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Faculty Governance by Design: A Low-Code Agentic Workflow for
Curriculum Drafting

Abstract

Generative AI is increasingly used as an assistant for knowledge work, supporting brainstorming,
drafting, revising, coding, and transforming ideas into usable artifacts. In engineering education,
these capabilities create an opportunity to reduce faculty time spent producing instructional
materials. At the same time, responsible use must satisfy competing constraints: maintaining
instructional quality, avoiding hallucinated or biased content, demonstrating responsible AI use to
students (e.g., traceable sourcing and explicit review), preserving faculty pedagogical judgment,
and operating within real-world limits of time, cost, and privacy requirements.

This paper reports the implementation of the POSED system (Plan, Outline, Sources, Evaluation,
Draft), an agentic, human-in-the-loop (HITL) curriculum-development workflow realized as a
reproducible low-code system on the n8n platform. POSED uses visual orchestration and
deterministic control frames around probabilistic AI generation calls, with pause-and-approve
checkpoints that enforce faculty-led governance and preserve editable intermediate artifacts.
Rather than treating generative AI as an autonomous content producer, POSED positions
generative AI as a constrained collaborator embedded in a process-guided workflow approved by
faculty.

POSED encodes multi-stage prompting, artifact handoffs, and governance gates into an
executable pipeline so instructors do not need to manually coordinate prompts, intermediate files,
and model configurations across tools. A central systems contribution is treating model choice
and settings as first-class workflow decisions: POSED supports modular routing across
heterogeneous models and tools to balance capability, time efficiency, privacy/IP constraints, and
operational (token/API) cost. In the evaluation runs reported here, most generation used cloud
LLM APIs, while workflow execution (n8n) and retrieval storage (local Qdrant) were self-hosted;
optional local-model execution is supported for privacy-sensitive steps.

This design also addresses a reliability tension rooted in LLM sampling: more exploratory
generation can improve idea exploration and fluent drafting while increasing the risk of unverified
details; more conservative settings can reduce unsupported elaboration but still do not guarantee
correctness. Accordingly, POSED treats reliability as a workflow property enforced by
deterministic control logic around probabilistic generation: retrieval-augmented generation
(RAG) is grounded in instructor-approved sources, structured critique is applied before final
drafting, and HITL approval gates ensure scope, structure, sourcing, and final outputs remain
faculty-controlled and traceable. POSED also preserves teaching style through a versioned



professor-persona artifact that can accumulate refinements across runs, reducing homogenization
without shifting the instructor into post-hoc “editor only” labor.

We implemented POSED as an n8n-based workflow with more than 200 nodes and evaluated it
by generating lecture slides and instructor notes across course contexts in Electrical and
Computer Engineering and Computer Science. Within this scope, the instructor’s active labor
decreased from an estimated 10–20 hours per lecture for manual preparation of new or
substantially revised materials to approximately 2 hours of active review and edits, with a
marginal computational AI cost under $1.50 per lecture.

We further report a horizontal comparison against three realistic direct-generation baselines
(ChatGPT, Gemini Gems, and NotebookLM) and a vertical comparison across Aug. to Dec. 2025
that illustrates capability drift and motivates why workflow-level governance remains necessary
even as models improve.

1 Introduction

Curriculum development in engineering education is a high-skill, time-consuming activity that
blends content expertise with instructional design and iterative refinement of explanations,
examples, visuals, and assessments. Established approaches such as ADDIE [1] and backward
design [2] provide a unified structure to align goals, instruction, and assessment. However,
instructors still invest substantial efforts to organize materials, curate examples, verify technical
accuracy, and keep content current, particularly in fast-evolving areas such as Electrical and
Computer Engineering and Computer Science, where tools, standards, and best practices change
rapidly. Empirical studies of higher-education teaching and course development repeatedly
identify time as a major constraint, especially for technology-mediated courses, where
preparation demands can be substantial [3, 4].

