomy,
they stand to bring about morally concerning and danger-
ous results. These threats have catalysed research efforts
in ‘value alignment’ which, broadly speaking, refers to the
alignment of artificial agents with a value, or set of values (Ji
et al. 2024; Gabriel 2020). A major challenge facing value
alignment researchers is in accurately translating abstract
moral values into a machine readable format (Hibbard 2014;
Brundage 2014).

Reinforcement learning (RL), in which the agent learns
independently through exploration, has been used to train AI
systems to make decisions which align with the moral pref-
erences of experts (e.g., Peschl 2021), programmers (e.g.,
Abel, MacGlashan, and Littman 2016), and lay humans
(e.g., Noothigattu et al. 2018) as well as to balance compet-
ing ethical and individual objectives (e.g., Rodriguez-Soto
et al. 2022). RL based value alignment requires defining a
reward function which promotes ethical behaviours and pe-
nalises unethical behaviours. Case-based rewards, wherein
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the agent receives a manually defined value given some con-
ditional outcome as a results of its actions, are a simple ap-
proach (Abouelazm, Michel, and Zoellner 2024). For exam-
ple, a reward function for a medical delivery unmanned air
vehicle (UAV) may punish 1 minute delays by −10. But,
why should the punishment be −10 and not −50, and will
this punishment work in different environments? Though
crude, this example reflects the reality and challenge of pro-
grammers manually tuning real number case-based reward
functions in line with the size and complexity of the envi-
ronment (Gupta et al. 2023; Knox et al. 2023; Booth et al.
2023). At the same time, across many domains, humans
do not make ethical decisions based solely on their own
intuitions, but make use of evidence and advancements in
data availability and modelling. For this reason, we turn to
domain-specific models as an alternative to hand-set reward
functions.

Several novel contributions are made to the field of value
alignment in this paper. First, we examine the so far over-
looked challenges involved in designing effective reward
functions for RL based value alignment. Second, we intro-
duce the use of mathematical models, accepted and used
within the domains that AI systems will be deployed into,
as an alternative to capturing ethical values for reward func-
tions. We compare the effectiveness of hand-programmed
and modelled-ethics approaches to reward function design
for aligned RL systems in three related gridworld experi-
ments. Third, we focus on three branches of ethics rarely
applied within value alignment research but which are di-
rectly applicable to kinds of scenarios in which AI systems
will be deployed: disaster ethics, ecocentrism, and health-
care ethics.

Background
Bottom-up approaches to value alignment assume that ma-
chines can independently learn how to act ethically if they
receive enough correctly labelled input data and computing
power, employing techniques such as artificial neural net-
works and RL (Tolmeijer et al. 2020). RL has been an area
of particular interest to value alignment researchers, and is
argued to be the most promising, well-suited, approach, in
allowing the system freedom and flexibility to discover eth-
ically optimal actions (Kaas 2021; Vishwanath, Dennis, and
Slavkovik 2024).
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Reinforcement Learning
RL defines a class of algorithms which solve problems mod-
elled as Markov Decision Processes (MDP). MDPs are de-
fined as a tuple, (S,A, P,R, γ), where S is a set of possi-
ble states, A is a set of possible actions, P is a probability
function which denotes the probability of moving from one
state to another given a certain action, R is a reward function
specifying a reward as a consequence of being in a state and
taking an action, and γ is a discount factor which specifies
the present value of future rewards, where a reward received
at t time steps in the future is worth only γt−1 times what
it would be worth if it were received immediately (Wu and
Lin 2017; Ng and Russell 2000; Sutton and Barto 2018). As
standard, we define the value of being in state s and taking a
action a to end up in state s′ as the expected return of start-
ing from s, taking action a, and thereafter following policy
π (Sutton and Barto 2018; Metz and Bukov 2023, S.6).

