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Abstract 
“Epistemic centralisation” is a consequence of building Large Language Models on pre-training 
datasets that disproportionately represent global knowledge sources. An emerging body of 
research is revealing the extent to which the design of these Frontier AI models is leading 
towards what has been called “generative hermeneutical erasure”, favouring the "default 
speaker", a “voice from nowhere”. In turn, this is prompting the formation of regional networks 
committed to equitable language representation and representative training datasets. The global 
reach of a small set of commercially driven AI platforms is also pushing nations towards 
“Sovereign AI”, although recent surveys show that most sovereign projects depend on 
partnerships with a small set of US-based Big Tech companies. These trends indicate that 
creating regional or focused networks to address epistemic centralisation does not, in itself, 
ensure epistemic justice. As with all technologies, social, economic, and political factors have a 
determining role, expressing forms of power, grounded in the history of colonialism, that persist 
long after formal colonial administrations have ended. 
 
The systemic injustices of epistemic centralisation have significant implications for the recording 
of academic achievement, particularly for the value of credentials recognised and exchanged 
across national borders, the focus of the Groningen Declaration Network. Ensuring 
hermeneutical justice in credentialing starts with quality assurance; the benchmarks and 
standards which underpin trust in teaching and learning. New benchmarks should acknowledge 
that Artificial Intelligence will soon be ambient, and that assessment must measure the ability to 
use AI appropriately and critically. The GDN is well positioned to contribute towards these goals 
through secure forms of digital credentialing and Comprehensive Learner Records, helping 
create a network of networks that recognises epistemic validity across national borders and 
global regions. 
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Epistemic Centralisation 
“Epistemic centralisation”, in the context of Artificial Intelligence, is a consequence of building 
Large Language Models that depend on pre-training datasets that disproportionately represent 
global knowledge sources (Leslie & Perini, 2024). These “frontier” models - the most advanced 
general-purpose forms of Artificial Intelligence available at a given time - favour dominant 
languages and cultures in constructing their outputs and then present these outputs as 
definitive, authoritative and universal; the “default speaker”, an “unmarked identity that 
conversational systems perform when they claim to speak from nowhere” (Gaba, 2026). Unlike 
bias and hallucination, which are episodic, epistemic centralisation is a structural issue that 
leads towards “epistemicide”; the consequence of one way of knowing erasing and replacing 
another (De Sousa Santos, 2014). 
 
Epistemic centralisation starts with the language inequality that is embedded in the tokenisation 
model used by all the major Frontier AI models. Tokenisation divides text into units, “tokens”, 
which may represent whole words, parts of words, punctuation or other character sequences. 
Each token is then given a numerical label, “an integer identifier”, which is used to prepare text 
for processing by the model. During training, the model learns patterns from tokenised data; 
when responding to a user prompt, it uses these learned patterns to generate a sequence of 
tokens, which is converted back into readable text as the model’s output. Because tokenization 
systems use English as a standard, Frontier AI models favour data sources and outputs written 
in English. As a result, all other languages face a premium that requires proportionately more 
tokens, resulting in higher costs, lower efficiency, and a significant disincentive to include non-
English resources in pre-training data sets.  Languages that use non-Latin scripts, such as 
Bangla, Hindi, Arabic, and Urdu, can increase processing costs fifteen-fold compared with 
English (Petrov et al., 2023; Lundin, Zhang et al., 2026).  
 
For example, take the greeting “Hello, how are you?” In English, “Sawubona, unjani?”, in isiZulu, 
one of South Africa’s twelve official languages. OpenAI’s  tokenizer algorithm uses six tokens to 
process this greeting in English, but nine tokens to capture the same message in isiZulu. In 
effect, this is a tariff of 50% on any textual material processed by OpenAI’s ChatGPT models in 
isiZulu; “an active design decision that determines who benefits from AI and who bears hidden 
costs" (Hasse & Pokutta 2026). 
 