Recent advances in generative artificial intelligence (GenAI), particularly large language models
(LLMs), have accelerated interest and practice in AI-assisted educational design. In everyday use,
faculty can now prompt commercially available systems to produce polished artifacts end-to-end,
for example, lecture outlines, slides, instructor notes, rubrics, coding examples, diagrams, and
even interactive web-based demonstrations. LLMs can also quickly iterate on different versions,
add explanations (novice vs. advanced), generate multiple example sets, refactor materials for
different teaching plans, and translate content into alternative modalities. As a result, faculty use
of GenAI is increasingly framed not only as workload reduction, but as a way to accelerate
iteration, explore alternatives, and prototype instructional assets under real constraints of time and
attention [5–7].

At the same time, the tooling landscape is shifting toward integrated, end-to-end experiences that
compress multi-step work into a single interface. For example, Google NotebookLM can generate
slide decks grounded in notebook sources, and Gemini can generate slide presentations with
self-defined Gems. These “one-stop” LLM generations reduce friction for producing high-quality
first drafts and increasingly support direct prompt-to-artifact creation for many routine
instructional assets.

However, integrating LLMs into curriculum design is not a straightforward automation process.



In high-stakes instructional contexts, the central question is reliability and accountability: can AI
assistance be adopted in a way that preserves faculty pedagogical judgment, supports verifiable
sourcing, and demonstrates responsible AI use to students?

One widely documented limitation is hallucination. LLMs can generate fluent but ungrounded
statements, fabricate citations, or introduce subtle technical errors [8, 9]. In curriculum
development, these errors are especially problematic because, even when the overall narrative is
pedagogically useful, a small number of ungrounded claims can propagate misconceptions and
erode trust in course materials. Hallucinations are also difficult to detect through a quick read;
they often appear as confident, well-structured prose. This behavior is a byproduct of probabilistic
generation and can persist even under conservative generation settings. In practice, mitigating
hallucination typically requires an explicit grounding strategy (e.g., retrieval-augmented
generation (RAG) over curated sources), a sourcing discipline that emphasizes vetted references,
and deliberate review and critique steps before materials are finalized [10].

The second concern is model bias: LLM output can encode or amplify biases presented in
training data, which is especially problematic when generating examples, scenarios, or evaluation
criteria that shape student experience and belonging [11].

Thirdly, these technical risks interact with human factors. In curriculum development, LLM tools
are often utilized as consulting and drafting systems to propose outlines, examples, explanations,
and collect references. Many instructors may be tempted to accept these outputs with insufficient
verification, especially under time pressure. This form of overreliance is consistent with broader
findings on automation bias, where people defer to automated suggestions even when they are
imperfect [12]. More concerningly, empirical evidence suggests that heavy reliance on LLM
assistants during writing tasks can produce cognitive offloading and accumulated cognitive debt,
including reduced engagement during composition and weaker recall or ownership of
self-produced content [13]. While the study is reported as a preprint and should be interpreted
with appropriate caution, it reinforces a key educational concern: if instructors adopt GenAI
primarily as a convenience layer that collapses planning, sourcing, and synthesis into a single
step, they risk shifting from active curriculum design to passive post-hoc editing, potentially
weakening the expert judgment they aim to model for students.

A fourth concern is review reliability when faculty are presented with finished-looking AI outputs
too early. ADDIE [1] and backward design principles [2] implicitly rely on a routine in which
instructors validate instructional intent and alignment before investing in delivery polish. In
contrast, highly polished, multimedia-rich drafts can trigger a “Wow” impression and shift
attention toward presentation quality and plausible structure, making it easier to overlook deeper
issues such as weak objective-assessment alignment, gaps in scaffolding, or unsupported
technical claims. For this reason, a safer workflow is to lock high-level intent and structure first,
then develop detailed content and examples, and only then add multimedia and presentation
polish after the underlying logic and sourcing have been validated.

Together, these concerns argue against a purely chat-first approach where faculty generate finished
materials and then attempt to correct problems after the fact. They also motivate workflow
designs that keep instructors engaged in the same staged thinking routine used in instructional
design, with explicit checkpoints that make review deliberate rather than reactive.



