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ABSTRACT

Value-aware AI should recognise human values and adapt to the

value systems (value-based preferences) of different users. This

requires acquiring computable representations of values, a pro-

cess that can be prone to misspecification. The social nature of

values demands their representation to adhere to multiple users

while value systems are diverse, yet exhibit patterns among groups.

In sequential decision making, efforts have been made towards

personalization for different goals or values from demonstrations

of diverse agents. However, these approaches demand manually

designed features or lack value-based interpretability and/or adapt-

ability to diverse user preferences.

We propose algorithms for learning models of value alignment

and value systems for a society of agents in Markov Decision Pro-

cesses (MDPs), based on clustering and preference-based multi-

objective reinforcement learning (PbMORL).We jointly learn socially-

derived value alignment models (groundings) and a set of value

systems that concisely represent different groups of users (clusters)

in a society. Each cluster consists of a value system representing

the value-based preferences of its members and an approximately

Pareto-optimal policy that reflects behaviours aligned with this

value system. We evaluate our method against a state-of-the-art

PbMORL algorithm and baselines on two MDPs with human values.
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1 INTRODUCTION

To remain human-aligned, AI agents require awareness of human

values such as benevolence or achievement [29], i.e. the ability to

reason with and about the value-alignment of different actions. This

allows making explicit the alignment with the pluralistic value sys-
tems [22] of human agents, manifested as value-based preferences

1
.

Value-awareness requires computational representations of val-

ues: existing works model human values with, e.g. utility func-

tions [30, 51], reward functions [45, 61], constraints [4, 69] or

logic programming [2]. Value systems are typically represented

by value orderings [45, 52], weights over value alignment utili-

ties/rewards [22, 25], preferences over alternatives [9, 16] or other

methods such as taxonomies [35]. Such models can be applied to

choosing value-aligned government policies [25], obtaining aligned

behaviour [38, 45] or norm selection in multi-agent systems [1, 30].

However, representing values is challenging, due to their context-

sensitive [24], and socially emergent and evolving nature [35, 49].

This often results in misspecification [57]. Also, most of the

surveyed works that analyse value-based preference diversity

(e.g. [22, 25]) cannot simultaneously represent the various levels of

alignment with values demanded by different user cohorts [62].

For Markov Decision Processes (MDPs), reward learning is a

promising way to achieve value-alignment [11, 21]. Many works,

though, focus on human alignment for the whole society [41], but

without awareness of themultiple value-based preferences involved.

As such, we argue that value alignment should be treated as a multi-

objective problem instead [58]; in particular, encoding separate

values as different components of a reward vector allows an AI

system to recognise these values and abide with them under varying

conditions.Modelling values and value-based preferences of specific

users has been approached via multi-objective rewards [45, 61,

66], but these works struggle to instantiate models that concisely

represent the diversity of value preferences within human groups.

In this paper, we propose an online preference-based multi-

objective reinforcement learning [31] algorithm with clustering

that learns the value system of a society in a MDP. This entails

learning: a) a social grounding (reward vector) that represents the

alignment of different behaviours with a given set of values; b) a set

of values systems (linear scalarization functions) that represent dif-

ferent clusters of agents with similar value-based preferences; and c)

1
Here, “value-based preferences”, refer to preferences between alternatives based on

their alignment [47] with multiple values.
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a set of MDP policies, each aligned with one of those value systems.

We set out from a social value system learning algorithm [16] that

learns a) and b) in non-sequential decision-making. Our algorithm

asks for pairwise preferences between trajectories (i.e. sequences

of observations and actions) in terms of the value systems of each

agent (value-based preferences) and in terms of their alignment

with the given set of values (value alignment preferences). We evalu-

ate the capabilities of the method to approximate the value systems

and behaviours of societies in synthetic MDPs.

The paper is structured as follows. In Section 3 we propose a

representation of the value system of a society. In Section 4 we

describe the social value system learning problem and propose an

algorithm to solve it. In Section 5 we evaluate our methods against

baselines and an existing PbMORL algorithm [31]. In Section 6, we

provide conclusions, limitations, and suggestions for future work.

2 RELATEDWORKS

2.1 Value Awareness, Inference and Learning

Artificial Moral Agents (AMAs) [60] can be classified as explicit or

implicit depending on whether their behaviour can be expressed in

ethical terms [7]. Implicit systems acquire (value-)aligned behaviour
through imitation [40, 41] or teaching [14, 28]; explicit ones op-

erationalize values or principles to permit the ethical evaluation

of actions [2] or norms [33, 34]. Value-aware systems [29] extend

AMAs by explicitly grounding values as desirable goals [50] and

respecting agents’ value systems (preferences over values [46]).
Given the difficulty of eliciting values and value systems, Liscio

et al. [23] propose value inference as a three-step process, namely:

i) value identification [24, 40], which finds the values relevant to a

society; ii) value system estimation [3, 53], which learns the value

systems of its members; and iii) value system aggregation [22, 25],

which derives a value system to represent the whole society.

Value inference, however, does not cover value learning [56]:

the problem of eliciting the value alignment of decisions based

on human interactions/examples. Value learning implementations

remain scarce, though. Exceptions include Anderson et al. [2], who

learn ethical principles via inductive logic programming; Wynn

et al. [65], who propose representational alignment for learning

values in LLMs; and some works using deep learning [38, 61, 62].

Using the previous terminology, we can classify our work as a

method for value learning combined with value system estimation
of/aggregation into distinct groups in a society. The latter distin-

guishes our approach from the value inference schema, as value

system aggregation has so far considered the aggregation of previ-

ously elicited value systems into a single one for the society [22, 25],

while we estimate separate value systems for different groups.

2.2 Multi-objective RL for Value Learning

For value learning [56], a decision-making framework that explic-

itly represents the alignment of alternatives with multiple val-

ues is required. The most widely used is multi-objective decision-

making [55, 58]. In particular, modelling value alignment with util-

itarian rewards in (multi-objective) reinforcement learning, (MO)RL,

is considered a promising approach [11, 21] and has even been used

to approximate other ethical theories such as deontology [26].

Value learning in MORL may be tackled via multi-objective

inverse reinforcement learning [20, 38] (MOIRL), the problem of

learning a reward function for each goal/value and estimating the

goal-based behaviour of individuals as the policy that maximizes a

combination of these rewards, by observing behaviour traces. How-

ever, value learning based on these traces is risky, as the learned

rewards might only be able to distinguish the best value-aligned
behaviours from the rest, failing at evaluating suboptimal choices.

