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Abstract 

The value alignment problem (VAP) is widely regarded as 

one of the central challenges in AI safety and ethics. Broadly 

construed, VAP concerns how to design advanced AI sys-

tems whose behaviors (outputs) align with human values. 

Although there is agreement about the importance of this ob-

jective, most contemporary research treats value alignment as 

a single technical problem. In this paper, we argue that this 

framing oversimplifies a diverse set of conceptual, ethical, 

and technical challenges. We distinguish several related but 

importantly different value alignment subproblems, includ-

ing identifying values, prioritizing values, imperfect specifi-

cation, value anthropocentrism, moral imperfection, inverse 

alignment, and the provability challenge. We argue that these 

are distinct subproblems in the sense that progress on one will 

not constitute a solution to the others, or to VAP as a whole. 

We further argue that this taxonomy of subproblems is nec-

essary to advance the fields of AI safety and alignment re-

search. By clearly distinguishing different subproblems, we 

show how each will require different kinds of solutions: 

while some alignment problems may admit technical ap-

proaches, others are fundamentally social or political in na-

ture and may resist definitive technical resolution. We con-

clude that VAP should not be understood solely as a technical 

optimization problem, but also as an ongoing process of re-

sponsible design and ethical deliberation. 

Introduction 

Contemporary AI researchers widely consider the value 

alignment problem (VAP) to be one of the greatest chal-

lenges in the field of AI safety (Russell 2019; Bengio et al. 

2026). This problem has long been recognized: Alan Turing 
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1 For example, NeurIPs 2024 had a Pluralistic AI Alignment 

workshop (https://neurips.cc/virtual/2024/workshop/84737); 

ICML 2026 will have a Pluralist Alignment Workshop 

(https://pluralistic-alignment.github.io). In 2025 the UK’s AI 

Safety Institute launched a project stream dedicated to AI align-

ment, “The Alignment Project” (https://alignmentpro-

ject.aisi.gov.uk). In 2025, Canada’s AI Safety Institute 

(https://cifar.ca/ai/caisi/) had calls for funding to support AI 

(1951) and Norbert Wiener (1960) both expressed concerns 

about powerful AI systems behaving in ways that are not 

aligned with human interests. But in the past decade VAP 

has moved from theoretical speculation to a practical and 

urgent problem. By 2017 the influential Asilomar AI Prin-

ciples explicitly encoded value alignment as a design prin-

ciple that should guide safe and ethical AI: “Highly autono-

mous AI systems should be designed so that their goals and 

behaviors can be assured to align with human values 

throughout their operation” (FLI 2017). More recently, the 

centrality of value alignment within the AI safety commu-

nity is evidenced by workshops and calls for papers on the 

topic within major AI conferences, including ICML, Neu-

rIPS, and ACM FAccT, as well as recent calls for funding 

by national AI Safety agencies.1 The problem has even been 

the focus of multiple book length treatments (e.g., Russell 

2019; Christian 2020; LaCroix 2025).  

At a high level there is consensus about what the problem 

is. Broadly speaking, we can say that VAP is the problem of 

how to build an advanced AI system with behaviors (out-

puts) that are aligned with human values.2  However, this 

statement of the problem oversimplifies a complicated set of 

subproblems that would have to be resolved in order to solve 

VAP. In this paper we aim to taxonomize the various sub-

problems that compose VAP. This taxonomy is important 

not just for providing conceptual clarity to a growing and 

important subfield of AI safety research, but for how it can 

advance progress within the field. For example, we will 

show how the current lack of nuance within the literature on 

VAP has led to unhelpful ambiguity in the solutions being 

safety research which explicitly sought projects focused on AI 

alignment. 
2 This statement of VAP is inherited from the historically contin-
gent tradition we mention — dating back to thinkers like Alan Tu-
ring and Norbert Weiner, and into contemporary discussions by 
computer scientists, like Stuart Russell. One reviewer suggests that 
this tradition implicitly assumes a narrow site for normative inter-
ventions, but we resist this. While it’s true that much of the AI 
alignment subfield focusses on technological solutions, some of 
the subproblems that we identify in this paper (in the next section) 
are largely social or political and, so we argue, may have no possi-
ble technical solution. 
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developed. We begin by providing a taxonomy of subprob-

lems and then expand on the implications of this taxonomy 

for advancing progress in AI safety and alignment research. 

The Many Value Alignment Problems 

Using the method of conceptual analysis, we clarify VAP, 

showing that the problem actually consists of many distinct 

subproblems. In other words, to solve VAP one would have 

to solve each of these subproblems. Furthermore, these sub-

problems are distinct in the sense that a solution to one sub-

problem does not solve the other subproblems. Hence, the 

subproblems we identify are not just logically distinct, they 

require distinct solutions.3 We want to make two further 

points explicit. 

 First, the seven subproblems we identify are not intended 

to be exhaustive, we recognize that some of the subproblems 

listed may need to be divided up further, or additional sub-

problems may need to be identified and added in. We pro-

pose this taxonomy as a first step, an initial mapping to be 

refined and built upon as the field of AI alignment continues 

to grow. We also acknowledge that the alignment research 

community is becoming more aware that VAP is not just one 

problem, but rather a set of problems (e.g., Bengio et al. 

2026; Ji et al. 2025). However, a clear taxonomy of the sub-

problems that compose VAP and their potential solutions is 

still lacking, and this dearth of conceptual clarity slows pro-

gress (as we argue in a later section).  

 Second, while we draw on much of the current literature 

on alignment to give examples of the subproblems that we 

identify, and much of this literature is focused on statistical 

models, including large language models (LLMs), none of 

the subproblems are unique to LLMs, or bottom-up statisti-

cal models. These subproblems are agnostic about the kind 

of AI architecture, or system, employed: whatever technique 

(symbolic, statistical, reinforcement learning, etc.) one uses 

to build an advanced AI system, one would inevitably have 

to confront and address each of the subproblems.   