Recent engineering-education applications also suggest a trajectory from AI-assisted content
generation toward more governed and discipline-aware implementations. Prior work has explored
agentic AI for active learning in computer networks education [14], interdisciplinary integration
of generative AI across Computer science, Electrical and Computer Engineering, and Economics
instruction [15], and the PROTECT framework for preserving academic integrity in AI-era
project-based learning [16]. Taken together, these studies suggest that while AI can support
content creation, personalization, and engagement, effective educational use still depends on
explicit instructional scaffolds, human oversight, and governance mechanisms. The present paper
extends that line of work by focusing specifically on a faculty-controlled workflow for curriculum
drafting, with auditable intermediate artifacts, source validation, and retrieval-grounded
generation.

Beyond process design, implementation must contend with technical realities that strongly
influence reliability, privacy, and cost. A practical complication is that “LLM” is not a single
capability. Models differ in reasoning ability, context length, multimodal capability, response
time, and cost, and they can exhibit different error profiles depending on the task [9]. This matters
operationally because curriculum work mixes creative generation (examples, scenarios, visual
prompts) with accuracy-critical synthesis (definitions, citations, and technical correctness). As a
result, a single-model approach is rarely optimal; multi-model routing allows different subtasks to
be assigned based on capability needs, context limits, error profiles, and operational cost.

In addition, privacy and data governance constraints in education are non-trivial. Course
development may include sensitive information (student data, unpublished assessments,
proprietary materials), and learning ecosystems can integrate numerous third-party integrations,
raising concerns about data harvesting, compliance, and intellectual property [17]. These realities
motivate scenarios in which sensitive inputs are processed locally or within institution-controlled
infrastructure, while non-sensitive tasks can use cloud services. However, local execution often
relies on open-weight models, which can lag frontier cloud models on complex tasks [18].

Multi-model routing helps match subtasks to capability, privacy constraints, and cost, but it does
not eliminate the core reliability problem. Hallucination can persist across models and even under
conservative generation settings, so improving trustworthiness requires controls that ground
outputs and force explicit checking rather than relying on model choice alone. Two families of
techniques are especially relevant to improve trustworthiness in AI-assisted curriculum
generation. First, RAG grounds outputs in retrieved references by conditioning generation on a
curated corpus rather than on parametric memory alone [10]. Second, verification and critique
loops (e.g., structured self-checking or multi-agent review patterns) can reduce unforced errors by
requiring explicit checks before finalizing artifacts (though they do not eliminate hallucination
and can increase cost if applied indiscriminately) [19, 20]. From a systems perspective, these
methods are most effective when embedded before irreversible synthesis steps rather than used
only as post-hoc cleanup. Lastly, practical limits such as context window size can cause goal and
requirement drift across long interactions, which further requires intermediate artifacts (plan,
outline, vetted sources, critique notes) that persist state across stages, support targeted human
edits, and avoid restarting from the beginning when revisions are needed.

To address the limits of ad hoc prompting and chat-centric tooling, we implement POSED (Plan,
Outline, Sources, Evaluation, Draft), a human-in-the-loop workflow for curriculum artifact



generation. POSED frames curriculum development as a systems engineering problem: preserve
intent, control risk, and keep decisions auditable through intermediate artifacts and enforced
review gates.

In POSED, instructional design intent is captured explicitly in plan and outline artifacts [1, 2].
Drafting is constrained by sourcing-first RAG so outputs are grounded in instructor-approved
references. We implement POSED as a low-code workflow to keep the process transparent and
modifiable without requiring faculty to build complex software systems [21–23].

The remainder of the paper is organized as follows. Section 2 describes the POSED workflow
architecture and low-code implementation. Section 3 evaluates POSED in faculty use
(scope-limited to lecture slides and instructor notes), including a stage-by-stage artifact trace, a
horizontal comparison against direct-generation tools available in Dec. 2025, and a vertical
comparison across Aug.–Dec. 2025 POSED-flow generated presentations. Section 4 summarizes
contributions, limitations, and future work.

