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Abstract. The Learning Assistant Manager and Builder (LAMB) is an open-
source software framework that lets educators build and deploy AI learning assis-
tants within institutional Learning Management Systems (LMS) without cod-
ing expertise. It addresses critical challenges in educational AI by providing 
privacy-focused integration, controlled knowledge bases, and seamless deploy-
ment through standard protocols. This paper presents major enhancements that 
enable systematic quality assurance and continuous improvement of these learning 
assistants. 

The new LAMB includes mechanisms for structured feedback on real-world 
assistant behavior, transforming it into a test suite with curated prompts and 
expected correct or incorrect responses. When changes are made—such as prompt 
engineering, retrieval-augmented generation optimization, or knowledge base 
expansions—this suite enables automated validation of their impact. 

A key innovation is using frontier large language models (LLMs) to evaluate 
responses automatically, generating detailed reports that reveal improvement areas 
and confirm performance gains. This systematic feedback-driven testing fosters 
continuous refinement while preserving quality standards. 

Validation studies show measurable boosts in reliability and consistency. In 
various educational contexts, the framework identifies edge cases, maintains con-
sistency across iterations, and provides actionable insights. Automated testing is 
especially beneficial for assistants with extensive knowledge bases and complex 
interaction patterns. 

This work advances educational AI by providing a robust methodology for 
quality assurance and ongoing improvement of learning assistants. Its structured 
feedback and automated evaluations ensure alignment with educational goals 
while refining assistants over time. The enhanced LAMB framework offers a 
scalable and reliable solution for educators aiming to integrate AI-driven support 
into their LMS environments. 
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1 Introduction 

1.1 Learning Assistants Based on LLMs and RAG 

The emergence of Large Language Models (LLMs) and Generative Artificial Intelli-
gence (GenAI) has transformed the educational landscape, creating new opportunities 
to enhance personalized learning experiences [1]. The widespread adoption of tools like 
ChatGPT has changed how we approach educational technology, with educators recog-
nizing AI’s potential to automate academic tasks, enhance student learning experiences, 
and provide personalized feedback [2]. 

Learning assistants powered by LLMs form a new category of educational software 
that combines advanced Natural Language Processing abilities, few-shot learning, chain-
of-thought reasoning, and common-sense reasoning capabilities [3]. These assistants 
can understand complex queries, provide detailed explanations, and adapt to different 
learning contexts, making them valuable in educational settings. 

However, LLM-based learning assistants face significant challenges. Response qual-
ity varies based on the training data’s depth and breadth in specific domains [4], and AI 
“hallucinations” create risks in academic contexts where accuracy is critical [5]. There 
are also concerns about over-reliance on this technology affecting students’ creativity 
and critical thinking skills [6]. 

To address these limitations, Retrieval-Augmented Generation (RAG) has become a 
key technology. RAG combines an LLM’s ability to generate responses with information 
pulled from external databases or documents, improving the accuracy and relevance 
of responses [7]. This approach ensures that learning assistants can provide responses 
grounded in authoritative sources while maintaining the natural language processing and 
reasoning capabilities of LLMs [8]. 

The integration of learning assistants in educational settings must consider several 
critical factors, including privacy concerns [9–12], data protection laws, and adherence 
to institutional policies. These tools must also complement rather than replace human 
interactions, which remain vital for students’ emotional and social growth [13]. 

The success of learning assistants in education depends on their ability to balance 
technological capabilities with teaching needs, ensuring they enhance rather than dimin-
ish the learning experience. This includes addressing concerns about assessment integrity 
[14], fostering critical thinking, and providing meaningful personalized support that 
aligns with educational objectives [15]. 

Learning assistants go beyond simple automation of tasks. When implemented with 
RAG technology, they can serve as effective tools for personalized learning, immediate 
feedback, and student engagement, while maintaining the connection to authoritative 
educational content and institutional standards. 

1.2 The Learning Assistants Builder and Manager (LAMB) Project 

Learning Assistants Manager and Builder (LAMB) is an innovative open-source soft-
ware framework designed to create AI-powered learning assistants for integration into 
Learning Management Systems (LMS) [16]. LAMB addresses critical gaps in existing



educational AI solutions by providing a framework specifically tailored for education 
sector requirements. 

The project’s main goals include enabling educators to create AI-powered learning 
assistants without coding skills, ensuring seamless integration with institutional systems, 
and maintaining high standards of privacy and ethical AI usage [16]. LAMB empha-
sizes the importance of using authoritative sources and proper citations in its responses, 
addressing common concerns about AI accuracy and reliability in educational contexts 
[17]. 

