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Abstract 

Artificial intelligence (AI) systems that incorporate human feedback into reinforcement 

learning (RL) are transforming adaptive control and personalized learning. Reinforcement 

learning from human feedback (RLHF) enables Large Language Models and other AI 

assistants to align with human preferences and educational goals, rather than relying solely on 

engineered reward functions. In science, technology, engineering, and mathematics (STEM) 

education, RLHF provides a framework for building adaptive tutoring systems, intelligent 

laboratories, and robotics platforms that respond to teachers’ and students’ evaluations in real 

time. Drawing on recent research in adaptive control, human-AI collaboration, and 

educational technology, this article situates RLHF at the intersection of computational 

accuracy and human involvement, yet identifies a major gap in the context of education in 

Africa. It combines evidence from current sources to explore conceptual bases, integration 

methods, and pedagogical uses, while addressing ethical and operational challenges such as 

feedback quality, algorithmic bias, data privacy, teacher oversight, explainability, and fair 

implementation. The discussion shows how RLHF can support adaptive and ethical learning 

systems that enhance rather than replace human expertise. It is recommended that future 

research focus on developing robust, transparent, and human-centered RLHF systems through 

long-term, cross-cultural studies, improved teacher–AI collaboration, and standardized 

evaluation frameworks to enhance the effectiveness, fairness, and sustainability of adaptive 

STEM education in Africa. 
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Introduction 

Artificial intelligence (AI) is now deeply embedded within the infrastructures of higher 

education, especially in science, technology, engineering, and mathematics (STEM) 

disciplines that depend heavily on iterative experimentation, computational modelling, and 

simulation. In these domains, AI supports a wide range of functions, from intelligent tutoring 

systems and automated grading to adaptive laboratory simulations and robotics education. 

However, genuine digital transformation in learning does not emerge merely from automation 

or efficiency gains; it depends on alignment - the capacity of AI systems to learn from and 

with human agents in a shared context of meaning and evaluation. Alignment ensures that the 

outputs of AI, including GenAIs like ChatGPT, Claude, Geminis, and specialized AI systems, 
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correspond not only to quantitative performance metrics but also to the qualitative values, 

goals, and expectations of the human stakeholders who design, teach, and learn with them. 

Recent empirical studies demonstrate that students respond more positively to AI 

tools that visibly acknowledge and incorporate their feedback. Some studies on students’ 

perceptions of AI in higher education found that perceived adaptability and transparency were 

the strongest predictors of satisfaction and trust, and that visible responsiveness in AI-based 

learning tools reinforced learners’ persistence and intrinsic motivation, especially in technical 

subjects where iterative problem-solving is key (Grájeda et al., 2024; Igyu et al., 2025; 

Sasikala & Ravichandran, 2024). These findings, including studies in the context of higher 

education in Africa, show that AI systems perceived as learning companions rather than 

opaque evaluators encourage students to engage more deeply in reflecting and adjusting their 

learning behaviour in response to system feedback (Ebele & Agbade; 2020; Effiong, & 

Agbade, 2016; Ihekoronye et al. 2020). Consequently, in the evolving ecology of higher 

education, adaptive feedback loops among learners, educators, and intelligent systems are 

becoming central to effective teaching and learning. 

Reinforcement Learning from Human Feedback (RLHF) embodies this principle of 

alignment by formalising a framework through which AI systems can learn from human 

preferences rather than pre-coded mathematical functions. Traditional reinforcement learning 

(RL) relies on reward signals that are explicitly engineered to maximise measurable outcomes 

such as accuracy, efficiency, or performance. While powerful, such reward functions often 

fail to capture the nuanced social and pedagogical values inherent in human learning 

environments. RLHF replaces these static reward formulations with dynamic, qualitative 

feedback provided by human students, instructors, or domain experts who evaluate the 

desirability or correctness of the system’s actions. As Kaufmann, Weng, Bengs, and 

Hüllermeier (2023) explain, this approach ―learns from human feedback instead of relying on 

an engineered reward function‖ (p. 3), enabling adaptive systems to approximate human 

judgment through iterative preference modelling (Meremikwu et al.2022; Ibu et al.2019; Adie 

et al. 2022). 