2 POSED System Implementation

POSED operationalizes curriculum development as a governed workflow rather than a one-shot
AI generation step. We implement POSED in a low-code orchestration environment (n8n) not
primarily as “easier to build,” but as high-inspectability: the node-based workflow externalizes the
control logic so faculty can see, audit, and modify where sourcing happens, where checks occur,
and where human approvals are required. In this sense, the workflow functions as an inspectable
“pedagogical circuit” that makes governance decisions explicit without requiring faculty to
implement a bespoke software system. In our implementation, execution is self-hosted and paired
with a local vector database (Qdrant) for retrieval-grounded drafting, with optional local LLM
execution available for privacy-sensitive steps.

Figure 1: High-level POSED architecture with six stages and mandatory HITL gates.



2.1 Six-stage Workflow Implementation
Operationally, POSED is instantiated as a six-stage pipeline with mandatory pause-and-approve
gates. Each stage produces concrete artifacts, such as an approved plan, an instructor persona, an
approved outline, an instructor-vetted source set for retrieval, and a reviewed slide deck with
speaker notes, that are persisted for traceability, editability, and reuse.

Stages 1–4 establish the holistic curriculum structure at a planning level (including pre-lecture
activities, in-class activities, and assessment/project elements captured in the plan/outline
artifacts), while in this paper, Stages 5–6 implement the draft–review loop and final export
assembly for the delivered artifacts (slides and speaker notes). The artifact schemas are
extensible, so future stages can deepen and operationalize the planned elements as dedicated
subroutines (e.g., pre-lecture activities, in-class activities, assessments, or projects) without
changing the earlier governance structure. Figure 1 summarizes the stage structure, and
Figures 2–8 show the corresponding n8n subflows exported from the working system.

2.1.1 Stage 1: Curriculum Planning (Planner Agent + Scope Gate)

Stage 1 collects the minimum context needed to bound generation and produces a planning
artifact (curriculum plan.json). The workflow starts with a structured form (e.g., topic,
audience level, prerequisites, lecture length, and module purpose). A Planner agent then performs
background retrieval (e.g., web search) and proposes a draft plan that includes a rationale,
candidate student learning outcomes (SLOs), and a time-aware list of subtopics.

Table 1: Stage 1 planning artifact (curriculum plan) fields and instructor scope-gate actions.
Field group (artifact) What it contains (examples) Instructor action at scope gate
Session context Topic, audience level, prerequisites, duration,

module purpose, run/session metadata
Confirm or edit constraints
that bound downstream gener-
ation

Learning objectives (SLOs) AI-proposed objectives plus any faculty-added
objectives; each marked selected/not selected

Select, revise wording,
add/remove objectives

Subtopics and timing Candidate subtopics with suggested time alloca-
tion, category/role, short description, and justifi-
cation

Select the set and sequence;
adjust timing and emphasis

References per subtopic Initial links associated with each subtopic (used
later for sourcing/RAG)

Keep/replace/remove links;
add instructor-preferred
sources

Faculty decision prompts Explicit “decision points” raised by the system
(e.g., depth tradeoffs, optional lab choices)

Choose options that affect
scope and teaching moves

Stage 1 ends with a mandatory scope gate implemented as a HITL form. The instructor selects,
edits, or removes proposed SLOs and subtopics (and can add missing items) before the workflow
proceeds. The approved plan is saved as a machine-readable JSON artifact for downstream
stages; because it is a standalone file, it can also be revised outside POSED using a text/code
editor when needed. This gate implements a backward-design check before any slide drafting
begins [2]. Table 1 summarizes the main fields surfaced in this planning artifact and the
corresponding instructor actions.



Figure 2: Stage 1 implementation (n8n): session initialization, Planner AI Agent, HITL
SLO/subtopic scope gate, and plan persistence.