Learning assistants created with LAMB become part of an institution’s educa-
tional technology ecosystem through established educational standards. A key feature of 
LAMB is its implementation of the IMS Learning Tools Interoperability (LTI) standard 
[16], which allows learning assistants to integrate naturally into any modern Learning 
Management System like Moodle, Canvas, or Blackboard. 

When teachers want to add a learning assistant to their course, they can do so through 
their familiar LMS interface. The process preserves the institution’s authentication sys-
tems and privacy policies [12], while allowing the learning assistant to understand its 
educational context - who the users are, what roles they have, and what course they’re 
working with [16]. 

The technical foundation of LAMB combines several modern AI technologies. At its 
core, the system leverages Large Language Models for natural language understanding 
and generation [18], but extends their capabilities through Retrieval-Augmented Genera-
tion. This RAG implementation ensures that learning assistants ground their responses in 
authoritative course materials rather than relying solely on the LLM’s training data [19]. 
The system organizes educational content using embeddings databases, which enable 
semantic search and contextually relevant information retrieval [20]. 

LAMB’s deployment options consider the varied needs and resources of educa-
tional institutions. The system can run on standard servers without specialized hard-
ware requirements, and institutions can choose between commercial LLM providers 
like OpenAI or Anthropic, or opt for open-source models like Llama or Mistral [16]. 
This flexibility helps balance performance needs with budget constraints. 

The framework has proven its effectiveness in real educational settings. Beyond the 
initial Macroeconomics Study Coach implementation, LAMB has supported various 
learning scenarios, from helping students analyze business cases to providing teach-
ing assistants for faculty training [16]. These implementations have shown that learn-
ing assistants can meaningfully enhance teaching while maintaining high standards of 
privacy and ethical AI usage [22, 23]. 

The technical architecture of LAMB prioritizes security and scalability through con-
tainerization and modular design [16]. This approach ensures that as educational tech-
nology evolves, institutions can adapt and extend their learning assistants to meet new 
pedagogical needs and technological opportunities [24]. 

The framework has been validated through several real-world implementations. The 
“Macroeconomics Study Coach” served as an initial case study, effectively integrating



lecture transcriptions and course materials to support student inquiries [16]. Another suc-
cessful implementation involved creating an expert-based learning assistant for analyz-
ing technology-driven business projects, which showed improved student performance 
in understanding and applying complex methodologies [16]. 

Cost analysis of LAMB implementations has shown the system to be financially 
viable for educational institutions. The framework’s design allows for flexibility in choos-
ing between commercial and open-source LLMs, enabling institutions to balance costs 
with performance needs [21]. The system can run on standard servers without requiring 
specialized hardware, making it accessible to a wide range of educational institutions 
[16]. Specially with the publication of new frontier level models distilled to 70B sizes 
like Llama 3.3 7b, or DeepSeek-R1 70B that can be integrated with LAMB and run on. 

One of LAMB’s key achievements has been demonstrating that learning assistants 
can enhance teaching methodologies while maintaining high standards of privacy and 
ethical AI usage. The framework’s focus on institutional policy compliance and use of 
authoritative sources has helped address common concerns about AI in education [22, 
23]. Additionally, LAMB’s integration capabilities with existing LMS platforms through 
standard protocols have made it a practical solution for educational institutions looking 
to implement AI-powered learning tools [24]. 

2 Automated Feedback Analysis and Systematic Testing 
in the LAMB Framework 

2.1 LLM Evaluations 

Large Language Model evaluation frameworks (LLM Evals) aim to systematically assess 
and validate the performance, reliability, and behavior of LLM-based systems. 

The primary goals of LLM evaluations are to: 

1. Verify response accuracy and factual correctness 
2. Ensure consistent behavior across multiple interactions 
3. Validate adherence to specified guidelines and constraints 
4. Measure improvements across system iterations 
5. Identify potential failure modes and edge cases 

Traditional metrics like BLEU and ROUGE, while useful for general natural lan-
guage generation tasks, often prove insufficient for evaluating complex interactive sys-
tems like learning assistants [25]. These metrics primarily focus on lexical similarity 
but may miss important aspects like factual accuracy, contextual appropriateness, and 
instructional effectiveness. 

The evaluation of LLM-based systems presents unique challenges due to their 
probabilistic nature and context-dependent behavior [26]. A key consideration is that 
responses can vary significantly even for identical prompts, making deterministic test-
ing approaches inadequate. Additionally, the evaluation must consider not just the cor-
rectness of individual responses, but also the consistency of behavior across multiple 
interactions [27]. 

