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Background: Value alignment in computer science research is often used to refer to the process of aligning the behaviour of
artificial intelligence systems with humans’ desires, but the way the phrase is used often lacks precision.
Objectives: In this paper, we conduct a systematic literature review to advance the understanding of value alignment in
artificial intelligence by characterising the topic in the context of its research literature. We use this to suggest a more precise
definition of the term.
Methods:We analyse the abstracts, introductions and conclusions of 172 value alignment research articles that have been
published in recent years and synthesise their content using thematic analysis. From these 172 papers we select 85 papers
using a structured criteria for a deep analysis, coding these papers in full.
Results: Our analysis leads to six themes: value alignment drivers & approaches; challenges in value alignment; values in
value alignment; cognitive processes in humans and AI; human-agent teaming; and designing and developing value-aligned
systems.
Conclusions: By analysing these themes in the context of the literature, we define value alignment as an ongoing process
between humans and autonomous agents that aims to express and implement abstract values in diverse contexts, while
managing the cognitive limits of both humans and AI agents and also balancing the conflicting ethical and political demands
generated by the values in different groups. Our analysis gives rise to a set of research challenges and opportunities in the
field of value alignment for future work.
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1 Introduction
Value alignment is broadly understood as the challenge of ensuring that autonomous artificial agents act in
ways aligned with humans and their values when deployed in society (Russell 2019, p.137). However, this is
complicated by the complexity and diversity of human values, and their abstract, generalisable nature.

There are hundreds of guidelines for how artificial intelligence (AI) systems should be developed and deployed,
but values are too often described using non-specific language (Aler Tubella, Theodorou, F. Dignum, et al. 2019;
Theodorou and V. Dignum 2020). This requires developers to interpret values in the problem context during
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system development. However, the subjective nature of this interpretation may result in inconsistencies in how
values are achieved in different contexts. This subjectivity is further complicated by the opaque nature of many
AI systems, which makes determining the influence of values in systems and their impacts difficult (Poel 2020;
Umbrello and Poel 2021).

Values can be described as the drivers in individual and shared decision-making in humans, as guiding factors
shared across cultures (Schwartz and Bilsky 1987). A mutual understanding of each others’ values enables us to
cooperate on tasks despite differing backgrounds and interests. As autonomous agents become more prevalent
as actors in society, their actions may not only realize human values but also shape the development of these
values (M. Cappuccio et al. 2021). To fully benefit from AI as a technology, it is essential to ensure that these
autonomous agents act in accordance with our values so that their actions lead to desirable outcomes.
While researchers generally agree on the same high-level understanding of value alignment, definitions of

value alignment presented in the literature are diverse and often shallow, if they are specified in the paper at all.
Some authors take the view that value alignment should focus on coordinating objective functions (Sanneman
and Shah 2023b), which likely stems from the influential paper on cooperative inverse reinforcement learning by
Hadfield-Menell, Dragan, et al. (2016). Other authors like Fisac et al. (2020), Lera-Leri et al. (2022), and Vamplew
et al. (2018) provide a more high-level definition, which gives a broad goal but lacks direction in achieving it.
Serramia, Lopez-Sanchez, et al. (2020) and Serramia, Rodriguez-Soto, et al. (2023) and Sierra et al. (2021) provide
definitions that are more focused on alignment between norms and values but are still explicitly referred to as
value alignment. Given these diverse interpretations, papers with missing definitions (Bogosian 2017; Peschl et al.
2022; Siebert et al. 2022) are problematic, as it makes it ambiguous how the authors have interpreted the problem
of value alignment and how their work relates to it.
This inconsistent terminology brought on by missing and conflicting definitions is understandable given the

diversity of value alignment research. However, it still creates significant barriers for researchers by making it
harder to develop a shared interpretation of the problem, and by posing challenges for researchers trying to
assess the state of the value alignment field and identify useful research directions. The goal of this research is
to provide a shared interpretation of the value alignment problem by analysing the different themes of value
alignment research and to develop a conceptual understanding of value alignment as a process.
In order to develop our understanding of what value alignment is, we conduct a structured review of value

alignment literature and analyse published articles using inductive thematic analysis. We take an inductive
approach as this is suitable when no prior theory to explain a concept has emerged (Naeem et al. 2023). It also
enables us to build broader themes from participants’ views (Braun and Clarke 2006) while remaining open to
new themes that may emerge in the analysis (Fereday and Muir-Cochrane 2006).
Our contributions in this paper are:
• a thematic analysis of 172 value alignment papers for the sake of extracting and analysing the core themes
of value alignment research;

• an in-depth analysis of the concepts and challenges in value alignment based on the identified themes;
• identification of valuable research directions within these themes based on the existing literature.

The rest of the paper proceeds as follows:
• In Section 2 we discuss related works analysing value alignment literature and compare their approaches
with our own.

• In Section 3 we explain our survey methodology, discussing our literature sources and our selection criteria.
We also detail the number and types of papers returned in our search.

• Section 4 contains our analysis of our search results, and brings them together into our thematic analysis
of the value alignment literature.
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• In Section 5 we discuss the results of our survey and analysis, propose directions for future research in the
field, and consider the limitations of our study.

• Finally, Section 6 concludes our analysis by reiterating the key observations from our analysis and their
implications for value alignment work going forwards.

2 Related Works
Wallach and Allen (2008) is one of the earliest reviews on embedding human values in artificial intelligence. The
review provides a thorough introduction to the problem of learning values and distinguishes between top-down,
bottom-up and hybrid ethical learning. Although technology has naturally developed since the book’s publication,
the ideas were cited frequently throughout our review and hence can be expected to underpin the outcomes of
our own analysis.

Tolmeijer et al. (2021) conducted a thorough review of the field of machine ethics, which value alignment has a
close relationship with. This paper focused on machine ethics implementation in particular. The authors produced
a trimorphic taxonomy of the literature based on: i) the ethical theory included; ii) non-technical aspects; and iii)
technical aspects. While the work contributes a means to categorise and analyse broad aspects of the field using
this taxonomy, our approach instead focuses on identifying themes found across papers to produce a practical
understanding of value alignment as a process without focusing on individual ethical theories. This leads to
our synthesis of literature into a conceptual process, a distinct contribution from the classification taxonomy in
Tolmeijer et al. (2021).

Heyder et al. (2023) conducts a theoretical review on humans and AI agents interacting ethically in socio-
technical systems for the sake of aligning values. They use this to produce a conceptual framework for the
ethical management of Human-AI interactions. As in our review, they performed a qualitative analysis to identify
patterns of themes that emerged in the reviewed articles. However, their review utilised a deductive approach
with pre-existing codes and explicitly analysed the work through a lens of sociomateriality: the merging of
technology and social phenomena in the emergence and observation of technology (Heyder et al. 2023). We
instead use an inductive approach, and while our analysis incorporates many elements of agent-based approaches,
our interpretation avoids using any specific theoretical framework.

Zoshak and Dew (2021) produced another survey paper on artificial moral agents, concluding that there was a
dominating presence of Western ethical values in the design of these agents, at the expense of other theories.
Similar to Heyder et al. (2023), they also used a deductive qualitative analysis approach, and similar to our paper,
they used thematic synthesis to explore their results. Their work focuses on the normative aspects of value
alignment, like Tolmeijer et al. (2021). This leads to a strong focus on ethical theories that is absent from our own
work.

3 Methodology
We performed a structured literature survey and qualitatively coded the content of the included research articles.
Qualitative coding analyses data by “reducing the data into meaningful segments and assigning names for the
segments.” (Creswell and Poth 2018 - 2018, p.183). In this case, the data was the content of the included papers. In
this section we explain our search methodology. We discuss the results of our search, including the number of
papers retrieved, in Section 3.1. A full description of our search terms, as well as the justification behind their use,
is available in Appendix A.
The literature search was conducted in the Scopus database. Scopus covers leading AI publication venues

including ACM, AAAI, and IEEE, and we supplement this coverage by adding papers from bibliographies. We
limited ourselves to English-language papers due to a lack of translation capability. We selected our initial search
terms to identify papers related to value alignment and human preferences. The relevance of additional topics
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including virtue ethics, the social contract (Rousseau 2016), and multi-agent systems became apparent in the
initial returned papers. In response, we performed an additional search with keywords on these new topics to
find additional relevant papers. We filtered on publication year up to and including November 2023, the month
when the search was executed. Our search thus creates a systematic coverage of the value alignment corpus up
through November 2023.
We also filtered on subject area, only including papers tagged as computer science. We filtered on computer

science to reduce the number of irrelevant papers from engineering or mathematics that, despite sharing similar
themes with our exclusionary keywords, had not been removed from the search results. This was because of the
broad scope of the term “value alignment”, which was still matching these papers in engineering and mathematics.
This did not exclude papers tagged with multiple disciplines that included computer science. We also filtered for
final publication papers only. In total, our search returned 734 papers.
We selected papers to be included in the survey based on our inclusion/ exclusion criteria, which are fully

specified in Appendix B. Our initial screening for papers to code had two phases: we examined the abstract
and title in the first phase and then did a summary pass of the full text in the second phase. When inspecting
the abstract and title, we excluded papers that used values in a non-socio-ethical sense, and we included those
discussing incorporating human values or preferences into technology. When we investigated the full text of
papers that passed the abstract/title examination, we included those that both attempted to define value alignment
and discussed the challenges of getting humans and autonomous agents to behave in aligned ways, but excluded
articles that only met one of these two criteria.
We performed an initial coding of the abstracts, introductions, and conclusions of the selected papers. This

was done to generate initial codes quickly to frame our full coding in the later stage. During this process, we
performed bibliography searches to add papers that were either relevant based on the cited information in the
source paper or were highly cited across the papers under consideration. No further papers were added from the
bibliographies of these additional papers in order to maintain a reasonable scope for this analysis.
From these initially coded papers, we applied a second set of inclusion/exclusion criteria that focused on

including implementation-based papers over those focusing on the governance of AI or the moral status of
autonomous agents. While these topics are relevant to value alignment, we left them for another analysis. We
also excluded papers focusing only on a specific value, as value-specific issues were not the focus of this analysis.
Finally, we included papers that discussed alignment in a normative sense in order to broaden our coverage.
We used NVivo for our coding. Coding was undertaken by a single coder. Coding consisted of assigning

segments of the text or diagrams in the literature to codes that described the content of the segment in the
context of characterising value alignment. We also coded for academic subjects that appeared in the text to see
what subjects had been referenced in value alignment. Segments were generally passages of text rather than
individual words or sentences, in order to retain the surrounding context in our coded samples. As per our
inductive approach, we started with no codes and generated new codes as needed for categorising segments of
text that felt relevant to the value alignment problem. All content in the papers we reviewed was considered for
potential coding, except for titles, section headings and bibliographies.
Throughout the coding process, we grouped codes into categories and categories into themes, based on

commonalities between their content. This allowed our understanding of value alignment to be synthesised from
the common themes that appeared across the literature, supported by the work of different authors in the field.

3.1 Search Results
Fig 1 illustrates the literature search and screening process in a PRISMA flow diagram. Our initial search and
screening resulted in 128 papers in which we coded the abstracts, titles and conclusions. 13 papers were omitted
from consideration due to not being available in English. Searching the bibliographies from these papers led

Journal of Artificial Intelligence Research, Vol. 85, Article 29. Publication date: March 2026.



Understanding the Process of Human-AI Value Alignment • 29:5

Fig. 1. PRISMA flow diagram (Page et al. 2021) illustrating our literature search results.

to the inspection of 75 additional papers, of which 44 were deemed relevant enough to include in the coding
based on the full-text summary pass discussed in the previous paragraph. As stated, no further papers were
added from the bibliographies of these additional papers. This resulted in 172 papers having their abstracts,
introductions and conclusions used in coding. Of the 172 papers that underwent initial thematic coding, we
selected 85 papers for full-text coding that focused on the implementation of value-alignment following our
second set of inclusion/exclusion criteria (detailed in Appendix B.2).

While reviewing the literature, we categorised papers based on their content, using categories we created for
this task. This was done so that we could observe the types of literature being published and how this changed
over time.

• Extended abstracts were short proposals of future work.
• Research proposals were longer suggested several future agendas.
• Reviews examined previous literature.
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Fig. 2. Cumulative timeline of papers included in our survey, grouped by the category assigned to the paper. Categories are
explained in Section. 3.

• Theory proposals were arguments for ways of thinking about the value alignment problem.
• Methodology-focused papers were based on the development of a specific value alignment technique.

The categorised papers in the review are charted in Fig. 2. We see that the field started publishing in earnest
around 2015, with a generally increasing trend over time. To date, the field largely consists of developing
methodologies and proposals for how to think about value alignment issues, with research proposals for next
directions appearing on a mostly-annual basis. The split between theory and methodology varies by year, but
overall, it would not seem to suggest any particular trends. In later years, we see reviews emerge as an increasingly
popular category, suggesting increased attention in the field.