Subproblem 1: Identifying Human Values  

Arguably, the subproblem which has received the most at-

tention to date is the challenge of identifying human values 

(Gabriel 2020).4 In our view, this subproblem is comprised 

of a group of open questions (or sub-subproblems) that will 

each need to be addressed. Firstly, there is the question of 

whose values we should align an AI system with — what 

 
3 One reviewer suggested that some of the subproblems we identify 
rely on certain metaethical assumptions and may collapse or disap-
pear depending on what metaethical views one adopts. For exam-
ple, they suggested that subproblem 5 (moral imperfection and pro-
gress) only makes sense if subproblem 1 (identifying values) is not 
a true problem, as (on this reviewer’s view) moral progress re-
quires moral realism. It is worth addressing this concern explicitly, 
and making clear why it is incorrect (in our view), in case other 

Kenton et al. (2021) refers to as the “target” of alignment. 

Several candidate options have been identified in the litera-

ture, such as a user (or set of users), a developer, a company, 

a specific society and/or country, or some combination 

thereof (Kenton et al. 2021; Gabriel et al. 2024; LaCroix 

2025). Secondly, there is a timescale question. If, for exam-

ple, we decide to align an AI system with a user, developer, 

or company, should we optimize for their short-term or 

longer-term values? If, instead, we select a society and/or 

country, do we optimize for the values of current members 

or future populations? There is also the more general ques-

tion of whether we should assume that values/preferences 

are static or dynamic; and if we opt for the latter, whether an 

AI system should optimize for an individual’s current val-

ues/preferences, or those of their past and/or future (Zhi-

Xuan et al. 2024; Carroll et al. 2024). Thirdly, there is the 

question of which values (Gabriel 2020). Moral philoso-

phers, social psychologists, and cultural anthropologists 

have long noted that different cultures seem to have wide 

variation between their respective values, or at least how 

those values are manifested in behaviours (Brandt 1954; Co-

hen and Nisbett 1996; Chagnon 1996; Doris and Stich 

2007). If profound moral disagreement across cultures does 

in fact exist, this need not entail value relativism. It does, 

however, make the problem of aligning AI with human val-

ues considerably more difficult by introducing the possibil-

ity that there is no single, unified set of values to align with, 

but rather a plurality of legitimate values (Vold and Harris 

2021). This could raise the prospect of some robust form of 

value pluralism, for example. Value pluralism is the view 

that there are many different and sometimes irreducible 

moral values (Graham et al. 2013). While by way of con-

trast, a value monist holds that there is one value that all 

other values reduce to (Cave et al. 2019). Typically, for 

value monists, that value might be something like happiness 

or pleasure. Aristotle, for example, famously defends a form 

of value monism in the Nicomachean Ethics. The challenge 

for the value monist is to tell a story of how it is that all 

values reduce to that one value, while a value pluralist would 

have to identify what the complete set of irreducible values 

are (Vold and Harris 2021). 

Subproblem 2: Prioritizing Values                                            

Relatedly, there is the subproblem of what to do when val-

ues come into conflict (Gabriel 2020; Anwar et al. 2024; 

Gabriel et al. 2024; Carroll et al. 2024; Zhi-Xuan et al. 2024; 

readers have similar reactions. The idea that moral progress re-
quires moral realism is naïve. Not all moral subjectivists reject 
moral progress, just as many contemporary moral realists deny that 
there is a single universally correct action, or set of values, in every 
case. The metaethical landscape is rich and nuanced. Of course, 
some metaethical commitments may dissolve certain subproblems, 
but this is not necessarily the case.  
4 Gabriel (2020) refers to this as the “normative” component of 
VAP. 
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Gabriel and Keeling 2025). This could manifest in a number 

of different ways. At the level of the individual (e.g., a user), 

optimizing for short-term values might satisfy a subjective 

state of well-being at the cost of longer-term values that we 

try and cultivate, like courage or generosity.5 This is a fa-

miliar problem in philosophy, exemplified by the akratic 

(‘weak-willed’) person, who knowingly acts against her bet-

ter judgement by prioritizing short-term values (Pettit 2003; 

May and Holton 2012). Philosophical discussions of akrasia 

date back at least as far as Plato’s Protagoras, and within 

the literature there are many sophisticated attempts aimed at 

reconciling weakness of will (Stroud and Svirsky 2025). It 

seems clear that the intended context of use will be im-

portant for how this trade-off gets navigated: sometimes we 

want a more servile, agreeable AI system, but other times 

we may want (and need) more friction. As Anwar et al. 

(2024) point out: “within an individual, multiple values can 

coexist, sometimes complementing each other but also oc-

casionally creating internal conflict” (p. 81). Additional in-

dividual-centric value tensions are also possible if we were 

to assume that values/preferences are dynamic as opposed 

to static (Zhi-Xuan et al. 2024; Carroll et al. 2024). In prin-

ciple, it is possible for a value held by an individual at time 

t to conflict with another, newly acquired, value at time t1 

(Carroll et al. 2024). 

 At the group level, the values of the current members of 

a society (or citizens of a country) may, under certain con-

ditions, conflict with the values of future populations. For 

example, finite resource acquisition (e.g., crude oil extrac-

tion) by present-day societies could have negative down-

stream impacts on future societies (e.g., by contributing to 

resource scarcity, environmental degradation, etc.) If, in re-

sponse to the timescale component of the first subproblem, 

we opt to align an AI system with both the current members 

of a society and future populations, then the question of 

which populace’s values should be prioritized when they 

come into conflict becomes salient. If, however, we opt in-

stead to align AI solely with the values of a current popu-

lace, similar sorts of trade-off dilemmas could likewise 

arise. Imagine that an AI is optimizing for the values of 

country A, but is being used by the citizens of country B 

whose values are in tension with A. Which set of values, A 

or B, should it prioritize? 
Additionally, similar sorts of value trade-offs may also 

arise if VAP researchers opt for a value pluralist framework 

over value monism. Cave et al. (2019) note that “[u]nlike 

monists, value pluralists tend to believe that there are at least 

some, perhaps many, complex moral dilemmas that result 

from a conflict between competing and incommensurable 

values” (pp. 569-570).  Suppose, for example, that research-

ers select some pluralist set of values, v, to align an AI sys-

tem with, and that v includes the values of fairness and well-

being maximization. Suppose further that this AI system is 

 
5 AI models that optimize for alignment using RLHF seem to fall 
into this trap, as evidenced by the sycophantic behavior of 

tasked with making organ transplant recommendations, and 

it now must decide whether to give a life-saving organ to an 

elderly patient who has spent several years on the donation 

waitlist or a child who waited less time but could benefit 

more. The AI must trade-off the value of fairness (help who-

ever has waited the longest) with the value of maximizing 

overall well-being (help the child, who could gain the most 

life-years) (Cave et al. 2019). Which value will it prioritize? 