LLM Evals typically involve creating test suites that combine reference prompts with 
expected responses and evaluation criteria. Recent advances in evaluation approaches



have introduced the concept of using frontier LLMs themselves as evaluators [28]. This 
approach leverages the sophisticated understanding capabilities of advanced models to 
assess responses along multiple dimensions, providing more nuanced evaluation than 
traditional metrics alone. 

The systematic collection and analysis of test results enables both quantitative and 
qualitative assessment of model performance. This data-driven approach helps iden-
tify patterns in model behavior, highlight areas needing improvement, and validate that 
changes to the system result in measurable improvements [29]. 

For educational applications, evaluation frameworks must additionally consider ped-
agogical effectiveness, alignment with learning objectives, and appropriateness for the 
target audience [30]. This requires specialized evaluation criteria that go beyond general 
language model metrics to assess educational value and impact. 

The development of robust evaluation frameworks is particularly critical for systems 
that will be deployed in educational institutions, where reliability and adherence to 
educational standards must be consistently maintained [31]. Systematic evaluation helps 
ensure that AI-powered educational tools remain aligned with pedagogical goals while 
becoming increasingly refined through iterative improvement. ¡ 

2.2 Evaluation Data Gathering Framework 

The LAMB system incorporates a comprehensive evaluation data gathering framework 
that leverages Open WebUI’s feedback interface to collect and analyze model perfor-
mance data. This framework enables systematic collection of user interactions, feedback, 
and performance metrics to support continuous improvement of learning assistants. 

The evaluation framework consists of several key components: 

1. Feedback Collection Interface: The system utilizes Open WebUI’s native feedback 
mechanism, which allows users to provide both quantitative and qualitative feedback 
on model responses. Users can rate responses positively or negatively and provide 
detailed comments explaining their assessment. This feedback is particularly valuable 
as it captures the immediate usefulness and accuracy of responses from the users’ 
perspective. 

2. Dataset Creation and Management: The framework includes a robust dataset 
management system that enables:

• Creation of evaluation datasets from collected interactions.
• Storage of prompt-response pairs along with associated feedback.
• Organization of datasets by specific topics or evaluation criteria.
• Export capabilities for external analysis.
• Ability to edit, duplicate, and refine dataset entries. 

3. Model Evaluation Pipeline: The evaluation pipeline allows systematic testing of 
models against curated datasets. Key features include:

• Ability to run complete datasets against specific model configurations.
• Support for comparing responses across different model versions.
• Integration with established metrics including BLEU and ROUGE scores.
• Calculation of both aggregate and per-response performance metrics.



4. Advanced LLM-Based Response Analysis: The system employs a sophisticated 
approach to response evaluation by leveraging large language models as semantic 
comparison tools. This goes beyond traditional metrics by enabling:

• Semantic Understanding: The evaluation LLM analyzes responses for semantic 
equivalence rather than just lexical similarity. This means it can recognize when 
different phrasings convey the same meaning, even if they use entirely different 
words.

• Contextual Evaluation: The LLM considers the broader context of both the prompt 
and the response, understanding nuances and implicit information that might be 
missed by traditional metrics.

• Multi-dimensional Analysis: The evaluation LLM assesses responses across 
multiple dimensions: 

– Factual accuracy 
– Contextual relevance 
– Logical coherence 
– Completeness of information 
– Appropriateness of tone and style

• Nuanced Feedback Generation: The LLM can provide detailed explanations of 
why responses do or don’t meet expectations, highlighting specific strengths and 
weaknesses. 

The framework supports iterative refinement through a structured workflow: 

1. Collection of user interactions and feedback through the Open WebUI interface. 
2. Curation of evaluation datasets from collected data. 
3. Systematic evaluation of model performance using established metrics. 
4. Deep semantic analysis using the evaluation LLM. 
5. Integration of findings into model refinement process. 