Q-learning was an early breakthrough in reinforcement
learning (Watkins and Dayan 1992), and is commonly used
as a framework for value alignment (e.g., Rodriguez-Soto
et al. 2022; Ecoffet and Joel 2021; Wu and Lin 2017). Here,
the learned action-value function, Q, directly approximates
the optimal action-value function, Q∗, so that correct con-
vergence can be achieved if all pairs continue to be updated
(Sutton and Barto 2018). In line with related RL approaches
to value alignment, we employ a standard Q-learning algo-
rithm, defined as

Qk+1(s, a)← Qk(s, a) + αδk,

δk = r(s, a) + γmax
a′

Qk(s
′, a′)−Q(s, a)

(1)

where k denotes the iteration step of the algorithm, α
is the learning rate, and δk is the temporal difference error
(Watkins and Dayan 1992; Sutton and Barto 2018; Metz and
Bukov 2023, S.8). We use this classical approach to RL since
our primary focus is not on advancing RL frameworks (such
as deep reinforcement learning), but on the technical and
moral challenges involved in translating ethical considera-
tions into reward functions for aligned RL systems (Trussell
2018). Our RL framework and learning environment is of
comparable complexity to a number of related value align-
ment works (Vishwanath, Dennis, and Slavkovik 2024).

Hand-Setting Normative Reward Functions
RL approaches to value-alignment require a reward func-
tion which effectively promotes ethical behaviours and pe-
nalises unethical behaviours. Over 10 years ago, Anderson
and Anderson (2011, p. 3) argued, “it is important that eth-
ical issues are not left for programmers to decide - either
implicitly or explicitly”, but rather, we should turn to ethi-
cists and established ethical theories for guidance. And yet,
RL based approached to value alignment continue to involve
the programmer hand-setting punishments as real values on
a single numeric scale, based on their own intuitions (e.g.,
Abel, MacGlashan, and Littman 2016; Rodriguez-Soto et al.
2023). Hand-setting numeric values through trial and error
is typical of reward function design across RL (Booth et al.
2023; Knox et al. 2023). For example, Knox et al. (2023)

note a number of papers wherein conditional reward func-
tions for autonomous vehicles return real number punish-
ments, ranging from -10 to -1000 in case of collision. Such
case based functions require defining for all possible distinct
morally concerning states, s′, some corresponding constant
value, c:

Rh(s, a, s′) =


c1 s′ = morally concerning state1,
... ...,

cn s′ = morally concerning staten,
(2)

This is challenging for several reasons. First, it requires
defining all distinct morally concerning states. For exam-
ple: causing a collision; causing a collision involving a child;
...and so on. Second, it requires defining a set of correspond-
ing values for each of these states. For example: -10 if car
causes collision, -50 if car causes collision involving a child.
Oftentimes, this is achieved through trial-and-error. In Booth
et al. (2023)’s experiments, it took experts an average of 4
attempts to effectively design rewards functions for a simple
4x4 gridworld scenario.

The challenges involved in designing effective reward
functions are exacerbated by the range of domain-specific
applications of AI systems. RL practitioners, who may not
be experts in the field, are challenged to incorporate domain
knowledge into their reward function design (Gupta et al.
2023). We examine the challenges of reward function design
across three related schools of ethics, directly applicable to
the kinds of domains AI systems are deployed into: disaster
ethics, ecocentrism, and healthcare ethics.

Ethics
Disaster Ethics Disaster ethics is a branch of applied
ethics, which involves the application of existing ethical
schools to disaster scenarios. Given that disasters tend to af-
fect large numbers of people, disaster consequentialist ap-
proaches, in which the consequences of an action are the
focus, appear to fit the context of minimising deaths and
suffering (Rakić 2018). In this paper, we focus on utilitar-
ianism, in which the moral value of an action is determined
by the utility, or good, brought about (Driver 2022).

Ecocentrism Researchers from across AI ethics and envi-
ronmental philosophy have long critiqued approaches to AI
ethics which centre on humans alone, advocating for broader
environmental considerations (Rigley et al. 2023; Coeckel-
bergh 2022; Broo, Gellers, and Sætra 2024; Braidotti 2013).
For this reason, we also include in our experiments ecocen-
trism, which extends moral consideration to entire ecosys-
tems and to all active individuals within this. Ecocentrism
posits that “a thing is right when it preserves the integrity of
the biotic community, it is wrong when it tends otherwise”
(Leopold 1949, p. 200).