 

Language Text Token divisions Number of 
Tokens 

English Hello, how are you? Hello · , · how · are · you · ? 6 

isiZulu Sawubona, unjani? S · aw · ub · ona · , · un · j · ani · ? 9 
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An emerging body of research is revealing additional ways in which the design of Frontier AI 
models is eroding epistemic validity. AfroBench is a set of measures for evaluating the 
performance of Large Language Models across 64 African languages, 15 tasks and 22 
datasets. A study using these criteria found significant performance deficits when uses of these 
languages were compared with monolingual English. When a language is weakly represented in 
the underlying data, then everyday knowledge expressed primarily through that language is 
much less likely to become part of what a Large Language Model can retrieve and incorporate 
in its outputs (Ojo, Ogundepo et al., 2025). For example, curricula in many African countries 
incorporate information about agricultural practices that require contextual ecological 
knowledge, but these essential details are often excluded when curricula are generated by 
Frontier AI models: “This trend of epistemic erasure of African farming methods is not new and 
has been historically ushered in via imperialism and colonisation through industrialisation 
processes, but AI risks further erasing Indigenous knowledge. For example, Western rationality 
perceives plants as objects, whereas Indigenous Eastern African knowledge sees plants as 
beings with spirit and agency. Yet these East African values are often absent from AI-generated 
agricultural curricula” (Maisiri & Musonza, 2025). 

The World Values Survey measures people’s values, beliefs and attitudes across more than 
120 countries and tracks how they change over time. Questions cover a wide range of subjects, 
including attitudes towards politics, religion, democracy and political authority, family and 
marriage, gender equality, work, national identity, ethnic diversity, and subjective wellbeing 
(World Values Survey, 2026). A study of five Large Language Models found that, when 
prompted with questions from the World Values Survey, all initially generated outputs aligned 
with survey responses from English-speaking and Protestant European countries. But in this 
case, epistemic centralisation was not the consequence of inadequate training data; when 
provided with area-specific guidance, the models’ cultural alignment improved by between 70% 
and 80%, showing that Western cultural assumptions serve as the default, while other cultural 
positions have to be specified as contextual exceptions (Tao, Viberg et al., 2024). 

Considerations of epistemic centralisation lead in turn to the principles of epistemic justice. 
Here, Miranda Fricker’s critical philosophy anticipates questions that are now being raised about 
the programming of Frontier AI models (Fricker, 2007).  Fricker distinguishes between 
“testimonial injustice”, when a person's credibility is diminished due to identity prejudice, and 
“hermeneutical injustice”, which occurs when a person cannot make sense of, or explain, their 
own life experience because of the lack of the words or concepts to understand it.   

Applied in the context of Artificial Intelligence, testimonial injustice occurs when an AI 
application exhibits episodic bias across gender, ethnicity, and race (Gándara, Anahideh et al., 
2024; Gándara and Anahideh, 2025). Hermeneutical injustice arises in contexts such as using 
AI-generated content to learn about farming, plants, and animals in African languages, or when 
the Protestant values of English-speaking countries are imposed as the “default speaker” in the 
formulation of AI outputs. Given the extraordinary reach and impact of Frontier AI models, 
Mollema has argued that the systematic misrepresentation of marginalised social groups’ 
experiences will ultimately result in what he calls “generative hermeneutical erasure” (Mollema 
2025). 
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Countering Epistemic Centralisation 
The dominance of a small set of Frontier AI models and their global reach is prompting the 
formation of regional networks committed to equitable language representation and 
representative training datasets. 
 
LatamGPT is a regional model that brings together fifteen countries to assemble datasets that 
reflect regional cultures and histories in Spanish, Portuguese, and indigenous languages. The 
project is coordinated by Chile’s National Centre for Artificial Intelligence (CENIA) (Hope, 2026; 
LatamGPT, 2026): “What makes Latam-GPT remarkable isn’t its technical architecture, but its 
institutional coordination. In a region where cross-border collaboration often stalls, Latam-GPT’s 
design reflects the region’s institutional diversity. It provides a shared base that can be fine-
tuned for national priorities - Argentine legal documents, Colombian health records, and 
Mexican curricula, among other use cases. This federated logic acknowledges that common 
linguistic roots coexist with wide differences in governance and user needs” (Yeyati, 2025). 
 
Another example is SEA-LION (Southeast Asian Languages in One Network), a set of open-
source Large Language Models enabled by Singapore's National Research Foundation and 
hosted by the National University of Singapore (SEA-LION, 2026; Ng, Nguyen et al., 2025). 
Southeast Asia has more than 1000 languages spoken by some 700 million inhabitants. To 
counter the consequences of epistemic centralisation, SEA-LION is putting together models 
based on Southeast Asian linguistic and cultural material. SEA-LION’s open-source strategy 
allows other organisations in the region to offer applications without recreating a foundation 
model themselves: “epistemic and technological decentralisation within an interconnected global 
AI ecosystem” (Ng, Nguyen et al., 2025). 
 