An alternative is Preference-based Reinforcement Learning
(PbRL) [63] –or RLHF [10]–, the problem of learning a RL policy

based on trajectory comparisons. PbRL often consists of two phases:

first, a reward model that captures preferences is learned; second, a

policy that maximizes this model is obtained via RL. Thus, these

methods are a way to perform inverse RL [6]. A single pass through

these phases (offline PbRL) may misgeneralize after deployment,

except under restrictive conditions [68]. As such, online PbRL (or

human-in-the-loop, HiL) has been suggested, where an agent seeks

to maximize positive feedback in interaction with a human using

a limited number of queries [32]. Online feedback is particularly

desirable for value learning, as it fosters self-reflection [23].

However, single-objective PbRL cannot capture diverse pref-

erences (value systems) or simultaneously represent multiple

goals (values). The first limitation has been addressed through

personalization and clustering, mainly in the context of genera-

tive AI [8, 37, 39, 69]. The second has motivated multi-objective

PbRL [31] (PbMORL), either with manually specified objectives [27]

or with objectives lacking an explicit AI-usable representation [61].

To our knowledge, our approach is the first to address both

limitations simultaneously, albeit with trade-offs. Some authors [37,

39] personalize LLMs via user embeddings; by contrast, our method

avoids them, but requires more data for new agents. In [8], a single

policy is learned that aggregates a preference-based clustering of

agents, an alternative to our per-cluster policy solution. In [61],

rewards are learned for several goals and weighed at inference

stage to adapt to new users; however, the analysis of user groups

is not clarified. In [62], the generative model alignment problem is

modelled with transparent value constraints, but requires expensive

interactions to elicit the feasible/wanted constraints. Finally, in [31] ,

theoretical results on Pareto efficiency in PbMORL are provided, but

the estimation of particular user preferences is not contemplated.

3 REPRESENTING VALUE SYSTEMS IN MDP

In the following, we adapt and extend our previous model for rep-

resenting values and value systems in a society [16] to problems

involving sequential decisions, and discuss its properties.

3.1 Representing Value Alignment

We set out from a set of 𝑚 values 𝑉 = {𝑣1, ..., 𝑣𝑚} , where each

value 𝑣𝑖 constitutes a label for a human value. When grounded
in a decision-making domain, a value label acquires a particular

meaning. Here, we focus specifically on decision-making domains

modelled via MDPs. In particular, the meaning of each value label is

grounded by the notion of the alignment of a set of trajectories with
this value, defined through a preference relation. Here, a trajectory 𝜏

of length |𝜏 | = 𝑛 is a sequence ((𝑠0, 𝑎0), . . . , (𝑠𝑛−1, 𝑎𝑛−1)) ∈ (𝑆 ×𝐴)𝑛
where 𝑆 is the set of states in the MDP and 𝐴 the available actions.
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Definition 3.1 (Value Alignment). The alignment of a set of tra-

jectories T with a value 𝑣𝑖 (in general, the alignment preferences

with 𝑣𝑖 ) is represented by a weak order ≼𝑣𝑖 over T , where 𝜏 ≼𝑣𝑖 𝜏
′

means that the trajectory 𝜏 ′ is at least as aligned with value 𝑣𝑖 as 𝜏 .

Inspired by other works in the area [30, 45, 51], we use a specific

kind of utility function, in our work called alignment function, A𝑣𝑖

to quantify value alignment, i.e. to represent the relation ≼𝑣𝑖 : i.e.,

for all 𝜏, 𝜏 ′ ∈ T : 𝜏 ≼𝑣𝑖 𝜏
′ ⇐⇒ A𝑣𝑖 (𝜏) ≤ A𝑣𝑖 (𝜏 ′). Then, to specify

the semantics of a set of values, we define the notion of grounding.

Definition 3.2 (Grounding). A grounding of the set of values𝑉 is

a set of weak orders ≼𝑉=
{
≼𝑣𝑖

}𝑚
𝑖=1

. Given the respective alignment

functions, a grounding function for 𝑉 is: 𝐺𝑉 =
(
A𝑣1 , . . . ,A𝑣𝑚

)
.

Given that most behaviours in MDP scenarios are modelled

through reward functions, we simplify the set of possible grounding

functions to those that can be implemented with a multi-objective

reward function vector𝑅𝑅𝑅 : 𝑆 ×𝐴→ R𝑚
. We say that𝑅𝑅𝑅 implements

a grounding function 𝐺𝑉 when, for all 𝜏 ∈ T 2
:

𝐺𝑉 (𝜏) =
|𝜏 |∑︁
𝑖=0

𝑅𝑅𝑅𝑉 (𝑠𝑖 , 𝑎𝑖 ) (1)

We write𝑅𝑅𝑅(𝑠, 𝑎) =
(
𝑅𝑣1 (𝑠, 𝑎), . . . , 𝑅𝑣𝑚 (𝑠, 𝑎)

)
to denote the reward

vector for a given state-action pair (𝑠, 𝑎); and for each 𝑣𝑖 ∈ 𝑉 : 𝑅𝑣𝑖 :

𝑆 ×𝐴→ R represents the value reward, that is, the alignment of

(𝑠, 𝑎) with value 𝑣𝑖 . An MDP with such a reward vector constitutes

a Multi-Objective MDP (MOMDP) [58].

3.2 Representing Value Systems

An agent’s value system expresses the importance assigned to each

value. Given a grounding, it induces preferences over trajectories.

Definition 3.3 (Value system). Let ≼𝑉 be a grounding for a set of

values 𝑉 . The value system of an agent 𝑗 , based on the grounding

≼𝑉 , is determined by a weak order ≼ 𝑗

𝑉
over T . If 𝜏 ≼ 𝑗

𝑉
𝜏 ′, we say

that 𝜏 is equally or more aligned than 𝜏 with 𝑗 ’s value system.

Following other work in the field [22, 25, 45, 59], we assume

that the value system of an agent can be expressed through a lin-

ear combination of the alignment of a trajectory with the values

(Definition 3.4). Our framework can then be seen as welfarist utili-
tarian [54], where values are conceived as different sources of good,
and each agent’s value system weighs their relative importance.

Definition 3.4 (Value System Function). Let 𝑗 be an agent with

value system ≼ 𝑗

𝑉
and grounding function 𝐺𝑉 . The function

A𝑊𝑗 ,𝐺𝑉
(𝜏) =𝑊𝑗 · (A𝑣1 (𝜏), . . . ,A𝑣𝑚 (𝜏))𝑇 is a value system func-

tion for 𝑗 if it represents ≼ 𝑗

𝑉
over T , i.e., for all 𝜏, 𝜏 ′ ∈ T :

A𝑊𝑗 ,𝐺𝑉
(𝜏) ≤ A𝑊𝑗 ,𝐺𝑉

(𝜏 ′) ⇐⇒ 𝜏 ≼ 𝑗

𝑉
𝜏 ′

where𝑊𝑗 = (𝑤 𝑣1
𝑗
, . . . ,𝑤

𝑣𝑚
𝑗
) are the value system weights that repre-

sent the relative importance of each value. We consider normalized

weights in the unit (𝑚 − 1)-simplex:𝑊𝑗 ∈ (0, 1)𝑚 ,
∑𝑚

𝑖=1𝑤
𝑣𝑖
𝑗
= 1.