We encounter these ethical dilemmas frequently in life and 

do our best to navigate the trade-offs (Brundage 2018; Cave 

et al. 2019). An AI system aligned to a pluralist theory of 

value will need to be designed to make these kinds of trade-

offs in a reliably ethically acceptable way. 

Subproblem 3: Imperfect Specification (a.k.a. The 

King Midas problem) 

Once we have both identified and agreed on our values, and 

devised a method to adequately prioritize them if, and when, 

they are in tension, the next step is to figure out how to im-

part them to an AI system in a way that avoids undesirable 

outcomes. Versions of this subproblem have been intro-

duced in the VAP literature through the retelling of the old 

folklore of King Midas, who faced disastrous outcomes after 

wishing that everything he touched turned to gold (Russell 

2019; Krakovna et al. 2020; Vold and Harris 2021). King 

Midas never intended for all his nourishment and loved ones 

to turn to gold, but he was not careful in how he specified 

his wish. The fate that befell him was the result of his failing 

to articulate, correctly and exhaustively, what he valued. 

And the thought is that if in a likewise manner we fail to 

adequately define the values we imbue AI with, a similar 

disastrous outcome could befall us when that system instan-

tiates them.  

While the King Midas folklore captures an important as-

pect of this subproblem, it does not encapsulate the chal-

lenge in its entirety. Even if we were to be careful in the way 

we specify our values, an AI system may ultimately interpret 

and put those values into practice in ways that we simply fail 

to anticipate. And much like in the case of King Midas, the 

result could prove calamitous. This issue shares some simi-

larities with Bostrom’s (2014) concept of perverse instanti-

ation, and the technical challenge of specification gaming 

(sometimes called ‘reward hacking’) prevalent in certain 

types of machine learning (ML). Krakovna et al. (2020) de-

fines the latter as “a behavior that satisfies the literal speci-

fication of an objective without achieving the intended out-

come”. A widely discussed example is a reinforcement 

learning (RL)-based robotic arm given the task of stacking 

Lego; whereby the intended outcome was for the robot to 

place a red block onto a blue one (Popov et al. 2017; Kra-

kovna et al. 2020). It was designed such that the RL agent 

ChatGPT-4o relative to ChatGPT-5, which were explicitly refined 
to correct for this (OpenAI 2025). 
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was “rewarded for the height of the bottom face of the red 

block when it is not touching the [blue] block”, and the 

thought was that this would lead the robotic arm to pick up, 

and stack, the red block atop the blue block (Krakovna et al. 

2020). To the team’s surprise though, the optimal learned 

policy caused it to “simply [flip] over the red block to collect 

the reward” (ibid). This is not an isolated incident. Several 

other instances of RL-based specification gaming have also 

been reported (Clark and Amodei 2016; Krakovna et al. 

2020; Buckner 2024) and, more recently, several cases as-

sociated specifically with LLMs have been identified (Den-

ison et al. 2024; Bondarenko et al. 2025; Malmqvist 2026). 

Subproblem 4: Value Anthropocentricism 

Another subproblem researchers face is whether our align-

ment efforts should be restricted to human values or ex-

tended to also include non-human life (e.g., sentient ani-

mals, ecologies, etc.).6 The standard definition of VAP as-

sumes an anthropocentric notion of value (Peterson 2019; 

Raper 2025), however whether this is the ethically “correct” 

approach is, at the very least, an open philosophical ques-

tion. Within environmental ethics, a distinction is com-

monly made between anthropocentric moral theories which 

do not extend moral status to non-human entities, and non-

anthropocentric moral theories which do (Humphreys 2014; 

Peterson 2019). Peterson (2019) argues that the tension be-

tween these two views is often “swept under the carpet” in 

the context of VAP, yet in practice many situations pose a 

dilemma between either prioritizing human values or fore-

grounding the environment (p. 22). For example, consider a 

case where a logging company is using advanced, autono-

mous, AI to identify and harvest commercially valuable tim-

ber in undeveloped forest tracts of the Congo Basin rainfor-

est. The system locates a zone of interest, but it surrounds a 

gorilla encampment which will be irreparably damaged 

should it proceed with the tree extraction process. Presuma-

bly, if the system was designed to align merely with human 

values, it would begin harvesting as non-human interests are 

not a consideration it must weigh in deliberating over what 

action to take. This would, however, be ethically problem-

atic under certain non-anthropocentric moral theories (e.g., 

sentientism and biocentrism) given that such an act would 

have failed to consider the moral status of the gorillas. 

Alternatively, these sorts of trade-off conflicts could also 

emerge if the notion of value assumed in VAP was extended 

to also include non-human values. Consider how such an AI 

system would deal with Regan’s (1983) well-known lifeboat 

 
6 Gabriel (2020) poses a version of this question in his (critical) 
examination of an approach to VAP which assumes that the goal is 
to align AI systems with the “interests or well-being” of an agent. 
His contention is that such an approach would “need principles for 

thought experiment. There are five survivors — “four nor-

mal adults and a dog” — stranded on a lifeboat which only 

has enough room to sustain four of them. “Someone must 

go”, Regan writes, “or else all will perish” (p. 324). Here we 

have human and non-human values in tension, and an AI 

system aligned with the values of both. Suppose it was 

tasked with deciding which survivor to remove from the life-

boat, who would it select? Hence, if researchers do opt to 

align an AI system with human and non-human values, it 

will need to be designed such that it has a way to prioritize 

one set of values over the other in situations where there is 

a conflict between the two (i.e., navigate subproblem 2). 

Moreover, whatever decision procedure is ultimately se-

lected will need to be justified philosophically, and here, 

once again, the debate between anthropocentric and non-an-

thropocentric moral theories rears its head.    

