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Abstract. AI alignment is commonly framed as a technical problem
of aggregating human preferences into a coherent objective function, as-
suming that values are commensurable and symmetrically formed. In this
paper, we challenge this framing by situating alignment within the struc-
tural conditions of coloniality embedded in contemporary socio-technical
systems. Using algorithmic coloniality as a diagnostic lens, we analyze
how AI infrastructures reproduce global asymmetries through three over-
lapping dynamics: algorithmic oppression, algorithmic exploitation, and
algorithmic dispossession. We argue that these mechanisms destabilize
the neutrality of preference aggregation and the assumption of a unified
value space. Moving beyond both universalist optimization and essential-
ist cultural categories, we advance a constructive framework: Relational
Pluriversal Alignment. This perspective shifts the focus from identity-
based preference profiles to a power-sensitive reorientation of epistemic
authority. It operates through three normative commitments: prioritiz-
ing systemic exposure over abstract representation, tracking structural
vulnerability within infrastructures, and fostering translocal solidarity
grounded in shared risk. Ultimately, we reposition AI alignment not as
a technical optimization problem, but as a contested site of normative
order, epistemic authority, and global justice.

Keywords: Algorithmic Coloniality · AI Alignment · Relational Pluriver-
sal Alignment.

1 Introduction

Artificial Intelligence systems are increasingly framed within the paradigm of
alignment, where the central objective is to learn and aggregate human prefer-
ences into a unified optimization target [1–4]. This framing assumes that human
values are commensurable and that preferences can be treated as neutral inputs
to technical systems.

In this paper, we challenge this assumption. We argue that contemporary AI
alignment cannot be fully understood as a value-neutral optimization problem,
because the formation and representation of preferences are themselves shaped
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by historical and structural inequalities embedded in socio-technical systems [5,
6].

We situate this critique within the concept of algorithmic coloniality and
related work on data colonialism, which highlight how AI infrastructures re-
produce global asymmetries of epistemic authority, labor, and risk distribution
[7–9]. From this perspective, AI systems are not neutral aggregators of human
values, but active participants in shaping which forms of knowledge and experi-
ence become legible within computational systems.

This paper develops a relational interpretation of alignment that shifts at-
tention from preference aggregation to the distribution of epistemic authority
and structural exposure within AI systems. Rather than treating alignment as
a problem of consensus optimization, we emphasize its role in mediating whose
perspectives are operationalized in socio-technical decision-making.

We further argue that this reframing reveals AI alignment to be inseparable
from broader questions of global justice and epistemic hierarchy.

2 The Coloniality of Power and Algorithmic Coloniality

2.1 The Coloniality of Power

This section draws on Quijano’s concept of the “coloniality of power” [10] as a
diagnostic lens for understanding how global hierarchies persist beyond formal
colonial rule. Quijano’s work suggests that colonial domination did not disap-
pear with political independence but continues to structure modern global so-
ciety through enduring logics of hierarchy and differentiation. These logics can
be observed across multiple interrelated domains, including social classification,
labor organization, and knowledge production.

The first domain concerns social classification. Within colonial modernity,
race operates not as a biological fact but as a historically produced mechanism
of hierarchy that organizes populations into differentiated positions of value and
authority, historically positioning Europe as the normative reference point.

The second domain concerns the global organization of labor. Although for-
mal colonial rule has ended, asymmetries in economic structure between center
and periphery remain persistent. Building on the dependency tradition [11],
many formerly colonized regions continue to occupy positions of primary com-
modity extraction and low-value production, while capital accumulation remains
concentrated in the Global North.

The third domain concerns epistemic authority. Eurocentric knowledge sys-
tems have historically been treated as universal, whereas other epistemologies
are often rendered local, contextual, or non-scientific [9]. This asymmetry contin-
ues to shape what counts as valid knowledge and legitimate forms of reasoning
in global knowledge production.
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2.2 Coloniality in Socio-Technical Systems

Building on this diagnostic lens, recent scholarship has examined how colonial
logics extend into contemporary socio-technical systems, particularly digital in-
frastructures and AI.