2
In Eq. 1, if there is a general concern to prioritize short-term value alignment, we can

consider a cumulative discount factor 𝛾 < 1, obtaining𝐺𝑉 (𝜏 ) =
∑|𝜏 |

𝑖=0
𝛾𝑖𝑅𝑅𝑅𝑉 (𝑠𝑖 , 𝑎𝑖 ) .

If 𝐺𝑉 is implemented by a reward vector, we express A𝑊𝑗 ,𝐺𝑉
as:

A𝑊𝑗 ,𝐺𝑉
(𝜏) =

|𝜏 |∑︁
𝑖=0

𝑊𝑗 · 𝑅𝑅𝑅(𝑠𝑖 , 𝑎𝑖 )𝑇 . (2)

Thus, the value system reward for each agent becomes a linear

scalarization of 𝑅𝑅𝑅 with weights𝑊𝑗 :

𝑅 𝑗 (𝑠, 𝑎) =𝑊𝑗 · 𝑅𝑅𝑅(𝑠, 𝑎)𝑇

We also define the value system represented by 𝑅 𝑗 as ≼
𝑊𝑗

𝑅𝑅𝑅
.

3.3 Representing the Value System of a Society

Values are inherently social notions [35, 49], and different agents

hold different value systems [22]. We set out from a society of

agents 𝐽 , each with its own individual value system ≼ 𝑗

𝑉
based on

its individual grounding ≼𝑉 ,𝑗= (≼𝑣1, 𝑗 , . . . ,≼𝑣𝑚 , 𝑗 ).
Agents can potentially have different views on the meaning of

values, i.e. their groundings might differ. However, within human

societies and many application domains, a social grounding ex-

ists [16], i.e. there is a near-consensus on the meaning of values.

An example in the real world is the medical domain [44]. A con-

sensual grounding is further necessary as a basis for interpretation

and comparison of the value systems of agents. Thus, we assume

that such a meaningful social grounding is obtainable, i.e. a set of

preference relations ≼𝑉= {≼𝑣1 , . . . ,≼𝑣𝑚 } exists that is sufficiently

coherent with the variety of individual groundings in the society.

By contrast, we acknowledge that the importance that each agent

gives to each value (their value systems) can vary substantially. This

is evidenced, for example, in the world values survey [15], where

people from different countries hold diverging value-based opinions.

Still, since people in the same society have their value system

influenced by culture, we can expect regularities in their value

systems across social groups [13]. This suggests that in our society,

finding subgroups of agents that can be represented by a shared

(possibly aggregated [22]) value system is a natural expectation.

The previous considerations lead us to define the value system

of a society [16] as the composition of a social grounding with a

set of value systems that represent the value-based preferences of

different groups of agents in the society.

Definition 3.5 (Value system of a society). A value system of

the society 𝐽 (or social value system) is a tuple (𝛽,Ω,≼𝑉 ) where
Ω =

{
≼𝑙
𝑉

}𝐿
𝑙=1

is a set of 𝐿 value systems based on a grounding ≼𝑉 ,

and 𝛽 : 𝐽 → {1, . . . , 𝐿} is a function that assigns each agent to one

value system.

We refer to the group of agents assigned, through 𝛽 , to the 𝑙-th

value system (≼𝑙
𝑉
) as the 𝑙-th cluster of the society.

4 SOCIAL VALUE SYSTEM LEARNING IN MDPS

In this section, we define the problem of learning the value system

of a society of agents based on examples of value alignment and

value-based preferences, and present an algorithm for solving it.

4.1 Social Value System Learning Problem

We assume that for each agent 𝑗 , we have access to examples of

their value system and value alignment preferences over pairs

of trajectories. In particular, for each agent 𝑗 there is a dataset
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𝐷𝑆 𝑗 composed by entries of the type (𝜏, 𝜏 ′, 𝑦 𝑗

𝑉
, 𝑦

𝑗
𝑣1 , . . . , 𝑦

𝑗
𝑣𝑚 ), where

𝑦 𝑗
_
∈ {0, 0.5, 1} indicates as to whether agent 𝑗 prefers 𝜏 over 𝜏 ′ (1),

𝜏 ′ over 𝜏 (0) or is indifferent (0.5), with regard to 𝑗 ’s value system

(𝑦
𝑗

𝑉
) and to each of the individual values (𝑦

𝑗
𝑣𝑖 ). In the sequel, we use

𝐷 𝑗 to refer to the set of trajectory pairs {(𝜏, 𝜏 ′)} that are included
in a dataset 𝐷𝑆 and define 𝐷𝑆 =

⋃
𝑗∈ 𝐽 𝐷𝑆 𝑗 and 𝐷 =

⋃
𝑗∈ 𝐽 𝐷 𝑗 .

First , we need to quantify value system and alignment preference

differences. To do this, we define the discordance between two

preference relations by normalizing the number of ordered pairs of

trajectories in a set 𝑆 ⊆ T × T that are ranked differently. Given

two relations ≼1
and ≼2 discordance is calculated as follows:

𝑑𝑆
(
≼1,≼2

)
=

1

|𝑆 |
∑︁
(𝜏,𝜏 ′ ) ∈𝑆

1
( (
𝜏 ≼1 𝜏 ′

)
.

(
𝜏 ≼2 𝜏 ′

) )
(3)

where 1
( (
𝜏 ≼1 𝜏 ′

)
.

(
𝜏 ≼2 𝜏 ′

) )
yields 1 when the preference

given by ≼1
and ≼2

over the pair (𝜏, 𝜏 ′) differs, and 0 otherwise.

To quantify the degree by which a candidate social grounding

represents the individual groundings of a set of agents (i.e. a given

society), we employ the notion of coherence.

Definition 4.1 (Coherence). Let {≼𝑣𝑖 , 𝑗 | 𝑗 ∈ 𝐽 } be the set of value
alignment preferences with value 𝑣𝑖 held by each agent in a society

𝐽 . The coherence of an alignment preference ≼𝑣𝑖 with regard 𝑣𝑖
with {≼𝑣𝑖 , 𝑗 | 𝑗 ∈ 𝐽 }, over the trajectory pairs 𝐷 is given by:

chr𝐷 (≼𝑣𝑖 ) = 1 − 1

|𝐽 |
∑︁
𝑗∈ 𝐽

𝑑𝐷 𝑗
(≼𝑣𝑖 ,≼𝑣𝑖 , 𝑗 )

We define the coherence of a grounding Ω = (≼𝑣1 , . . . ,≼𝑣𝑚 ) by
chr𝐷 (≼𝑉 ) = 1

𝑚

∑𝑚
𝑖=1 chr𝐷 (≼𝑣𝑖 ).

