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EDUHints 2.0: AI-Assisted Hint Generation via Local Inference
(NSF IUSE)

The problems that motivate our work are: 1) it is not easy for instructors to tell which students
need help and to give them the right hints, and 2) it is not feasible for instructors or TAs to be
available 24/7 to answer questions when students are working on assignments. In addition, it is
now tempting for students to use large language models to obtain solutions without advancing
their learning. Thus, our goal is to create a semi-automated hint system to help the student learn
when they are doing their assignments, and provide a human-in-the-loop interface to instructors
for facilitating these exercises. This work-in-progress paper presents our successor to the hint
generation system EDUHints. While the EDUHints system’s first iteration was closely integrated
into a specific cybersecurity framework, this new version was redesigned as an open-source
library for seamless integration with other applications that can capture student actions and
deliver hints.

1 Introduction

EDUHints [1] is a tool for generating hints which the instructor can send either as is, with
modification, or not at all. [2]. Our goal was to research how emerging Al technologies could
assist students while preserving quality student-instructor interaction [3]. While any program can
interface with the library, thus making the library agnostic to specific methods of hint
generation/delivery systems, the system was designed with a special focus on human-in-the-loop
hint generation. With this design, the instructor serves as the intermediary between the Al and the
student (see Figure 1). This has three key benefits: we need not worry about the Al giving an
ineffective hint to the student or the hint containing inappropriate information/hallucinating, and
lastly we can classify the hints as acceptable or not.
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Figure 1: Typical Al system usage versus EDUHints system usage.




2 Related Work

Previous research efforts regarding the development and testing of Al systems that assist students
have primarily focused on the integration of large language models or LLMs [4-7]. Yet, there are
many drawbacks to LLMs. They can use excessive amounts of computing power, are costly for
the student or school, may require the sharing of student data with a third-party Al provider, and
can hallucinate answers. Yu et al [8] propose a possible alternative for educational software, the
small language model (SLM). SLMs are language models with fewer parameters than their larger
counterparts. Lu et al [9] note that

The vision behind SLMs is to democratize access to machine intelligence, making it
both accessible and affordable to people everywhere. This approach seeks to make
intelligence ubiquitous and practical, available to anyone, anywhere, at any time —
much like the human brain, which everyone possesses.

While SLMs typically perform worse than LLMs, methods such as retrieval-augmented
generation (RAG) can sometimes enhance them such that they outperform larger models [10].
Because of their reduced computational requirements, many SLMs can be locally deployed and
run on consumer CPUs [11], potentially providing a low-cost, private, and reasonably performant
alternative to third-party LLM APIs.

3 Technical Specifications

EDUHints 2.0 was developed with the Python programming language and features a modular
architecture, allowing for easy expansion and customization. For inference the system leverages
the open-source Phi-4-mini-instruct model from Microsoft via Hugging Face’s Transformers
library. Unlike most Al applications today, the system uses no third-party API for computation,
instead inference is computed on the host machine (either physically local to the user or local to a
third-party cloud instance for example). The capability to locally deploy the system presents two
key advantages, firstly this prevents sensitive student data from being sent to third-party Al
services, giving peace-of-mind to instructors and academic institutions and secondly, the system
is effectively free-of-cost to operate assuming the instructor has access to reasonable computer
hardware (i.e, a 4-core CPU, 8GB of RAM, 100GB of disk space).

4 User Experience

The EDURange framework and standalone EDUHints library are available for download at
github.com/edurange/edurange3 and github.com/edurange/eduhints respectively. While
EDUHints 1.0 featured a dedicated page and dashboard, when integrating the new library, we
decided to reduce mental context switching for the instructor by encapsulating the EDUHints
system’s interface within the platform’s integrated chat messaging system. Here the instructor can
view the recent logs of each students, then after identifying a student who may need assistance
they can generate them a hint. The program will then inference the local SLM with relevant
context, including the selected student’s recent bash, chat and answer logs and other relevant
context data that the user can upload via text files (the process is documented via the project’s



README.md). Once generated the hint will appear in the corresponding text box and the
instructor can either send the hint or regenerate it or close the sub-dashboard.
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Figure 2. Screenshot of EDUHints 2.0’s sub-dashboard within EDURange’s integrated chat messaging
system.

5 Conclusions and Future Work

Following the library’s public release in January 2026, EDUHints 2.0 was been tested across several
classes. Notably, the SLM had trouble tracking the progress of individual students throughout exercises
and sometimes continued to focus on a question that the student asked at the beginning. This indicates that
we need to provide better context to the SLM with information about the current state of the student, i.e.
what they are currently working on. We plan to repeat the survey used in [1] to measure students’
subjective feedback, compare offline performance metrics between EDUHints 1.0 and EDUHints 2.0, such
as hint-generation times, and collect additional feedback from instructors. For long-term plans, we’d like to
find collaborators who wish to customize, expand, and integrate the library into their own educational
platforms, thereby demonstrating the library’s broad applicability. The system’s expandability is well
attested by recent work [12] demonstrated substantial improvements to the quality of system-generated
hints by integrating EDUHints 1.0 into their own GraphRAG hint generation system.
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