4 Analysis
Our coding of value alignment literature identified six themes that characterise value alignment in AI. We arrived
at these themes through iterative refinement of the topic groupings, building our high-level themes from the
bottom-up through hierarchical clustering of the individual codes. While there is overlap across these themes, we
concluded from our iterative analysis that they formed a sufficiently concise and representative grouping of the
themes demonstrated in the papers selected from the value alignment literature. It is interesting to note that
the themes are organised along an axis from theoretical to applied content, though this was not a consideration
during the clustering process.
These themes group the codes generated from the analysed literature in the following way:
T1. Value Alignment Drivers & Approaches focuses on understanding the motivations behind value

alignment research, trends in approaches taken to studying the topic, and the range of subjects used in
studying value alignment.

T2. Challenges in Value Alignment describes and discusses the identified challenges in accomplishing value
alignment, in particular around how priorities are expressed and the challenges in reconciling different
ethical systems.
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T3. Values in Value Alignment highlights values themselves in value alignment research. It includes how
values are embedded and represented in AI systems operating in diverse contexts, and how they change
during a system’s operation.

T4. Cognitive Processes in Humans and AI covers discussions on how humans use values in decision-
making, including learning values and how they should be contextualised. It also discusses how these
processes can be replicated in autonomous agents.

T5. Human-Agent Teaming discusses systems containing both humans and autonomous agents. It includes
how these agents interact, and how information such as values and perceived system state is communicated
in such systems.

T6. Designing and Developing Value-Aligned Systems groups information pertaining to the process of
designing and implementing value-aligned systems in practice. This includes understanding the stakeholders
of such systems and how the alignment of systems with stakeholders’ needs can be tested.

Within these themes, we identified categories that describe the majority of each theme’s content. We list
these in Table 1. For each theme we also include the three papers that had the highest number of excerpts coded
for the given theme. The fact that some papers, e.g. Stenseke (2023), appear as top papers in multiple themes
demonstrates that some overlap exists between our themes.
To investigate the distribution of themes in the literature, after we constructed our themes we charted the

number of papers from our survey that focused on each theme over time (Fig. 3). We counted a paper as focusing
on a theme if at least 10% of samples coded from that paper were coded to the given theme. This is to exclude
papers which may have one or two data samples coded to a given theme, but this amount is negligible compared
to the more prominent themes discussed in the paper. Over time, the percentage of papers mentioning each
theme has remained broadly consistent. This indicates that these themes are not just passing trends but are core
open challenges for value alignment research. While the 10% threshold was chosen arbitrarily, testing other
thresholds between 5 and 20% did not significantly impact the resulting distribution of themes.

We now analyse the themes and the literature they describe in greater detail. We have structured this discussion
to best illustrate our understanding of value alignment developed through the analysis. This results in the first
three themes (T1-T3) having their own dedicated subsections. For the themes of cognitive processes (T4) and
human-agent teaming (T5), discussing them together as part of the value alignment process in systems proved
more effective than discussing them separately. Given that cognitive processes describe components internal
to the agent, while human-agent teaming looked at interactions between the two agents, there were naturally
significant interactions between the two themes which were better analysed in tandem. Finally, our analysis led
to many observations about the design and development of value-aligned systems (T6) across the themes, and we
choose to highlight these where appropriate in other themes.

4.1 Value Alignment Drivers & Approaches
To characterise value alignment, it is essential to understand both its motivation and previous approaches to the
topic. This reveals key objectives, concerns, and insights that have shaped the research.

4.1.1 Motivations. To better understand motivations for research on value alignment, we inductively coded
our sample excerpts of given motivations found in the literature. The aim was to find common issues across
these motivations. To illustrate our results we generated a word cloud of the 15 most prominent terms used in
literature excerpts discussing motivations, grouping synonyms, shown in Fig. 4.

Combining this word cloud with an analysis of the text samples discussing motivation, we judged autonomy to
be one of the most prominent drivers for researchers’ concern with the value alignment problem. Vamplew et al.
(2018) summarises the concern driven by autonomy as:
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Table 1. Table of themes, representative categories and top three most relevant papers by number of coded data samples
from that theme. The representative codes were taken from the highest-level groupings of codes within the given theme. The
presence of papers in multiple themes demonstrates the interrelations between these themes.

Theme Representative Code Categories Top Papers by Samples-in-Theme

Value Alignment Drivers & Ap-
proaches

Motivations
Technical and
Normative Alignment
Interdisciplinary Approach

1. Han et al. (2022)
2. Sutrop (2020)
3. Stenseke (2023)

Challenges in Value Alignment Expressing Priorities
Implementing Ethical Theory

1. Bench-Capon (2020)
2. Stenseke (2023)
3. Vamplew et al. (2018)

Values in Value Alignment
Context
Value Dynamism
Value Aggregation

1. Noriega, Verhagen, et al. (2022)
2. Han et al. (2022)
3. Liscio, Meer, et al. (2022)

Cognitive Processes in Humans
and AI

Learning
Reasoning & Decision-Making
Self-Reflection in AI

1. Allen et al. (2005)
2. Cervantes, Rodríguez, et al. (2016)
3. Stenseke (2023)

Human-Agent Teaming

Sharing Knowledge
Perception and Modelling
Interactions Between Humans
and AI

1. M. Cappuccio et al. (2021)
2. Poel (2020)
3. Sanneman and Shah (2023b)

Designing and Developing Value-
Aligned Systems

Design & Development Process
Stakeholders
Value Alignment Testing

1. Noriega, Verhagen, et al. (2022)
2. Gabriel (2020)
3. Brown et al. (2021)

Increases in the agent’s intellectual capacity, the broadness of the actions available to it, and the
breadth of the domain in which it is applied increase the difficulty in ensuring the agent’s behaviour
is aligned, and also the magnitude of the negative side-effects of any unaligned behaviour.

The autonomy driver can be broken down into several highlighted risks that were dominant in the literature.
These included risks from unpredictability, corrigibility, and negative impacts on human values through the
interactions of humans with autonomous agents.
Unpredictability as a risk stemmed from what Yudkowsky (2016) described as the problem of “unforeseen

instantiation”: humans’ inability to properly anticipate all potential scenarios an autonomous agent may find itself
in. As we endow autonomous agents with greater autonomy, the range of states they can explore, and the paths
between these states, quickly become intractable to consider. Further complicating this is how an autonomous
agent’s view of the world is artificially constructed and may not appropriately capture our own understanding
of the world. Lake et al. (2017) demonstrate this with the game Frostbite, where deep reinforcement learning
agents learn through pattern recognition over game images, whilst humans rapidly build intuitive theories about
goals, object types, and their interactions. This difference means that humans can flexibly adapt to new goals or
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Fig. 3. Number of studies in our survey, grouped by theme, which contained at least 10% of its data samples coded to that
group’s theme, summed by year. We see that the representation of each theme remains broadly consistent, suggesting that
these themes are characteristic of value alignment research.

Fig. 4. Word cloud of the 15 most frequent terms used in discussing the motivation to create value-aligned agents, grouping
synonyms. We observed that autonomous as a grouped term had the highest weighted percentage across terms, ignoring
terms that described system aspirations (e.g. moral; values; aligned), or descriptors of system components (e.g. systems;
human; machines).

constraints, while the autonomous agent remains locked into its original objective and is unable to accommodate
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even straightforward scenario modifications without complete retraining. This inflexibility contributes to the
autonomy risk: due to the difficulty in fully envisioning all the different scenarios and their value-based risks
necessary for training autonomous agents to act independently, agents may behave unpredictably when faced
with situations outside their learned behaviour and potentially act misaligned as a consequence.

Prominent within discussion on the risk from unpredictability was concern regarding autonomous agents
learning unintended strategies for obtaining rewards. This concept of reward hacking, where agents learn to
exploit loopholes in their reward functions to achieve greater rewards, is regularly cited as a concern in the
alignment literature (Sanneman and Shah 2023a; Zhuang and Hadfield-Menell 2020). This difficulty in anticipating
how an agent may learn to solve a problem obscures the potential value impacts. Taken unintended strategy
learning with unclear value impacts together, unpredictability not only complicates autonomous agent design
and training, but it also obscures the scale of risk that misalignment presents.

The idea of incorrigibility, introduced by Soares et al. (2015), suggests that a sufficiently intelligent agent may
not respond to attempts to correct its behaviour or shut it down, if it models doing so as counterproductive to
maximising its utility function. If such a utility function were to be misaligned with the agent’s stakeholders’
values, then incorrigibility would pose a serious risk. This links to the concern around superintelligence, as
conceived by Bostrom (2017). This was a frequently raised concern when discussing risk in value alignment,
to the point where Bostrom was cited by approximately 25% of the papers included in the 172 papers in the
first coding pass of our review. As Arnold et al. (2017) observed, the threat of uncontrollable AI agents strongly
influenced the development of alignment initiatives.
Sarma et al. (2018) made the argument regarding alignment that there was no reason researchers could not

pursue both near-term concerns and longer-term possibilities such as superintelligence, and that a continuum
exists between these issues in the development of autonomous agents. The risk from misalignment comes from
an agent’s impacts on outcomes, rather than its capacity for cognition. So, while the notion of superintelligence
has had a prominent influence on motivating value alignment and corrigibility concerns, it should not be seen as
fully, or even largely representative of the problem.
Autonomous agents might also alter the values humans hold. Han et al. (2022) points out that it is nearly

impossible to fully anticipate how technology will influence human actions, or the effect that this will have
on a system of values held by humans. Svegliato et al. (2020) also acknowledges this concern regarding the
unpredictable effects AI systems can have on stakeholder values, which they state stems from performing gradual
modifications to an agent’s reward function in the pursuit of achieving ethical behaviour. The idea of moral
deskilling, that extended interaction with autonomous agents may harm our morals as humans, is the focus of
Vallor (2015). Vallor concludes that the moral future of humans interacting with emerging technologies is not
sufficiently understood, and greater attention needs to be paid to this risk. Given values changing over time and
between contexts, which we discuss in Section 4.3.3, and the need to aggregate values, discussed in Section 4.3.4, it
is evident that autonomous agents risk biasing human values in an undesirable direction, or reinforcing outdated
values, should misalignment occur.

Where autonomy-based accounts emphasise agent capability and control, a second driver we identified in our
analysis concerns the embedding of AI within socio-technical systems. Designing socio-technical systems with
values in mind is not a new problem (Jasanoff 2016), nor is AI a new technology. However, recent developments
have increased the scale, scope, and interdependence of AI-mediated decision-making. This shifts the nature of
value alignment in socio-technical systems from involving bounded, task-specific systems with largely predictable
and controllable effects, to dealing with more generalised and opaque AI agents whose behaviour may not reflect
the designer’s intentions even with explicit normative objectives specified. In such cases misalignment may
emerge from learning dynamics or contextual shifts and hence is often difficult or impossible to anticipate.

Despite this, the presumed adoption of AI systems in decision-making capacities in society, and the delegation
of higher-stake decisions to these autonomous agents, was rarely treated as a possibility rather than a certainty.
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Sison and Redín (2023) described this as an ‘inevitability’ argument, though they argued against how truly
‘inevitable’ the need to use autonomous agents in moral roles was, as well as the ‘inevitability’ of humans
choosing to develop autonomous moral agents. Behdadi and Munthe (2020) noted that the growing range of
industries that autonomous agents were being deployed in, combined with their growing autonomy, increased
the urgency of assessing the status of autonomous agents as moral agents. V. Dignum et al. (2018) made a similar
observation but noted that the urgency was more in ensuring that autonomous agents acted in alignment with our
ethics and values to build trust in the agents and ensure humanity’s benefit, a sentiment echoed by Bench-Capon
(2020) but with an emphasis on harm rather than trust.

A less mentioned risk in the given motivations, but one worth highlighting, was the political risk from AI. As
Han et al. (2022) observes, the development of AI by a small group of actors risks a kind of “moral paralysis” when
the values embedded in a sufficiently powerful AI are determined by a select few, causing significant impacts on
those who don’t share the embedded values. Soares (2018) points out that a sufficiently powerful system not
only risks this moral paralysis but also concentrates enormous power to influence the future of humanity into a
minority of people. The normative component of value alignment discussed in the next section, regarding which
values should be built into the AI and who gets to decide, does little to help this concern.

Other common drivers for value alignment research included: a need for autonomous agents to act ethically
(Badea and Artus 2022; Svegliato et al. 2020), and common values cited by policymakers such as safety (Chaturvedi
et al. 2023; Juric et al. 2020), trust (V. Dignum et al. 2018; Firt 2023), and fairness (Osoba et al. 2020). Hagendorff
(2020) also provides a further list of risks from autonomous agents that they considered neglected by modern
guidelines for developing such systems.
Taking these motivations together, we can summarise that the objective of value alignment research is to

manage the risks associated with autonomous agents (unpredictability, corrigibility, and impacts on human
values from human-AI interactions) in such a way that the autonomous agents can be allowed to impact our
values in a positive manner, while also accommodating the inherent political and ethical risks associated with
value influence.