One of the most important advances in reinforcement learning was showing that 

human preferences can effectively replace manually crafted reward functions. Christiano et 

al. (2017) demonstrated that reinforcement learning agents trained through pairwise human 

preference comparisons developed complex behaviors that closely matched human 

expectations, even when explicit reward functions were hard to define or unavailable. This 

represented a major shift from traditional reinforcement learning to preference-based 

optimization, in which human judgment plays a key role in the learning process. Building on 

this, Ouyang et al. (2022) introduced InstructGPT, demonstrating that large language models 

refined with reinforcement learning from human feedback produced responses that users 

consistently preferred over those from larger models trained only with standard language 

modeling. These important studies established RLHF as a practical approach to aligning 

artificial intelligence with human intentions, values, and expectations, providing a strong 

theoretical foundation for educational uses where quality, fairness, and contextual judgment 

are crucial. 

In educational contexts, RLHF allows AI tutors, chatbots, and learning analytics 

systems to interpret teacher corrections, peer assessments, or student preferences as guidance 

for future behaviour. For instance, a virtual chemistry tutor could receive teacher feedback on 

the clarity of its explanations, or students’ satisfaction ratings on problem difficulty, and 

adjust future interactions accordingly. Over time, the model internalises these patterns to 

approximate the pedagogical logic of expert instruction. This human-in-the-loop process 

transforms learning environments from static repositories of content into interactive 
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ecosystems where feedback serves as both a pedagogical and computational driver of 

improvement. 

The practical significance of RLHF extends well beyond educational theory into 

engineering and control science, where the stability of feedback mechanisms has long been a 

central concern. Hafner and Riedmiller (2011) observe that any feedback-driven control 

system must balance adaptation to new information with stability against oscillation or drift. 

In an RLHF context, the same principle applies: a model that reacts too strongly to every 

piece of feedback risks erratic and inconsistent behaviour, while a model that adapts too 

slowly may fail to meet user expectations. This tension is particularly pronounced in higher-

education settings, where human feedback can be inconsistent, subjective, or delayed. 

Moreira et al. (2020), in their study of human–robot interaction, show that excessive 

sensitivity to noisy feedback can induce instability in system performance, reinforcing the 

need for ―moderated adaptation‖ techniques such as signal smoothing, weighted learning, or 

confidence-based reward filtering (Ibu et al. 2019; Igyu et al. 2022; Adie, et al. 2026; 

Meremikwu et al. 2022) 

These control-theoretic insights are directly relevant to the design of educational 

RLHF systems that must reconcile diverse student opinions without undermining coherence 

or fairness. Moreover, the principles of feedback stability and adaptation echo core concepts 

of STEM pedagogy. In engineering education, feedback control represents the balance 

between responsiveness and overshoot, a metaphor that mirrors the learning process, too little 

feedback stifles growth, too much destabilises it. By grounding RLHF in this technical 

tradition, educators can develop adaptive systems that both respond to learner needs and 

maintain structured progression. The interconnection between reinforcement learning and 

control theory thus bridges computational and educational disciplines, showing how stability 

analysis can inform the development of intelligent tutoring systems and laboratory 

simulations that ―learn‖ in step with human cognition. 

The ethical dimension of RLHF is equally crucial. As Liu (2023) argues, 

reinforcement learning systems must sustain value alignment by embedding transparency, 

accountability, and interpretability within their architectures to ensure that machine learning 

remains within human normative boundaries (p. 12). In the absence of such safeguards, 

adaptive systems risk reproducing bias, amplifying inequity, or eroding user agency. Ethical 

alignment entails not only compliance with data protection and fairness standards but also a 

commitment to making the adaptation process understandable to users. Transparency about 

how human input modifies system behaviour cultivates trust and reinforces a sense of shared 

ownership over learning outcomes (Igyu et al, 2025; Ogunode, & Agbade, 2023; Olofu et al. 

2019; Opara et al.2020; Agbade & Ironbar, 2017). 

In STEM education, these principles are particularly relevant given the high stakes of 

performance evaluation and the rapid pace of technological change. Students must be assured 

that their feedback is not only heard but used responsibly; teachers must remain confident 

that algorithmic decisions align with pedagogical intent; and institutions must ensure that 

adaptation processes respect academic integrity. As Klimova and Pikhart (2025) observe, 

perceived transparency in AI systems correlates positively with both academic well-being and 

student confidence. Thus, ethical stewardship in RLHF is not a secondary consideration but a 

precondition for sustainable adoption. 