The work on data colonialism [7] highlights how the human experience is
increasingly transformed into extractable and commodifiable data. Similarly,
research on algorithmic systems has shown that computational infrastructures
tend to reproduce historically structured inequalities rather than neutralizing
them [8].

From this perspective, AI systems are better understood not as neutral tech-
nical artifacts but as infrastructures embedded within global histories of knowl-
edge extraction and labor stratification. Their datasets, model architectures, and
deployment contexts are all shaped by uneven global relations of production and
epistemic authority. This motivates the analytical perspective developed in the
following section, where we examine how these dynamics are manifested in con-
temporary AI systems.

2.3 Algorithmic Coloniality as a Diagnostic Lens

We use algorithmic coloniality as a diagnostic lens to describe how epistemic,
economic, and political hierarchies are reproduced through algorithmic systems.
We situate algorithmic systems within broader histories of structural inequality,
rather than treating them as isolated technical systems.

Rather than proposing a closed theoretical framework, we use this lens to
organize the recurring patterns observed in AI systems across different domains.
These patterns can be broadly associated with three interrelated manifestations:
algorithmic oppression, algorithmic exploitation, and algorithmic dispossession.
These are not discrete categories but analytically overlapping ways in which
structural inequalities become operationalized through computational infrastruc-
tures.

Algorithmic oppression refers to the reinforcement and amplification of his-
torically sedimented social hierarchies through computational decision-making
systems. This builds on analyses of search engines and algorithmic classifica-
tion as sites of racialized and gendered distortion [6, 12]. It can be observed in
systems where classification, ranking, and prediction reproduce structural in-
equalities under the appearance of neutrality.

Algorithmic exploitation refers to the distributed extraction of labor and
value embedded within AI production infrastructures. Drawing on digital labor
and platform capitalism literature [13, 14] as well as empirical studies of data
work [15], this refers to the global stratification of cognitive and affective labor
that sustains AI systems while concentrating value accumulation in dominant
technological centers.

Algorithmic dispossession refers to the epistemic and infrastructural recon-
figuration of knowledge production under computational regimes. This includes
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the privileging of computationally legible forms of knowledge and the marginal-
ization or transformation of alternative epistemologies [7, 9]. It highlights how
datafication reshapes what can be known, represented, and recognized within AI
systems.

Importantly, these should be understood not as a taxonomy or formal decom-
position, but as three overlapping analytical perspectives that together reveal
how colonial logics persist within contemporary algorithmic infrastructures. The
following section builds on this diagnostic lens to examine how these forms of
algorithmic coloniality are instantiated in concrete AI systems and deployment
settings.

3 Mechanisms and Instantiations of Algorithmic
Coloniality

This section illustrates how algorithmic coloniality manifests in contemporary
AI systems through recurring sociotechnical patterns that reproduce structural
inequalities in practice.

3.1 Algorithmic Oppression

Algorithmic oppression can be observed when historically produced social hier-
archies are encoded and reinforced through automated decision-making systems
[12].

In domains such as policing, credit scoring, and content moderation, pre-
dictive models are often trained on data that reflect historically unequal so-
cial arrangements. Consequently, algorithmic systems can transform structural
inequalities into seemingly neutral computational outputs. Predictive policing
systems, for instance, use historical arrest records to guide future surveillance
allocation, while credit scoring models embed socioeconomic inequalities into
assessments of financial risk. In both cases, algorithmic decision-making repro-
duces existing hierarchies through the appearance of technical objectivity. Simi-
lar dynamics have also been observed in administrative governance. In the Dutch
childcare allowance scandal (Toeslagenaffaire) [16], algorithmic risk assessment
procedures disproportionately targeted immigrant families, including many with
dual citizenship linked to former Dutch colonies, illustrating how historically sit-
uated categories of difference can become embedded within apparently neutral
systems of automated decision-making.