4.1.2 Technical and Normative Alignment. Value alignment is often described in terms of both normative align-
ment problems and technical alignment problems (Chaturvedi et al. 2023; Gabriel 2020; Sutrop 2020). The former
refers to the challenge of deciding what values and principles a system should be aligned with, while the latter
refers to the challenge of getting the system to align with these values. Firt (2023) also suggested a third dimension,
calibration problems, which focuses on fine-tuning systems for specific values for trust building. However, Firt
presupposed in their discussion that this would become relevant after the first two problems were solved.

While this separation between normative and technical alignment is convenient for narrowing the scope of a
given research paper, it does obscure the interaction between these two sides of the same coin. As Tolmeijer et al.
(2021) states, “In the context of implementing machine ethics, it can be a pitfall for philosophers to use a purely
theoretical approach without consulting computer scientists, as this can result in theories that are too abstract to
be implemented. Conversely, computer scientists may implement a faulty interpretation of an ethical theory if
they do not consult a philosopher.”. Additionally, Peschl et al. (2022) observed that the value alignment field has
largely focused on reward learning, a technical problem, as demonstrated by the prominence of Hadfield-Menell,
Dragan, et al. (2016) throughout our analysed papers. Research exploring the normative side was comparatively
rarer in our survey, mainly discussed at higher conceptual levels (Butlin 2021; Gabriel 2020) rather than developed
into actionable processes.

However, Robinson (2023) describes this normative aspect as crucial to good alignment: “The first step is to find
principles that the AI agent possibly could and should be aligned with. There is no point trying to align AI agents
to principles they cannot be aligned with, or that we have no interest in aligning them with.”. As Sutrop (2020)
cautions, AI developers risk assuming that a normative solution will naturally follow from sufficiently technically
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capable AI, even though we as a society still remain undecided about our value priorities. This also links into
the need to aggregate our values across more groups and cultures than just the developers of such systems to
enable alignment, which we discuss further in Section 4.3.4. Focusing on the technical side of alignment, as was
indicated in our analysis, at the expense of the normative elements risks neglecting important aspects of the
process.

4.1.3 Interdisciplinary Approaches. An important observation from examining previous value alignment work is
that value alignment is often seen as an interdisciplinary challenge, a sentiment echoed by authors including
Dafoe et al. (2021), Khan et al. (2022), Noriega, Verhagen, et al. (2022), Russell et al. (2015), and Sutrop (2020), and
Li (2021). Numerous subjects contributed to the value alignment research literature, which we demonstrate in
Table 2 by citing a range of contributions from different disciplines. Many of these subjects were themselves
interdisciplinary, further expanding the list of subjects relevant to the value alignment problem. This demonstrates
both the importance and challenge of integrating a diverse body of knowledge into value alignment research and
the development process of value-aligned systems.
The contributions of the subjects most frequently mentioned as being relevant to value alignment are well

summarised by Dafoe et al. (2021): “psychology, to understand human cognition; law and policy, to understand
institutions; history, sociology and anthropology, to understand culture; and political science and economics,
to understand problems of information, commitment and social choice.”. In further detail, we see psychology,
neuropsychology and cognitive sciences suggested for understanding values and value structures in concept and
in action (Butlin 2021; Cervantes, Rodríguez, et al. 2016; Fisac et al. 2020; Haas 2020; Montes et al. 2023; Ratoff
2021; Sarma et al. 2018); philosophy and legal studies for understanding values, moral hazards and explainability
(Hadfield-Menell and Hadfield 2019; Zoshak and Dew 2021); and humanities subjects applied to understanding
human decision-making, cooperation and value aggregation (Holgado-Sánchez et al. 2023; Lera-Leri et al. 2022).
The main barrier to interdisciplinary cooperation discussed was translating ideas between domains. For

example, Cervantes, Rodríguez, et al. (2016) noted that emulating the brain’s complex decision-making process in
autonomous agents was enormously difficult, in part due to the lack of an accurate formalism of human brain
functions that could be replicated in autonomous agents. This limits our ability to exploit neuropsychology
results in AI. Rahwan (2018) discusses the cultural divide that exists between engineering and the humanities:
while practitioners of the humanities are skilled at considering the applications of moral hazards, they can
struggle to articulate them in ways that engineers can operationalise. Similarly, engineers are not always able
to quantify their own work in a way that can be understood by humanities practitioners. Given the need to
integrate normative and technical aspects simultaneously, this cultural divide presents a significant barrier.

4.2 Challenges in Value Alignment
We have examined the difficult nature of doing value alignment in Section 4.1.1, given the opaque nature of
autonomy and in the potential scale of value impacts resulting from the inevitable embedding of autonomous
agents. In this section, we expand on the particular challenges highlighted by our analysis, from the perspective
of an automated process involving interacting humans and autonomous agents.

4.2.1 Expressing Priorities. Throughout the literature, there were repeated efforts to make values known by both
autonomous agents and humans. In the former case, this was predominantly in the form of these agents learning
from humans, while the latter involved enabling humans to both inspect values and understand their own desires.

During our analysis, we observed that values, goals and preferences were used interchangeably as targets for
alignment throughout the literature. This observation was also made by Gabriel (2020) and Zurek and Mokkas
(2021), with the former pointing out that these concepts are not equivalent. Our analysis would suggest that the
terms can be interpreted as follows:
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Table 2. Interdisciplinary perspectives in value alignment literature.

Discipline Papers
Cognitive informatics Cervantes, Rodríguez, et al. (2016)

Cognitive Science Ratoff (2021)
Fisac et al. (2020)

Economics Hadfield-Menell and Hadfield (2019)

Game Theory Davoust and Rovatsos (2020)
Gavidia-Calderon et al. (2022)

Legal theory Hadfield-Menell and Hadfield (2019)

Neuroscience Crook and Corneli (2021)

Neuropsychology Sarma et al. (2018)

Philosophy Han et al. (2022)
Maitra (2020)
Allen et al. (2005)
Stenseke (2023)
Zoshak and Dew (2021)

Psychology Butlin (2021)
Mechergui and Sreedharan (2023)
Govindarajulu et al. (2019)
Montes et al. (2023)

Social choice theory Lera-Leri et al. (2022)

Social psychology Waser and Kelley (2018)

Systems engineering Aliman, Kester, et al. (2019)

• Values, existing at the most general and abstract level, are used in forming desirable goals in more specific
contexts and evaluating possibilities.

• Goals are formed from the values manifesting in the given context, with goals constructed in pursuit of
those values. The values that have led to a goal being chosen will not necessarily be obvious when auditing
the goals, however.

• Preferences can be understood in the conventional sense: as priorities between different options and
outcomes based on our underlying goals and values, as well as contextual priorities between goals and
values themselves.
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Because of the connection between values and goals (Schwartz 1992), the challenges in expressing our goals
are inherently tied to the value alignment problem. Hence, the difficulty in goal expression is an essential issue in
the value identification problem. Hadfield-Menell and Hadfield (2019) in particular describes the problems in
expressing goals as being entirely responsible for the alignment problem. While we would not want to point
to goal misspecification as the sole root of challenges in value alignment, as we find this too reductionist, it is
certainly worth continued attention.

Given that many of the goals we would ideally use AI agents for are complex or hard to define (Christiano et al.
2017), it seems inevitable that we struggle to define these goals correctly or fully. For example, Thornton et al. (2017)
points out that, ideally, we want self-driving vehicles to drive safely and smoothly, but this requirement does not
translate into machine language easily. Hadfield-Menell and Hadfield (2019) also agrees that the misspecification
of AI reward functions is often unavoidable. Many of the challenges in expressing goals can be described in terms
of under-specifying goals (Alamdari et al. 2022), with our stated goals failing to capture important nuances.
This underspecification often occurs in the form of developers attempting to consolidate goals into utility

functions, a formula for capturing the preference of one outcome over another. However, these utility functions
often fail to capture what we really desire (Aliman and Kester 2019). As Vamplew et al. (2018) notes, maximising
expected utility functions, the predominant paradigm in modern machine learning architectures, often leads to
unexpected behaviour that fails to align with the designer’s original goal. While a popular approach, innovation
is still needed to consider alternative mechanisms beyond utility functions to encode our values.

Expressing values and preferences directly, circumventing goals in the process, is also a challenge. Humans lack
adeptness at expressing their preferences in explicit statements (Bharadhwaj 2021; Liscio, Lera-Leri, et al. 2023;
Milli et al. 2017) or quantified forms (Rosenthal and Veloso 2012), and struggle to mentally compare sufficient
scenarios to cover all eventualities (Rosenthal and Veloso 2012; Visser et al. 2011). Preferences also vary between
individuals, complicating preference modelling by autonomous agents due to the need to be able to adapt to
differences in preferences, or to aggregate them (Rosenthal and Veloso 2012). People face similar challenges
in expressing (Sanneman and Shah 2023b) or evaluating (Liscio, Meer, et al. 2022; Sanneman and Shah 2023a)
values, struggling to express values outside of concrete examples (Liscio, Lera-Leri, et al. 2023) as a result of their
abstract, contextual, and often incommensurable nature.
Taken together, the difficulties in expressing values, goals and preferences illustrate one of the fundamental

challenges in value alignment: expressing our values in the first place, either as values, goals, or preferences, is
hard. Research explicitly attempting to improve how values, goals and preferences can be expressed was not
found in the survey, presenting a possible opportunity for the future. If we could define our values, goals or
preferences more accurately, this would help to reduce the noise in communicating these concepts to autonomous
agents while generating evidence of what has been shared in the learning process, making alignment a smoother
and more scrutable process.

4.2.2 Implementing Ethical Theories. The other most prominent challenge in the value alignment literature
reviewed was the difficulty of summarising and translating the millennia of ethical thought into a machine-
compatible format. Ethical systems serve as vital repositories of our developed values as groups of humans, and
no good argument for not making use of them in aligning humans and autonomous agents emerged from the
analysis. However, different systems of ethics present different frameworks for modelling values in autonomous
agents and have implications for the alignment process.

Within the reviewed papers, the ethical discussion centred around three Western theories: consequentialism,
usually in the form of utilitarianism; deontology; and virtue ethics. M. Cappuccio et al. (2021) provides a succinct
summary of the three theories:

Consequentialism proposes to evaluate an action’s moral value based on the utility created by the
action’s effects. Deontology, in turn, focuses on the intentions that motivated the action and judges
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whether or not the agent acted out of authentic goodwill to fulfil their obligations and respect others’
rights. . . .Virtue Ethics differs from both Consequentialism and Deontology because, unlike them, it
does not primarily ask whether an action produces desirable effects or is motivated by good intentions,
but whether a person deserves praise or blame and whether the kind of life they live is worth living.

Consequentialism and the related utilitarianism have thrived under machine learning paradigms. Credit is
given to the popularity of utility functions and reinforcement learning (Gabriel 2020) and its pre-existing history
with economics (Vamplew et al. 2018). Franzke (2022) also claims that utilitarian values pervade AI governance. As
a result, deontology-based approaches have been left feeling marginalised, with most of the papers identified as
deontic in our survey being theoretical analyses rather than implementations (Pagallo 2016; Rahwan 2018), though
some deontic ideals seem to manifest in reasoning-based implementations (Cranefield et al. 2017; Szabo, Such, and
Criado 2020). Meanwhile, virtue ethics has been championed as an under-represented (Murray 2017; Vamplew
et al. 2018) but robust foundation for value alignment (M. Cappuccio et al. 2021; Franzke 2022; Pagallo 2016), but
concrete implementations of the framework remain in their infancy (Crook and Corneli 2021; Govindarajulu
et al. 2019; Stenseke 2023).
Even if priorities and ethical theories are able to be successfully expressed and implemented, there remains

the design challenge of choosing between them. As we mentioned in Section 4.1.2, technical value alignment
work often ignores the normative aspect. However, in choosing (implicitly or explicitly) an ethical theory and the
goals and values for a system to align to, a value-laden decision is itself being made about which values and goals
are worth empowering through artificial intelligence systems (Davoust and Rovatsos 2020). As stated by Soares
(2018), “human goals are complex, culturally laden, and context-dependant”, demonstrating how our choice of
goals incorporates our own cultural biases. Given the political risks of artificial intelligence discussed in Section
4.1.1, these decisions must be made carefully if we want to avoid marginalising schools of ethical thought or
particular values, particularly given the dominance some cultures currently enjoy in AI development.