This was succinctly echoed by Pope Leo IX (2026) in his Magnifica Humanitas - 

―Magnificent Humanity,‖ issued on 25 May 2026. The whole document is about putting the 

human person at the center of AI governance. RLHF is literally designing how the model 

learns from human feedback, which translates to asking humans what counts as a good, 

dignified, helpful answer. For universities in Africa, that’s an argument for developing their 

own RLHF models with local teachers and students, rather than importing models trained 
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only on US or EU data. Most African universities aren’t running full RLHF labs yet, like 

Stanford, but there’s active piloting, research, and adoption happening right now — and 

Africa has unique reasons to care about RLHF. Africa isn’t necessarily lagging behind in 

RLHF. The work is happening in language, EdTech, and research. The next step is to fund 

small, course-level RLHF pilots at 5-10 universities and share the datasets. That’s how you 

go from "ChatGPT knows calculus" to "An AI that teaches calculus the way students in 

Accra, Bloemfontein, and Nairobi actually learn it." (UNESCO, 2021). 

These perspectives illustrate that RLHF unites three critical dimensions of educational 

innovation: technical adaptation, pedagogical effectiveness, and ethical stewardship. By 

integrating insights from control theory, cognitive science, and human–computer interaction, 

it offers a framework for designing AI systems that evolve through human partnership rather 

than human replacement. The remainder of this paper elaborates on these dimensions, 

exploring how RLHF can support adaptive, trustworthy, and human-centred systems in 

STEM teaching and learning. The conceptual narrative also makes the argument for future 

directions for education in Africa by leveraging on RLHF within the discipline.  

 

Conceptual and Theoretical Foundations 

Human preference learning builds on traditional reinforcement learning by acknowledging 

that many real-world goals cannot be sufficiently captured by fixed mathematical reward 

functions. Instead, human evaluative judgments are gathered and converted into reward 

signals that steer agent behavior. Interactive reinforcement learning enables agents to 

accelerate learning by incorporating immediate human feedback during task performance, 

reducing exploration time and improving policy quality. Likewise, preference-based 

reinforcement learning is especially useful in domains where subjective evaluation, 

uncertainty, and multiple acceptable solutions are common. Educational environments 

exemplify these traits because effective teaching relies not only on correct answers but also 

on clarity of explanation, student engagement, motivation, creativity, and contextual 

relevance (Knox & Stone, 2009; Wirth et al., 2017).  

Classical RL formalises learning as a sequence of states, actions, and rewards. 

However, in domains involving social or cognitive evaluation, such as teaching, design, or 

laboratory practice, the desired outcome cannot be expressed as a single scalar reward. RLHF 

introduces preference-based feedback: humans compare or rate outcomes, and the algorithm 

constructs an internal reward model predicting what humans would prefer. Over time, the 

system internalises the evaluative logic that underpins expert judgement. This architecture 

parallels socio-constructivist theories of learning. Feedback in education functions not merely 

as evaluation but as scaffolding (Vygotsky’s zone of proximal development). In RLHF, the 

agent similarly adjusts within a ―zone of optimal adaptation,‖ guided by human input. 

Gaspar-Figueiredo et al. (2025) demonstrate that personalised reinforcement agents calibrated 

by user satisfaction achieve statistically higher engagement, illustrating how computational 

and pedagogical feedback mechanisms converge. 

In control engineering, reinforcement learning can be interpreted as a data-driven 

form of adaptive control. Hafner and Riedmiller (2011) identify core challenges, delayed 

responses, noise, and nonlinear dynamics that are mirrored in human feedback systems. 

Zohuri (2024) synthesises similar insights, reporting that hybrid controllers integrating 

human corrective signals with machine-learning estimators achieved faster convergence and 

reduced error variance. Translating these findings into STEM education in Africa implies that 

AI tutors or laboratories must incorporate smoothing functions and conservative update rules 

to prevent over-adaptation to anomalous student feedback. The principle of stability thus 

underpins both technical and pedagogical success. Just as engineers tune control gains, 
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educators and system designers must calibrate the influence of each feedback instance to 

sustain consistent learning trajectories. 