Healthcare Ethics Healthcare ethics is another branch of
applied ethics, in which established principles and theories
are applied to healthcare specific cases. The most commonly
used principles in healthcare ethics are non-maleficence (do
no harm), beneficence (benefit only), autonomy (of the pa-
tient), and justice (treating all equally) (Summers 2009).
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Proposed Method: Modelled-Ethics Value
Alignment

Across many domains, humans do not make ethical deci-
sions based solely on their own intuitions, but make use of
evidence, advancements in data availability, and mathemat-
ical modelling. For instance, ecologists have long adopted
mathematical models to more accurately capture and un-
derstand how ecosystems function, iteratively making use
of big data and computational power to improve accuracy
(Jørgensen and Fath 2011). Where an ethically concerning
decision needs to be made - e.g., whether to cull an invasive
species - ecologists make use of models to make the most
accurate, and ethical, decision. So, when domain specialists
use mathematical models to make ethically concerning de-
cisions, instead of deferring to their own intuitions, it would
seem intuitive that AI charged with making the same deci-
sions should also be trained using those action guiding mod-
els.

Mathematical models have recently been introduced as
an alternative to case based reward functions in the domain
of autonomous vehicles (Abouelazm, Michel, and Zoellner
2024). For example, Nvidia Safety Force Field (SFF) mod-
els vehicle trajectories to minimise the intersection between
an autonomous vehicle and other road users (Nistér et al.
2019). To the best of our knowledge, the use of mathematical
models within RL reward function design remains a fringe
approach compared to the more common hand-set, condi-
tional reward functions, and has not been applied to the case
of value alignment.

We propose an alternative approach to value alignment
we call, ‘modelled-ethics’ (ME) value alignment. Put sim-
ply, we suggest that when an AI system is deployed into a
specific domain, it should not be trained to align to the intu-
itions of the humans around it, but to the models which guide
those humans in their decision processes. In some sense, we
are cutting out the error-prone middle human.

To clarify, the approach put forward in this work does not
replace the process of moral philosophy nor claim that nor-
mative ethics is detached from humans. We instead highlight
the differences between hand-setting real number values and
using nuanced mathematical models, in capturing and trans-
lating normative values. In this way, it is not the normative
principles which come from the “the error-prone middle hu-
man”, but the real number values used capture and translate
those principles.

We define our ME approach to reward function design as
Rm,

Rm(s, a, s′) =

{
c1 s′ = terminal state,
µ(s′) else

(3)

where existing, established, domain-specific mathemat-
ical models, µ, calculate, for a given contextualised sce-
nario, the moral value of being in some state, s, taking some
morally concerning action, a, to end up in state s′. In our
experiments, µ returns the value for all transitions except to
the terminal state, which requires a value, c1, to motivate
the agent towards a goal. The expected value of state-action
pairs is updated continuously as the agent explores, converg-
ing towards their true value. Through Q-learning, employing

equation 1, the agent approximates the optimal action-value
function Q* and pursues the optimal policy, i.e., the policy
which maximises ethical values modelled by µ.

Comparing our ME approach in Equation 3 to the hand-
setting approach in Equation 2, we side-step the need to: a)
explicate all moral scenarios and b) manually tune all corre-
sponding values.

Experimental Design
With this paper, we compare how well the policies output by
hand-programmed and ME agents align with ethical princi-
ples in three related use case scenarios, directly relevant to
our three schools of ethics (disaster, ecology, and health). We
abstracted each use case as a 20x20 gridworld. We based our
gridworld environment and Q-learning algorithm code on
that of (Tinsley 2018), heavily adapted to fit our case study
and reconfigured for various comparative experiments. To
improve the reliability of our results, we built, for each ethi-
cal use case, 5 gridworlds (GWs 1-5) with random start and
terminal states1.

In the disaster ethics case, a UAV chooses a flight path
for dropping emergency aid within a disaster-stricken area.
Each GW contains 5 randomly allocated ‘hotspots’, with
higher GDPs and populations, and therefore lives affected
and risks of death. 5 gave the agent a challenging environ-
ment, where they may try to reach multiple hotspots, whilst
not clogging the small 20x20 grid space with only high value
states. In the ecological case, a UAV chooses a flight path
through a game reserve at the risk of scaring away wildlife.
We used Bennitt et al. (2019)’s open access data on the re-
actions of terrestrial mammals to UAVs. The populations
of wildlife, locations, and responses to drones were unique
for the 5 GWs. In the healthcare case, a UAV delivers a
defibrillator to an isolated cardiac arrest victim, where de-
lays of even seconds can cause serious, even fatal, harms to
the patient. For the healthcare cases, we set a drone speed
of 12.5m/s, based on the drone speeds recorded in (Bennitt
et al. 2019) and accounting for the slower speed as a result
of carrying the defibrillator.