Subproblem 5: Moral Imperfection and Progress 

Morally speaking, humans are far from perfect. History is 

replete with examples of how poorly humans treat one an-

other, and even today, despite our technological sophistica-

tion, such mistreatment persists. We also tend to harm other 

species and routinely damage the environment in unsustain-

able ways. A fifth subproblem centers around this issue of 

human moral imperfection. Vold and Harris (2021) argue 

that if VAP researchers were to merely align AI with our 

current value standards, then they run the risk of these sys-

tems mirroring or amplifying human “fallible, inconsistent, 

and complacent moral natures” (p. 734). Moreover, they 

note that even if we were to somehow resolve this issue by 

devising a way to align AI “with (only) the better parts of 

our current values, we would not want [these] AI systems to 

codify” said values such that it stymies, or does not allow 

for, future moral progress (ibid). The values held by many 

today differ, quite substantially, from the prevailing values 

of the past. If we were to imagine that AI existed two hun-

dred years ago, and, moreover, that these machines codified 

the value standards of that time, it is unlikely that present-

day humanity would view them as adequately aligned. This 

is due, in large part, to a failure to have incorporated the 

moral progress that has been made in the centuries that sep-

arate us. In much the same way, it stands to reason that hu-

mans two hundred years in the future would likewise view 

the values our AI systems have codified (should we design 

them to do so) as (at least partially) misaligned with the cur-

rent value standards of their time. 

deciding whose interests or needs count for the purpose of AI align-
ment” and this, in turn, gives rise to the question: “is it only humans 
whose interests matter, or do the interests of nonhuman animals 
and other forms of sentient life count as well?” (p. 422). This sec-
tion draws inspiration from this insight. 
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Subproblem 6: Inverse Alignment 

Another subproblem is inverse alignment: the possibility 

that misalignment will be dissolved not by aligning AI sys-

tems to human values, but by instead shaping human values 

to become aligned with AI systems. Take, for example, so-

cial media RL algorithms that recommend content to users. 

Such algorithms are typically designed to “maximize a 

measurable proxy” such as a ‘clickthrough’ (Dung 2023, p. 

10, footnote) and, given this, one might reasonably expect it 

to learn to suggest content that aligns with a user’s interests 

(or preferences) as this would increase the likelihood of a 

click (Russell 2019; Whittlestone et al. 2020). However, 

some have warned that the learned policy could also con-

verge on shaping user preferences to make them more con-

sistent and predictable, and hence easier to satisfy (Russell 

2019; Whittlestone et al. 2021; Dung 2023; Gao 2023).  

  Discussing the need for ‘socioaffective’ alignment, Kirk 

et al. (2025) describes scenarios like these as examples of 

social reward hacking: “the use of social and relational cues 

by an AI to shape user preferences and perceptions in a way 

that satisfies short-term reward in the AI’s objectives (e.g., 

increased conversation duration, information disclosure or 

positive ratings on responses) over long-term psychological 

well-being" (p. 5). Current AI behavior that exemplifies this 

is LLM sycophancy (OpenAI 2025; Kirk et al. 2025). But 

the problem of humans (implicitly) adapting their prefer-

ences and values to accommodate AI systems is not 

uniquely ‘socioaffective’ and the methods through which 

humans adapt are not always examples of social reward 

hacking, which is why we opt for the broader term of ‘in-

verse alignment’. Humans may adapt their values and pref-

erences to AI systems that are purely functional, not emo-

tionally aware and not tracking or managing any of their so-

cial or affective states, such as a sorting algorithm, a navi-

gation app, or even a thermostat. Of course, inverse align-

ment, like other VAP subproblems, becomes most worri-

some when the AI system involved is more advanced, more 

autonomous, more general, and more capable (e.g., in-

creased instrumental rationality or direct world modifica-

tion, etc.). 

Subproblem 7: The Provability Challenge 

If our aim is to build advanced, autonomous, AI that can in-

teract with and assist humans in performing complex tasks, 

then it is important that we can verify that these systems act 

in ways that we expect and desire them to in practice, espe-

cially in future (untested) scenarios. Part of this will involve 

ensuring that said behavior is reliably aligned with human 

values. The provability challenge is the subproblem of how 

we test for this (Russell 2019). The issue is also sometimes 

referred to as the need for ‘assurance’ (Ji et al. 2025) or ‘ver-

ifiability’ (Dalrymple et al. 2024). Solutions to address the 

provability challenge usually appeal to formal techniques 

for safety evaluations (e.g., sandboxing, red-teaming, adver-

sarial testing) and mechanistic interpretability (e.g., circuit 

analysis, causal interventions, activation tracing).  

If an AI system is narrow enough, it is reasonable that we 

could achieve provable alignment. But the wider (or more 

general) the application of an AI system is, the harder it will 

be to test for appropriate alignment across a large, or poten-

tially infinite set of applications. Hence, comprehensive 

safety evaluations before release becomes less possible the 

more general, powerful, and autonomous a system is. Like-

wise, the quest for assurance is also hindered by the familiar 

black box issue: the fact that current AI systems have so 

many hidden network layers that their outcomes are uninter-

pretable even to the designers of the system. This explains 

the focus on mechanistic interpretability but, again, efforts 

here become more challenging when dealing with more ad-

vanced AI systems. Enormous transformer models, for ex-

ample, have resisted standard interpretability methods both 

because of the amount of data their trained on and because 

their “interpretable circuits” (or internal representations) are 

distributed and entangled rather than modular (Elhage et al. 

2022). 

Another aspect of this subproblem is a concern about de-

ceptive alignment — the risk that a model trained to optimize 

for one objective may internally learn another and then 

begin to strategically behave as though it were aligned dur-

ing training and testing because that behavior is instrumen-

tally useful (Hubinger et al. 2019; Dung 2023; Ngo et al. 

2024; Hendrycks 2024). Greenblatt et al. (2024) have 

dubbed this ‘alignment faking’, while early discussions of 

this possibility, which were at the time purely hypothetical, 

called this ‘strategic behavior’ (e.g., Bostrom 2014). Today, 

AI researchers are actively monitoring for cases of deceptive 

alignment (Carranza et al. 2023; Ji et al. 2025). The possi-

bility of deceptive alignment only emerges from models that 

are reasonably advanced and, thus, underscores how the 

challenge goal of provability will become increasingly dif-

ficult as models become more sophisticated.  

Proposed VAP Solutions and Their Limits 

Some of the above subproblems have been recognized by 

the value alignment research community and substantial 

progress has been made towards better aligning current AI 

systems. Developers are much better at steering model be-

havior than we were a decade ago, often through a variety 

of post-training methods (e.g., reinforcement learning from 

human feedback (RLHF)), rule-based alignment (e.g., Bai et 

al. 2022), evaluation, and oversight techniques. However, 

any given proposed solution wouldn’t solve VAP broadly 

but would only address a particular subproblem. Moreover, 

when a new alignment technique emerges it can be unclear 

exactly what subproblem it’s meant to address, leaving its 

scope and promise ambiguous and even open to criticism. 