From the perspective of algorithmic coloniality, these systems demonstrate
how historical relations of power can be rearticulated through apparently objec-
tive computational infrastructures.

3.2 Algorithmic Exploitation

Algorithmic exploitation refers to the extraction of value from human labor
that remains essential to AI development while being rendered economically
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invisible and systematically undervalued. Although AI is frequently portrayed
as a technology of automation, its development relies extensively on human
labor. Tasks such as data annotation, content moderation, and Reinforcement
Learning from Human Feedback (RLHF) [15] are routinely outsourced to workers
in regions such as Kenya, India, and the Philippines, where labor costs are lower
and regulatory protections are often weaker.

This pattern is not merely a matter of operational efficiency. Scholars of
platform capitalism and digital labor have argued that contemporary digital
infrastructures systematically externalize labor costs while concentrating eco-
nomic value within a small number of technology firms located primarily in the
Global North [13, 14]. As a result, the benefits generated by AI systems are often
unevenly distributed across global production networks.

RLHF provides a particularly clear example of this dynamic. To improve
model safety and alignment, contractors are frequently required to review toxic,
violent, or otherwise disturbing content. While these workers bear substantial
psychological and emotional risks, the resulting improvements in model per-
formance and commercial value are largely captured elsewhere, revealing an
asymmetric distribution of benefits and harms within AI production systems.
Empirical reports have documented that such labor is often outsourced to work-
ers in countries such as Kenya, where contractors may be paid less than $2 per
hour while performing intensive content evaluation tasks for large-scale AI sys-
tems [17]. This illustrates how RLHF pipelines operationalize a global division of
labor in which the burdens of model alignment are externalized to economically
and geographically marginalized populations.

3.3 Algorithmic Dispossession

Algorithmic dispossession refers to the reconfiguration of epistemic authority
through AI systems, whereby certain forms of knowledge become recognized as
legitimate while others are rendered invisible, secondary, or unusable. As Mignolo
argues, modern epistemic systems are structured by hierarchies that universalize
particular forms of knowledge while marginalizing alternative ways of knowing
[9].

AI systems can reproduce these hierarchies through processes of datafica-
tion and computational standardization. Dataset curation, benchmark design,
and alignment procedures determine which forms of knowledge are collected,
represented, evaluated, and ultimately incorporated into model behavior. In do-
ing so, they privilege forms of knowledge that are computationally legible while
excluding or transforming epistemologies that resist formalization.

From the perspective of algorithmic coloniality, this process extends beyond
questions of representation. It concerns the redistribution of epistemic authority
itself: whose knowledge becomes encoded into technical systems, whose perspec-
tives shape model behavior, and whose ways of knowing are rendered peripheral
within AI-mediated infrastructures.
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4 From Universal Alignment to Relational Pluriversal
Technoscience

4.1 The Limits of Universal Alignment

Contemporary AI alignment is commonly formulated as the problem of learn-
ing and aggregating human preferences into a unified objective function. This
framing implicitly assumes that human values are commensurable, that agents
are symmetrically situated, and that preference aggregation can be treated as a
neutral technical procedure.

However, as argued in the preceding sections, such assumptions obscure the
structural conditions under which preferences are formed. Drawing on the con-
cept of algorithmic coloniality, we contend that AI systems are embedded within
historically produced asymmetries of knowledge, labor, and authority. These
asymmetries shape not only the distribution of data but also the formation of
what is treated as “preference” in alignment systems.

From this perspective, universal alignment is not merely a technical aggrega-
tion problem but a sociotechnical framing that risks reproducing existing global
hierarchies under the appearance of optimization. This calls into question the
assumption of a single coherent value space as both theoretically and politically
stable.

