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Abstract
Generative AI (GenAI) can complete assessed tasks without students demonstrating the intended skills. Educators
must therefore review and update course material, including syllabi, briefs, and rubrics, to address task trivializa-
tion. Such a review entails assessing course material against custom pedagogical criteria, including constructive
alignment, rubric quality, accessibility, and GenAI-driven task trivialization. This paper presents Mind the Gap
(MTG), an educator-oriented proof-of-concept platform for interactive review of course material. The platform
supports iterative redesign through document versioning and comparison of review snapshots. Plain-English
requirements are compiled into Common Expression Language (CEL) rules with extraction contracts. Language
models report observations for each page, while deterministic code aggregates evidence and evaluates compliance.
Two dedicated agents support document retrieval and interactive refinement of redesign suggestions. MTG
can run on-premises on machines such as NVIDIA DGX Spark, keeping document processing and storage on
institution-controlled infrastructure. Exploratory reviews of institutional, open-access, and deliberately flawed
course material produced findings about objectives, unstated requirements, GenAI exposure, and surface defects.
In these runs, documents considered well-formed raised no findings, and correcting flagged defects removed
the corresponding findings. Further evaluation, including error rates and usefulness as assessed by educators
reviewing their own courses, is planned for future work.
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1. Introduction

Essays, laboratory reports, problem sets, and take-home exams provide evidence of what a student can
do. When generative AI (GenAI) supplies the requested answer, students can bypass the reasoning
or practice the task was designed to elicit. Institutional guidance addresses this problem unevenly. A
study found that just under half of the world’s fifty top-ranked institutions published advice on GenAI
covering academic integrity, communication with students, and assessment design [1]. To categorize
such interventions, Corbin et al. distinguish between a discursive change, instructing students while
leaving the task as it was, and a structural change, altering the mechanics of the task itself [2].

Assessment redesign also affects the curriculum. Educators must reconsider what students are
expected to demonstrate and keep revised learning outcomes consistent across course documents.
Recent guidance points toward process evidence, oral verification, and authentic judgment [3, 4].
Individual instructors often decide which measures to adopt. Even institutions with strict rules usually
let instructors adjust their course-level GenAI policies [5].

This redesign spans syllabi, slides, assignments, and grading rubrics. Pedagogical frameworks
can guide the review of this course material by making explicit how learning outcomes, teaching
activities, and assessment should relate and what cognitive processes they require. Constructive
alignment addresses these relationships by linking what students are expected to learn with what
they practice and demonstrate in assessment [6]. Rubrics should specify criteria for judging the
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expected performance. For example, if an outcome requires source evaluation, teaching activities
should give students practice evaluating sources, and the assessment should ask them to justify their
judgments. Bloom’s revised taxonomy helps specify the cognitive demands of these outcomes and
tasks by distinguishing remembering, understanding, applying, analyzing, evaluating, and creating [7].
These categories help educators check whether an assessment requires the type of thinking stated in
an outcome. A performance-based objective expresses that outcome as an observable action, such as
comparing two sources and justifying which is more credible. For tasks that GenAI can complete, this
review must also examine how the assessment elicits evidence of the student’s own performance.

Large language models (LLMs) can assist with the review of course material. Asking a model to
judge a document against a pedagogical requirement combines interpretation, evidence selection, and
the decision in a single step. In a study of student-work grading, an LLM did not reliably follow its
rubric-based evaluation instructions [8]. Judging a document against a stated criterion presents a
similar challenge, and models are steadier on explicit textual features than on inferred properties [9].
An incorrect judgment can therefore be difficult to trace to its source.

Course adaptation requires repeated reviews as course material and pedagogical requirements change.
A revised learning objective may require changes to the assignments and rubrics that assess it, while the
criteria used in the review depend on the course and its teaching context. Mind the Gap (MTG) supports
this process through a workspace where educators define requirements, inspect findings against the
source pages, and review revised course material. This paper contributes a working prototype combining
requirements compiled into executable rules, educator approval of proposed rules, and comparison
across review runs. The platform can be deployed on institution-controlled infrastructure. Evaluation
with educators reviewing their own courses remains the central open question.

Section 2 discusses related work. Section 3 presents the course workspace and the rule mechanism.
Section 4 describes the implementation, and Section 5 reports exploratory observations. Section 6
discusses limitations and next steps, followed by the conclusion in Section 7.