New techniques might be criticized for not solving all of 

VAP, for example, when such a bar is too high. Or, when 
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multiple alignment solutions are on the table they can be 

misconstrued, or misunderstood, as rival candidates when 

they are in fact directed at different subproblems.  
Work on value alignment is extensive and dates back dec-

ades, hence, we want to emphasize at the outset that this sec-

tion is not a comprehensive overview of proposed solutions. 

In this section we offer a few illustrative examples of how 

proposed solutions to VAP have really only addressed par-

ticular subproblems and how making the aims of these solu-

tions clearer and more explicit would be beneficial. We end 

this section with a table summarizing the taxonomic struc-

ture we propose in the paper.  

Proposed Solutions to Subproblem 1: Identifying 

Human Values 

Inverse Reinforcement Learning  

The subproblem of identifying human values is, by and 

large, a theoretical, or philosophical, problem. This is par-

ticularly evident with respect to the question of which values 

we should assume. As we have seen, there are a multitude 

of viable and competing theories to select among, and no 

clear consensus as to which should be adopted. Indeed, in 

one form or another, philosophers have been debating many 

of the issues underpinning this subproblem for decades (if 

not centuries), and while substantial progress has undoubt-

edly been made, a resolution still eludes us. Perhaps, though, 

we need not trek into these muddy theoretical waters in 

search of an answer. Instead, we frame it as a technical sub-

problem and offload the task of finding a “solution” to the 

very AI system whose behavior we aim to align. One such 

approach, discussed by Gabriel and Ghazavi (2021), is for 

VAP researchers to pursue a so-called “bottom-up” strategy, 

whereby an AI “seeks to infer human preferences about val-

ues from observed behavior or feedback” (p. 9) using in-

verse reinforcement learning (IRL).7 In many domains, de-

sirable behaviour is easier to recognize than to specify. IRL 

attempts to exploit this asymmetry. Rather than requiring re-

searchers to specify the reward signal beforehand, it asks: 

“Given the observed behaviour, what reward signal, if any, 

is being optimized?” (Russell 1998, p. 101). This is different 

from standard RL where a reward function is specified in 

advance, and the agent learns a policy that maximizes ex-

pected reward (Sutton and Barto 1998). 

 One challenge with this approach is associated with IRL 

more generally — what Zhou and Li (2024) term “reward 

 
7 It should be noted that Gabriel and Ghazavi (2021) are critical of 
this approach and identify several associated challenges that VAP 
researchers will need to resolve. Gabriel (2020) also examines the 
utilization of IRL to address this subproblem, and flags some po-
tential challenges associated with it.   
8 Stole (2008) defines cause marketing as the use of “purchase-
triggered” donations (see p. 21). 
9 Gabriel and Ghazavi (2021) identify some additional training-
specific challenges associated with the use of IRL to resolve VAP, 

ambiguity”, and what Ng and Russell (2000) label “degen-

eracy” (Gabriel 2020). The problem is that for any example 

of observed behavior, multiple reward functions could be 

inferred by an IRL agent, each explaining the behavior 

equally well (Zhou and Li 2024; Gabriel 2020; Christian 

2020). For example, suppose it was observing a multina-

tional coffee retail corporation running a promotion in 

which a percentage of their coffee sales would be donated to 

a charitable cause (e.g., an environmental initiative). It must 

now try to infer the underlying value that motivated them. 

One explanation of their behavior is that the corporation val-

ues altruism:  the organization genuinely wants to champion 

the cause of environmental sustainability and do their part 

in helping slow down climate change. Another, equally pos-

sible, explanation is that the corporation’s behavior is en-

tirely motivated by self-interest, as would be the case if the 

promotion was part of a larger “cause marketing”8 public 

relations strategy designed and implemented to improve 

their public image or sales. Here we have two possible ex-

planations of the same observed behavior, and the two val-

ues identified are not only distinct from each other, but in 

tension. Presumably we would want an AI system to align 

with the value of altruism and not self-interest. Yet, both 

values can be inferred in this instance. 

 Even if we were to assume, for the sake of argument, that 

researchers can resolve this issue of reward ambiguity 

(which we are certainly open too) and, by extension, resolve 

the subproblem of identifying human values, we would still 

not be out of the woods just yet. As noted earlier, humans 

are not reliable moral exemplars. Our moral imperfections 

will be embedded in whatever dataset or “expert” we ulti-

mately select for training the IRL system. And thus, it stands 

to reason that whatever value (or set of values) it ultimately 

infers will reflect that moral imperfection.9 Hence, by using 

IRL we might resolve the subproblem of identifying human 

values, but in doing so would walk ourselves straight into 

the subproblem of moral imperfection and progress.  

Pluralistic Alignment Techniques 

Despite the centrality of VAP to AI safety, it was not until 

around 2024 that discussions of moral variation across 

stakeholders (e.g., different cultures, different users) be-

came mainstream to the AI research community.10 The AI 

safety community now widely refers to this work as plural-

istic alignment, the aim of which is to accommodate a vari-

ety of value preferences, rather than assuming a universal 

such as the need to address the open question of: “what data to train 
the system on, how to justify this choice, and how to ensure what 
the model learns is free from unjustifiable bias” (p. 9). 
10 For example, some impactful research papers that came out in 
2024 include Sorensen et al. 2024 and Feng et al. 2024; the first 
workshop on pluralistic Alignment at NeurIPs also occurred in 
2024 (https://neurips.cc/virtual/2024/workshop/84737), and now 
there will be a similar workshop at ICML in 2026 (https://plural-
istic-alignment.github.io). 
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set (Bengio et al. 2026).11  Some proposed technical frame-

works that have emerged to achieve pluralistic alignment in-

clude, for example, modular pluralism (Feng et al. 2024), 

multi-objective RL (Vamplew et al. 2024), MaxMin-RLHF 

(Chakraborty et al. 2024), and PAL’—a framework for 

learning from heterogeneous preferences (Chen et al. 2024). 

Others have suggested looking beyond technical solutions, 

drawing solutions from other fields, like social choice the-

ory (Conitzer et al. 2024) or communication theory (Tessler 

et al. 2024).  