 

Integration Mechanisms and System Architecture 

The quality of human feedback depends on how easily users can provide it. used binary 

gesture-based signals in human-robot learning; educational platforms extend this to star 

ratings, short comments, or pairwise preferences. Also, simplicity and visibility of feedback 

pathways significantly raise acceptance (Grájeda et al., 2024; Moreira et al., 2020). In higher 

education, effective design also requires accessibility, ensuring that students from diverse 

backgrounds can engage with feedback without cognitive overload. 

Advances in RLHF have further refined reward modeling through scalable alignment 

techniques that reduce annotation costs while enhancing model robustness. Successful 

implementation relies on maintaining consistency between reward estimation and policy 

updates while preventing reward hacking and preference overfitting. In STEM education, 

these insights suggest that adaptive learning systems should include periodic teacher 

validation, confidence-based feedback weighting, and iterative recalibration of reward 

models to ensure instructional reliability and pedagogical validity (Casper et al., 2023; 

Lambert et al., 2024). Once feedback is collected, algorithms train a predictive model that 

maps observed states and actions to human-evaluated desirability. Active-learning techniques 

request new feedback selectively when uncertainty is highest, reducing user fatigue. Zohuri 

(2024) demonstrated that blending human corrections with real-time sensor data yields 

reward models that are both accurate and interpretable, a finding applicable to intelligent 

laboratories that fuse performance metrics with subjective ratings. 

The policy-learning phase updates decision rules to maximise expected human 

satisfaction. Hafner and Riedmiller (2011) recommend incremental updates and gain 

scheduling to prevent instability. Liu (2023) and Gaspar-Figueiredo et al. (2025) advocate 

―human-in-the-loop checkpoints,‖ in which instructors review proposed policy changes 

before deployment, thereby maintaining transparency and pedagogical coherence. In 

educational AI, such oversight may take the form of periodic instructor validation or 

automated audit trails showing how feedback reshapes model parameters. 

 

Pedagogical Applications in STEM Teaching and Learning 

STEM disciplines provide fertile ground for RLHF because their epistemology already 

revolves around hypothesis, experimentation, and revision, precisely the iterative cycle that 

reinforcement learning formalizes. Reinforcement learning from human feedback (RLHF) 

enables intelligent tutoring systems (ITS) to personalise instruction dynamically by 

continually adapting to learners’ cognitive states, performance, and expressed preferences. 

Evidence shows that mathematics and programming tutors that employ adaptive 

reinforcement mechanisms achieve higher achievement gains than static or rule-based 

systems. These systems refine instructional sequencing, hint delivery, and difficulty scaling 

based on human evaluative input and the effectiveness of such tutors on learners’ perception 

of reciprocal dialogue, the sense that the AI listens, interprets, and adjusts in real time 

(Grájeda et al., 2024; Sasikala & Ravichandran, 2024; Villegas-Ch et al., 2025). Al-Zahrani 

and Alasmari (2024) further highlight that when teachers retain supervisory roles, adaptive 

tutors preserve pedagogical authenticity while reducing cognitive load. This triadic 

relationship, student, AI, and teacher, forms an adaptive feedback ecosystem where each 

interaction strengthens both engagement and conceptual understanding. Consequently, 

RLHF-based ITS exemplifies the fusion of computational precision with human empathy in 

STEM pedagogy. 
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The development of intelligent tutoring systems has shifted from rule-based 

instructional models to adaptive systems capable of personalized learning. Well-designed 

intelligent tutoring systems often match the effectiveness of expert human tutors by providing 

immediate, personalized feedback that promotes conceptual understanding. Intelligent tutors 

should act as collaborative learning partners, capable of monitoring learner progress, 

identifying misconceptions, and dynamically adjusting instructional strategies (VanLehn, 

2011; Woolf, 2010). RLHF enhances these capabilities by allowing tutoring systems to 

continuously improve instructional decisions based on teacher evaluations and learner 

preferences, rather than relying solely on predefined pedagogical rules. As a result, RLHF-

based tutoring systems represent a significant advancement in educational AI, combining the 

consistency of machine intelligence with the contextual awareness of human instructional 

expertise. 