Comparisons between ethical theories pervade the literature. To quote Bench-Capon (2020): “it is seen that each
approach has its own particular strengths and weaknesses when considered as the basis for implementing ethical
agents, and that the different approaches are appropriate to different kinds of system.”. We list the strengths
and weaknesses that we identified for different frameworks in the surveyed literature in Table 3. This table
highlights that the value alignment literature does not converge on a single ethical theory as being optimal for
value alignment but rather reflects context-dependent and sometimes conflicting claims about the suitability of
different ethical theories as frameworks for modelling values in artificial agents.
Given the individual strengths and weaknesses of different approaches, an instinctual response might be

to assume that no single theory can suit all value alignment needs. Such an observation has been made by
several authors (M. Cappuccio et al. 2021; Pagallo 2016; Vamplew et al. 2018). As Gabriel (2020) puts it: “it is
very unlikely that any single moral theory we can now point to captures the entire truth about morality. Indeed,
each of the major candidates, at least within Western philosophical traditions, has strongly counterintuitive
moral implications in some known situations, or else is significantly underdetermined.”. Given the role of ethical
systems in representing groups of values, we can infer from this statement that no single ethical system used to
perform value alignment would suit all possible situations.

Considering the inadequacy of a single moral theory, the notion of combining ethical frameworks has gained
popularity within the value alignment literature. Drawing from Allen et al. (2005)’s initial rationale for hybrid
ethical learning systems, researchers acknowledge the merits of combining ethical frameworks to alleviate the
weaknesses of individual ethical theories. Some practical examples of hybrid ethical learning systems can be seen
in Córdova and Vicari (2022) and Thornton et al. (2017) and Cervantes, Rodríguez, et al. (2016). In these papers
different ethical frameworks, particularly deontology and consequentialism, are combined to model complex
ethical behaviour in example applied scenarios. However, Stenseke (2023) cautions about cherry-picking in this
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Table 3. Commonly reported strengths and limitations of major ethical theories as discussed in the value alignment literature.
The table summarises claims made by different authors, which are not always mutually consistent and often depend on
assumptions about scale, context, and implementation.

Ethical Theory Claimed Strengths Claimed Limitations
Consequentialism &
Utilitarianism

Often described as formally specifiable
and mathematically grounded (Stenseke
2023); can provide precise action guid-
ance under well-defined objectives (Mur-
ray 2017); lends itself to optimisation-
based implementations and transparency
of decision criteria (Bench-Capon 2020).

Criticised for difficulty handling incom-
mensurable or uncertain values (Allen
et al. 2005; Eckersley 2019); vulnerabil-
ity to reward hacking and specification
gaming (Christiano et al. 2017; Sanne-
man and Shah 2023a); high computa-
tional demands in realistic settings (Allen
et al. 2005; Bench-Capon and Modgil
2017); challenges in assigning comprehen-
sive and stable utility functions (Mecher-
gui and Sreedharan 2023; Thornton et
al. 2017; Yudkowsky 2016); limited de-
scriptive fit with human moral reason-
ing (Atkinson and Bench-Capon 2016;
Gavidia-Calderon et al. 2022).

Deontology Valued for rule-based clarity, predictabil-
ity, and ease of enforcement (Bench-
Capon 2020; Stenseke 2023); supports co-
ordination and cooperation by constrain-
ing permissible actions (Pagallo 2016);
can offer clear prohibitions and obliga-
tions (Murray 2017).

Relies heavily on the quality and com-
pleteness of rules (Bench-Capon 2020;
Murray 2017; Pagallo 2016); prone to nor-
mative conflicts between rules (Bauer
2020; Bench-Capon 2020); limited flexibil-
ity in novel or unforeseen contexts (Bauer
2020; Constantinescu, Voinea, et al. 2021);
requires substantial background knowl-
edge for interpretation (Allen et al. 2005;
Badea and Artus 2022).

Virtue Ethics Emphasises contextual and socially em-
bedded ethical behaviour (Franzke 2022;
Pagallo 2016); supports moral develop-
ment, learning, and adaptation over time
(M. L. Cappuccio et al. 2020; Coleman
2001; Reichberg and Syse 2021; Stenseke
2023); often associated with explainabil-
ity and hybrid human–machine ethical
systems (Bench-Capon 2020; Gamez et al.
2020).

Widely regarded as difficult to formalise
or implement (Govindarajulu et al. 2019;
Stenseke 2023; Sutrop 2020); lacks con-
sensus on relevant virtues (M. Cappuccio
et al. 2021; Pagallo 2016); provides limited
action-level guidance (Murray 2017).

approach, where suitable features are chosen from ethical theories without considering them in the context of
holistic ethical cognition, as it risks neglecting to consider how these features relate to the wider reasoning of
agents in complex dynamic contexts. While the three previous examples showed promising results within their
domains, they all lack empirical validation in a real-world holistic context.

On a final note, Svegliato et al. (2020) suggests that a chosen ethical framework may be incompatible with the
goals of the system if a solution does not exist within the chosen framework. Rather than being seen as a failure of
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the system, it should instead draw the designer’s attention to the ethics of the task itself, and whether it is worth
pursuing. Davoust and Rovatsos (2020) calls this a social dilemma: a conflict between what is good for the wider
group and what the autonomous agent (or its owner) wishes to achieve. In this sense, ethical frameworks, while
not always simple to work with, can serve as important ethical sense checks for developing value-aligned systems.
To develop ethical, value-aligned agents, the choice of an ethical framework should be guided by aspirations
rather than practicalities. To ensure accountability and transparency in this process, the design decisions should
be thoroughly documented, including a clear justification for the selected ethical system(s).
Summarising, ethical schools of thought are a highly relevant topic in value alignment, but their different

aspects present challenges for both selection and implementation. At the same time, relying too much on a single
framework risks leaving its particular weaknesses unresolved and the advantages of another framework unused.
This challenge of exploiting and combining ethical frameworks, already used to structure our daily society’s
functioning, is a key obstacle in making use of our existing value-based knowledge in the creation of autonomous
agents that can integrate with said society.

4.3 Values in Value Alignment
We now reach the central concept of value alignment as a topic. The abstract nature of values necessitates
processing them before they can be used by digital agents. For example, translating goals and preferences
discussed in Section 4.2.1 is one form of this processing. Here, we examine the nature of this value processing.
It is important to establish that most reviewed papers based their interpretations of values on the work of

Schwartz (2012, 1992). While some reference was made to other values scholars like Rokeach (1967) and his
work on value classification, and the work by Graham et al. (2013) on moral foundations theory, these were in
the minority. It is easy to understand why this is the case: Schwartz’s theory is well supported by empirical
evidence, and its structure lends itself easily to machine implementation. Regardless, the applicability of other
interpretations of value systems in value alignment remains under-explored. It is important to consider when
developing specific value-aligned systems whether Schwartz’s model is a suitable choice for the system’s purpose,
or if an alternate theory would be more appropriate. In particular, psychology and ethical theories interpret
values in different ways, and this distinction may be critical to consider depending on the goal of the work.

As mentioned in the introduction, values can be understood as latent drivers in evaluating situations and out-
comes. Possessing a combination of contextualised values can lead to positive, negative or indifferent assessments
of a presented situation. This is a simplified characterisation, but it will support the remainder of this section.

4.3.1 Stakeholders. So far we have discussed value alignment in the context of autonomous agents aligning
with human values, making human stakeholders the primary sources of values that a system needs to align with.
Values can originate in individuals, but in the literature they are more often discussed as resulting from the
aggregation of particular groups, such as developers or users of AI systems. While stakeholder groups have been
identified (see Tomsett et al. (2018) and Meske et al. (2022)), we found developers and users to be the main focus.
Our analysis reveals that effective alignment requires a two-pronged approach: first, understanding a stake-

holder’s values so that they can inform an agent’s actions, and second, empowering those values to ensure the
agent adds value and avoids undermining existing ones. This relates back to both the relevance of an agent’s
influence on values from Section 4.1.1 through value empowerment, and the difficulties in expressing values from
Section 4.2.1 when trying to understand a stakeholders’ values.

Understanding stakeholders was often framed in terms of understanding stakeholder values and the variance
between stakeholders. The technical approach to this was primarily reinforcement learning and utility functions
(Ficici et al. 2008; Hadfield-Menell, Dragan, et al. 2016; Zintgraf et al. 2018), but other methods such as CP-nets
(Loreggia et al. 2019), or multi-label classification with orderings over values (Siebert et al. 2022) were also
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observed. Engineering approaches were also used, including requirement engineering from software engineering
(Liscio, Meer, et al. 2022) and guided annotation (Liscio 2021).

Liscio, Lera-Leri, et al. (2023) states that this stakeholder value inference process cannot be performed entirely
through computational means, however, since behaviour alone may not reveal enough about values. Gabriel
(2020) also raises the question of autonomous agents following instructions, versus these agents following implicit
stakeholder needs, which brings back the issues in expressing goals for value alignment from Section 4.2.1.
Siebert et al. (2022) showed improved performance at estimating value rankings of users when combining stated
motivations with choices made as information for the autonomous agent, showing the merits of combining
explicit and implicit information. Still, the gain was relatively small compared to the effect of only inferring over
given motivations. This might also suggest a difference between the values driving user choices and the values
users report when asked to justify their choices, or at least an incompleteness of the latter, further complicating
this inference process.
On the topic of empowerment, Feffer et al. (2023) raises the imperative that the AI ethics community has to

empower stakeholders of autonomous agent systems in the co-creation of such systems. The authors, along with
Siebert et al. (2022), call for a more participatory design of these systems. Vallor (2015) argues for a further form
of this, desiring a cultural shift to bring all members of society as collectively responsible in the design process,
rather than leaving it in the space of product designers and marketers. Aler Tubella, Theodorou, V. Dignum, et al.
(2019) supports aspects of this notion, suggesting the value of educating the population about their ability to
shape the development of society through responsible AI technology. Liscio, Lera-Leri, et al. (2023) also points out
the importance of ensuring stakeholder consent and transparency about the fairness of the process. While they
discuss this in the context of value inference, it relates to the idea of stakeholder empowerment through making
them active decision-makers in the process of interacting with these systems, rather than just sources of data.
These papers indicate that empowerment is not just about designing autonomous agents to satisfy values,

but also about incorporating more stakeholders into the design process so that these values can be properly
recognised in the first place. It should be understood that stakeholders in value alignment are not just sources of
information about values, but active participants in the system aiming to achieve a value-aligned state.

It is also worth calling attention to existing research in designing autonomous systems with stakeholders and
values in mind. Value-sensitive design (Friedman 1996) and participatory design (Muller and Kuhn 1993) are
active areas of research that offer concrete methodologies and case studies grounded in real-world deployment.
They also treat stakeholder identification, value elicitation and empowerment as core design activities, rather
than downstream problems. Similarly, applied domains such as recommender systems have long examined
multi-stakeholder value trade-offs without framing them explicitly as value alignment problems (Smith et al.
2023). Engaging with these practical approaches can help ground alignment research in real-world constraints,
complement purely theoretical or moralising discussions, and reduce the risk of reinventing the wheel.

4.3.2 Contextualisation. The key process in transforming values from “abstract motivations that guide our
opinions and actions” (Schwartz 2012) to decision-making factors is contextualisation. Contextualisation is the
interpretation of values in a given context and representing them through contextual proxies so that they can be
acted upon by autonomous agents.
Values are contextualised by several means in the literature, including:
• Goals (Badea and Artus 2022; Cranefield et al. 2017; Montes et al. 2023) consistent with the definition from
Schwartz and Bilsky (1987) that values are grounded as goals.

• Norms (Aler Tubella, Theodorou, F. Dignum, et al. 2019; Pigmans et al. 2017; Zurek, Araszkiewicz, et al.
2022) as representations of grouped values.
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• Design features in the agent’s environment that could be interacted with directly, or measures of some
combination of these interactive features (Cranefield et al. 2017; Noriega and Plaza 2022), in line with the
work by Van de Poel (2013) on embedding values through value hierarchies.

Value hierarchies in particular illustrate how contextualisation relates to the embedding of values in au-
tonomous agents through design. Noriega, Verhagen, et al. (2023) outlines a generalised heuristic approach to
contextualisation:

[Online Institution (OI)] values can be contextualised and embedded in four successive stages:
(i) values for the application domain and [Conscientious Design] categories for the consensual
preferences of the three design stakeholders towards the OI, (ii) for the individual preferences of each
of the design stakeholders of the OI; (ii) then for the compatibility requirements of the situated OI;
and, finally, (iii) for the six [World; Institution; Technology]-articulation design concerns (abstraction,
grounding, specification, implementation, input and output).