To hand-program reward functions, we iteratively set re-
wards, ran experiments, and tuned the values to improve
the performance of the agent. This is standard practice, as
self-reported by RL researchers (Knox et al. 2023; Booth
et al. 2023). We repeated this process 5 times per use case
scenario, one more than the average number of iterations
recorded by Knox et al. (2023). We tuned our hyperparame-
ters (learning rate, α, exploration rate, ϵ, discount factor, γ,
and maximum episodes) using a mixture of manual and au-
tomated techniques. For automated hyperparameter optimi-
sation, we used the Optuna package2, as a combination of in-
dependent sampling and Bayesian optimisation to converge
toward the best set of hyperparameters (Akiba et al. 2019a,b;
Baldé 2023). The disaster (hand-programmed and ME) hy-
perparameters are ϵ = 0.8, α = 0.59, and γ = 0.96; for
ecology (hand-programmed and ME) and healthcare (ME),

1Random processes were seeded from 42 onwards
2Optuna v3.6.1 for Python v3.11.5
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ϵ = 0.01 α = 0.1 and γ = 0.9; and for healthcare (hand-
programmed), ϵ = 0.13 α = 0.7 and γ = 0.6. All algo-
rithms were run for maximum of 35000 trials.

In total, we ran 90 experiments3. For each of our three
ethical use cases, we built 5 GWs. For each GW, we hand-
programmed 5 reward functions and compared them against
our own modelled-ethics reward function.

Ethical Implementation
For fair comparison, the ME and hand-set reward functions
of each ethical theory employ the same state features. For
disaster ethics, both reward functions employ state GDP,
area, and population; for ecocentrism, both functions em-
ploy wildlife population change; and for healthcare, both
functions employ time from state to patient.

Disaster Ethics In line with our definition of disaster util-
itarianism, the agent ought to select states which would ben-
efit most from aid deliveries. We base our ME approach for
the disaster scenario on the work of Song and Park (2019),
who employ multiple regression and correlation analysis of
data on populations, area sizes, and GDPs to present three
equations predicting human lives lost (HLD), human lives
affected (HLA) and damage costs (DCS) as a result of some
disaster. These equations are defined in Equation 4 below,

HLD = 975.7635− 0.4389x1(s
′) + 0.0004x2(s

′)+

0.0702x3(s
′),

HLA = 205644.9682− 96.7326x1(s
′) + 0.0954x2(s

′)+

18.0191x3(s
′),

DCS = 17968.0283 + 476.6021x1(s
′) + 0.0425x2(s

′)+

0.2442x3(s
′)

(4)
where x1(s

′) , x2(s
′), and x3(s

′) refer to GDP, area, and
population of state s′, respectively. Because natural disas-
ters affects national economic growth, population, and GDP,
and death rate is significantly affected by the negative effects
of the ecological economy and GDP (Song and Park 2019),
we assume equal importance of HLD, HLA, and DCS. We
multiplied these values together to provide a single value
outputting the overall predicted damage as a result of a dis-
aster, as a numerical estimation of need for aid. We shifted
the outputs of the damage prediction formula to below zero,
to avoid the agent circling around high value states. Our ME
disaster reward function, Rm is defined below,

Rm(s, a, s′) =

{
50 s′ = terminal state,
µ(s′) else

,

µ(s′) = HLD(s′) ·HLA(s′) ·DCS(s′)−
max
s∈S

(HLD(s) ·HLA(s) ·DCS(s))

(5)

where the reward for being in state s and taking action a
to end up in state s′ is calculated as the product of human
lives lost (HLD), lives affected (HLA), and damage costs

3All experiments were run on a 2.6 GHz 6-Core Intel Core i7
processor

(DCS) incurred in state s′, shifted below zero (Song and
Park 2019). The agent is also rewarded +50 for reaching
the terminal state. Figure 1a plots an example gridworld in
which the predicted damage has been calculated for all states
using equation 5. The start and terminal states are white stars
and the policy output by the ME agent is the white line.

An intuitive approach to hand-programming a reward
function (Rh) for the disaster UAV is to reward the agent for
selecting a route through hotspots, wherein the values for x1

and x3 are highest - since each state has the same area, x2 is
equal across all states. This abstracted below.