2.1.2 Stage 2: Instructor Persona Construction (Persona Agent + Identity Gate)

Stage 2 produces a versioned professor persona.md artifact that captures teaching style
constraints (tone, pacing, preferred examples, and classroom interaction patterns) for downstream
drafting. The workflow optionally ingests instructor-provided materials (e.g., prior lecture notes,
exemplar slides/notes, or other teaching documents). It then selects the best available starting
profile using a simple precedence rule: if a professor-specific persona already exists, it becomes
the base and only new evidence is merged in; otherwise the workflow falls back to a
department/college “common profile” template; if neither is available, it defaults to an internal
template.

The Persona Agent synthesizes a draft persona that is consistent with the approved curriculum
plan and the uploaded evidence. A mandatory HITL Identity Gate (form-based) then requires the
instructor to approve, edit, or regenerate the persona before it can be used by later stages. The
approved persona is saved as a new version of professor persona.md, enabling cumulative
refinement across runs: future executions can incorporate additional uploaded exemplars and
instructor edits through the version history, improving personalization through richer conditioning
inputs rather than any model retraining or parameter updates.

2.1.3 Stage 3: Structural Outlining (Outlining Agent + Outline Gate)

Stage 3 produces the teaching outline as a structured artifact, lecture outline.json. We
use JSON for two reasons. First, it remains human-readable for offline instructor review and edits.
Second, downstream code nodes can reliably consume stable fields (e.g., ordered subtopics,
ordered slides within each subtopic, and per-slide metadata such as slide number, title, required
key points, and optional visual placeholders). In this implementation, the outline also captures
non-slide instructional elements (e.g., pre-lecture activities, in-class activities, assessments, and
projects) as part of the planned lesson structure; what remains future work is implementing
dedicated subroutines that expand these high-level items into fully developed artifacts.

A mandatory HITL Outline Review gate supports approve-as-is, targeted revision, regeneration,
or an instructor-uploaded override (replacing the JSON artifact). This keeps sequencing and
cognitive-load decisions instructor-controlled while ensuring the approved structure propagates
cleanly into Stage 4 and 5 [1, 24].



Figure 3: Stage 2 implementation: document ingestion, persona synthesis, and HITL persona
refinement/approval gate.

Figure 4: Stage 3 implementation: outlining agent, output parsing to Json, and HITL review.



2.1.4 Stage 4: Knowledge Acquisition and Retrieval Indexing (Resource Search + Source
Validation + Qdrant)

Stage 4 constructs a lecture-specific knowledge base to ground drafting. A Resource Search
Agent generates targeted queries from the approved outline and collects candidate URLs and
documents. The Resource Review form is a mandatory HITL gate: instructors validate relevance
and reject unsuitable sources before ingestion.

Approved sources are then scraped/downloaded with a content router (PDF vs. HTML), analyzed
for extraction quality, chunked, embedded, and stored in a local vector database (Qdrant) [10]. In
this implementation, retrieval grounding is not an optional enhancement. Drafting is constrained
to retrieve only from the vetted corpus, improving traceability and reducing the risk of
ungrounded claims [10].

Figure 5: Stage 4A: outline-to-query generation, Source search, and HITL source validation gate.

Figure 6: Stage 4B: approved-source scraping/download routing, extraction analysis, chunk-
ing/embedding, and Qdrant ingestion for lecture-specific retrieval.

2.1.5 Stages 5 and 6: Draft/Review Loop and Export Assembly (Reviewer + HITL Content
Approval + Multimedia + Compile)

Stages 5 and 6 implement the production loop and final artifact assembly. In Stage 5, the
workflow iterates through outline items, retrieves context from Qdrant, drafts slide content and



speaker notes, and invokes an Editor/Reviewer agent for rubric-like critique and consistency
checks. The workflow then pauses at a HITL content approval gate with bounded iteration (e.g.,
stop at approval or a maximum number of revisions), reducing the risk of automation bias by
requiring explicit faculty judgment before progression [12].

Stage 6 assembles the final deliverables. The HTML presentation assembly subflow reads the
generated slide/note drafts, integrates multimedia outputs, and compiles downloadable artifacts.
Multimedia generation is implemented as a distinct agentic subflow that decides whether to
download images, generate charts from retrieved data, or generate an illustration prompt for an
image model, and then saves and embeds assets during final HTML construction.