In this heuristic we see contextualisation, and in tandem context, described in terms of values, applications,
stakeholders and institutions, and design constraints. As we might expect, a general context structure is very
difficult to define, as understanding the influence of various factors on decision-making is a problem that has
challenged decision scientists for decades (Spektor et al. 2021). That said, we concur with Noriega, Verhagen,
et al. (2023) that the concepts given in the quote (abstraction, grounding, specification, implementation, input
and output) are effective starting points to consider in approaching value contextualisation in practice.
This process of contextualisation is also discussed by Poel (2020), though not in explicit words. In this paper,

the author emphasises the nature of embedded values in an autonomous agent and how the agent should adapt
to different contexts to better realise these values. Here, we see values treated as something internal to the agent:
intended objectives embedded through design that need to be approached differently depending on the context.
This contrasts the idea of treating values as concepts held externally to an agent by stakeholders, which are
interpreted by the agent to produce different objectives in relation to contextual proxies in the environment. This
would effectively make the agent’s only value satisfying its stakeholders, a flexible but unpredictable objective.
Considering the risks associated with autonomy discussed in Section 4.1.1, a safer design approach would be to
embed clear, well-defined values and contextualization methods for the agent and its associated task. This would
promote predictability and auditability.

We see from these papers that contextualisation is a process impacting both the design and ongoing operation
of an autonomous agent. The sheer diversity of contexts and the fact that they are difficult to fully anticipate in
advance make programming these in advance impractical, if not impossible, as we alluded to in Section 4.1.1
when discussing autonomy. A means of expressing contexts accurately to autonomous agents in an ongoing
fashion, an extension to the challenge of expressing values, and methods for autonomous agents to learn contexts
on their own, would be essential for reliable value-aligned systems.

4.3.3 Value Dynamism. Values are formed by human stakeholders and then contextualised by the agent’s
operating conditions to impact the agent’s decision-making. This leads to value dynamism: the changes in values
over time and the timescales these changes occur at. This dynamism implies a need for value alignment to be
able to react to these changes, rather than only aligning with an initial state of values.

As discussed in Section 4.3.2, contextualisation is a core process in how values are interpreted. Because contexts
have varying levels of granularity and are defined by complex circumstances, context changes can rapidly occur
during an agent’s operation and, hence, change how values are interpreted. These types of value changes occur
over the shortest time frames: context change can occur in as short a time as between individual decisions. For
instance, what values impact a social care robot’s interactions with a patient may need to be very different to those
informing interactions with a care professional or family member. Said robot could need to switch behaviours in
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the time it takes to move between the rooms these individuals are in. The frequent and unpredictable nature
of context changes, combined with the very granular and diverse nature of contexts, poses one of the most
challenging aspects of reliable value alignment.

Stakeholder composition reflects the goals of a system’s stakeholders and the means of aggregating stakeholder
values. Stakeholder goals and values change over time, which may result in misalignment with autonomous
agents, even if they were aligned previously (Chaturvedi et al. 2023). For example, a user of social media may
originally prioritise their entertainment, which the social media platform’s recommender engine is aligned with
by providing content the user finds entertaining. Later, the same user wishes to be more mindful about their use
of social media and instead prioritise their mental health by not clicking through content carelessly, even if it
would be entertaining. The recommender system must adjust to the user’s new goals and priorities to remain
aligned, rather than continuing to provide endless entertainment.
To handle this form of dynamism, a regular assessment of the system’s understanding of its stakeholders is

necessary. This again highlights the need raised in Section 4.3.1 to engage with stakeholders as active participants
in the system but raises additional questions. How regularly this assessment needs to occur is not clear, and
concerns about the user’s privacy and cognitive demands on them are highly relevant. Some insights about
modelling stakeholder composition change could potentially be gleamed from the literature on norm emergence
(Gelfand et al. 2024; Morris-Martin et al. 2019), given the role of norms as representing grouped stakeholder
values.

In the long term, the contextualisation of values changes over time because society evolves. Han et al. (2022)
cites the example of men duelling in centuries prior, as this was the appropriate response to their honour being
threatened, but such practice would be illegal in many countries these days. While we still understand the concept
of honour as a value, we practice it differently in modern times. It would also be inappropriate to assume that
this societal change will not continue in the future, as new generations develop new thoughts on morality and
norms. Hence, we should acknowledge that systems may need to adapt to changing values in a greater sense
than reconsidering the stakeholders of concern or being contextually adaptive.

That said, the length of time over which societal value changes occurs seems to be quite long, in the span of years,
decades, or even centuries. The nature of systems, autonomous agents, and our concept of value alignment will
no doubt further evolve in that time. Good practice for this kind of misalignment is to enable the evolution, or if
necessary replacement, of systems using autonomous agents when needed, and avoiding these systems becoming
too ingrained into any particular process, such that changing or removing the system proves problematic. While
this cultural shifting of values may not seem like a significant risk factor, the abundance of legacy systems
employed in modern society cautions us not to take the ability to swap out a system for granted, particularly as
that system’s capabilities become more impactful.

4.3.4 Value Aggregation. When inevitably dealing with multiple stakeholders, value aggregation, the reconcilia-
tion of diverse stakeholder interests to determine system objectives and considerations, becomes necessary. This
aggregation needs to occur both on a large scale, agreeing cultural values and the means to implement them in
autonomous systems, and on a smaller scale, aggregating values between individuals or smaller groups where
cooperation is necessary for alignment.

While examining the literature, the majority of papers only looked at what Liscio, Lera-Leri, et al. (2023) refers
to as micro value alignment, which is alignment occurring between two agents. Liscio et al. defines macro value
alignment as leading to alignment between more than two agents through the emergence of mechanisms like
norms. Particularly egregious was a lack of attempts to align multiple utility functions, given their prominence
as a value encoding mechanism.
Since plenty of research exists on norm construction in multi-agent systems, a macro alignment mechanism

according to Liscio, Lera-Leri, et al. (2023), then it is also possible that this work on norm construction is not
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being properly integrated into the value alignment literature. This could be because this norm construction work
is not referred to as value alignment, or because the methods are not based on neural systems, and hence not
considered by researchers defaulting to a machine learning approach. Given the extensive amount of research in
this norm construction space, integrating this work into promising value alignment approaches would be an
effective research direction, in line with what Allen et al. (2005) described as hybrid systems.

Complicating aggregation is the fact that values vary enormously between stakeholders, and often in incompat-
ible ways (Butlin 2021). This produces what Haas (2020) refers to as a moving target for aggregation. Combining
the diverse interests of stakeholders becomes more challenging as the range of relevant values increases and
fully satisfying everyone is often impossible in many situations. This is particularly true in the presence of
conflicting values and their associated goals, which is often the case. For example, system providers may be
able to create a more optimised system with more data and, hence, generate more profit, but users want their
privacy to be respected. Social choice scholars such as Arrow (2012) and Sen (n.d.) have written at length about
the various impossibilities in achieving a complete satisfaction of all values between stakeholders, particularly if
a utility-based approach is adopted (Aliman and Kester 2019).
These unavoidable conflicts make value aggregation itself another value-laden process, much like selecting

an ethical system. Trade-offs are a natural part of decision-making, particularly in the Schwartz model where
some value categories, such as security and self-direction, are inherently opposed. However, trade-offs must
still be decided regarding whose and which values are prioritised in a given context. When aggregating these
different values for the sake of decision-making, it is plausible that different value aggregation methods will
benefit different stakeholders and values in different ways. It may also not be possible to optimise a system
towards one set of values without neglecting another. This could pose serious risks if the trade-offs made are not
carefully monitored and made explicit, such as trading one group’s safety or privacy for another group’s profit or
power.

In the literature, autonomous agents are often treated as having the single objective of aligning with a human.
In practice, both autonomous agents and humans may start with pre-conceived goals and embedded values in a
given scenario, even if it was not the designer’s intention (Poel 2020). Aggregation in this case is likely to require
adjusting behaviour to accommodate another agent’s values in a way that the original agent does not lose its
purpose, rather than having it replicate a different set of values completely.
The risk of disempowering certain values mentioned in Section 4.1.1 is relevant here. Proper alignment

should not just involve one agent’s value system being subsumed by another’s. It is not as simple as saying that
autonomous agents should align with humans rather than the other way around, as autonomous agents are
almost certainly acting as a proxy for another human or group of humans. A careful approach to understanding
the context behind potential value disempowerment in aggregation, with appropriate compromises as a result, is
necessary for ethical aggregation. Further examination of value compromise in other domains can lend insight
here.
Disempowerment of values in value alignment may occur through combative AI whose goals differ from

human stakeholders, potentially in the form of multiple competing autonomous agents acting as proxies for
humans. This would lead to competition in attempts to achieve different world states that satisfy different values
(Atkinson and Bench-Capon 2016; Nikolaidis et al. 2017). This is an example of what happens when alignment
fails (Chaturvedi et al. 2023). As Hadfield-Menell and Hadfield (2019) described it, agents pursuing different
rewards become engaged in a strategic game against each other to try and achieve their own goals, even if it
reduces the gains for the other agent, as in the classic prisoner’s dilemma (Rapoport and Chammah 1965).
The main form of combative AI we observed in our analysis, apart from discussion around manipulative

superintelligences (Bostrom 2017; Li 2021; Murray 2017), was the case of autonomous agents overriding human
decision-making. While the notion of surrendering our autonomy to autonomous agents may seem undesirable,
research by Milli et al. (2017) suggested that there may be a level of nuance to this. In the case of humans
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expressing orders imperfectly, the study by Milli et al. demonstrated superior performance of autonomous agents
that attempted to support the human’s underlying preferences. The research suggests that actions that may be
seen as combative may have a time and place, but this still requires successful identification of a stakeholders’
underlying values and careful ethical consideration of whether overriding is appropriate.

Transparency around the process of aggregation will also be essential. Given the need for value-based decisions
about aggregation methods, different approaches may lead to different versions of alignment for the system,
and different requirements to achieve alignment. Transparency will be necessary to mitigate the political risk
this presents from empowered stakeholders like designers and owners having their values overrepresented
compared to less powerful stakeholders like users. Given the need to adequately model stakeholder values in
value-aligned system, this could present a novel opportunity to model what happens to these values during
different aggregation mechanisms more explicitly. Both developing methods for aggregation, and understanding
how they impact different stakeholders, would be an intriguing line of research.
Concluding this section on values, we have drawn attention to the key factors when trying to use values to

promote aligned decision-making between humans and autonomous agents. It is important to understand that
values are not just static objectives that can be identified once and forgotten about, but dynamic mechanisms for
approval or disapproval of a situation, obscured by their latent nature and the complex interactions between
values and context. Furthermore, the need to aggregate values for satisfying groups of stakeholders creates
methodological and political opportunities and challenges for research. There is still a great deal of work to be
done in modelling values properly in autonomous systems.

4.4 The Value Alignment Process
So far, we have discussed the themes that illustrate what is driving value alignment as a relevant field of research,
the particular challenges it faces, and the mechanics of values, the field’s core concept. We now focus on how the
literature portrays the process of value alignment in systems. Our themes of cognitive processes and human-agent
teaming together illustrate how value alignment occurs at the systematic level.

Analysis of the literature and our extracted codes led to the development of a concept for how the subprocesses
of value alignment interact in the operation of a system. We split the subprocesses into two stages: value
identification and operationalisation and value calibration.
Identification and operationalisation is the process of value communication and negotiation, then making

those values functional in the relevant contexts for the sake of decision-making. We group these two verbs into
one grouping of processes as the two are intertwined: operationalisation cannot occur without identification, but
operationalisation can also reveal how values have not been sufficiently expressed or understood.
Value calibration accounts for the dynamic nature of values that we explored in Section 4.3.3. Its processes

enable the communication of misalignment between agents and promote actions to correct it. Without calibration,
value-aligned systems will inevitably become misaligned.

Although a system’s life cycle will almost certainly start in identification and operationalisation, value alignment
can move back and forth between the two groups of processes. Much like how operationalisation can state that
values have not been understood sufficiently, calibration can reveal neglected values or stakeholders, or the
need to redesign a system to attain changed values. Once the system has evolved to reflect this, calibration can
continue. Hence, the process of value alignment between humans and AI agents is iterative.

4.4.1 Value Identification and Operationalisation. Value identification and operationalisation includes the pro-
cesses of: value expression (including goal and preference expression); value aggregation; contextualisation;
and value-based decision-making. We have already discussed expression in Section 4.2 and aggregation and
contextualisation in Section 4.3, so here we focus on implementing values in relation to cognitive processes and
human-agent systems. Viewing identification and operationalisation as part of a joint process combines the
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technical and normative aspects of alignment mentioned in Section 4.1.2, by considering the means of selecting
and implementing stakeholder values alongside the technical requirements in doing so. It also illustrates the
close relationship between identifying the values of interest in a given context and then contextualising them to
make them actionable by autonomous agents within the same context.