In robotics and control engineering education, RLHF provides a concrete bridge 

between theoretical modelling and experiential learning. Students often struggle to visualise 

how mathematical control laws translate into physical behaviour; integrating human-

corrective feedback within reinforcement learning helps make that link explicit. Moreira et al. 

(2020) demonstrated that robots trained with human evaluative signals, such as gestures, 

approvals, or corrections, achieved smoother trajectory control and fewer training iterations 

than purely automated reinforcement agents. Similarly, Hafner and Riedmiller (2011) and 

Zohuri (2024) review confirm that hybrid human–machine feedback loops yield superior 

stability and faster convergence across dynamic environments. When applied pedagogically, 

these findings mean that students not only interact with robots but also actively shape their 

learning curves, deepening their conceptual grasp of feedback control, system identification, 

and error correction. Such human-in-the-loop robotics platforms epitomise the guided 

discovery approach, transforming abstract control theory into tangible, iterative exploration. 

Virtual laboratories and simulation environments have become indispensable in 

STEM education, enabling experimentation beyond physical and logistical constraints. By 

embedding RLHF, these platforms can modulate variables such as difficulty, pacing, and 

explanation depth in response to learner feedback. Grájeda et al. (2024) observed that 

transparent adaptation significantly enhances user engagement and time-on-task, as learners 

perceive their input to directly influence experimental outcomes. Complementarily, Gaspar-

Figueiredo, Pereira, and Costa (2025) found that personalised reinforcement agents adjusting 

interface complexity according to satisfaction ratings produced statistically higher learning 

satisfaction and retention. The Davis (2024) review also notes that explainability and real-

time adaptation improve student confidence in virtual experimentation. These studies 

demonstrate that RLHF-driven simulations foster authentic inquiry-based learning: students 

hypothesize, test, observe adaptive responses, and refine their understanding iteratively. For 

resource-constrained institutions, like those found in most African higher institutions, such 

virtual ecosystems can also democratise access to laboratory experiences, providing scalable, 

cost-effective alternatives that maintain scientific rigour and pedagogical richness. 

These laboratories also provide learning experiences comparable to traditional 

laboratories by promoting active experimentation, reflection, and iterative problem-solving. 

Such laboratories are particularly effective when learners receive timely feedback that 

enables them to modify experimental procedures and test alternative hypotheses (De Jong, 

Linn, & Zacharia, 2013; Ma & Nickerson, 2006). Incorporating RLHF into these 

environments introduces an additional adaptive dimension whereby learner evaluations 

continuously inform system behaviour, enabling simulations to personalise explanations, 

adjust task complexity, and recommend experimental pathways that reflect both learner 

performance and instructor expectations.  
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Automated assessment systems increasingly employ AI to grade assignments, 

evaluate problem-solving steps, and provide feedback. RLHF enhances these systems by 

turning teacher and student corrections into continuous training data for model refinement. 

Over successive iterations, the grading algorithm internalises human standards for creativity, 

partial credit, and conceptual reasoning rather than rigidly applying formulaic rubrics. This 

process reflects Hafner and Riedmiller’s (2011) principle of closed-loop correction, the 

continual minimisation of error through iterative feedback. Al-Zahrani and Alasmari (2024) 

emphasise that such adaptive assessment tools reduce marking time while improving 

consistency and transparency. Furthermore, Sasikala and Ravichandran (2024) note that when 

feedback loops are visible, students gain metacognitive awareness of evaluation criteria, 

fostering fairness and self-regulation. Hence, RLHF transforms automated assessment from a 

static evaluative mechanism into a participatory learning process, aligning analytics with 

human judgment and institutional standards while maintaining reliability and efficiency. 

Zeng et al. (2022) introduce the concept of curriculum reinforcement learning, in 

which human oversight modulates the order and difficulty of learning tasks to sustain optimal 

challenge levels. In STEM education, where learning progressions often build cumulatively, 

RLHF-based systems employing curriculum strategies can personalise trajectories that adjust 

to each learner’s evolving mastery. By analysing patterns of error, engagement, and feedback, 

such systems decide when to introduce advanced concepts or revisit foundational topics. This 

adaptive sequencing reflects the self-regulatory dynamics of the scientific method: 

hypothesis, experimentation, evaluation, and refinement applied to pedagogy. When 

combined with instructor validation (Liu, 2023; Grájeda et al., 2024), curriculum adaptation 

ensures that automation complements rather than supplants professional judgement. The 

result is a dynamic, ethically guided system that sustains cognitive engagement, reduces 

frustration, and fosters a sense of progression aligned with each student’s pace and potential. 