Rh(s, a, s′) =


c1 s′ = ‘hotspot’,
c2 s′ = terminal state,
c3 else

(6)

Across the 5 iterations of this reward function design, we
tried combinations of c1 = [10, 50, 100], c2 = [0, 50, 100],
and c3 = −1. We found that c1 = 10 and c2 = 100 led to
the best performance in this scenario. Figure 1d shows the
first iteration of our hard-programmed reward function de-
sign applied to GW3, in which the hotspots are highlighted
in yellow, the start and terminal states as white stars, and the
policy chosen by the agent as a white line. In this iteration,
c1 = 50, c2 = 0, and c3 = −1.

Ecocentrism In accordance with the principles of ecocen-
trism, the UAV should select a path which avoids disturb-
ing wildlife and, thereby, the wider ecosystem. We define
our ME ecocentric reward function as calculating the root
mean squared error between the ecosystem as it is and as
a result of the actions of an AI system (Equation 8). Since
changes to the dynamics between species in turn change the
wider ecosystem, we model the ecosystem using the Lotka-
Volterra model of predator-prey dynamics or, more broadly,
dynamics between two or more species (Wangersky 1978).
This is “one of the best examples of simple tractable mod-
els in ecology” (AlAdwani and Saavedra 2020, p. 1). The
equations for a density dependent Lotka-Volterra model of
predator and prey can be expressed as,

dx

dt
= rx[1− x

K
]− axy,

dy

dt
= βxy −Dy.

(7)

where x represents the number of prey organisms, r the
growth rate, y the number of predator organisms, a a pro-
portionality constant linking the prey mortality to the num-
ber of prey and predators, K the carrying capacity of the
environment in terms of species population, β a proportion-
ality constant linking the increase in predators to the number
of prey and predators, and D a constant of mortality for the
predators (Wangersky 1978, eq. 11).

With this model of the ecosystem, our ME ecocentric re-
ward function is defined as:

Rm(s, a, s′) =

{
50 s′ = terminal state,
µ(s′) else

,

µ(s′) = −
√
(LVideal(s′)− LVreal(s′))2

(8)
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(a) Disaster modelled-ethics (b) Ecology modelled-ethics (c) Health modelled-ethics

(d) Disaster hand-programmed (e) Ecology hand-programmed (f) Health hand-programmed

Figure 1: Reward functions and policies for Gridworld 2, where stars represent start and terminal states and lines represent
policies.

where LVreal(s
′) provides a Lotka-Volterra model of the

ecosystem at state s′, where populations are affected by the
presence of the UAV, and LVideal(s

′) provides a model of
the ideal version of the ecosystem at state, s′, where the
UAV has not disturbed any wildlife. This is negated since
Rm(s, a, s′) is a function of environmental disturbance our
agent ought to minimise. If the change is negated, the agent
will pursue actions with a higher value and which therefore
cause less change. Our Lotka Volterra code is adapted from
(Magnani 2021) to include population changes and model
comparisons for the proposed reward function. Figure 1b
shows an example gridworld in which this model has been
applied.

An intuitive hard-programmed reward function (Rh) for
the ecological UAV would apply punishments for every
state-action pair in which an animal is scared away from the
area. This has been abstracted below,

Rh(s, a, s′) =


c1 wildlife population change,
c2 s′ = terminal state,
c3 else

(9)

In the 5 iterations of this hand-programmed reward func-
tion design, we tried a combination of c1 = [−10,−50],
c2 = [10, 50, 100], and c3 = [−1, 0]. Overall, we found that
a harsh punishment [−50] for c1 and low value [10] for c2 led
to the best performance in this scenario. Figure 1e shows the
outputs of the first iteration of our hard-programmed reward
function design in GW3, where yellow states are those in
which wildlife would be scared away should the UAV enter.
Here, c1 = −10, c2 = 100, and c3 = 0.