As we assume that there is a near-consensus in the society con-

cerning value meaning, we assume that a social grounding ≼𝑉

exists that has a coherence with the agents’ alignment preferences

that tends to 1. In a MDP, this suggests that a reward vector 𝑅𝑅𝑅

can be learned to represent ≼𝑉 with high coherence. We denote

such learned grounding with ≼𝑅𝑅𝑅= (≼𝑅𝑣
1

, . . . ,≼𝑅𝑣𝑚
). Additionally,

we can estimate the social value system using the grounding ≼𝑅𝑅𝑅

and a set of 𝐿 value system weights𝑊𝑊𝑊 = (𝑊1, . . . ,𝑊𝐿): follow-
ing Section 3.2, we estimate the value system of the 𝑙-th cluster

of the society with the value system represented by the reward

𝑅𝑙 (𝑠, 𝑎) =𝑊𝑙 · 𝑅𝑅𝑅(𝑠, 𝑎)𝑇 , i.e. for each 𝑙 : ≼𝑙
𝑉
≈≼𝑊𝑙

𝑅𝑅𝑅
. Then, each agent’s

value system ≼ 𝑗

𝑉
is represented with the reward function of its

cluster, i.e. 𝑅 𝑗 (𝑠, 𝑎) ≜ 𝑅𝛽 ( 𝑗 ) (𝑠, 𝑎) =𝑊𝛽 ( 𝑗 ) · 𝑅𝑅𝑅(𝑠, 𝑎)𝑇 . We denote the

social value system implemented by 𝑅𝑅𝑅 and𝑊𝑊𝑊 with (𝛽,𝑊𝑊𝑊,𝑅𝑅𝑅), to
refer to the social value system (𝛽,Ω,≼𝑉 ) (Definition 3.5) where

Ω = {≼𝑊𝑙

𝑅𝑅𝑅
}𝐿
𝑙=1

and ≼𝑉=≼𝑅𝑅𝑅 .

To evaluate the quality of a value system of the society we use

two metrics from our previous work [16]: representativeness (Defi-
nition 4.2) and conciseness (Definition 4.3). The first refers to the

accuracy with which each agent’s value-based preferences are re-

covered by their assigned value system. The latter measures the

differences between the value systems represented in the solution,

which motivates the use of fewer clusters to describe the society.

Definition 4.2 (Representativeness of a value system of a society).
The representativeness of a social value system (𝛽,Ω,≼𝑉 ) over
the trajectory pairs 𝐷 =

⋃
𝑗∈ 𝐽 𝐷 𝑗 is:

repr𝐷 (𝛽,Ω,≼𝑉 ) = 1 − 1

|𝐽 |
∑︁
𝑗∈ 𝐽

𝑑𝐷 𝑗

(
≼𝛽 ( 𝑗 )
𝑉

,≼ 𝑗

𝑉
,

)
Definition 4.3 (Conciseness of value system of a society). The con-

ciseness of a social value system (𝛽,Ω,≼𝑉 ) over 𝐷 is:

conc𝐷 (𝛽,Ω,≼𝑉 ) =min

𝑙≠𝑙 ′
𝑑𝐷 (≼𝑙

𝑉 ,≼
𝑙 ′
𝑉 ),

Both metrics are normalized in [0, 1] and higher values indicate

a better representation of the agent’s value systems, and higher sig-

nificance of the clusters composing the social value system (in terms

of their ability to represent different preferences), respectively.

To tackle the trade-off between conciseness and representative-

ness, we propose minimizing a heuristic metric Γ(repr, conc). Nat-
ural choices for Γ are clustering metrics that compare inter-cluster

and intra-cluster distances, such as the Dunn-Index [12] or the Ray-

Turi Index [42]. Here, we propose using a version of the latter, as it

can simply be expressed by the ratio (1−repr)/conc, i.e. the mean

of the distances from each agent to the centroids (the value systems

in each cluster) over the minimum distance among centroids. As

conciseness is likely to reach 0, and to prioritize representativeness

over conciseness, we use Γ(repr, conc) = (1 − repr)/(1 + conc).
The analysis of alternative Γ metrics is left for future work.

We are now in a position to define the social value system learning
problem, as learning a value system of the society (𝛽∗,𝑊𝑊𝑊 ∗,𝑅𝑅𝑅∗) that
solves the following bi-level optimization problem:

(𝛽∗,𝑊𝑊𝑊 ∗) ∈ argmin

𝛽,𝑊𝑊𝑊

Γ (repr𝐷 (𝛽,𝑊𝑊𝑊,𝑅𝑅𝑅∗), conc𝐷 (𝛽,𝑊𝑊𝑊,𝑅𝑅𝑅∗))

subject to 𝑅𝑅𝑅∗ ∈ argmax

𝑅𝑅𝑅

chr𝐷 (≼𝑅𝑅𝑅) (4)

Problem 4 formulates the aim of maximizing the trade-off between

representativeness and conciseness, based on finding a grounding

with maximal coherence. This ensures that the learned value system

weights are based on a correct estimation of the social grounding.

4.2 Learning Value-aligned Behaviours with HiL

The learned value systems for each cluster should represent well the

corresponding agents’ behaviours. In MDPs, different behaviours

are represented via policies that obtain an accumulated reward.

Although human agents may occasionally be misaligned, value-

aware software agents should remain consistently value-aligned.

Thus, they should follow rational value-aligned policies, i.e. those

that maximize an accumulated reward that takes into account the

grounding of the values. Assuming that all values are worth being

promoted, the (software) agents’ policies are, further, expected to

be Pareto-efficient regarding this grounding.

Given a cluster 𝑙 described by a reward vector 𝑅𝑅𝑅 and weights

𝑊𝑙 , we can define a policy 𝜋𝑙 that maximizes 𝑅𝑙 (𝑠, 𝑎) =𝑊𝑙 · 𝑅𝑅𝑅(𝑠, 𝑎).
This policy should be aligned with the behaviours of the agents

belonging to the cluster 𝑙 , and Pareto-efficient regarding the social

grounding that 𝑅𝑅𝑅 approximates.

However, in our setting, we learn the society’s value system over

a finite dataset of trajectory comparisons of unknown nature. Even

if we find cluster value systems with high representativeness, they

may not represent well the actual agents’ behaviours. The reason is
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that the learned rewards do not always generalize well to the MDP

dynamics. Capturing the agents’ choices from generic comparisons

might not be enough. Instead, we should try to acquire value sys-

tems that not only correctly evaluate suboptimal trajectories, but

also tend to prefer the ones that are close to the agents’ behaviours.