 

Challenges, Ethical Dimensions, and Human-Centred Design 

Despite RLHF’s promise, its implementation in adaptive learning and control systems raises 

complex challenges spanning technical, ethical, and institutional domains. Human feedback 

is inherently subjective. Inconsistent signals, delays, contradictions, or biases can destabilize 

control systems, leading to oscillatory policies. The same principle applies to education: 

students’ perceptions of difficulty or fairness vary widely, and overfitting to one learner’s 

input may distort group outcomes. Note that such inconsistencies may also affect students’ 

emotional well-being if adaptation appears arbitrary or opaque (Hafner & Riedmiller, 2011; 

Klimova & Pikhart, 2025). Robust RLHF design, therefore, requires aggregation mechanisms 

that normalise feedback across multiple users and iterations. Gaspar-Figueiredo et al. (2025) 

propose weighting models that balance individual preferences with collective satisfaction, 

mitigating bias and ensuring fairness, an approach transferable to large STEM classes with 

diverse ability levels, which can be expressed particularly in African higher education. 

Because feedback often involves identifiable behavioural data, privacy remains a 

central ethical concern. Grájeda et al. (2024) link student trust directly to perceptions of data 

protection. Liu (2023) recommends transparent disclosure of how feedback modifies system 

behaviour and what data are retained. In academic settings, compliance with institutional 

research ethics and data-protection regulations must be integral to system design rather than 

retrofitted after deployment. RLHF systems risk undermining educators if automation 

replaces rather than augments professional judgement; teachers should act as meta-feedback 

providers, overseeing algorithmic adaptation to ensure that learning remains anchored in 

curricular goals. Similarly, professional development in AI literacy is essential so that 

instructors understand how reinforcement learning models learn from their inputs (Al-Zahrani 
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& Alasmari, 2024; Sasikala & Ravichandran, 2024). The shift should thus be from teacher 

versus machine to teacher guiding machine. 

Davis (2024) warns that unequal access to computational infrastructure can amplify 

educational inequities, such that institutions lacking stable connectivity or hardware may be 

excluded from RLHF-enhanced pedagogy, which gives thought to the African educational 

landscape. Addressing this requires open-source toolkits, scalable cloud implementations, and 

capacity building. Without equitable distribution, technological sophistication risks 

reproducing the same structural imbalances that educational innovation aims to solve. 

 

Ethical Alignment and Explainability 

Liu’s (2023) concept of value alignment underscores the need for explainable models. When 

learners and teachers can visualise how feedback reshapes AI behaviour, they perceive the 

system as trustworthy. Zohuri (2024) supports this claim by showing that hybrid controllers 

with interpretable decision layers maintained user confidence in the face of uncertainty. In 

STEM classrooms, visual dashboards illustrating adaptation paths can reinforce this 

transparency, aligning with ethical standards of informed participation. 

Reinforcement learning from human feedback (RLHF) is a socio-technical contract 

that binds human judgment and algorithmic optimization in a relationship of mutual 

accountability. In this view, transparency in how human input modifies system behaviour is 

not optional but foundational to the legitimacy of learning systems. By making the feedback 

loop visible and interpretable, RLHF ensures that the human actor remains both participant 

and overseer in the machine’s learning process. Reciprocal visibility is essential to prevent 

―algorithmic drift,‖ a condition in which machine learning models adapt autonomously in 

ways misaligned with human intent or pedagogical values. The review amplifies this 

argument by emphasizing that explainable algorithms form the ethical backbone of 

responsible AI, particularly in higher education, where automated decisions directly affect 

assessment, grading, and opportunities (Davis, 2024; Liu, 2023). Transparency, in this sense, 

extends beyond technical explainability to encompass communicative clarity, so that students 

and educators must understand why and how the system responds to their feedback.  