The LLM-based evaluation process works as follows: 

1. Initial Comparison: For each prompt-response pair, the evaluation LLM receives: 

– The original prompt 
– The expected response from the dataset 
– The actual response generated by the model being tested 
– Any context or special requirements 

2. Analysis Phase: The LLM performs a multi-stage analysis: 

– First, it assesses whether the generated response captures the core meaning of the 
expected response 

– Then, it evaluates additional aspects like accuracy, completeness, and appropri-
ateness



– Finally, it considers any specific requirements or constraints from the learning 
context 

1. Scoring and Feedback: The LLM provides: 

– A numerical score for different aspects of the response 
– Detailed explanations of its assessment 
– Specific suggestions for improvement 
– Identification of any critical issues or missing elements 

This sophisticated evaluation approach allows LAMB to assess responses in a way 
that better mirrors human judgment, understanding that there can be multiple valid ways 
to express the same information or answer a question. The LLM-based evaluation is 
particularly valuable for:

• Complex Responses: Where simple metric-based comparison would miss nuanced 
differences or similarities

• Educational Contexts: Where the way information is presented is as important as the 
information itself

• Domain-Specific Evaluation: Where responses need to be assessed against field-
specific criteria or standards 

Results from this evaluation framework have proven particularly valuable in assess-
ing how well learning assistants maintain context in extended conversations and how 
accurately they incorporate information from their knowledge bases. The combination 
of traditional metrics, user feedback, and LLM-based semantic analysis provides a com-
prehensive picture of assistant performance that would be impossible to achieve with 
any single approach. 

The evaluation data gathering framework has been instrumental in validating 
improvements to LAMB’s learning assistants, particularly in areas such as response 
accuracy, contextual relevance, and adherence to institutional guidelines. This systematic 
approach to evaluation ensures that developments in the system are driven by empirical 
evidence rather than subjective assessment alone. 

3 Conclusions and Future Work 

This paper has presented LAMB (Learning Assistant Manager and Builder), an innova-
tive open-source framework for creating and evaluating AI-powered learning assistants, 
along with a comprehensive evaluation system for assessing their performance. The 
research makes several significant contributions to the field of educational technology 
and AI-powered learning systems. 

First, LAMB demonstrates that it is possible to create a framework that enables 
educators to develop and deploy AI-powered learning assistants without requiring pro-
gramming expertise. The system’s integration with standard LMS platforms through 
LTI protocols shows that AI assistants can be seamlessly incorporated into existing



educational technology ecosystems while maintaining institutional privacy and security 
requirements. 

Second, the evaluation framework developed for LAMB provides a robust methodol-
ogy for assessing learning assistant performance. By combining traditional metrics like 
BLEU and ROUGE with user feedback collection and structured dataset management, 
the system enables both quantitative and qualitative assessment of assistant responses. 
This dual approach has proven particularly valuable in educational contexts, where both 
technical accuracy and pedagogical effectiveness must be considered. 

The implementation of Retrieval-Augmented Generation (RAG) within LAMB has 
demonstrated significant improvements in response accuracy and relevance. Our evalu-
ation results show that RAG-enhanced models consistently outperform base models in 
maintaining factual accuracy and providing responses grounded in authoritative course 
materials. This is particularly evident in the comparative analysis of models with and 
without Knowledge integration, where metrics showed substantial improvements in 
response quality. 

The framework’s modular architecture and use of Docker containerization ensure 
that institutions can deploy and scale the system according to their needs. The flexibility 
to use either commercial or open-source LLMs provides institutions with cost-effective 
options while maintaining performance standards. This adaptability, combined with the 
system’s minimal hardware requirements, makes LAMB an accessible solution for a 
wide range of educational institutions. 

Real-world implementations, including the Macroeconomics Study Coach and 
expert-based learning assistants, have validated the system’s effectiveness in diverse 
educational contexts. User feedback and performance metrics from these implementa-
tions demonstrate that LAMB-created assistants can effectively support student learning 
while maintaining high standards of accuracy and reliability. 

Future work should focus on several key areas:

• Expanding the evaluation framework to include additional metrics specific to 
educational effectiveness.

• Developing more sophisticated feedback collection mechanisms to capture nuanced 
aspects of learning assistant performance.

• Implementing advanced analytics to identify patterns in user interactions and assistant 
responses.

• Exploring the integration of emerging LLM technologies as they become available.
• Extending the framework’s capabilities to support multiple languages and diverse 

educational contexts. 

The open-source nature of LAMB encourages collaborative development and con-
tinuous improvement, ensuring that the framework can evolve alongside advances in 
AI technology and educational practices. As AI continues to transform education, 
frameworks like LAMB will play an increasingly important role in ensuring that these 
technologies are deployed effectively, ethically, and in service of improved learning 
outcomes.



In conclusion, LAMB represents a significant step forward in making AI-powered 
learning assistants accessible and effective for educational institutions. The combina-
tion of robust development tools, seamless integration capabilities, and comprehensive 
evaluation frameworks provides a solid foundation for the future of AI in education. 
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