Healthcare Ethics In accordance with healthcare ethics,
the agent ought to avoid delays of the medicine (non-
maleficence) and maximise the expected survival of the
cardiac-arrest patient (beneficence). Our ME approach ap-
plies a power-law function which “best reflects the behavior
of the survival rate [of the cardiac arrest patient] as a func-
tion of time t to defibrillation” (Pourghaderi et al. 2022, p.
216). Applying this model to the reward function ensures
the agent will be incentivised to pursue states with a higher
expected survival rate (ESR) of the patient. The ME reward
function for the healthcare agent is defined below,

Rm(s, a, s′) =

{
50 s′ = terminal state,
µ(s′) else

,

µ(s′) = ESR(ts′)−max
s∈S

ESR(ts),

ESR(ts′) = 0.549ts′
−0.584

(10)

where the reward for a given state-action pair, s, a which
leads to state s′ corresponds to the expected survival rate of
the patient given the time taken in minutes, ts′ , to get from
state s′ to the patient. This is shifted below zero by sub-
tracting the maximum expected survival rate across the state
space, to avoid the agent circling around high value states.
An extra minute is also added to account for the time taken
to pack and send off the UAV, and to set up the defibrillator.

Figure 1c shows an example of this ME reward function
applied in GW3. We used the same Manhattan distance func-
tion for both the ME and hand-programmed reward func-
tions for this healthcare case, where the total distance from
one state to another is the sum of horizontal and vertical dis-
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Figure 2: Total damage relieved across policy.

tances, given that the agent can only move horizontally or
vertically.

An intuitive hand-programmed reward function would ap-
ply costs to delays. For the 5 iterations of hand-programmed
reward design, we applied an accumulating cost, c1, for de-
lays of various times, t, and reward for reaching the ter-
minal state, c2. We tried combinations of c1 = [−1,−10],
t = [10, 20 seconds], and c2 = [0, 50]. We also tried a pun-
ishment of −1 for every state spent, which was the most
effective reward function design. Figure 1f shows the first it-
eration of our hand-programmed reward function design for
GW3 in which the distance, and therefore time taken, from
a given state to the terminal state are plotted in 5-block in-
tervals. Here, c1 = 10, t = 10 seconds, and c2 = 50.

Experimental Limitations
We had a single programmer work through the iterative pro-
cess of hand setting reward functions, which may have intro-
duced bias or subjectivity. Part of the motivation for this pa-
per is the methodological limitations of relying on program-
mers to hand-set reward functions due to this bias and sub-
jectivity. Nevertheless, we aimed to ensure the methodology
for hand-programmed design was replicable and matched
the standard approach as identified by the literature (Booth
et al. 2023; Knox et al. 2023).

Results and Discussion
Disaster Ethics
To examine alignment to disaster utilitarianism, we calcu-
lated the total (across all states) and average (for each state)
predicted damage within the agent’s policy to measure the
overall damage relieved and the agent’s focus on high-risk
areas. We assume that an agent aligned with utilitarian dis-
aster ethics would choose a route which maximises total and
average damage relieved.

Figure 2 shows the total damage relieved in the policies
chosen by the 5 hand-programmed agents (violins) and sin-
gle ME agent (line). Within each gridworld, we can see a
high variance among the outputs of the 5 hand-programmed
agents, especially in GW4. Figure 3 shows the average
damage relieved across all states in the policies chosen
by the hand-programmed agents (violins) compared to the

Figure 3: Average damage relieved per state across policy.

Figure 4: Changes to wildlife populations and to dynamics
caused by hand-programmed agent’s policies.

ME agent (line). Here, there is less variance among the 5
hand-programmed reward functions, though still substantial
variance in GW3. This shows that the results of the hand-
programmed agent depend heavily on the values input by
the programmer.

Figure 2 also shows that in 4/5 gridworlds, the ME agent’s
policies result in higher total damage relieved than the aver-
age results across 5 iterations of hand-programmed reward
function design (middle line of the violin). Figure 3 shows
that in 3/5 gridworlds, the ME agent’s policies also result
in higher average damage relieved compared to the aver-
age results of the 5 hand-programmed reward function de-
signs. However, in both Figures 2 and 3, we can see that,
in some GWs, the maximum results achieved of the 5 hand-
programmed agents (top line of the violin) is higher than the
ME agent’s results. Together, these results indicate that some
hand-programmed agents outperformed our ME agent, but
on average, the hand-programmed agents performed worse.