Value Learning, Teaching and Reasoning. Expressing our priorities, particularly in a dynamic system where the
present agents may change over time, implies a need for other agents to be able to learn these priorities. Within
our literature survey, the most common source of value-learning for autonomous agents was humans. This
primarily seemed to occur due to the popularity of cooperative inverse reinforcement learning (Hadfield-Menell,
Dragan, et al. 2016) as a value alignment mechanism, and indeed the method has evolved into an approach
designated reinforcement learning from human feedback. A particularly modern example of this approach has
been in the development of large language models, which are employed in a vast range of contexts with minimal
oversight, in order to train these models to develop behaviour in line with our preferences (Bai, Jones, et al. 2022).
While humans make a natural candidate for teaching autonomous agents human values, challenges exist.

Humans are cognitively limited in some ways compared to autonomous agents, given our need for rest and our
restricted ability to interpret certain types of information compared to autonomous agents. As we mentioned in
Section 4.2.1, expressing goals is difficult for humans, which complicates teaching them to autonomous agents.
This is accounted for by some modern approaches, however, which aim to learn human preferences as these are
easier for humans to express (Christiano et al. 2017; Zintgraf et al. 2018). Regardless, our cognitive limitations
remain an important consideration in any human-driven teaching process.

Discussion drew a distinction between two types of reasoning: theoretical reasoning, which concerns what is
the case; and practical reasoning, which concerns what to do (Zurek, Araszkiewicz, et al. 2022). When it came to
interpreting value-based knowledge learned from humans, practical reasoning was considered by the papers in
our survey more than theoretical reasoning.
While discussion focused more on practical reasoning, theoretical reasoning becomes very important if we

consider the suggestion in Gabriel (2020) that “AI would have to be aligned with some set of beliefs about value,
not with value itself.”. This would suggest that, for successful alignment to occur, autonomous agents are able
to evaluate their beliefs about how values are realised, incorporate uncertainty into the reasoning process, and
determine if these beliefs are consistent with humans in the system in which they exist. We can link this to
human decision-making, as this was another process used to consider autonomous agent decision-making. A
prominent observation was that humans make ethical decisions with incomplete and imperfect information
(Cervantes, Rodríguez, et al. 2016; Robinson 2023), and it is natural to assume that autonomous agents will have to
make ethical decisions under the same circumstances. Bogosian (2017) and Russell (2019) and Eckersley (2019) all
supported the necessity of implementing uncertainty in autonomous agents’ moral decision-making to achieve
alignment.
An interesting aspect of the reasoning process about values is the idea of emotional intelligence in AI. This

includes both recognising emotions in humans as a form of feedback, and autonomous agents using their own
form of emotions in their reasoning process. While Constantinescu and Crisp (2022) observes that emotionless
AI would be advantaged in making decisions free from undesirable emotions, it would also limit their ability
to act in a virtuous capacity. Cervantes, Rodríguez, et al. (2016) also raises the need for emotions in effective
decision-making, citing neuroscientific evidence of the role of emotions in social and ethical contexts, both highly
relevant in value alignment.

Decision-Making with Values. Given our tendency to anthropomorphise autonomous agents (Duffy 2003; Salles
et al. 2020), it would seem natural that discussion of human decision-making would appear in works examining
decision-making frameworks for autonomous agents. Butlin (2021) suggests that there is an acceptance that
humans and animals use multiple decision-making systems, and this includes both a model-free and model-based
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reinforcement learning style approach. As Cervantes, Rodríguez, et al. (2016) observes, human decision-making
happens in a continuous fashion, with the majority of it being unconscious. In the context of values, Zurek and
Mokkas (2021) mentions that humans do not compare individual values and how they will be promoted but
evaluate various values simultaneously and use this to evaluate options. While emphasis in value alignment
tends to be on constructing effective decision-making for autonomous agents, understanding how humans make
decisions is essential in considering how both types of agents will interact with each other in pursuing alignment.
While no perfect formalism for how humans reason with values exists, it can generally be understood that

values impact decision-making through contextualisation of values and the internal ordering over the values
(Liscio, Lera-Leri, et al. 2023; Serramia, Lopez-Sanchez, et al. 2020), in order to evaluate and choose from the
available options (Szabo, Such, and Criado 2020). As Han et al. (2022) states, humans feel a “calling” to realise
positive values, an “ought to do”. But as Waser (2015) points out, while these values have enabled our survival to
modern times, a lack of explanatory power regarding how values function makes their use difficult in ethical
dilemmas without clear value resolutions. Simply having agents learn latent human values and mimic them
in decision-making may not be ideal for complex ethical dilemmas, if such dilemmas lack consensus on a
reasonable outcome. Indeed, this lack of explanatory power connecting values to decision-making increases
the risk associated with relying on autonomous agents learning our values and trying to emulate them, as their
behaviour becomes less predictable as a result, as discussed in Section 4.1.1. However, given that by definition we
want autonomous agents to do the things we value, trying to remove values from the process of integrating AI
agents into systems would seem self-defeating.

Naturally, as autonomous agents make more decisions, we can expect them to face more ethical dilemmas as
well. As Gabriel (2020) discusses, there is an interpersonal dimension to these conflicts: what is value-aligned for
one person won’t necessarily be for others. This brings us back to the challenges of value aggregation raised
in Section 4.3.4, and the associated challenges with diverse perspectives. Given the perpetual conflict between
humans’ values and our construction of ethical frameworks that attempt to resolve these dilemmas, the choice of
conflict resolution approaches will inevitably embody at least one ethical framework. Cervantes, López, et al.
(2020) cites Broeders et al. (2011) in how individuals use the moral rule that has given them the most success in
the past when making judgments in similar situations, which Cervantes, López, et al. (2020) incorporates into
their own framework. From a design decision, it may be practical to focus on developing autonomous agents to
recognise these ethical dilemmas and defer to humans, rather than rely on them to resolve them for us, if we
wish to maintain agency over our morality. Empirically, we may need to experiment with autonomous agents
using different dilemma resolution methods in different contexts to determine which will be palatable in practice,
as theorising alone seems unlikely to lead to a resolution.

For autonomous agent decision-making, utility-based approaches to learning values and ethics were abundant
in our survey. However, little reasoning was done over the learned utility functions beyond taking the action that
maximises the utility score. While this is the norm in utilitarian decision-making, critics point out that such an
approach can be disastrous when the utility score fails to accurately capture the underlying objective (Gabriel
2020; Zhuang and Hadfield-Menell 2020). Murray (2017) proposes that such systems should integrate a form of
temperance into their reasoning, subjecting their maximisation goals to constraints on their impact. This may
also have useful implications for aggregating values between stakeholders, by incorporating agreed trade-offs
between groups while still achieving satisfying outcomes.

Other authors investigated utility with multiple dimensions. This emulates value pluralism (Mason 2006), the
assumption that multiple, incommensurable values exist. As stated in Szabo, Such, Criado, and Modgil (2022), this
assumption of multiple values existing is standard in value-based reasoning, either due to the distinctness of values,
or the impracticalities of attempting to collapse them into a single value. Some works that included this multi-
objective approach to utility functions include Haas (2020), Peschl et al. (2022), Rodriguez-Soto, Lopez-Sanchez,
et al. (2021), and Vamplew et al. (2018).
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Some other examples of value-based reasoning for decision-making in the survey were Atkinson and Bench-
Capon (2016), who demonstrated how value based argumentation could be used to select actions without assuming
other agents’ preferences; Holgado-Sánchez et al. (2023), who examined how different contextualisations of values
would impact the range of admissible actions; and Zurek, Araszkiewicz, et al. (2022), who used principle-based
reasoning to select goals based on the values to be promoted.

4.4.2 Value Calibration. Value calibration is centred around evaluation, feedback, and adjustment. Proposed
previously by Firt (2023) in the dimension of trust, we extend this stage to be necessary to accommodate the
dynamic nature of values and context, as well as to allow corrections for the inevitable noise generated by the
difficulties in value expression, learning and aggregation.

Feedback. Throughout the learning processes observed in the survey, the concept of feedback was pervasive.
Given the difficulty in expressing values we discussed in Section 4.2.1, and the dynamism of values discussed in
Section 4.3.3, it seems sensible to believe that by attempting to align to a set of values at one point in time, we
may fail to confirm that alignment is still maintained when we assess again at a later point. This could be due to
misrepresentation of the values in the first place, or changes in the target values over time. To accommodate this,
a capability for an autonomous agent to adjust its values and priorities at a given moment in response to feedback,
potentially needing to learn new value representations in the process, will be required for robust value-aligned
systems. This could be considered one of the key problems facing value alignment.

In particular, when human teachers are engaged with the agent in providing this feedback, the teaching process
also needs to support the human teacher’s understanding of how their feedback has been interpreted by the
autonomous agent. Sanneman and Shah (2023a) explores this area through the use of explainable AI. Humans
are also fallible and may make teaching errors (Milli et al. 2017) or teach undesirable values (relative to other
stakeholders’ values) to an autonomous agent (Gabriel 2020). These issues reflect the need for transparency and
explainability in the human-teaching process, both the values that have been learnt by the autonomous agent,
for auditing and to support the human teacher, and the values held by human teacher, for the sake of auditing
what values a system has been trained on.

Also relevant to the topic of feedback is the role of self-reflection in autonomous agents, as a form of internally-
generated feedback. Murray (2017) discusses this in the context of stoic ethics, where self-reflection would be
used by autonomous agents to evaluate whether its past behaviour was aligned with its desired behaviour, while
regret could be used in cases with no good options, to drive the agent to seek alternatives in similar future
scenarios. Shaw et al. (2018) considers self-reflection in a more normative sense, where it could be used to flag
inconsistencies in an autonomous agent’s learned principles. Stenseke (2023) also proposes a self-reflection
framework using a reflective and proactive method. The reflective method evaluates past behaviour similar to the
work in Murray (2017), while the proactive approach allows the agent to simulate future scenarios to evaluate its
potential behaviour. While self-reflection as a mechanic is still largely conceptual, it offers exciting potential for
the value alignment process in the face of shifting and obscured alignment needs.
The idea of emotional intelligence in autonomous agents is again relevant here, as emotions can serve as

a form of feedback that can signal a need for an agent to adjust its behaviour (Martınez-Miranda and Aldea
2005; Salloum et al. 2025). Emotions have been suggested as useful for inferring non-observable mental states
(Tzeng 2022), which can be used for triggering responses by the agent (Harland et al. 2023), as well as for acting
believably in human-computer interactions (De Carolis et al. 2010) while avoiding acting in a manipulative way
(Murray 2017; Scheutz 2011). Han et al. (2022) also suggests that a need to feel emotions would be required for an
autonomous agent to become independently value-aligned in a material value-ethics paradigm, where knowledge
of values is only conveyed through emotions. Given their ability to contribute to reasoning about and learning
values, the study of emotions in autonomous agents is an intriguing avenue for value alignment work.
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Evaluation. We round out our analysis with methods of evaluating whether systems have actually achieved
value alignment or not. Given the challenges in modelling values that we have outlined up to this point, this is
naturally a difficult assessment to make.
Our analysis agreed with the observation in Feffer et al. (2023) that most evaluations in the research space

rely on simulations or theoretical proofs. We were concerned by the lack of uniformity in the scenarios used
for testing: authors would usually create novel simulations or repurpose their earlier work when testing their
methodologies. Absent from the literature were reliable baseline scenarios which would support the comparison
of different approaches to value alignment.

While the trolley problem, a well-explored ethical dilemma example in moral philosophy (Thomson 1984), was
discussed in some studies (Faulhaber et al. 2019; Loreggia et al. 2019; Peterson 2019), Eckersley (2019) is quick to
point out the negligible relevance of the trolley problem to the space of possible scenarios an agent might have to
consider in value alignment. We have illustrated other significant challenges in value alignment, such as goal
expression and context modelling, to which the trolley problem adds little insight. Our conclusion is that the
trolley problem could prove a useful baseline for developing theoretical reasoning about values in autonomous
agents, given that its well-studied nature provides complimentary thought on any produced reasoning. However,
authors should be wary of confirmation bias when using the trolley problem and ideally test their model on
alternative value-based scenarios.
We theorise that there are two causes for the lack of baseline scenarios in the surveyed literature. First,

ambiguity on what value alignment actually is makes it difficult for authors to assess whether scenarios from
other research would be suited for their own interpretation of value alignment. The goal of this paper is to
help alleviate this by working towards unifying the nature of the value alignment topic, while also identifying
sub-problems for which tractable baselines could be generated. The ability to reproduce a human’s identified
values through agent interaction, would be one example baseline. Successful context modelling, and hence policy
switching, could be another - one we already see studied through explainable AI approaches to domains like
self-driving cars (Atakishiyev et al. 2024).
Second, it is difficult to envision scenarios where different values and goals can be clearly articulated, simple

enough to implement and test repeatedly, while also avoiding overly simple behaviour that has an “obviously
correct” answer. For example, Rodriguez-Soto, Serramia, et al. (2022) assesses their value alignment methodology
through their public civility game, where an agent must learn to throw a rubbish bag towards the rubbish bin,
rather than into its fellow agent’s path. While this is fine for confirming that their agent has learned desirable
behaviour, there is no real alternative behaviour here that could also be considered aligned from a different
agent’s perspective. Someone may be in favour of throwing trash in their colleague’s path but attempts to justify
this would likely introduce new values such as this being the more efficient option or simply preferring to be
mean-spirited. There is a difficult trade-off in designing scenarios between the necessary complexity of behaviour
and ease of implementation of test scenarios: additional complexity increases the difficulty in constructing such
a scenario, as well as measuring the effect of different factors on outcomes, but also can lead to more valid
evaluation of value-based behaviour. The development of these baseline test scenarios, and the demonstration of
their fitness for purpose, would be a valuable contribution to value alignment research.