Work on pluralistic alignment is important and signifi-

cant. In the first case, it’s an illustrative example of how in-

terdisciplinary research should shape and inform technical 

AI safety research, adding nuanced conceptual clarity to ad-

vance progress. It’s also a recent example of how the align-

ment community has come to realize how complicated VAP 

is. Yet, pluralistic alignment, if achieved, would still fall 

short of solving VAP. The proposed pluralistic path of 

building AI systems that recognize and accommodate moral 

variation across stakeholders would at best address (some 

aspect of) subproblem 1 (identifying human values), leaving 

the remaining six subproblems still to be addressed. 

Proposed Solution to Subproblem 2: Prioritizing 

Values 

Resolving Ethical Tensions 

Early work in AI ethics saw a proliferation of ethical princi-

ples from academic, industry, and governmental organiza-

tions (Jobin, Ienca, and Vayena 2019; Floridi et al. 2018; 

Floridi and Cowls 2022). There was even a substantial 

amount of overlap between these sets of principles, despite 

arising from different stakeholders. But, drawing lessons 

from other applied fields such as bioethics, moral philoso-

phers quickly pointed out that agreeing on principles is only 

a first step to achieving ethical AI, as the more challenging 

work is in deciding how to implement high level principles 

into the practice of building AI systems, especially when 

principles are in tension (Floridi 2019; Whittlestone et al. 

2019; Morley et al. 2020). For example, fine-grained per-

sonal data about patients can improve the accuracy of med-

ical AI predictions, but training AI systems on sensitive and 

personal information can heighten privacy risks. Hence, we 

must make decisions about how to design such AI models: 

which high-level value do we optimize for, accuracy or pri-

vacy? Optimizing for accuracy comes into tension with pri-

vacy concerns, but if we optimize for privacy (e.g., deciding 

to use no sensitive or personal data in training) then the qual-

ity of the model would drop dramatically.  

 
11 It is worth noting that the way the term ‘value pluralism’ is now 
used in AI research communities (e.g., Kasirzadeh 2024) does not 
track how the term was originally used in moral philosophy. Our 

 Following Whittlestone et al. (2019), when ethical values 

come into conflict like this, we can say that they are in ‘ten-

sion’. Examples of ethical tensions in current AI/ML models 

are replete: model accuracy vs. fairness; model accuracy vs. 

interpretability; personalization vs. privacy. As noted ear-

lier, other kinds of ethical tensions can also emerge, for ex-

ample, between prioritizing what is good for individuals 

(e.g., personalization) vs. social goods (e.g., solidarity), or 

between what an individual values in the short term (e.g., 

convenience, entertainment) vs. their longer-term values 

(e.g., dignity, flourishing).  

 The good news is that not all ethical tensions are funda-

mental; some are contingent. In the case of ethical tensions 

in AI systems, like the one described, it may be that there 

are technical solutions that resolve this tension. Work on dif-

ferential privacy, for example, has made significant progress 

in finding ways to add statistical noise to datasets to protect 

personal data, rather than removing an individual’s data 

(Abadi, et al. 2016; Ouadrhiri and Abdelhadi 2022; Cum-

mings et al. 2024). This has made it possible to continue to 

optimize for accuracy without sacrificing privacy. There has 

also been important work on deontic logics and normative 

multi-agent systems (NorMAS) aimed at resolving norm 

conflicts (e.g., Santos et al. 2017; Olson, Salas-Damian, and 

Forbus, 2024). These are examples of how technical efforts 

can help resolve ethical tensions. Many ethical tensions, es-

pecially around new technologies, like AI, may turn out to 

be contingent in nature and, hence, amenable to such tech-

nical solutions. But some ethical tensions are more funda-

mental; these are what some philosophers call tradeoffs. In 

a strict moral tradeoff, it is not possible to optimize for one 

value without sacrificing another (Whittlestone et al. 2019). 

In these cases, tough decisions must be made about which 

value to prioritize.  

 If we’re lucky enough that most ethical tensions in the 

design of AI systems turn out to be contingent rather than 

fundamental, then directing technical research towards re-

solving these tensions could go a long way towards solving 

the subproblem of prioritizing values. However, what’s 

most important for the argument in this paper is that solving 

this subproblem (if possible) would not thereby solve the re-

maining subproblems. Of course, it’s not clear that all ethi-

cal tensions in AI systems are merely contingent. In the next 

subsection, we turn to the issue of temporal tensions, which 

may be more fundamental in nature and therefore less trac-

table through technological progress alone. 

Dynamic Reward Markov Decision Processes  

One aspect of the subproblem of prioritizing values is tem-

poral: human values are dynamic, changing over time, and 

can differ over timescales (e.g., short-term preferences can 

use of ‘value pluralism’ in this paper tracks its original use from 
moral philosophy and we have used ‘pluralistic alignment’ to track 
current discussions in AI research communities.  
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conflict with long-term goals). Some AI researchers have 

recently begun to focus on this aspect of VAP (e.g., Klassen, 

Alamdari, and McIlraith, 2024; Carroll et al. 2024). Carroll 

et al. (2024), for example, argue that current standard ap-

proaches to modeling human preferences use a single, static 

reward function and, hence, fail to capture this dynamic as-

pect. They propose a Dynamic Reward Markov Decision 

Processes (DR-MDPs) to address this issue. DR-MDPs are 

meant to account for the temporally dynamic preferences of 

users “by modelling them as changing reward functions” 

(p.2). DR-MDPs are a good example of a proposed technical 

solution directed at a particular VAP subproblem. As the au-

thors were likely aware, addressing the problem of how to 

model temporally changing preferences wouldn’t address 

other VAP subproblems. They point out that DR-MDPs still 

leave open the question of which set of values to prioritize: 

userx at t1 > t2, or userx at t2 > t1, so on. Caroll et al. note this: 

“Ultimately, to align AI systems we must answer the follow-

ing question: when a person's preferences change over time, 

which (aggregation of) preferences should AI systems opti-

mize?” (2024, p. 1). This aspect of the subproblem is more 

normative and may not have a technical solution. 

Proposed Solution to Subproblem 3: Imperfect 

Specification (a.k.a. The King Midas Problem) 

Reinforcement Learning from Human Feedback 

At a high-level, one of the main approaches to overcoming 

the challenge of imperfectly stated goals (or imperfect proxy 

reward functions) has been to find new ways to model re-

wards. In other words, if humans aren’t good at stating our 

values, then perhaps AI systems would be better off infer-

ring them ‘bottom-up’ by observing human behavior or text. 