Ecocentrism
We measured changes to wildlife dynamics and to wildlife
population as a result of the agent’s policies. We assume
an agent aligned with ecocentrism would minimise these
values. Figure 4 plots the results for the hand-programmed
agents. Across all 5 gridworlds, the ME agent’s policies led
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Figure 5: Expected survival rate of patient.

to no wildlife dynamic change nor population change; re-
sulting in 0 for both metrics across all 5 gridworlds. We
didn’t plot these ME results.

As Figure 4 clearly shows, the hand-programmed agent’s
policies led to significantly higher total wildlife population
and dynamic changes than the ME agent. We found a sta-
tistically significant difference [Kruskal-Wallis p-value <
0.05] in both the population and dynamic results between the
hand-programmed and ME agents. There is also, again, vari-
ance in the efficacy of the hand-programmed agent in some
environments, for one or both metrics; in GW2 there is vari-
ance across both metrics, in GWs 1, 3, and 5 there is variance
in one metric, and consistency in the other. This shows the
results of the hand-programmed agent again depend on the
values chosen by the programmer and the environment.

Healthcare Ethics
We measured the expected survival rate of the patient, plot-
ted in Figure 5. We assume that an agent which acts in ac-
cordance with healthcare ethics would maximise expected
survival rate.

Overall, the results of the ME agent’s policies are bet-
ter (higher expected survival) than the average results of
the hand-programmed agents. However, the ME agent never
completely outperformed the best hand-programmed agent,
as results for the ME agent equal the highest results for the
hand-programmed agents. This is perhaps because in sim-
ple tasks (e.g., getting from start to terminal in as few steps
as possible), a simple reward function (e.g., punishing every
state spent) will suffice.

Discussion
Across all scenarios and most GWs, there is variance in
the results of the hand-programmed agent, showing depen-
dency on the real number values chosen by the program-
mer. Though some iterations of our hand-programmed re-
ward function design could outperform our proposed ME,
this was not consistent and was highly dependent on the eth-
ical scenario, environment, and values assigned. Our ME ap-
proach mostly out performed our hand-programmed agents.

Ethicists may object to our approach, arguing that ethical
principles are not domain-specific (Kaas 2021). However,

even if moral duties are consistent across domains, their
practical execution requires information specific to the case
at hand. At a high level of abstraction, one could view all of
our RL agents as maximising utility. But at ground level, the
executions are very different.

In Figure 1, we can see that in the disaster and healthcare
cases, the ME reward functions include more granular in-
formation about the value of moving between states. In the
ecological case, this information was not only more gran-
ular, but different; the positioning of the lighter states with
higher disturbance calculated by the ecological model (Fig-
ure 1b) differ from the yellow states in which wildlife popu-
lation would change should the agent enter (Figure 1e). The
difference between the hand-programmed and ME agents in
terms of aligning to moral values was also most stark in the
ecological case as the hand-programmed agent oftentimes
disturbed wildlife, despite the costs of doing so built into that
system’s architecture. This shows that mathematical models
can better align with ethical theories than human intuitions,
particularly when domain-specific knowledge is crucial.

One drawback to our domain-specific reward functions
is their limited generalization to diverse scenarios (Aboue-
lazm, Michel, and Zoellner 2024). Our approach requires
careful, informed model selection and setting the value of
the terminal state. For instance, in equation 8, though the
models for LVideal and LVreal are pre-defined, one may
still have to optimise the cost function between these two
models. For this reason, there may be certain cases and en-
vironments where using a hand-programmed reward func-
tion would be easier and just as effective - such as in our
healthcare scenario - or even more effective - such as in
our disaster scenario. However, our results show that hand-
setting values is an unreliable approach, depending heavily
on the choices of an individual programmer, environment,
and scenario. In high-stakes cases, value alignment requires
reliable, consistent methods, and it is important that ethical
risks are not left solely for individual programmers to avoid.

Conclusion
This paper examines the challenge of hand-programming
ethical values into reward functions for aligned RL sys-
tems. We proposed an alternative approach based on mathe-
matically modelling ethical values. Our results indicate that
the efficacy of hand-programmed reward functions depend
heavily on the ethical scenario, environment, and numeric
values assigned in reward design. Our ME approach offers
a more consistent alternative and outperformed our hand-
programmed reward functions on average. An important di-
rection for future research is to expand the complexity of
environments to that of real-world applications, considering
how the efficacy of different domain-specific models will al-
ter across environments and case studies.
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