4.2 The Limits of Existing Pluriversal Alignment Discourse

In response to the limitations of universalist frameworks, recent scholarship in
decolonial AI and pluriversal thinking [18, 19] has emphasized the need to rec-
ognize multiple epistemologies and value systems. However, we argue that some
interpretations of pluriversal alignment [20] remain limited in two respects.

First, they may implicitly rely on relatively fixed representations of cultural
or geopolitical categories. By treating groups such as “Indigenous communities”,
“Global South users” or “Western societies” as stable units of preference [21], such
approaches risk reifying the very epistemic boundaries they seek to challenge.
This produces a flattened ontology of difference, where internally heterogeneous
and contested social formations are reduced to static preference profiles.

Second, such framings can inadvertently reproduce what Edward Said the-
orized as Orientalism [22], insofar as marginalized groups become objects of
representation rather than epistemic agents. Even inclusive efforts to incorpo-
rate “diverse values” may unintentionally transform situated and evolving social
relations into extractable data representations.

To move beyond this limitation, we draw on intersectional theory [23], which
emphasizes that social positions are internally differentiated and structurally
produced. Class, gender, labor relations, linguistic marginalization, and techno-
logical exposure jointly shape fundamentally different relations to AI systems,
even within the same nominal group [24]. For example, the lived experience of
a highly paid urban technology worker and a precarious content moderator may
diverge sharply within the same national context.
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We therefore suggest that alignment discourse would benefit from shifting
attention away from identity-based aggregation toward relational positioning
within sociotechnical systems.

4.3 Toward Relational Pluriversal Alignment

Building on this critique, we advance a relational interpretation of pluriversal
alignment grounded in algorithmic coloniality. Rather than treating alignment
as the aggregation of pre-given preferences, it can be understood as a normative
reorientation of how epistemic authority is distributed and recognized within
sociotechnical systems.

This perspective suggests three normative commitments.
Commitment 1: Affectedness over Representation. Epistemic author-

ity should be more attentive to degrees of systemic exposure to AI-related harms
and externalities. Those who bear disproportionate risks—such as content mod-
erators, marginalized language communities, or populations subject to auto-
mated misclassification—should be meaningfully included in shaping and con-
testing system outcomes.

Commitment 2: Relational Position over Essentialist Identity. Align-
ment should move beyond static demographic categories and attend instead to
relational positions within sociotechnical infrastructures, including labor condi-
tions, platform dependency, and structural vulnerability. This helps avoid reify-
ing cultural identities while foregrounding the production of inequality through
technical systems.

Commitment 3: Solidarity over Preference Aggregation. Rather than
aggregating preferences across abstract groups, alignment can be understood as
being informed by forms of translocal solidarity grounded in shared exposure to
systemic risk. Such solidarity is not based on shared identity, but on overlapping
relations of exploitation, extraction, and epistemic marginalization.

Taken together, these commitments reframe alignment not as a fixed techni-
cal solution but as a normative orientation toward sociotechnical systems under
conditions of structural asymmetry. In this sense, pluriversal alignment functions
less as a design blueprint and more as a critical lens for rethinking what it means
for AI systems to be aligned at all.

5 Conclusion

This paper has argued that AI alignment cannot be adequately understood as
a neutral problem of aggregating human preferences. Instead, it must be situ-
ated within the historical and structural conditions of coloniality embedded in
contemporary socio-technical systems.

We have shown that AI infrastructures are not neutral optimization systems,
but are shaped by and participate in global asymmetries of labor, knowledge
production, and risk distribution. These asymmetries affect not only system
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outcomes, but also the conditions under which preferences and values are formed
and rendered computable.

From this diagnostic perspective, we have proposed a relational reinterpre-
tation of alignment that shifts attention from universal preference aggregation
toward epistemic authority and structural exposure within AI systems. This re-
framing emphasizes how socio-technical systems distribute voice, visibility, and
harm across differently situated populations.

More broadly, this perspective suggests that AI alignment is not merely a
technical problem, but a site where competing normative orders of knowledge
and authority are negotiated and made visible.
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