2. Related Work

GenAI applications in higher education address both students’ learning activities and educators’ work
in course preparation and assessment. Learner-facing systems offer tutoring [10], help with course-
work [11], and guidance for self-regulated learning [12]. Educator-facing systems support the design of
these activities and the assessment of student work. Instructional Agents generates course content [13],
Feedback Copilot supports feedback on assignments [14], and GradeHITL involves educators in refining
rubrics for automated grading [15]. Deployment frameworks also give educators control over the
sources and infrastructure used by these services. LAMB grounds conversational agents in curated
sources [16], and Reza et al. provide a local small-model stack for exercises, rubrics, and grading [17].

MTG shares the emphasis on educator control and institutional deployment, applying it to the
review of existing course material against explicit pedagogical requirements. Its contribution combines
executable review criteria with evidence inspection and comparison after revisions. The underlying
mechanism builds on AiDER [18], a document-review pipeline that separates model-reported evidence
from deterministic rule evaluation. AiDER compiles natural-language requirements into Common
Expression Language (CEL) [19] conditions and derives the evidence required for each document
check. MTG retains this separation and specifies evidence through named document fields and explicit
extraction contracts. Within MTG, educators approve proposed rules, inspect findings with supporting
evidence and redesign suggestions, then revise their material and compare results across reviews.

3. System Overview

The prototype is a web application organized around the course workspace, which holds a course’s
documents, review rules, and previous reports. An educator uploads course material, assigns document
types (syllabus, slides, assessment, rubric), and selects rules from a default catalog. Each rule checks a



pedagogical requirement, such as asking a syllabus to state an observable learning objective. Educators
can also write custom requirements in plain English, which MTG compiles into proposed rules for
their approval. A review applies the selected rules and returns verdicts. Unmet requirements appear
as findings with supporting evidence and redesign suggestions. Figure 1 shows this sequence and the
educator’s decisions.

The architecture follows six design goals. Grounded analysis (G1) binds every finding to the uploaded
document, version, and source page. Explicit criteria (G2) make each check inspectable through a rule
scoped by document type and activated per course. Separating findings from advice (G3) preserves
the computed verdict when educators edit generated redesign suggestions. Human-in-the-loop review
(G4) gives educators control over document classification, requirements, generated rules, and revisions.
Iterative redesign (G5) uses immutable versions and frozen snapshots to compare later reviews with
earlier ones. Institutional deployment (G6) keeps processing and storage on institution-controlled
infrastructure.
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Figure 1: A course review proceeds in sequence. The educator classifies documents, accepts or rejects rules, and
edits suggestions. Rule authoring precedes page reading, as a rule’s extraction contract instructs the model on
which facts to observe for each page. The return path at the bottom closes the loop outside the system.

Document intelligence stores each upload as a document version and renders its pages as images. A
document-parsing model transcribes them into markdown, preserving page boundaries and layout. The
transcribed pages are indexed for retrieval within the course. Unchanged pages reuse their transcription
and matching extracted observations across versions, even if their position changes.
Hybrid analysis applies the active rules to processed documents (Section 3.2). Reporting groups the

results by document and records each check as passed, failed, not applicable, or failed to evaluate. For
each failed check, the model writes an issue description and a redesign suggestion.

3.1. The Course Workspace

Figure 2 follows successive reviews of coursematerial in four steps: uploading and classifying documents,
choosing review criteria, inspecting findings and suggestions, and comparing results after a revision.

MTG provides a default catalog covering learning outcomes, assessment design, AI-readiness, acces-
sibility, and rubric quality. Its rules derive from the teaching-and-assessment literature and the project’s
faculty focus groups. Educators select relevant rules and can propose additional requirements in plain
English. What counts as a suitable assessment can differ between a first-year survey and a final-year
project, and between colleagues teaching the same subject. Each rule displays its requirement and
rationale upfront, with the CEL condition available for detailed inspection (G2). Custom proposals
await the educator’s acceptance, revision, or rejection before use (G4).

After revising a syllabus or assignment, an educator can run the review again to examine the effect
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1 UPLOAD AND CLASSIFY 2 DEFINE YOUR CRITERIA 3 VERDICTS WITH EVIDENCE 4 COMPARE RUNS

Figure 2: One course through MTG, in four steps. (1) Each document is uploaded and assigned one or more
material types, and receives the rules of every type selected. (2) A requirement is compiled and held as a proposal,
with accept, edit, and reject controls. No generated rule enters the review without this decision. (3) Each verdict
opens to the aggregated value, the quotation, and the page it came from. (4) After a revision and a second run,
the two frozen snapshots are compared, showing resolved, persistent, and new findings.

of those changes. Re-uploading a revised file creates a new version of the same document and preserves
the earlier one. Each review stores a snapshot, a fixed record of its results. Stable rule codes identify
the same checks across runs. Comparing two snapshots shows which findings were resolved, which
remain, and which appeared after the revision (G5). Earlier reports retain the results recorded at the
time of each review, allowing the educator to return to previous stages of the redesign.