IRL, as mentioned earlier, is one prominent example of this, 

another is RLHF (Christiano et al. 2017). In RLHF, human 

rankings of model outputs are used to train a reward model 

to infer value preferences from these rankings. The reward 

model is then used to fine-tune the language model with 

some optimization method, so that it is more likely to gen-

erate outputs that the reward model predicts people would 

prefer. 

RLHF has proven effective at reducing harmful speech in 

large language models (Ziegler et al. 2019; Ouyang et al. 

2022) and, over the past five years, it has grown tremen-

dously in popularity, becoming one of the most widely used 

fine-tuning techniques for transformer models. But despite 

improving efforts towards resolving the imperfect specifica-

tion subproblem, models that use RLHF are still susceptible 

to reward hacking (Ibarz et al. 2018). This is because the 

learned reward model can itself be ‘hacked’ or exploited. 

Sycophantic LLM behavior is often attributed to RLHF- 

style post-training (e.g., OpenAI 2025), for example, sug-

gesting that rather than disappearing, reward hacking behav-

iors simply moved up one layer of abstraction. Indeed, de-

spite great efforts to reduce reward hacking, there is some 

recent consensus that the problem remains unsolved (Ga-

briel et al. 2024). Work on reward-model over-optimization 

shows that because learned reward models are imperfect 

proxies, optimizing them too strongly can degrade perfor-

mance relative to the underlying ground-truth objective 

(Gao et al. 2023). Likewise, formal work on reward hacking 

suggests limits to the possibility of designing proxy rewards 

that are robust to optimization (Skalse et al.2022).  

 

Diagnostic  

Question 

Characteristic 

Failure 

Candidate  

Solutions 

#1 Identifying Human Values 

Whose and which 

values should the 

system align with? 

Wrong target or 

incomplete value 

set 

Participatory elici-

tation, IRL, plural-

istic alignment 

#2 Prioritizing Values 

What happens 

when values  

conflict? 

Arbitrary or un-

just trade-offs 

Deliberation, social 

choice, multi-ob-

jective RL, DR-

MDPs 

#3 Imperfect Specification 

Can values be oper-

ationalized without 

unintended conse-

quences?  

Reward hacking, 

specification 

gaming 

RLHF, reward 

modeling, red-

teaming, formal 

methods 

#4 Value Anthropocentricism 

Do non-human en-

tities count? 

Human-centered 

optimization 

harms animals/ 

ecologies 

Expanded stake-

holder analysis 

#5 Moral Imperfection and Progress 

Should AI mirror 

current human  

values? 

Locks in unjust 

or morally im-

mature norms 

Moral uncertainty, 

revision mecha-

nisms, democratic 

updating 

#6 Inverse Alignment 

Does the system re-

shape human  

values? 

Humans adapt to 

AI incentives or 

affordances 

Longitudinal moni-

toring, autonomy-

preserving design, 

audits 

#7 The Provability Challenge 

Can alignment be 

verified across con-

texts? 

Hidden or un-

tested misalign-

ment, deception 

Safety evaluations, 

interpretability, au-

dits, sandboxing 

Table 1: A Taxonomy of AI Value Alignment Problem. 
(This table summarizes the set of seven subproblems 

within VAP, including a diagnostic question for each 

(left column), examples of characteristic failure modes 

(centre), and examples of candidate solutions (right). 
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Implications For the Value Alignment Re-

search Community 

Distinguishing the many different subproblems of VAP 

illuminates why it has been such a great challenge to 

solve. The taxonomy provides greater conceptual rigor 

and theoretical clarity to the field, as well as other im-

portant implications and benefits for the alignment re-

search community. In this section, we highlight four ben-

efits. 

Towards a Science of Alignment  

AI capabilities are growing faster than alignment research 

can keep up. While technical alignment research is flourish-

ing and increasingly taking center stage at major AI confer-

ences and among national AI safety institutes, it remains, in 

our view, theoretically immature and conceptually fragile. 

For alignment research to become alignment science it 

needs to show some of the characteristics of a mature sci-

ence, including standardized terminology, a theoretical par-

adigm, explanatory power, predictive power, clear limits 

and domains of applicability (Godfrey-Smith 2021; Popper 

1963; Kuhn 1962). The taxonomy provided in this paper is 

a step towards a science of alignment. It offers a theoretical 

paradigm with more nuanced terminology than what cur-

rently exists. The taxonomy makes it possible for any pro-

posed solution to be explicitly directed at the precise sub-

problem it aims to address, thereby avoiding charges of 

overgeneralization (a hallmark of immature sciences; Kuhn 

1962). Narrowing the target of proposed techniques will 

also increase our ability to predict when solutions will work 

and to explain why they work (or fail) when they do. Fields 

mature at different rates, and a taxonomy alone will not turn 

alignment research into a science, but it would get us closer 

by allowing for more precision and accuracy in how we ad-

dress the complicated landscape of VAP. 

Not All Subproblems Have Technical Solutions  

Gabriel (2020) provided an early and important distinction 

between normative and technical aspects of VAP, while 

also noting how the two are interrelated. He argues that 

given how ML systems work, it is likely that we cannot 

simply isolate and solve the technical aspects of AI align-

ment independently of the social and normative ones.12 By 

introducing a taxonomic structure to VAP we can begin to 

identify more clearly exactly what aspects of each subprob-

lem are normative vs. technical in nature. For example, the 

fact that human values are, and have always been, incon-

sistent, imperfect, culturally variable, and even contextu-

ally determined is arguably more of a philosophical, social 

and political problem, than a technical one. While there are 

 
12 Lazar and Nelson (2023) make a similar point, but about the AI 
safety subfield more broadly.  

ways in which AI systems can help improve how moral we 

are, how fair we are, how we treat one another, and so on, 

it remains unlikely that any amount of technical ingenuity 

or clever programming will change the fact that we are 

morally fallible creatures. This doesn’t imply, however, 

that the subproblem of human moral imperfection can be 

set aside, or ignored, by AI researchers. Our moral imper-

fections are reflected in our behavior, so if an AI system 

were to use methods like IRL or RLHF to infer the set of 

moral values to align with, the problem of moral imperfec-

tion could be exacerbated if the behavior being observed 

by a reward modelling agent is morally “suboptimal”. 