To address the last issue, inspired by human-in-the-loop (HiL)

PbRL [32], we propose asking for value-based and alignment pref-

erences over trajectories sampled from estimates of the policies 𝜋𝑙
while learning a social value system. This “online” feedback should

steer the learned policies towards the actual agent behaviours.

4.3 Algorithm for Social Value System Learning

We employ a deep learning solution approach to Problem 4. We use

two models. First, a reward vector network 𝑅𝑅𝑅𝜃 with parameters 𝜃 ,

that represents a social grounding. Second, 𝐿𝑚𝑎𝑥 neural networks.

Each network consists of a linear layer given by certain value system

weights𝑊 𝜔
𝑙

that are parametrized with 𝜔 ∈ [R𝑚]𝐿𝑚𝑎𝑥
through

a softmax calculation:𝑊 𝜔
𝑙

= (𝑤 𝑣1
𝑗
, . . . ,𝑤

𝑣𝑚
𝑗
) = exp𝜔𝑙∑

exp(𝜔𝑙 ) , so they

remain in the simplex. We then write𝑊𝑊𝑊 𝜔 = (𝑊 𝜔
1
, . . . ,𝑊 𝜔

𝐿𝑚𝑎𝑥
), but

given an assignment 𝛽 , we only consider the necessary 𝐿 ≤ 𝐿𝑚𝑎𝑥

networks/weights. Then, the value system estimated through these

networks would be written as (𝛽,𝑊𝑊𝑊 𝜔 ,𝑅𝑅𝑅𝜃 ).
For learning purposes, we represent the grounding preferences

and the value-based preferences induced by these networks in the

datasets using the differentiable Bradley-Terry (BT) model [5]. It

estimates the relative preference between two trajectories given a

reward function (Eq. 5)
3
. With this model, we consider 𝑝 (𝜏, 𝜏 ′ |𝑅) =

0.5 only if 𝜏 and 𝜏 ′ are similarly aligned and it tends to 1 or 0 if

their difference in alignment is increasingly strict. We then use

cross-entropy-like loss calculations to reproduce the discordance of

our BT model with the dataset preferences. Finally, we use gradient

descent in a structured way to update the networks𝑊𝑊𝑊 𝜔 ,𝑅𝑅𝑅𝜃 in line

with the goals in Problem 4 (details in supplementary material [17]).

𝑝 (𝜏, 𝜏 ′ |𝑅) =
exp

∑
(𝑠,𝑎) ∈𝜏 𝑅(𝑠, 𝑎)

exp

∑
(𝑠,𝑎) ∈𝜏 𝑅(𝑠, 𝑎) + exp

∑
(𝑠′,𝑎′ ) ∈𝜏 ′ 𝑅(𝑠′, 𝑎′)

(5)

Algorithm 1 is our proposed, approximate solution to Problem 4.

It builds upon our previous work [16] (which solves Problem 4 in

non-sequential decision making) and PbMORL [31], a MORL algo-

rithm that estimates a set of Pareto-efficient policies from online

preferences. It uses Envelope Q-Learning [67] (EQL) to learn amulti-

objective policy conditioned on weights: Π(𝑠, 𝑎 |𝑊 ). This allows to
request for the policy 𝜋𝑙 that maximizes𝑊𝑙 ·𝑅𝑅𝑅 with 𝜋𝑙 = Π(𝑠, 𝑎 |𝑊𝑙 ).
By sampling different weights we get approximately efficient poli-

cies that represent the agents’ value systems. Our system introduces

key changes, as its goal is not finding the whole front, but rather, a

smaller set of weights and policies that represent the agents’ values.

Initialization. Our algorithm (SVSL-P, Algorithm 1) starts by

finding an approximation to Problem 4 using a static dataset 𝐷𝑆 , to

have an initial “good guess” of the reward vector and the clusters

prior to learning the RL policies. To do so, we execute a version of

Algorithm 2 from [16] (Algorithm S2 in the supplementary mate-

rial [17]). The algorithm performs Expectation Maximization (see be-
low) with occasional random mutations to avoid local convergence

3
In Eq. 5, the designer might consider a discount factor 𝛾 < 1 as in Eq. 1.

problems [64], and it is run until we reach a certain predefined score

𝐴𝑟𝑒 𝑓 ∈ [0, 1] in both grounding coherence and representativeness.

Main loop (Lines 3-17) Now, the aim is to iteratively improve

the solution (the social value system (𝛽,𝑊𝑊𝑊 𝜔 ,𝑅𝑅𝑅𝜃 )) (Value system up-
date) while learning the corresponding MO policy Π(𝑠, 𝑎 |𝑊 ) (Policy
update) using HiL with environment experiences (Exploration).

Exploration (Lines 3-5). At every timestep (main loop iteration)

we collect a transition (𝑠, 𝑎,𝑅𝑅𝑅𝜃 (𝑠, 𝑎), 𝑠′,𝑊 ) and add it to an experi-
ence replay buffer 𝑅𝑒 . The action is selected by an 𝜖-greedy version

of the current policy estimate Π(𝑠, 𝑎 |𝑊 ) supplying a randomly se-

lected weight combination𝑊 from those in𝑊𝑊𝑊 𝜔
.

Value system update (Lines 6-12). Every 𝐾 exploration

timesteps, we perform two consecutive tasks:

(1) Preference collection (Lines 7-8). We extract new preference

feedback by asking a random group of 𝑁𝑎 agents about a

set of 𝑁𝑠 pairs of trajectories in 𝑅𝑒 selected with QPA [19].

Namely, we ask each agent for its value alignment and value-

based preferences about each trajectory pair, and this data

is inserted in a preference buffer 𝑅𝑝 . This step is present in

PbMORL, but that algorithm can ask for preferences derived

from any weight combination in the whole simplex. The

feedback required by our solution is far more simple: an

agent is only asked to answer about value alignment and its

own value system.

(2) Expectation-Maximization (EM) (Lines 10-11). Similar to Pb-

MORL, here we improve the reward vector estimate 𝑅𝑅𝑅𝜃𝑉 . In

our case, we also update the value system weights𝑊𝑊𝑊 𝜔
and

revise the clustering (updating 𝐿 and 𝛽), by performing a se-

ries of 𝐸𝑟 EM cycles. We take 𝑏𝑒𝑝 random entries from 𝑅𝑝 for

each agent; add them to the static dataset 𝐷𝑆 ; and perform a

“hard” E-step: the assignment of each agent into the cluster

that best represents its value system. Then, we perform the

M-step (𝑚𝑟 times) to update 𝑅𝑅𝑅𝜃 and𝑊𝑊𝑊 𝜔
based on a random

batch of entries of size 𝑏𝑚𝑝 in 𝑅𝑝 . After 𝐸𝑟 EM cycles
4
, we

obtain a new social value system estimation (𝛽,𝑊𝑊𝑊 𝜔 ,𝑅𝑅𝑅𝜃 ). We

then use 𝑅𝑅𝑅𝜃 to update the experience buffer rewards in 𝑅𝑒 .