AI4Bharat, a project of the Indian Institute of Technology Madras, also uses open-source 
models as an alternative to proprietary applications and has developed a series of multilingual 
Large Language Models tailored for India’s 22 scheduled languages and hundreds of dialects, 
brought together in datasets such as IndicCorpora and Sangraha (AI4Bharat, 2026; Khan, 
Mehta et al., 2024). In contrast to the web-scraping and copyright violations for which Frontier AI 
models are notorious, AI4Bharat trains its models through the authorised uploading of a large 
corpus of locked PDF content held in India’s institutional repositories, including government 
reports, educational material, religious texts and literature that are authenticated source 
materials for the traditions, practices, and historical accounts that are unique to different parts of 
the country (Khan & Khapra, 2024). AI4Bharat’s IndicVoices dataset also includes some 23 000 
hours of speech from about 50 000 speakers (Javed, Nawale et al., 2024). 
 
Building networks to counter epistemic centralisation is also in the interests of its perpetrators 
because of the risk of “model collapse”, which increases as Large Language Models come to 
depend on synthetic and superficial data; sources created by previous and repetitive iterations 
that are fed back into training data as ultimately destructive feedback loops (Villalobos, Ho et al., 
2024; Shumailov, Shumaylov et al., 2024). In response, Frontier AI companies are prioritising 
pre-training datasets that include “real-world” high-quality content obtained through networks of 
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organisations that create high-quality real-world data. These include some of the largest for-
profit academic publishers (Oderinwale & Kazlauskas, 2025). For example, in mid-2024, 
Informa, the parent company of the prominent academic publisher Taylor and Francis, signed a 
major data-sharing deal with Microsoft without academic authors' consent, provoking substantial 
backlash (Jack, 2024). 
 
Factors such as these come together as a contradiction inherent in Sovereign AI; a country’s 
ability to build, run and govern Artificial Intelligence using local data, hardware infrastructure and 
software in alignment with domestic values, laws and security needs (McKinsey, 2026; Song, 
Tsukioka et al., 2026).  On the one hand, Sovereign AI enables projects such as AI4Bharat and 
SEA-LION to counter epistemic centralisation at scale by assembling pre-training data sets 
marginalised by the first wave of large commercial AI models.  But most Sovereign AI initiatives 
rely on commercial partnerships with Frontier AI providers.  CNAS’s Sovereign AI Index reports 
that “in practice, most ‘sovereign’ AI projects rely heavily on foreign - overwhelmingly American - 
technology providers. These foreign companies remain deeply embedded across more than 170 
national infrastructure and model projects tracked by the index. More than three-fifths of tracked 
projects disclose at least one foreign partner, and four-fifths of these involve a U.S. company” 
(Chavez, Chilukuri & Scanlon, 2026). 
 
This indicates that creating regional or focused networks to address epistemic centralisation 
does not, in itself, ensure epistemic justice. This is anticipated in Fricker’s discussion of how 
injustice manifests as “hermeneutical hotspots” in collective social experiences, resulting in 
forms of epistemic disadvantage that are coercive rather than the consequence of individual 
decisions, such as the use of a particular technology. Fricker emphasises that this form of 
marginalisation is, by definition, an expression of collective powerlessness and exclusion from 
practices and opportunities that would have had value to participants: “It is only when the 
collective impoverishment is concretely situated in specific social situations that it comes to be 
especially and unjustly disadvantageous to some groups but not others. Hermeneutical lacunas 
are like holes in the ozone - it's the people who live under them that get burned. Fundamentally, 
then, hermeneutical injustice is a kind of structural discrimination” (Fricker, 2007). 
 
This becomes evident in the case of indigenous languages and their tangible manifestations as 
cultural property (United Nations, 2007; Kwok, 2026).  Here, the risk is that the open source 
principles that underpin projects such as SEA-LION, AI4Bharat, and Latam-GPT leave 
indigenous knowledge resources vulnerable to commercially driven data extraction, in which 
human experiences become a resource to be mined for economic value (Couldry and Mejias 
2019). 
 