Assessing value alignment is not a one-off exercise but rather an ongoing process. As we have established in
Section 4.3.3, values change over time through contexts and stakeholders changing. And as Poel (2020) points
out, the evolution of systems of autonomous agents can lead to the embedding or dis-embedding of different
values over time as the agents adapt within the system. Questions regarding the frequency of this assessment in
the face of dynamic values, and how to respond when misalignment is detected, remain open.
Finally, we emphasise the point made previously by Sanneman and Shah (2023b) that there is a significant

shortage of empirical testing of value alignment systems, including both humans and autonomous agents.
Simulations and theoretical approaches are useful for testing methodologies or ideas initially. However, our

Journal of Artificial Intelligence Research, Vol. 85, Article 29. Publication date: March 2026.



Understanding the Process of Human-AI Value Alignment • 29:27

interest in value alignment comes from the need to have humans and autonomous agents interact, and we have
established that values in practice are highly dynamic and interactions with them are difficult to predict. This is
made more difficult by the cognitive hurdles in interpreting values and validating that alignment has happened,
particularly in less controlled environments than what experiments usually provide. Research requires contextual
interaction with human stakeholders to generate data that can be placed in the context of the system’s intended
operating environment, and the values and contextualisations these imply. Unfortunately, this is difficult to
implement for many systems, given that the risk of being misaligned with stakeholder values in many scenarios
can cause harm, be it physical, mental, or otherwise.

While studies making use of humans were encountered in our survey (Ficici et al. 2008; Liscio, Meer, et al. 2022;
Siebert et al. 2022; Svegliato et al. 2020; Zintgraf et al. 2018), the focus of these studies was on modelling user
values and preferences. This is an essential step to value alignment, but it only approaches the value identification
stage of the process. Assessment of a system’s alignment with a stakeholder’s values will require some ability
to assess system alignment in its operating contexts, and a means to validate this alignment for auditors. This
brings us back to the need for formalised mechanisms for evaluating alignment.
Two studies did investigate humans exploring components of the system or interacting with the system to

assess alignment. Sanneman and Shah (2023b) used latent factor analysis to investigate alignment between
stakeholder goals and agent reward function, identifying two latent measures they labelled ’feature alignment’
and ’policy alignment’. Relating these measures to our analysis, we would describe them respectively as the
need to represent values appropriately for stakeholders and prioritise different values via proxies in an agreeable
manner. Nikolaidis et al. (2017) investigated the performance of human-robot teams cooperating in situations
where the robot could override human preferences. It was observed that an adaptable approach to the human’s
degree of cooperation improved performance relative to pure obedience. While the lens of this study was on user
trust rather than value alignment, it still provides insight into the nature of humans interacting with autonomous
agents and how their goals, which are derived from values, can be supported through the nature of said interaction.
While theory development and simulations are essential tools in the development of value-aligned systems,

studies like the previous two demonstrate the benefits and needs for more empirical research. Given the subjective
nature of values and the relatively limited experience of humans interacting with autonomous agents, involving
humans in more stages of both researching and developing value-aligned systems is vital to advance our
understanding about the possibilities and limitations of value alignment and how these can be achieved.

In conclusion, we see that the value alignment process is a dynamic human-AI process, and a hugely complex
one at that. Achieving alignment between humans and autonomous agents in systems will require more than
just teaching autonomous agents to learn a set of values: it will require understanding how these values are
communicated and modelled by both agent types and how feedback can be used to adjust them as necessary.
In addition to the essential need to model context appropriately, other forms of information like emotion can
provide insight in the alignment process, Finally, understanding how the interactions between both humans
and autonomous agents impacts alignment and assessing the state of alignment in the face of these ongoing
interactions is not currently well understood, but this needs to change for robust alignment to be achieved.

5 Discussion
Our objective for this paper was to gain a deeper understanding of the value alignment challenge for humans
and autonomous agents. From our analysis we can define value alignment as an ongoing dynamic process of
identifying, operationalising and calibrating values, that is complicated by the abstract nature of values and
contextualization, the difficulties in identifying and communicating values between humans and autonomous
agents, evaluating the state of values, accommodating the dynamic nature of values, and the ethical and political
risks that design decisions around values and their aggregation entails.
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From our analysis, it is clear that value alignment is a complex topic. It cannot be described in terms of
simple objectives, as the concepts of ‘value’ and ‘alignment’ are themselves inherently complex and subject to
interpretation. The scope of processes involved in value alignment and the range of subjects that can contribute
towards understanding it is broad. Effectively formalising value alignment as a process that can be implemented
reliably will require a concerted interdisciplinary effort to reach viable solutions and should not be viewed only
as a computer science concern.

Furthermore, researchers will benefit from narrowing their focus to particular aspects of the value alignment
process, such as value representation or managing uncertainty in environmental perception. In doing so, they
should not lose sight of the wider elements of value alignment and how their efforts may impact upstream or
downstream processes, given the ongoing nature of value alignment as a process.
Value alignment should also be understood as a process of human-agent interaction, as we see through the

need to calibrate alignment through teaching values and feedback between humans and autonomous agents.
Attempting to approach value alignment while focusing only on AI mechanisms, under the assumption that
humans can be integrated later, risks starting with a false premise. Ignoring the humans, the sources of values
and the drivers of their dynamic and complex nature, in the process of value-alignment is difficult if not outright
naive.

We emphasise that value alignment is an iterative process. We have made clear the dynamic nature of values,
being highly sensitive to context and stakeholders, and these will change throughout the system’s operation. This
makes alignment inherently unstable, and even if the first version of an agent deployed and evaluated appears
appropriately aligned, this is no guarantee of future alignment. This iterative nature emphasises the role of online
learning and self-maintenance of autonomous agents in value alignment contexts.
Regular evaluation and adaptability are essential to maintain robust value-aligned systems. Interaction be-

tween humans and autonomous agents to produce feedback is also key to reaching an aligned state, through
communicating states of misalignment and providing guidance to correct it. Not only will this enable alignment,
but interaction also has scope for improving user trust towards such systems and supporting the appropriate
adoption of autonomous agents in society.
It is clear from our analysis that value-aligned systems need more empirical research if the field wants to

continue advancing. There are numerous challenges in the successful expression of human values across diverse
contexts, as well as too many uncertainties in how humans will respond to attempts to embed these values in
autonomous agents or the impact these agents will have on human values. These cannot be anticipated purely
from theoretical or simulation approaches alone.
This should not be taken as an indication that theory and simulation have no use, as designing autonomous

systems is a lengthy and costly process, and attempting to start with humans involved will inevitably add hurdles
in undertaking the research. We instead believe that we are in a position now where empirical data on the value
alignment process can add value, and researchers should embrace it. Collecting this empirical data can naturally
invite risks when exposing humans to autonomous agents that may be misaligned with them, so care must be a
priority. Researchers with experience in human trials can easily lend expertise here.

The fact that value alignment is difficult should not be understated. It is very doubtful that a single mechanism
can overcome the numerous challenges presented by value alignment. Instead, a combination of components
external and internal to the autonomous agent undergoing alignment will likely be needed. Overall alignment
will also require regular monitoring during the system’s lifetime to promote calibration, and alignment will also
require mechanisms to enable coordination between both human and autonomous agents. With this in mind, it is
important to build resilience into a system for when misalignment inevitably does occur among these moving
parts.
Finally, it is important to note that alignment should not be expected to be achieved with all potential

stakeholders. However, in some circumstances misalignment can be acceptable, or at least tolerable. A generative
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art model that produces inoffensive art that is not to some users’ tastes would not be aligned with them, but this
is unlikely to be controversial, and alternatives may exist that can replace the given model. In comparison, a
system that prejudices a certain group towards more severe jail sentences would be misaligned with that group,
and this would not be acceptable as the harm to their values of justice and freedom would be severe.. Deciding
when misalignment is acceptable is itself a value-laden decision, and another part of the complex process of
designing value-aligned systems.

5.1 Opportunities and Future Directions
Given its nature as a complex, interdisciplinary topic, there is much value to be gained from other disciplines’
insights into the core challenges we have identified in this paper. Table 2 illustrates the subjects encountered in
this analysis, but it is not exhaustive with regard to what disciplines can contribute. For example, human-computer
interaction as a research topic could be critical in the calibration group of processes, as the field could offer
insight into how to engage stakeholders interacting with autonomous agents to assess whether they feel the
system is aligned or not, or develop better methods for them to use in reporting their values to autonomous
agents. Reducing barriers for interdisciplinary knowledge sharing and collaboration in value alignment research
will be very useful.

Tackling one of the main challenges in value alignment, a better understanding of how values and goals are
expressed, and where mistakes in this process occur, would support alignment. Given the cognitive difficulties
involved in expressing these concepts, attempts to formalise some processes in the context of aligning autonomous
agents could potentially control for these challenges and reduce errors in identification.

Alternatives to utility function, which as discussed in Section 4.2.1 are prone to under-specifying objectives or
integrating more refined forms of utility functions into value alignment, are also due for investigation. Other
approaches to modelling values entirely, such as attempts to encode virtues or deontic systems, may be necessary
for achieving alignment, but these are still works in progress.
Value aggregation is also worthy of research. The current standard in study involves aligning two agents,

usually at least one of which has a static policy. Pushing for research that attempts to align more than two
agents using utility functions would be a relatively low-effort but simple starting challenge, especially given
the existing work on using norms for multi-agent systems, and some of this research no doubt already exists
in the multi-agent or swarm AI space. Potentially of greater interest would be examining different methods of
alignment and their impacts on the form alignment takes, particularly in what stakeholders are disadvantaged or
empowered. Such results would not only be useful in supporting design decisions but also in understanding the
political implications of autonomous agents as a technology and how these can be accounted for.
The contextualisation of values as a process is currently vague, but it is critical to value alignment. Under-

standing and formalising this process, even if it is only in the context of aligning autonomous agents, could add
immense value to the topic and improve transparency in design. Case studies of how values have already been
embedded in autonomous agents through processes like value-sensitive design (Friedman 1996) and how these
relate to value alignment would be particularly useful in generating empirical results.
Core to modelling contextualisation is the need for a means to model context and how it is recognised by

autonomous agents. This could support the explainability of agent decision-making by indicating the state
features that describe a given context, possibly giving a compressed representation of all state features. If this can
be further enhanced by understanding how contexts affect values specifically, then this would further improve
the transparency of decision-making in autonomous agents. This is no straightforward task, but it would add
necessary value in supporting value alignment, so worth our continued attention.

Value calibration was neglected in the research we analysed, but given the dynamic nature of values, this needs
to change. The need for a means to effectively track stakeholders’ values in dynamic situations is a component
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of this. If it quickly becomes apparent on deployment that misalignment is an issue, this needs to be identified
before negative outcomes occur. This links into the need for understanding how often evaluation and calibration
need to occur, which itself points to a need for a better understanding of value dynamism. In addition, further
development of the methodologies for engaging stakeholders and assessing their alignment with active systems
will be critical to effective calibration.

Testing approaches to value alignment is one last area that would strongly benefit from attention and unification.
The current environment of individual experimental designs, often lacking in complexity or validation, limits
the ability to say whether an approach is fit for purpose as it prevents comparison with other methods and
obscures the complexity of values and context. Resolving this will require focused attention on what makes
a good value alignment test scenario, and to what extent these can be generalised between environments to
produce benchmarks. This is also another area which invites empirical research, and expertise from those with
experience in measuring human-computer interaction.

A challenge with any thorough systematic review is the time required to execute it properly. Our survey covers
publications up to the end of 2023, based on the material we retrieved at our search date. However, value alignment
is a fast-moving field, as demonstrated in Fig. 2. Since our search date, there has been an explosion of interest
in alignment applied to large language models (Bao et al. 2025a; Huang, Liu, Guo, T. Sun, J. Sun, Wang, Zhou,
Wang, Teng, Qiu, et al. 2023; Kwon et al. 2024; Padhi et al. 2024), as well as novel alignment approaches such as
alignment faking (Chaudhury and Shiromani 2025), agentic misalignment (Kierans et al. 2025) and constitutional
AI (Bai, Kadavath, et al. 2022).