Policy update (Lines 13-16). We apply the EQL Q-learning step

from PbMORL so that Π(𝑠, 𝑎 |𝑊 ) learns to maximize the scalariza-

tion of 𝑅𝑅𝑅𝜃 under weights and transitions collected from 𝑏𝜋 experi-

ences in 𝑅𝑒 , selected via prioritized hybrid experience replay [19]
5
.

After a number of timesteps 𝑇 , the algorithm returns a social

value system (𝛽,𝑊𝑊𝑊 𝜔 ,𝑅𝑅𝑅𝜃 ) and the multi-objective policy Π(𝑠, 𝑎 |𝑊 )
that models the policies that represent each cluster: 𝜋𝑙 = Π(𝑠, 𝑎 |𝑊𝑙 ).

5 EVALUATION

We evaluate our proposal in two synthetic MDPs. In each of them,

we simulate a society of agents 𝐽 that considers a social grounding

implemented by a “ground truth” reward vector𝑅𝑅𝑅, and have a value

system determined by specific weights {𝑊𝑗 | 𝑗 ∈ 𝐽 }. We selected

the weights and generated the static dataset 𝐷𝑆 as follows. We

trained EQL [67] to convergence in each case (see parameters in

4
See supplementary material [17] for a complete description of the EM process.

5
In particular, we collect 𝑏𝜋 /2 transitions randomly among the most recent ones, and

the rest are selected through prioritized experience replay [48].

6
The parameter 𝜆 referes to the Lagrange multipliers used when updating𝑊𝑊𝑊𝜔

and

𝑅𝑅𝑅𝜃
to prioritize coherence over representativeness (See supplementary material [17]).
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Algorithm 1 Social Value System Learning in MDP (SVSL-P)

Input: Dataset 𝐷𝑆 . Maximum number of clusters 𝐿𝑚𝑎𝑥 . Refer-

ence accuracy 𝐴𝑟𝑒 𝑓 . Timesteps between VS updates 𝐾 . Total

timesteps 𝑇 . Trajectory sampling size 𝑁𝑠 . Asked agents per VS

update 𝑁𝑎 . Per-agent batch size 𝑏𝑒𝑝 (for E-steps) and 𝑏𝑚𝑝 (for

M-steps). EQL batch size 𝑏𝜋 and gradient steps 𝑇𝜋 . Parameters of

Algorithm S1 and S2 in supp. material.

Output: Assignment of agents into clusters 𝛽 , a reward vector

𝑅𝑅𝑅𝜃 , value systems {𝑊 𝜔
𝑙
}𝐿
𝑙=1

and weight-conditioned policy Π.

1: Initialize replay buffers 𝑅𝑒 , 𝑅𝑝 and a Q network 𝑄 (𝑠, 𝑎 |𝑊 ).
2: 𝛽0, 𝑅𝑅𝑅

𝜃
,𝑊𝑊𝑊 𝜔

, 𝜆← Run Algorithm S2, supp. material, until

min𝑖 chr𝐷 ≥ 𝐴𝑟𝑒 𝑓 , repr𝐷 ≥ 𝐴𝑟𝑒 𝑓 .
6

3: for environment timestep 𝑡 = 0, . . . ,𝑇 − 1 do
4: Sample one set of VS weights𝑤 from those in𝑊𝑊𝑊 𝜔

.

5: Collect transition (𝑠, 𝑎, 𝑅𝜃
𝑉
(𝑠, 𝑎), 𝑠′, 𝑑,𝑤), add it to 𝑅𝑒

6: if 𝑡 mod 𝐾 = 0 then

7: 𝐵𝑎 ← Select 𝑁𝑎 agents at random (no replacement).

8: 𝐵𝑝 ← Collect 𝑁𝑠 pairs of trajectories from 𝑅𝑒 (QPA).

9: Preference collection: add new 𝐵𝑎 × 𝐵𝑝 entries into 𝑅𝑝 .

10: 𝛽, 𝜃, 𝜔, 𝜆′ ← Expectation-Maximization (EM): Algo-
rithm S1(𝛽, 𝜃, 𝜔, 𝜆,𝑅𝑝 ,𝑏𝑒𝑝 ,𝑏𝑚𝑝 ), supp. material.

11: Update 𝑅𝑅𝑅𝜃 and relabel 𝑅𝑒 with it. Update𝑊𝑊𝑊 𝜔
.

12: end if

13: for gradient step in 𝑇𝜋 do

14: Sample a minibatch from replay buffer 𝑅𝑒
15: Apply the update step from the EQL paper [67] on

𝑄 (𝑠, 𝑎 |𝑊 ) using a batch of size 𝑏𝜋 from 𝑅𝑒 as in [31].

16: end for

17: end for

18: return ( 𝛽 ,𝑊𝑊𝑊 𝜔
, 𝑅𝑅𝑅𝜃 ), Π(𝑠, 𝑎 |𝑊 ) (from 𝑄).

the supplementary material [17]). Then, we sampled 50 equally

spaced weight combinations in the weight space. We executed the

learned policy for each weight (Π(𝑠, 𝑎 |𝑤)) in the environment to

produce 1000 trajectories. We selected a set of 𝑀𝑊 value system

weight combinations whose policies form all the points on the

Pareto front found by EQL. We created𝑀𝐴 agents per value system,

for a total of 𝑀𝐴 · 𝑀𝑊 agents, and sampled 200 trajectories per

agent. A proportion of these trajectories (𝑟𝑝 ) are “rational”: they are

obtained from the 𝜖-greedy application of the policy obtained by

EQL using the agent’s weights. The rest are sampled via a random

policy. The selection of 𝜖 and 𝑟𝑝 varies in environments to get

trajectories of varied quality. From these trajectories, per agent,

we sampled 200 value alignment (per value) and 200 value-based

preference pairs at random. Then, 50% of the comparisons of each

agent are used to form the static dataset 𝐷𝑆 , the rest are left out as

a test dataset.

In each environment, we compare the results obtained by two

baselines, a state-of-the-art algorithm and our method (SVSL-P).

The first baseline is EQL [67] with the original reward vector 𝑅𝑅𝑅.

We use the execution that generated the agents and datasets. The

second baseline is the social value system learning algorithm from

[16] (Algorithm S2 in the supplementary material [17], SVSL), a

preference-based reward learning and clustering baseline (without

HiL). To learn the associated policies for the obtained value systems,

we run EQL with the learned reward vector with SVSL.