Each verdict opens to show the evidence used in the check: the values extracted from the document,
the supporting quotations, and their source pages (G1). Findings and suggestions appear in adjacent
columns, with suggestions available for editing (G3). The report orders findings by severity and groups
them by improvement theme. The AI-readiness score is the severity-weighted proportion of passed
applicable checks in that category. Not-applicable and failed-to-evaluate checks are excluded. The
educator can follow a finding back to the document, assess the evidence, and decide whether the
suggested change is appropriate.

Two agents support further work with the material and the report. The materials agent answers
questions about the uploaded documents through retrieval-augmented generation [20], citing filenames
and pages. It can help locate a topic, clarify what an assignment asks, or compare statements in different
documents.

The report agent helps educators refine suggestions or adapt them into document-ready prose.
Educators give natural-language instructions and can target documents using @-mentions in the chat.
The agent updates suggestion text while the report retains the computed verdicts and supporting
evidence.

3.2. Rules, Contracts, and Verdicts

A rule specifies how a requirement is checked against a document. It contains the requirement, its
pedagogical rationale, an extraction contract, and a CEL condition. The contract specifies the facts to
extract from each page and how code aggregates their values for the document. The condition uses
those combined values to determine whether the requirement is satisfied. Severity and category describe
the importance of a failure and the improvement theme it belongs to.

For example, the default rule sy1, based on Biggs and Bloom [6, 7], requires a syllabus to state at least



one learning objective as an observable performance. Its contract requests a Boolean (true/false) value
indicating whether each page states such an objective. The values are combined using the aggregator
any, and the CEL condition passes the document when at least one page qualifies (Figure 3).

Each contract field declares a value type, an observation instruction, and an aggregation operator.
The operator must reflect the requirement’s scope. any checks for one qualifying page, while all
requires every applicable page to qualify. A requirement covering every objective within a page also
needs an observation instruction that checks each objective.

An unsuitable operator can produce an executable rule that checks a weaker requirement, a problem
we refer to as the coverage trap. In a fifty-page slide deck, for example, a single qualifying page would
satisfy an any condition even if the educator intended a requirement to hold throughout the document.
The operator is therefore included in the proposal for educator inspection. Contracts may also declare
an applicability gate: for example, a requirement about permitted AI use applies when a document
contains an assessment task. When this precondition is absent, the check is reported as not applicable.

During rule generation, validation checks that the CEL condition parses, that aggregation operators
match field types, and that the condition and contract agree on the extracted fields. Invalid proposals
enter a bounded repair loop [21]. The model receives the validation errors and attempts to correct the
proposal. Unresolved errors leave it in a visible failed state. These checks establish structural validity.
The educator’s review addresses whether the proposal expresses the intended requirement and suits
the course.

A review applies each active rule to document versions matching its assigned document types.
Rules that need the same facts share an extraction request. The model reads each page image with its
transcription as support, returning the requested values, applicability flags, and quotations. Constrained
decoding [22] enforces this output structure. Code then aggregates the page values and evaluates
the CEL condition. The resulting verdict retains the supporting quotations and page references for
inspection. The CEL condition reads the aggregated values, while the quotations provide the educator
with the passages behind those values.

Processing errors, such as a page that could not be read, are reported separately and excluded from
scoring.

These rules evaluate each document independently. To examine alignment across the course, MTG
also asks the model to compare the syllabus with summaries of the other documents. This analysis
considers whether the stated objectives appear in teaching material and are exercised by graded work.
The report presents this model-generated assessment in a separate section from the rule verdicts.

4. Implementation

The prototype implements the complete review workflow, including both agents and comparison across
runs. The default catalog contains twenty-two rules over four document types. Regression tests cover
aggregation, applicability, and error handling.