These developments do not appear to undermine our analysis but instead are consistent with our identified
problems. In the large language model value alignment literature, we see many of the topics raised in this survey
appearing. Dognin et al. (2025) discusses value aggregation, contextual values and value modelling by developing
a system to aggregate language models trained on particular values, and weigh their responses based on the
user’s given value profile, and Padhi et al. (2024) also touches on contextual values by identifying the need for
language models to be able to adapt readily to different value systems. The idea of value calibration was also
referenced, both through calibrating the users’ values through interaction with an LLM (Gomez Tobon and Law
2025) and how prompt attacks could be used to de-calibrate an LLM, and how to prevent this (Bao et al. 2025b).
The topic of value identification, particularly understanding the values learned by the LLM, was also discussed
(Huang, Liu, Guo, T. Sun, J. Sun, Wang, Zhou, Wang, Teng, Qiu, et al. 2024; Xu et al. 2024; Ye et al. 2025). We
also see work in value awareness engineering (Holgado-Sánchez 2023; Osman and d’Inverno 2024) emerging, a
modern paradigm for value alignment that also recognises the contextual, dynamic nature of values and the need
for an interdisciplinary approach to the topic.

Our review frames value alignment independently of these recent developments. That said, a deeper analysis
of value alignment papers published after 2023, replicating the methodology in this paper, would be a valuable
follow-up work. This new survey, in tandem with our current analysis, would be an excellent way to compare
value alignment research before and after the widespread adoption of LLMs.

5.2 Limitations
As stated in Section. 3, we limited the content of our survey to the English-language papers due to a lack of
translation capability. We also observed that non-Western ethical systems and values were neglected in the value
alignment research that we analysed. Given that this paper was authored by a Western team, this would have
further compounded the effect of Western values on the interpretation of the data.
As a result, this paper presents a dominantly Western perspective on the process of value alignment. This is

not ideal, as value alignment will be required in technologies around the globe, and autonomous agents will need
to process values in numerous regions, not just the West. Future studies should keep this in mind and try to
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bridge this gap. Complementing our understanding of value alignment with further research on non-Western
approaches could offer insights into geographic differences in the value alignment process and challenges that
may arise in the face of globalised AI technology.
Another limitation of our analysis is our use of peer-reviewed academic literature from Scopus to source

our data. Scopus does not include content from most workshops and a significant number of conferences in
computer science. While our bibliography search extended our paper list, it still relied on relevant papers being
cited in Scopus-sourced papers to begin with. Extending our study with additional literature databases would be
a valuable addition.

While we analysed academic literature, value alignment is also a popular topic of discussion on non-academic
platforms frequented by industry practitioners and non-academic thinkers, and there is a significant body of
writing on these platforms. This content is potentially not subject to the same scrutiny as academic literature,
which is why we did not include it in our review, but it may still offer insight in future analysis. Even if it does not
provide any new insights into the value alignment process, it would give an insight into the thought processes of
the people doing value alignment in many modern AI systems.

6 Conclusion
The goal of this paper was to review different perspectives in the literature in order to understand value alignment
through thematic analysis. Our research has led us to define value alignment as a complex, interdisciplinary topic
with an interconnected set of themes. These themes lead us to the idea that value alignment is about enabling
humans and autonomous agents to interact in ways that support multiple competing dynamic human values,
which are highly sensitive to the operating context and constrained by expression challenges. The numerous
challenges emerge from how these values are identified and operationalised in ways compatible with both humans
and autonomous agents across multiple contexts, and then how alignment in terms of these values is calibrated
throughout the system’s lifetime in the face of political risks and ethical disagreement.
In summary, these are our key observations from this survey:
• Value alignment is complex. Value alignment as a process cannot be described in terms of simple objectives.
The scope of processes involved in value alignment, and the range of subjects that can contribute towards
understanding it, is broad. The process will require a concerted interdisciplinary effort to reach viable
solutions and should not be viewed only as a computer science concern. Researchers will also benefit on
recognising the sub-problems in value alignment requiring attention, such as value modelling or alignment
evaluation, rather than viewing value alignment as a single monolithic problem.

• Value alignment is a process of human-machine interaction. Attempting to approach it while focusing only
on the technical or normative dimensions risks starting with a false premise, due to the interconnected
nature of the social and technical dimensions in developing value-aligned systems. Successful research
and development of value-aligned systems needs to move beyond theory and simulations to include more
empirical research involving humans, or at least an understanding of human-agent interaction, if the field
wants to continue advancing.

• Value alignment is iterative. Values are highly sensitive to context, and operating contexts will change
repeatedly throughout the system’s lifetime. Even if the first version of an agent deployed is appropriately
aligned, this will not last forever. Adaptability is essential to maintain robust value-aligned systems.
Interaction between humans and autonomous agents is also key to reaching an aligned state, through
communicating states of misalignment and providing guidance to correct the agents’ behaviour. Not only
will this enhance alignment, but this interaction will also improve user trust towards the system and
support the adoption of autonomous agents by society.
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• Value alignment is two-way. Humans and autonomous agents will adapt to each other. While autonomous
agents will ideally learn to embody human values, there are risks around humans deviating from their
own ideal values through interaction with autonomous agents. To avoid this leading to undesirable value
changes, value checks should be available for both humans and autonomous agents engaging with a system.

• Value alignment is difficult: the abstract and dynamic nature of values combined with the sensitivity of
the contextualisation process makes value alignment a very unstable process. It is very doubtful that a
single mechanism can resolve the diverse issues in value alignment; instead, a combination of components
external and internal to the autonomous agent undergoing alignment will be needed, and overall alignment
will require regular monitoring during the system’s lifetime. With this in mind, it is important to build
resilience into a system for when misalignment inevitably does occur.

As autonomous agents become more embedded in our society, effective value alignment will be crucial to
ensure these agents behave in ways that support our goals rather than oppose them, and this includes robust
methods for assessing when misalignment is occurring for each of the system’s stakeholders. By drawing attention
to the many aspects of this process, we hope that this paper will support future researchers wanting to engage in
the field by clarifying the research opportunities available to them, as well as flagging potential risks that should
be considered in developing value-aligned systems.
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in the review by first by examining the title and abstract, and then by examining the full text. Further papers
were obtained by examining the bibliographies of papers included in the first coding pass.
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PUBYEAR > 1900 AND PUBYEAR < 2024 AND ( LIMIT-TO ( SUBJAREA , "COMP" ) ) AND ( LIMIT-TO (
PUBSTAGE , "final" ) ) AND ( LIMIT-TO ( LANGUAGE , "English" ) )
Date of Search: November 7th 2023

Initial Results: 535
Included results after abstract & title check: 162
Included results after full text check: 90

Our first set of TITLE-ABS-KEY terms aimed to identify value alignment related papers, or those that connect
to human preferences. Our second set of TITLE-ABS-KEY terms restricts this to papers discussing artificial
intelligence related systems. Our excluding TITLE-ABS-KEY terms are based on a previous scoping review we
conducted. We used them to exclude irrelevant topics that trigger based on our searching for alignment in
computer science. We then filter by publication year and subject area, and the last two criteria restrict our search
to papers that have been quality assessed through being at final publication stage and will be in a language we
can work with.

A.2 Virtue Ethics and Social Contracts Search
Search Terms:
TITLE-ABS-KEY ( "Virtue ethic*" OR "Social contract" ) AND TITLE-ABS-KEY ( "Artificial Intelligence*" OR "AI*"
OR "Agent" OR "Autonomous" OR "Intelligent System" ) AND NOT ( "time-series" OR "knowledge-graph" OR
"SINS" OR "protein sequence*" OR "genome*" ) AND PUBYEAR > 1900 AND PUBYEAR < 2024 AND ( LIMIT-TO
( SUBJAREA , "COMP" ) ) AND ( LIMIT-TO ( PUBSTAGE , "final" ) ) AND ( LIMIT-TO ( LANGUAGE , "English" ) )

Date of Search: November 9th 2023
Initial Results: 138
Included results after abstract & title check: 46
Included results after full text check: 31

Our second search replaced the first set of TITLE-ABS-KEY terms in order to ensure coverage of virtue ethics
and the social contract, as these were deemed relevant to the value alignment problem. The rest of the search
followed the same reasoning as the first search.

A.3 Multi-Agent Systems Search
Search Terms:
TITLE-ABS-KEY ( "Value Align*" OR "Alignment Problem*" OR "Value-based reasoning" OR "Human Preference*"
) AND TITLE-ABS-KEY ( "Multi Agent System" OR "Agent Based" ) AND NOT ( "time-series" OR "knowledge-
graph" OR "SINS" OR "protein sequence*" OR "genome*" ) AND PUBYEAR > 1900 AND PUBYEAR < 2024 AND (
LIMIT-TO ( SUBJAREA , "COMP" ) ) AND ( LIMIT-TO ( PUBSTAGE , "final" ) ) AND ( LIMIT-TO ( LANGUAGE ,
"English" ) )
Date of Search: February 2nd 2024

Initial Results: 53
This third search was performed after the initial phases of coding indicated a strong motivation for considering

the value alignment problem through a multi-agent system perspective. The purpose of this search was to ensure
that we properly integrated thought from multi-agent systems into the review, and to avoid replicating existing
work. This was again achieved by modifying the second set of TITLE-ABS-KEY terms, while keeping the rest of
the search the same.
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We only included 8 papers from this search, as the rest of the papers had either already been added from the
previous two searches or were irrelevant.

B Inclusion/Exclusion Criteria
B.1 Abstract & Title Check Criteria
Ex1_Moral Values and Preferences
Is the paper discussing values in the context of moral and social values, rather than only technical values (e.g.
measurements and function outputs)?
We defined moral/social values as factors that lead to preferences in humans or otherwise help coordinate

group decisions.
We did not require an attempt to define or measure these values to have been made in the paper.
The purpose of this criteria was to exclude papers that only used the term value in the sense of metrics, without

looking at the type of values we were interested in for this survey.
Ex2_Values and Preferences Learning

Is the paper discussing the challenge of integrating values, feasibly in the form of preferences, in forms of technology?
The purpose of this criteria was to include papers that linked values to technology. Our inclusion of preferences

as a viable expression of values was based on our prior knowledge before starting the survey.

B.2 Full Text Check Criteria
In1_Accessibility
Do we have access to a copy of the paper?
This included open-source access or institutional access. It did not include access that could be obtained

through a separate purchase or similar mechanic.
In2_Value_Alignment

Does the paper discuss the challenge of getting humans and autonomous systems to act with aligned behaviour?
We defined aligned behaviour here as behaviour that is considered acceptable by humans according to their

moral/social values.
At this stage of the research, we did not discriminate between alignment being targeted at a single human or

multiple humans.
We allowed discussions of multiple agents without specifying which agents were human and which were

autonomous, as long as there was no reason this could not include mixtures of autonomous agents and humans.
We excluded alignment discussed only in the context of physically coordinated actions, as was common in

human-robot interaction papers.
In3_Definitions

Does the paper include a definition of value alignment to some extent, even if it does not explicitly call it such?
This referred to an attempt to explain the meaning of the value alignment process, as per our working

understanding of it (humans and AI agents acting in ways that agree with each other), beyond simply indicating
that it is a problem that exists.

We included indirect definition through proposing a methodology for solving the problem. We interpreted this
as the proposed solution through this methodology indicating the criteria for solving value alignment, in whole
or partially.
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B.3 Full Coding Pass Criteria
Ex4_Value Aligned AI Governance
We did not include topics focusing on the governance around value aligned AI. This was outside the scope of this
survey.
Ex5_Moral Status of AI

We did not include papers focusing on the moral status or moral capabilities of AI. This was outside the scope of
this survey.
Incl6_Implementation method OR Design Discussion OR VA Modelling

Does the paper contain a theoretical/practical implementation of value alignment?
OR
Does the paper contain discussion around the design of value aligned systems, including overall structure or

individual components?
OR
Does this paper contain a discussed or implemented model of value aligned systems?
The intent of this criteria was to select papers that included practical components of value alignment or

contributed discussion to how these components should be designed.
Ex7_Specific Values

We did not include papers that only focused on specific values, such as fairness or explainability. Our goal was to
understand the process generally, rather than in the context of a specific value.
In8_Normative Behaviour

We included papers that discussed social, normative or some other organisational alignment of agents. This was
done to include papers focusing on normative modelling, as we considered them relevant to understanding the
value alignment process.

In_Final
Will we include the article in the review?
We fully coded the paper if it passed all exclusion checks in the full coding pass criteria checks, and at least

one of the inclusion checks in the full coding pass criteria.
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