The state-of-the-art related algorithm that we analyse is Pb-

MORL [31]. It learns a reward vector and a weight-dependent

policy Π(𝑠, 𝑎 |𝑊 ). Since the algorithm does not extract clusters, we

first select |𝐽 | equally spaced weight combinations in the simplex to

represent potential cluster value systems. Then, we use the E-step

from Algorithm S1 to assign each agent to the cluster that best

represents its value system and discard the empty ones.

We run the algorithms 10 times (different seeds) with the same

datasets. The maximum number of clusters for SVSL and SVSL-

P was set to 𝐿𝑚𝑎𝑥 = 10 and 𝐿𝑚𝑎𝑥 = 15 for the FF and the MVC

environments, respectively. The hyperparameter specifications for

all algorithms are detailed in the supplementary material [17].

5.1 Firefighters Environment

In the firefighters environment (FF), adapted from [36] and tested in

previous works [18], different agents (firefighters) are trained to res-

cue people and put out a fire in a building, remaining aligned with

two values: professionalism (𝑝 𝑓 ) and proximity (𝑝𝑥 ). The first pro-

motes behaving under firefighters’ best practices, while the latter

promotes actions with the goal of saving lives at all costs. The envi-

ronment consists of 5 actions and 400 possible states with ground-

truth value rewards bounded in [−1, 1]. The environment specifi-

cation details are available in the supplementary material [17].

The reward vector model observes a one hot-encoded version

of the state-action features (in supplementary material). We use

a neural network for each value. Each one consists of three fully-

connected hidden linear layers (128 neurons each) followed by an

output layer (one neuron, no bias) and 𝑇𝑎𝑛ℎ activation functions.

We use the same network configuration for all algorithms.

Using EQL we obtained 𝑀𝑊 = 5 value systems whose policies

form the convex part of the Pareto front. We simulated 𝑀𝐴 = 3

agents per value system and sampled 200 trajectories with each

policy. The proportion of rational trajectories was set to 𝑟𝑝 = 80%,

and those were sampled using 𝜖-greedy policies with 𝜖 = 0.1.

5.2 Multivalued Car Environment

The Multivalued Car Environment (MVC) was proposed in [45] to

illustrate the problem of learning norm-abiding and value-aligned

policies given a computational value specification. In MVC, a car

agent wants to reach a destination (value of achievement) in a road

grid while promoting the value of safety by respecting pedestrians

and avoiding bumpy areas for the sake of comfort.
We use the same neural network architecture per value as in FF

to estimate the reward vectors. The final layer of each network is

left without an activation function (thus, also, unbounded). To avoid

overflows, we clamp the learned rewards in the interval [−100, 100].
Also, because the environment episodes are of very different lengths,

we introduced a discount factor 𝛾 = 0.99 to calculate the alignment

of the trajectories with values/value systems.

We obtained𝑀𝑊 = 14 value systems and Pareto-optimal policies

with EQL. We created𝑀𝐴 = 2 agents per value system in the front.

To build𝐷𝑆 , we sampled 200 trajectories with 𝑟𝑝 = 80%, and 𝜖 = 0.1.
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Method

(in FF)

L (his-

togram)

repr ↑ Prof.

chr ↑
Prox.

chr ↑
conc ↑ Ray-

Turi ↓
PF size

(all) ∼
PF size

(cls.) ∼
HV.

(all) ↑
HV

(cls.) ↑
MUL ↓
(all)

MUL ↓
(cls.)

EQL - - - - - - 5 5 40.52 40.52 0.0 0.0

SVSL

100%

2

0.915

±0.022

0.860

±0.042

0.858

±0.019

0.163

±0.055

0.074

±0.024

1.1

±0.3

2.0

±0.0

0.0

±0.0

0.0

±0.0

45.118

±0.95

46.653

±1.314

PbMORL

50%

30%
20%

2 3 4

0.922

±0.008

0.863

±0.009

0.920

±0.012

0.067

±0.047

0.074

±0.010

3.8

±0.600

2.4

±0.489

35.35

±0.934

31.39

±2.98

0.670

±0.154

1.240

±0.579

SVSL-P

80%

20%

4 5

0.968

±0.010

0.967

±0.014

0.951

±0.009

0.049

±0.016

0.03

±0.010

3.6

±0.489

3.8

±0.400

38.98

±0.170

38.83

±1.454

0.117

±0.150

0.174

±0.293

Method

(in MVC)

L (his-

togram)

repr ↑ Ach.

chr ↑
Safe.

chr ↑
Comf.

chr ↑
conc

↑
Ray-

Turi ↓
PF size

(all) ∼
PF size

(cls.) ∼
HV

(all) ↑
HV

(cls.) ↑
MUL ↓
(all)

MUL ↓
(cls.)

EQL - - - - - - - 14 14 1.233 1.233 0.0 0.0

SVSL

50%

30%

10%10%

1 2 4 5

0.771

±0.112

0.775

±0.134

0.682

±0.139

0.628

±0.165

0.051

±0.031

0.139

±0.053

4.4

±1.43

2.0

±0.0

0.556

±0.510

0.475

±0.462

14.763

±11.24

18.562

±12.06

PbMORL
10%

20%20%

40%

10%

5 6 7 8 9

0.890

±0.013

0.884

±0.038

0.750

±0.044

0.649

±0.043

0.031

±0.006

0.130

±0.014

15.6

±2.8

7.2

±1.167

1.217

±0.011

1.191

±0.024

1.102

±0.387

1.784

±0.668

SVSL-P

30%

40%

30%

4 5 6

0.908

±0.013

0.886

±0.015

0.883

±0.009

0.748

±0.023

0.044

±0.012

0.088

±0.013

8.9

±1.375

5.0

±0.775

1.197

±0.017

1.175

±0.026

1.152

±0.542

1.522

±0.644

Table 1: FF (top) MVC (bottom). For 10 random seeds, number of clusters obtained and frequency (𝐿), representativeness (repr),

coherence for each value (chr), conciseness (conc), and Ray-Turi index running each algorithm with 10 random seeds over

the test-sets. In the right part of the charts, cardinality (PF size), hypervolume (HV) and Maximum Utility Loss (MUL) of the

obtained Pareto fronts using all candidate value system weights (“all” variant); and of the Pareto front obtained using only the

learned weights for the value system of the societies (“cls.” variant). Results indicate the average values and standard deviations.

5.3 Discussion of results

We first discuss the value systems of the society learned by SVSL,

PbMORL and SVSL-P in terms of number of clusters, representative-

ness, coherence and conciseness over the test set. We focus on the

left part of the charts in Table 1 (FF at the top, MVC at the bottom).