Background workers handle document rendering, transcription, and model invocations. Additional
workers allow concurrent evaluation of multiple courses. Model serving stays outside the application,
in three roles: a document-parsing model transcribing rendered pages, a generation model that reads
pages against contracts, compiles rules, and writes report prose, and an embedding model indexing
the pages for retrieval. Each role connects through an OpenAI-compatible endpoint and can be served
on separate hardware. Our models run on an NVIDIA DGX Spark workstation1 and are served by
vLLM [23], alongside the application and its workers, which run as versioned containers under a single
Docker Compose file (G6).

For the generation role, we tested local models from 2B to 35B in dense and sparse mixture-of-experts
(MoE) configurations [24, 25], and currently use a quantized MoE model in the 26–35B class among
the open-weight models tested. Report generation drove model selection. Smaller models produced

1https://www.nvidia.com/en-us/products/workstations/dgx-spark/

https://www.nvidia.com/en-us/products/workstations/dgx-spark/
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Figure 3: Example of a syllabus check. (1) The accepted rule includes the requirement and its rationale. (2) The
contract defines the observation to collect and the any aggregation operator. (3) Both pages state objectives
using “understand” or “know”, so both observations are false. (4) Code aggregates these values and evaluates
the CEL condition, producing a failed verdict linked to the quotations and pages. The model then writes the
issue and redesign suggestion.

incomplete reports and repeated wording across documents. One model covers page reading, rule
authoring, reporting, and both agents and is therefore sized for the most demanding of them.

5. Exploratory Observations

We ran exploratory checks on material from courses taught at our institutions, the open-access course
material used in AiDER [26], and documents assembled with intentional defects. We report qualitative
observations without benchmark metrics or baseline comparisons. Four families of findings emerged
from the default rule set. Alignment findings included objectives stated at recall level and rubric
criteria that did not map to the outcomes a task claimed to assess. Specification findings included
grading components named without weights and a missing accommodation policy. GenAI-exposure
findings included missing policies on permitted tool use, final deliverables collected without process
evidence, and prompts a model could answer unaided, such as an essay on “the main causes of the French
Revolution”. Surface findings included misspellings and internally inconsistent assessment items, such
as a question contradicting the data it supplied.

In these runs, documents considered well-formed raised no findings, including those containing dates,
proper nouns, and domain terms. Correcting flagged defects removed the corresponding findings on
the next run, while unchanged documents kept their verdicts. These observations show how findings
changed after revision. Without systematically annotated cases, they cannot establish reliability or
estimate a false-positive rate.



6. Discussion, Limitations, and Next Steps

MTG has not been studied with educators reviewing their own courses, so its usability, usefulness,
and effects on redesign decisions remain untested. Its scope covers syllabi, assessments, rubrics, and
uploaded teaching material. Whether classroom activities support the cognitive levels declared in a
syllabus cannot be established from these documents.

The separation of observations, verdicts, and suggestions allows educators to inspect how a finding
was produced and consider the proposed revision. Its practical value depends on whether they can
interpret the evidence, identify unsuitable rules, and adapt the advice to their teaching context.

Transcription and extraction errors can produce incorrect verdicts even when the CEL condition
executes correctly. The workspace retains page images, transcriptions, and quotations for inspection.
Although code links findings to their source pages, the accuracy of the extracted values and quotations
remains dependent on the model. Generated explanations and suggestions can misrepresent the
evidence or propose revisions that do not suit the course, so they also require educator review. The
current implementation does not verify that each quotation reproduces the page verbatim. Automated
quotation checks remain to be implemented. The original page and its transcription allow educators to
inspect disputed findings in context.

Four directions follow. First, educators should be able to test a proposed rule on the course’s
pages before accepting it. Second, smaller models produced incomplete reports, and suggestions still
use generic course-design language. We intend to fine-tune on pedagogical literature and educator
interactions to address these problems. Third, rule evaluation should expand from single-document
contracts to a multi-document scope, letting deterministic CEL expressions operate over facts aggregated
across the course material. Fourth, evaluation should measure errors against educator-annotated cases
and compare baseline approaches, alongside a field study of how educators interpret findings and use
suggestions.

7. Conclusion

Adapting a course to GenAI requires educators to decide what an assessment should measure and revise
the documents that define and assess those outcomes. This work involves repeated review, course-
specific criteria, and, where institutional policies require it, local processing. MTG gives educators
a review they can configure, inspect, and repeat on institution-controlled infrastructure. Separating
model-reported evidence from rule evaluation allows educators to challenge both the observations and
the criteria behind a finding. We implemented the workspace and exercised its review and revision cycle
on course material. The next step is to test whether educators reviewing their own courses recognize
the problems MTG identifies and use its suggestions to revise their course material.
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