
Research Proposal  
 
 
Machine Learning offers unprecedented potential to automate tasks - but at the same time poses risks 
such as reinforcing historical biases [1], introducing unwanted feedback loops [2], exacerbating power 
inequalities, stifling human autonomy [3, 4] and disrupting economic sectors [5]. To systematically 
address these risks, I propose to advance the debate around democratic governance of deployed 
machine learning systems. I seek out to build and test participative tools and in parallel advance the 
theoretical understanding of governance of said systems. Specifically, I want to focus on participative 
methods to govern reinforcement learning systems in the area of work-management on work 
platforms. 
 
The need for participative governance:  
Machine Learning and reinforcement learning are increasingly used in the management of common 
pool resources [6], e.g. in ecological control [7] [8], public health [9], smart grids [10], and managing 
content and attention in online platforms [11]. Planning, deploying and maintaining these systems 
involves value laden design decisions, resulting in arbitrating between stakeholder interests [12], thus 
constituting profoundly political processes. Existing and planned governance encompasses product 
safety regulations like the AI-act as well as various norms and specifications [13]. However, these 
forms of governance are slow, static, unresponsive, oftentimes barely democratically legitimised [14] 
and seldomly allow for stakeholder participation or even undermine current provisions [15]. However, 
stakeholder participation might be the preferential way to accommodate for the non-stationarity of 
systems, hard to operationalize preferences of stakeholders [16] and dependency of deployment 
contexts on risk profiles [17, 18].  
Therefore, people have been arguing for [12] and exploring [19] participative methods for machine 
learning [20] and also reinforcement learning systems [21]. However, legal, technical, political and 
philosophical questions arise: e.g. values and trade-offs are oftentimes hidden in training data, 
technical opacity, or may emerge over time. Significant design decisions may be distributed along the 
supply chain, i.e. through pre-trained models, datasets or computing infrastructure. These issues also 
interact with classical prerequisites for participative governance like transparency, accountability and 
capacity building.  
 
Work-management as a subject area  
Participatory governance in work-management is a) of special importance as an area of application 
and b) suitable for generalisable research for governance of AI:  
a) Work and work-conditions are existential for human livelihood, wellbeing and personal 
development, as also acknowledged by the “EU-AI act” [13] proposal.  
b) in some jurisdictions (e.g. Germany) participatory governance is institutionalised through law and 
social infrastructure, i.e. works councils and unions [22]. This also means that there already exists a 
high degree of organisation providing the political infrastructure for further participatory governance.  
Within the field of work-management, work-platforms might be a suitable target for research as they 
exhibit a high level of automatisation and are at the same time notorious for poor working conditions 
[23]. To address these, worker-owned platforms emerged, e.g. The Driver Cooperative, CoopCycle. 
These organisations would be ideal collaboration partners to test participative governance in practice. 
 
Operationalisation in reinforcement learning systems 
A significant body of research exists on how different components of reinforcement learning 
systems can be adapted: e.g. by specifying action- and state-space [12], testing simulations of the 
environment [24], defining requirements of the model space [25], auditing learned policies [26] or 
adjusting the objective function [27].  
However, beyond technical questions, political and organizational questions remain: How can 
political components be reliably defined and identified? Can participatory practices be structured 
along certain dimensions, e.g. time (planning, deployment, maintenance) or generalizability (singular 
decisions vs. broader standards)? Here, I would like to explore how political theory of governance, 



newer experiences with democratic innovations and computer science literature, e.g. on Marr’s Three 
levels of analysis [28], might be usefull for deriving a more general framework for what, how and 
when to govern those systems using participatory methods. 
 
Toolkit and Evaluation 
The toolkit’s design and functioning should be informed by these theoretic considerations and be used 
to evaluate derived hypotheses. The empirical research will encompass a study on how the 
governance toolkit influences key economic and psychological indicators as well as qualitative 
analyses. It will take practical lessons from prior studies into account, e.g. from the Algorithmic 
Equity Toolkit [19], as well as research on the management of non-technical resources and 
infrastructure [29]. While a significant part of the toolkit will certainly be software, social aspects 
could play an important part in its functioning.  
 
My reasons for applying to Oxford University 
Oxford University offers a unique set of research groups with whom potential collaborations could be 
explored: At the Oxford Internet Institute (OII), Divya Siddarth is doing inspiring research on 
collective intelligences, governance of digital commons and improving low-income workers working 
conditions. The FairWork for AI working group at the OII is working on standards and benchmarks 
for platform work, which will be highly relevant for the empirical analysis. The AI Governance 
Research Group at the Future of Humanity Institute explores cooperative AI from the perspective of  
game-theory and multi-agent systems, which might be critical for understanding the general dynamics 
socio-technical system exhibit.  
 
Reuben Binns is a Professor of Human Centred Computing. His research connects political 
philosophy and law with lower-level technical operationalization. This will also be the main challenge 
of the research I seek out to do and he would therefore be my preferred supervisor. 
Legal aspects are a further crucial factor of bringing participative governance methods into practice. 
Jeremias Adams-Prassl is a professor of law at oxford university and focuses among other things on 
algorithmic work-management in work platforms. With him as my second supervisor, I would like to 
explore the legal foundations and implications of participative governance. 
 
My academic and professional experience in human-, machine- and hybrid-learning systems puts me 
into a unique position to conduct the proposed research. I have experience engineering and analysing 
the reinforcement learning systems in question, as well as connecting them to higher-level legal 
concepts within interdisciplinary research teams. Beyond this, I gathered practical experience in the 
domain in question, by doing interviews with unions and works councils on organisational constraints, 
work-management systems and collective bargaining. I’m committed to both understanding 
sociotechnical systems and designing them in a way that increases human welfare and agency. 
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