SVSL obtains relatively low representativeness (accuracy in rep-

resenting the individual value systems of agents) and grounding

coherence (accuracy of the learned grounding to represent the sim-

ulated one) in the test sets, which implies that it did not generalize

to the test dataset. PbMORL and SVSL-P generalized better in terms

of representativeness, at the expense of conciseness. SVSL-P in

particular, outperforms PbMORL in terms of grounding coherence,

as it focuses explicitly on this aspect of the optimization. SVSL

achieves, though, the highest conciseness (relevancy of the cluster

value systems learned), but tends, wrongly, to obtain less clusters

than required. Notably, in the FF case, SVSL-P achieves a higher

representativeness with a similar conciseness than PbMORL while

using more clusters, indicating that SVSL-P better recognises the

value system diversity. In the MVC domain, though, PbMORL se-

lects significantly more clusters than SVSL-P , but this does not

result in better representativeness for PbMORL. The Ray-Turi index

quantifies the trade-off between representativeness and conciseness:

it is smaller in SVSL-P, confirming its best performance.

We now test whether the learned reward vectors induce policies

that are aligned with the value systems of the simulated agents.

Since the simulated agents follow the policies that form the convex

part of the Pareto front with respect the “ground-truth” grounding,

we assess how well the learned policies approximate this front

(even if using clusters). The right part of the charts in Table 1,

shows quantitative results on the approximated Pareto fronts across

methods and environments. We analyse two fronts. The first one is

composed by the policies in Π(𝑠, 𝑎 |𝑊 ) obtained with the weights

that each algorithm considers as potential clusters. For SVSL-P and

SVSL, these are the value system weights𝑊𝑊𝑊 𝜔
, and for PbMORL, the

set of equally spaced weight combinations of size |𝐽 | (15 in FF, 28 in

MVC). The second front is composed only by the policies learned

for the weights finally selected as society clusters. The metrics for

the first front are labelled as (“all”), and for the second as (“cls.”).

We use three metrics in Table 1 to describe the fronts: car-
dinality (PF size), hypervolume (HV) and maximum utility loss
(MUL) [43]. HV is computed from reference points (0, 0) in FF

and (−40.0,−50.0,−50.0) in MVC (HV is scaled down by 10
5
in

MVC). MUL is measured against the ground-truth front in FF, and

against the front learned with EQL in MVC, as the true front is

unknown. Lower MUL indicates closer convergence to these fronts.

Higher HV values capture both better convergence and distribution

of the cluster policies across the learned front.

SVSL produces incompetent policies in both MDPs, as its learned

reward vectors failed to generalize to their dynamics. In contrast,

PbMORL and SVSL-P achieve HV and MUL comparable to EQL

when considering the full fronts, impressively, despite the bigger

size of the PbMORL fronts. Notably, considering the front obtained

by the learned clusters alone, the performance in terms of HV of

both algorithms is similar, and SVSL-P achieved a better MUL. This

occurs even in MVC, where the front of SVSL-P has a smaller size.

In FF, though, its size is bigger: but this does not indicate a bad
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Figure 1: FF environment. Approximated Pareto front and

clusters learned with PbMORL (Top) and SVSL-P (bottom,

ours) with a particular seed. Black squares form the ground-

truth Pareto front. White dots depict weights which policies

are in the approximated front. Coloured dots indicate the

policies representing each learned cluster (in the legend).

clustering performance, since HV and MUL metrics outperform

PbMORL’s, showing SVSL-P clusters are of higher significance.

Figure 1 represents the Pareto fronts of PbMORL and SVSL-P

estimated from their respective potential value system weights in

the FF domain, as well as the evaluation of the policies obtained for

each used cluster for a certain seed
7
. Both algorithms approximate

well the behaviours in the original front. In both cases, the learned

clusters tend to be Pareto optimal for both algorithms, but their dis-

tribution across the front is worse for PbMORL. PbMORL typically

used only two clusters (Table 1) to represent the agents’ value-based

preferences, which means the reward vector was not learned in a

sufficiently detailed manner to differentiate them properly.

There are also limitations to analyse. First, there are cases where

SVSL-P learns two value systems that represent distinct preferences,

yet they induce the same policy (supplementary material [17], Fig-

ures 2,3). Second, the policies learned were generally not exactly

in the ground-truth front (obtained by EQL), despite being “close”

(shown by the MUL metric). In the FF domain, for example, the pro-

portion of cluster weights whose policies were in the ground-truth

7
We omitted the fronts in MVC given their 3D visualization complexity. The corre-

sponding graph for every seed is available in the supplementary material [17].

front was, on average, 47.1% for SVSL-P and 40.8% for PbMORL.

Lastly, the standard deviations in the front-related metrics (Table 1,

right) are high for PbMORL and SVSL-P. This implies that there

is some instability across seeds. However, the number of learned

clusters is more stable with SVSL-P. Further analysis on these limi-

tations is available in the supplementary material.

6 CONCLUSIONS

We proposed a computational model of the value systems of a soci-

ety of agents in the context of Markov Decision Processes (MDP).

Given a set of human values, we grounded value alignment in a par-

ticular MDP with a multi-objective reward vector and represented

the value systems of different subgroups of agents (clusters) via

linearly scalarized reward functions. We put forward an algorithm

that learns an instance of this model from online pairwise trajectory

comparisons that are provided by each agent based on both i) its un-

derstanding of value alignment (with each value) and ii) the agent’s

value system. In parallel, it learns an approximately Pareto-efficient

MDP policy for each cluster (in terms of value alignment) that

represents behaviours aligned with the value systems of its mem-

bers. Our algorithm, SVSL-P, is based on a Preference-based MORL

(PbMORL) method [31] and a previous clustering approach [16].

The results in two synthetic environments show that SVSL-P can

learn a concise, representative, and coherent set of value systems

to describe a society, and the associated value-aligned behaviours.

The learned models generalize in the environment, leading to ap-

proximately Pareto efficient policies in terms of the simulated value

alignment specifications. The Pareto fronts are focused on the value

systems of the agents, and are equally competent to the fronts de-

rived by PbMORL. Our algorithm also requires less intensive hu-

man feedback: SVSL-P only asks each agent about their own value

systems and their understanding of values. This last advantage is

crucial to the applicability of this type of research in real use cases.

There are limitations and avenues for future work. First, the vari-

ability across runs should be reduced. Second, the learned policies

are not always Pareto efficient regarding value alignment for all

preference-based clusters. Third, reducing the number of online

queries is needed for real-world applications. For future work, we

will revise our methodology to control the obtention of more con-

cise versus representative solutions. Although we have tested this

framework with real-world data in non-sequential decision mak-

ing [16], to broaden the applicability to more realistic scenarios, we

finally suggest researching on modelling non-linear and context-

dependent value systems (e.g. by selecting distinct value systems

under identifiable conditions) and agent-based groundings/rewards.
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