Indigenous Data Sovereignty (IDS) is a framework that extends the political notion of 
sovereignty into the realm of information: it asserts that data relating to Indigenous communities 
should be governed by those communities, according to their values and for their collective 
benefit (Carroll, Rodriguez-Lonebear & Martinez, 2019). This is set out in the CARE Principles 
for Indigenous Data Governance. Rather than focusing on making data open and shareable, 
CARE principles focus on people and purpose, emphasising that data use should align with the 
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rights and needs of indigenous communities. This approach focuses on who benefits from data, 
who has authority over it, who is responsible for its use, and whether its use is ethical (Global 
Indigenous Data Alliance, 2019; Kwok, 2026). An example of the successful application of the 
CARE principles is Te Hiku Media, a Māori non-profit broadcaster that collects and archives oral 
recordings of indigenous knowledge and licenses use under the Kaitiakitanga License, based 
on the Māori concept of community guardianship (kaitiakitang) (Spano & Zhang, 2025; Kwok, 
2026; Te Hiku, 2026). 
 
Addressing epistemic centralisation and its consequences, then, cannot be limited to technical 
solutions for assembling Large Language Models that better represent world languages and 
diverse data sources; as with all technologies, social, economic, and political factors play a key 
role. These dimensions come together in the concept of coloniality; the persistence of forms of 
power that are grounded in the history of colonialism and persist long after formal colonial 
administrations have ended (Quijano; 2000; Couldry & Mejias, 2019, 2021; Muldoon & Wu, 
2023; Cambraia & Pyrrho, 2025). 

Epistemic injustice and credentialing academic 
achievement 
When Generative AI applications first became widely available in late 2022 and early 2023, 
many educational organisations' first instinct was to ban their use.  This absolutist approach was 
soon abandoned, although Manichaean solutions are still debated in student assessment, with 
positions ranging from returning to handwritten submissions to fully incorporating AI into new 
assessment modalities (Desai, 2025; Grove, 2026). Other risks of using Artificial Intelligence 
applications for educational purposes are well documented. Studies have described “cognitive 
offloading”, which can occur when reliance on AI applications reduces the efficacy of learning 
processes, as well as the emotional dependency that can follow from personalised and 
automated student support (Fan et al., 2025; Namvarpour, Brofsky, et al., 2025). 
 
Meanwhile, the sophistication and scope of AI models have continued to evolve in the 
exponential-like pattern characteristic of digital innovations. Artificial Intelligence is becoming 
ambient, ever-present in day-by-day uses of the digital facilities offered by Microsoft, Apple and 
Google (Microsoft Ignite, 2025; Twarogal & Grębski, 2025; Acallar, 2026; Apple, 2026). In turn, 
this is enabling fully-automated sequences for core university processes, from student 
enrollment management (CollegeVine, 2025), running a research laboratory (University of 
Toronto, 2026), and for the full process of writing and publishing an academic paper, from 
formulating the research problem to authoring and reviewing the manuscript reporting a 
project’s outcomes (Gottweis, Weng at al., 2026; Nature, 2016). 
 
Less attention has been given to the implications of epistemic centralisation for the quality of the 
knowledge transmission that underpins the value of a credential, both for those studying within 
“hermeneutical hotspots” and for everyone else, everywhere, as the “default speaker” flattens 
variegated forms of knowledge into a more uniform and synthetic landscape. A good place to 
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start a discussion of what this means for credentialing is quality assurance; the benchmarks and 
standards which underpin trust in teaching and learning. The succession of guidances issued by 
Australia’s Tertiary Education Quality and Standards Agency provides an apt starting point 
(TEQSA, 2023, 2025, 2026).  
 
TEQSA's approach is underpinned by "learning assurance" as a quality principle; the 
requirement that institutions provide evidence of both formative work and appropriate 
assessment. In turn, this requires that students can understand AI's epistemic role critically and 
that assessment tasks are "designed to foster responsible and ethical use of AI in ways that are 
authentic to both the task and the discipline" (TEQSA, 2023). Rather than focusing on AI 
detection mechanisms, TEQSA encourages institutions to redesign assessment methods to 
capture authentic evidence of student capabilities for using new technologies appropriately 
(TEQSA, 2025). 
 
TEQSA's most recent guidance focuses on the importance of "adaptive capabilities"; the 
distinctively human capacity to apply lived experience, embodied understanding and ethical 
awareness. "Institutions should consider investing in developing a systematic capacity to collect 
and analyse data on learning processes. This requires the coordinated development of learning 
analytics infrastructure and research methodologies, as well as staff technical capabilities to 
work with data that illuminates how students are engaging with tasks over time". This suggests 
quality assurance standards that include evidence of "the traces students generate as they plan, 
monitor, seek feedback, revise work, interact with resources and make decisions, including how 
they engage with gen AI" (TEQSA, 2026).  
 