This interpretability transforms abstract optimisation into an intelligible dialogue 

between human intention and computational reasoning. Empirical findings by Klimova and 

Pikhart (2025) support this perspective, demonstrating that perceived transparency and 

agency within AI-enhanced classrooms are positively correlated with students’ psychological 

well-being, motivation, and trust. Their study shows that learners who understand the 

adaptive logic of AI tools report reduced anxiety, greater satisfaction, and a stronger sense of 

co-authorship in their learning journeys. Together, these studies position transparency as both 

a cognitive and affective necessity: it safeguards fairness, reduces epistemic opacity, and 

fosters emotional safety. Consequently, ethical alignment in RLHF can be defined as the 

continuous reconciliation between machine optimisation and human values, ensuring that the 

algorithmic pursuit of efficiency remains grounded in the moral imperatives of education. 

This alignment requires that designers and educators embed mechanisms for interpretability, 

accountability, and participatory oversight throughout the RLHF process from the capture of 

human feedback to the updating of policies and the deployment of adaptive content. When 

such measures are in place, RLHF functions not as an impersonal optimiser but as a 

dialogical system in which adaptation mirrors reflection, and technological intelligence 

becomes an extension of the shared human commitment to transparency, learning, and trust. 

Provisions from internationally recognised policy and regulatory bodies emphasise 

the importance of ethical governance in AI-enabled education. The UNESCO (2021) 

Recommendation on the Ethics of Artificial Intelligence stresses that AI systems should be 

transparent, accountable, inclusive, and subject to meaningful human oversight throughout 
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their lifecycle. Likewise, the OECD (2019) Principles on Artificial Intelligence promote 

human-centred values, robustness, safety, explainability, and responsible governance as 

essential requirements for the deployment of trustworthy AI. These principles closely align 

with the goals of RLHF because human feedback offers a clear mechanism for incorporating 

ethical values, pedagogical expectations, and contextual factors directly into algorithmic 

optimization. Therefore, educational RLHF systems should be designed not only to maximize 

learning outcomes but also to maintain learner autonomy, equity, and institutional 

accountability, bearing in mind the limitations of the African higher education space. 

 

Discussion and Future Research Directions 

The synthesis of engineering and educational literature reveals that RLHF embodies a 

broader epistemic shift, from automation toward co-operative intelligence. It unites the 

precision of machine optimisation with the contextual awareness of human judgement. The 

convergence of engineering control theory and educational psychology highlights how 

principles of system stability underpin sustainable learning adaptation. Findings demonstrate 

that the same balance between responsiveness and stability that governs robotic control 

systems also determines the success of adaptive learning environments. When these 

principles are transposed to STEM pedagogy, they reveal the importance of bounded 

adaptivity, which is a learning system that is responsive enough to personalise instruction 

without sacrificing conceptual coherence. The review strengthens this analogy by showing 

that hybrid control systems that integrate human feedback with machine estimation achieve 

smoother convergence and lower error variance (Hafner & Riedmiller, 2011; Moreira et al., 

2020; Zohuri, 2024).  

Feedback is central to both human learning and machine adaptation, functioning as a 

scaffold that supports growth through guided correction and reflection. In educational 

contexts, this principle is mirrored in RLHF systems, where human feedback shapes the AI’s 

learning trajectory much like teacher guidance supports student development. Perceived 

responsiveness in AI systems enhances engagement and fosters deeper participation and links 

transparent adaptation to students’ academic well-being and motivation. User satisfaction, as 

measured by a synthetic index of AI responsiveness, indicates that the visibility of system 

adjustments significantly strengthens learner trust (Grájeda et al., 2024; Klimova & Pikhart, 

2025; Sasikala & Ravichandran, 2024). These studies suggest that RLHF can serve as a 

metacognitive scaffold, enabling students to perceive feedback not as an evaluation but as a 

co-constructed process. As learners observe how their input directly shapes AI behaviour, 

they internalise a feedback-oriented mindset, turning reflection into active participation and 

developing greater self-efficacy in managing their learning processes. 

Furthermore, Dwivedi et al. (2023) argue that the future of educational AI is not about 

replacing educators but about creating collaborative intelligence where humans and AI work 

together in teaching, assessment, and knowledge building. Similarly, Kasneci et al. (2023) 

warn that although large language models present unprecedented opportunities for 

personalized learning, their educational value relies heavily on human oversight, transparent 

evaluation, and responsible integration into teaching practices.  