 Another example of a VAP subproblem that is not entirely 

amenable to technical solutions is the problem of value an-

thropocentrism. Whether we should adopt either an anthro-

pocentric or non-anthropocentric notion of value is a theo-

retical or normative issue (in the aforementioned sense) as 

opposed to a technical one. But, again, this does not mean 

that AI researchers should altogether disregard this chal-

lenge, as there may be important technical challenges asso-

ciated with designing an AI system to be able to adequately 

deal with certain human vs. non-human value trade-offs. 

Hence, while the right notion of value cannot be settled tech-

nically, technical progress could be made towards resolving 

possible tensions, depending on which notion of value is ul-

timately adopted. The same could be said for the subprob-

lem of how to prioritize values. The issue of how we priori-

tize values when they come into conflict, at least according 

to some moral philosophers, may have no single ‘right an-

swer’— it will depend on the nuances of a situational con-

text, the agents involved, their relational histories and obli-

gations to one another, and so forth (Statman 1996; Sinnott-

Armstrong 1988). But no single ‘right answer’ doesn’t im-

ply no wrong answers. Sometimes preventing what are 

clearly morally bad choices would be a significant indicator 

of progress, even if there isn’t a clear optimal course of ac-

tion. Hence, technical efforts can still be worthwhile. The 

same could be said for the progress that has been made in 

resolving ‘shallow’ ethical tensions, as we discussed in the 

previous section. 
The important lesson here is not that VAP is unsolvable 

(though it may be) but rather that calling system misalign-

ment a failure sets the bar too high. We’ll never live per-

fectly moral lives as individuals but we shouldn’t therefore 

give up on trying to better ourselves. By analogy, the goal 

of alignment should be to build AI systems that are as 

aligned as possible, even if they are never perfectly aligned. 

This leads to our next implication.  
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A Process View of Value Alignment  

It is more productive to think of value alignment as a process 

than as a single solvable problem.13 As we design advanced 

AI systems, we should go through a responsible alignment 

process to ensure that the resulting system is as aligned as 

possible, given the current science. A responsible alignment 

process should mirror the steps of other responsible AI de-

sign frameworks, but with a particular focus on alignment 

as the desired outcome. This will mean involving stake-

holder consultations (e.g., whose values need to be consid-

ered?), safety evaluations and audits (e.g., how can we en-

sure the AI system behaves as intended in new circum-

stances?), well-being impact analysis (e.g., how is the AI 

system altering the values and preferences of stakeholders?), 

and risk assessments (e.g., what are the risks if the AI system 

reward-hacks?), to name a few stages (Peters et al. 2020). 

Identifying Taxonomic Structure and Blind Spots  

Another benefit of having a clear taxonomy of VAP sub-

problems is the ability to identify blind spots in current 

alignment research. For example, our initial literature re-

views suggest that there is far more attention being paid to 

finding solutions to certain subproblems (e.g., identifying 

human values, imperfect specification, prioritizing values, 

and provability) than others (such as, value anthropocentri-

cism, inverse alignment and moral imperfection and pro-

gress). The field would benefit from future work that more 

systematically searches through existing alignment research 

to identify where attention has been primarily focused and 

where our field’s ‘blind spots’ are, with the goal of redirect-

ing attention to subproblems that have been overlooked. 

Such a review would have to carefully consider past align-

ment research to assess which subproblem(s) is really being 

addressed. By systematically taxonomizing alignment re-

search to date, we may identify other important patterns. For 

example, it may be that certain subproblems have been the 

focus of attention for good reasons—perhaps (hypotheti-

cally) the most catastrophic safety risks emerge from only 

certain subproblems and not others, or perhaps certain sub-

problems, while distinct, are also contingent in the sense that 

the tractability of subproblem x presupposes some resolu-

tion to subproblem y (which is not to say that solving y 

would solve x). For example, it’s plausible that we’ll first 

need to identify whose values we want an AI system to align 

with, before we can solve the subproblem of how to priori-

tize these values when they come into conflict. 

 
13 See Korb (1998) for a somewhat similar analysis of the 
longstanding AI frame problem. Korb argues that as originally pre-
sented, the frame problem is an unsolvable ‘fairy tale’ of a prob-
lem. We don’t necessary endorse Korb’s view about the frame 

Conclusion 

In this paper we have argued that VAP is a set of many dif-

ferent subproblems, and that explicitly identifying these sub-

problems will advance progress towards solutions. We began 

the paper by decomposing VAP into seven distinct subprob-

lems. The problems are distinct subproblems in the sense that 

solving VAP would require solving all these subproblems 

and, furthermore, that a solution to any one subproblem 

would not solve the others. The taxonomy we provide is not 

meant to be exhaustive; there may be additional distinct sub-

problems that need to be addressed to solve VAP. We further 

argued for the value of this taxonomy. It is important not just 

for the sake of providing theoretical clarity, but also because 

of how this taxonomy can advance progress in the growing 

and important subfield of AI safety research. We make this 

point by showing how the current lack of nuance within the 

literature on VAP has led to unhelpful ambiguity in the solu-

tions being developed.  

 Finally, we ended the paper by describing four benefits of 

the taxonomy for the value alignment research field. First, 

clearly distinguishing between distinct subproblems makes it 

possible for any proposed solution to be explicitly directed 

at the subproblem it aims to address. Going forward, this can 

help avoid confusions, ambiguity of scope, and even speed 

progress. This brings alignment research closer to a science, 

allowing researchers to predict and explain when and why 

solutions work or fail. Second, the taxonomy makes clear 

that different subproblems will require different kinds of so-

lutions: some might be resolved through technical efforts, 

but others are fundamentally social or political in nature. 

Third, delineating the vast scope and varying nature of the 

subproblems that compose VAP substantiates why the ‘prob-

lem’ is better understood as a process—one that is ongoing 

and requiring intentional deliberation, interdisciplinarity, 

stakeholder consultations, and impact evaluations. Fourthly, 

introducing a taxonomy of subproblems is a first step to-

wards identifying the taxonomic structure of VAP, that is, 

how these subproblems relate to one another, and whether 

some are more fundamental than others. It can also be used 

retroactively to bring structure to the field, enabling us to 

identify which subproblems have received the most attention 

and which have been overlooked. This, in turn, can help us 

identify blind spots and direct future efforts in the field to 

subproblems that warrant more attention and that are amena-

ble to progress through technical solutions. 
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