Implementing any form of quality standard in teaching and learning provision leads in turn to 
conventions for setting learning outcomes and signifying learner attainment in the form of a 
formal record that serves as a credential that is meaningful and can be trusted. This requires 
what Bernstein called a “pedagogic device”; a mechanism that shows how knowledge and 
different ways of knowing are translated for the purposes of teaching and learning (Bernstein, 
2000, Maton, 2026). Building on TEQSA’s guidance, this recontextualisation requires records of 
the traces that students create as they plan and revise their work, engage with Artificial 
Intelligence, use resources, and demonstrate, through appropriate forms of assessment, that 
they have developed the adaptive capabilities that are the distinctive feature of human 
intelligence (Floridi, 2025; TEQSA, 2026). 
 
The GDN has led in advancing the concept of a “network of networks”, strengthening the key 
mechanism for protecting the diversity of the global knowledge commons.  Here, the objective is 
to facilitate the portability of digital credentials across and between national higher education 
systems: “Participants in this ecosystem work together on the safe administration, processing, 
consultation, transfer, exchange, acceptance and recognition of digital student data in addition 
to appropriately verified paper-based records, using the best standards and technology 
available, in order to guarantee trust in this digital student data ecosystem” (GDN, 2026). The 
GDN has also championed the opportunities inherent in the Comprehensive Learning Record as 
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a mechanism for a secure, immutable and mobile record of learner attainment (IMS Global, 
2025).  
 
This positions the GDN to address the consequences of epistemic centralisation through secure 
forms of digital credentialing that recognise epistemic validity across national borders and global 
regions; a key element for a future “federated learning” model that joins secure digital 
credentialing with a digital knowledge commons, diamond open-access publishing and open AI 
applications.  
 
Federated learning, originally conceptualised by Google, is an architecture in which a Large 
Language Model is trained on datasets stored on institutionally based servers, without the data 
ever leaving its original location (Stanford HAI, 2026).  In higher education, federated learning 
has been used successfully in health sciences research, where data protection obligations 
prevent patient records from being copied to a generic pre-training database (Topaloglu, Morrell 
et al., 2021). However, given the urgency of developing an alternative to Frontier AI models, 
federated learning has significant potential to bring universities together as a global network of 
networks. 
 
To match the scale and scope of commercial Frontier AI models, a federated network of 
universities will require metadata that indexes an equally large ocean of source materials that 
are quality-assured and ethically assembled. This system has been prototyped in initiatives 
such as LA Referencia, a regional network of institutional repositories across Hispanic American 
countries, including Brazil, Argentina, Mexico, and Colombia (Bueno-de-la-Fuente & Agustín-
Lacruz, 2025). The Confederation of Open Access Repositories (COAR) now has more than 
140 members and partners across the world: “The real value of repositories lies in their potential 
to become an interconnected network that can provide unified access to an aggregated set of 
scholarly and related outputs that machines and researchers can work with in new ways. This 
vision of networked repositories promised to make research outputs more discoverable, enable 
connections between related content, and contribute to the development of other value-added 
services built on repository resources” (Shearer, 2024; COAR, 2026). 
 
A federated digital data commons comprising institutional repositories could licence data 
sources for commercial use, in line with the CARE Principles for Indigenous Data Governance, 
ensuring data quality and protecting authors' attribution rights. Such a system would provide 
diamond open access, free of processing charges and commercial publishing profit margins, as 
envisaged in the 2021 UNESCO recommendation on Open Science; a network of local diamond 
open access “capacity centres,” regional “capacity hubs”, and global co-ordination: a "globally 
distributed, aligned, high-quality, and sustainable scholarly communication infrastructure that is 
managed and owned by the scholarly community, and where the quality of outputs is derived 
from the trust in the communities running the journals" (Mounier and Rooryck, 2023).  
 
A federated digital data commons would also provide high-quality “real-world” data for training 
fully open and transparent alternative AI models such as AI2’s OLMo framework: “The OLMo 
project, ‘by scientists, for scientists,’ aims to empower academic and research communities to 
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study language models. Its open framework seeks to drive new scientific inquiry into AI's 
fundamental questions, including data-model relationships, bias, and risks. This open science 
approach counters AI's commercialization, proving it can rival proprietary systems while 
fostering a deeper, more accountable understanding of these powerful technologies” (Mehmood 
2025). 
 
Taken together, this set of initiatives has the potential to turn the principles of epistemic and 
hermeneutical justice into a practical reality across global Higher Education, assuring the 
continuing value of secure digital credentialing, the GDN’s specific area of focus and expertise. 
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