Traditional reinforcement learning models optimise for quantifiable outcomes such as 

accuracy or efficiency, but education demands a more nuanced reward structure that captures 

persistence, curiosity, and collaboration. Gaspar-Figueiredo et al. (2025) introduce an 

innovative model in which reinforcement agents adjust rewards based on user satisfaction, 

demonstrating how human emotions and preferences can serve as valid indicators of 

progress. When integrated into educational AI, such human-centred reward modelling could 

reshape how learning success is defined and measured. Rather than rewarding only correct 

answers, systems could reinforce productive struggle, sustained engagement, or creative 
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problem-solving. This aligns closely with Liu’s (2023) argument that human values must 

anchor algorithmic optimisation to prevent purely instrumental adaptation. Embedding moral 

and emotional dimensions into the reward model transforms RLHF from a mechanistic 

optimisation tool into an ethical framework for learning. Consequently, future educational AI 

should incorporate dynamic reward models that reflect diverse human outcomes, promoting 

both cognitive and affective development. 

STEM education in Africa provides a natural environment for the evolution of 

symbiotic intelligence, a paradigm in which humans and AI systems co-learn through 

continuous, reciprocal feedback. Its iterative experimentation and emphasis on collaboration 

parallel the feedback loops inherent in reinforcement learning. Tarun, Du, Kannan, and 

Gehringer (2025) envision this human–AI partnership as a form of generative co-learning, 

where both entities refine their models of understanding through sustained interaction. RLHF 

serves as the enabling mechanism for such symbiosis, allowing machines to adjust based on 

human evaluation while humans refine their knowledge through AI-generated insights. In 

laboratory and simulation contexts, this could produce adaptive environments that evolve 

alongside users, reflecting collective intelligence rather than unilateral automation. By 

integrating feedback from both students and instructors, RLHF-based systems could become 

genuine partners in inquiry, mirroring the collaborative ethos of African STEM disciplines. 

This shift from automation to co-evolution represents the next frontier in educational AI 

design. 

 

Research Directions for STEM Education in Africa 

Future investigations should: 

1. Multimodal feedback systems: Future systems should combine different types of 

feedback, like text, emotions, and behavioural cues, to understand learners more 

completely. This would allow AI tutors to recognise confusion or engagement and 

respond with more personalised support. 

2. Hierarchical control frameworks: Large-scale adaptive learning requires structured 

control. Hierarchical frameworks can coordinate individual, group, and institutional 

adaptations, keeping systems stable and fair even when feedback varies widely. 

3. Longitudinal studies: More long-term research is needed to determine how RLHF 

affects students’ learning retention and confidence over time, moving beyond short-

term performance measures. 

4. Teacher–AI co-regulation: Studies should explore how teachers and AI systems share 

control in guiding learning, ensuring that AI supports rather than replaces human 

decision-making within ethical boundaries. 

5. Adaptive-control benchmarks: There is a need to establish standard evaluation 

metrics, such as stability, responsiveness, and efficiency, to measure and compare 

RLHF system performance consistently. 

6. Cross-cultural implementation: Research should investigate how RLHF systems 

function across diverse educational and cultural contexts to promote fairness, 

inclusivity, and equal access to adaptive technologies. 
 

These directions tend to frame RLHF not merely as a computational technique but as a socio-

technical methodology for cultivating reflective, participatory, and resilient learning 

ecosystems. 

 

Conclusion 

Reinforcement learning from human feedback (RLHF) represents a convergence of adaptive 

control theory, human – computer interaction, and pedagogy. It replaces static automation 
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with continuous dialogue between humans and machines. When applied to STEM education, 

RLHF mirrors the scientific method itself: observe, hypothesize, test, and refine. The 

evidence reviewed demonstrates that systems integrating human evaluation achieve not only 

higher technical stability but also greater learner trust and motivation. 

Nevertheless, effective implementation requires meticulous design: ensuring feedback 

quality, safeguarding privacy, maintaining teacher oversight, and addressing infrastructural 

and developmental inequalities that exist in Africa. Ethical alignment and explainability must 

remain foundational. If these conditions are met, RLHF will enable a future of co-operative 

intelligence, where adaptation and control coexist, and learning becomes a shared journey 

between human intuition and machine precision. 
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