Figure 7: Stage 5 implementation: retrieve (Qdrant) → draft slides/notes → reviewer agent →
HITL content approval with bounded iterations.

Figure 8: Stage 6 implementation: multimedia decision logic (download/charts/image generation),
asset embedding, HTML wrapper creation, and export packaging.

2.2 Low-code Orchestration and Platform Selection
We implemented POSED as a low-code workflow to make the process executable, inspectable,
and modifiable by faculty without requiring full-stack software development. The n8n platform
was selected primarily because it supports self-hosting and complex branching/iteration in a
visual workflow environment. Beyond engineering convenience, the visual workflow externalizes



governance decisions (where sourcing happens, where checks occur, and where instructors
approve), making the system less of a black box and supporting reflective teaching practice and
auditability.

At the workflow level, POSED’s HITL gates map cleanly to n8n’s form node. n8n also supports
traceability through execution history: past runs and intermediate node outputs can be inspected
to debug errors and audit decision points. Sub-workflows can be invoked as reusable components,
which helps keep POSED stages (e.g., retrieval, critique loops, export assembly) as separate,
testable modules.

For comparison, widely-used automation platforms differ substantially in deployment and
governance affordances. We selected n8n because it meets three requirements that matter for
governed curriculum generation and are rare in SaaS-first tools: (i) institution-controlled
execution (self-hosting via Docker, with local network access), (ii) native support for long,
branching workflows with iteration (needed for stage gates, retries, and bounded review loops),
and (iii) inspectability and audit trails at the level of individual steps (node-level inputs/outputs
and execution history), which makes the workflow debuggable and reviewable rather than a black
box. These capabilities are what allow POSED to implement pause-and-approve gates, enforce
sourcing-before-drafting, and preserve intermediate artifacts without requiring custom full-stack
development.

In comparison with other popular agentic AI platforms, Zapier is positioned as a cloud-first
automation platform and is not designed for consistent on-premises or hybrid orchestration; Make
provides an enterprise on-premises agent that enables access to on-network systems while
execution remains orchestrated by the platform; and Power Automate supports hybrid integration
through the on-premises data gateway to connect cloud flows to on-premises resources. In our
implementation context, none of these platforms satisfied the primary requirements of this project
as effectively as n8n.

2.3 Cross-cutting Implementation Choices
Given the selected orchestration platform, POSED uses four recurring implementation patterns:
(i) explicit HITL gates, (ii) retrieval grounding via a lecture-specific vector store, (iii)
heterogeneous model routing under privacy constraints, and (iv) model sampling treated as
workflow-level controls.

2.3.1 HITL Gates Ensure Faculty Governance

In n8n, HITL review can be implemented through multiple channels, including messaging
platforms (e.g., Telegram or Discord) or email-based review, where the workflow notifies the
instructor when an artifact is ready. In this implementation, we use n8n Forms for HITL gates
because they provide immediate, in-context feedback: the instructor can review the generated
artifact and respond without switching applications. This choice also fits a developer-and-user
workflow, where the author monitors runs closely and uses the gate as a natural breakpoint for
debugging when an artifact is produced.

The Form-based approach has limitations. Because the workflow waits for form interaction, it



does not provide the same asynchronous notification that email or messaging channels can offer.
In addition, rich HTML rendering is limited in form displays, which constrains how much
formatting can be used in review screens. For future deployments with multiple instructors or
longer-running jobs, these gates can be moved to email or messaging without changing POSED
stage logic; the core requirement is that each stage produces a reviewable and editable artifact,
and the workflow halts until the instructor explicitly approves or revises it.

2.3.2 RAG-Based Draft Generation

Retrieval grounding is implemented with a lecture-specific corpus stored in Qdrant. In POSED,
the RAG corpus is not a fixed background collection. For each lecture module, the system first
searches online for candidate webpages and PDF documents aligned with the approved outline.
The instructor then reviews that candidate list and may approve, reject, replace, or manually add
sources. Stage 4B then performs acquisition, extraction, chunking, embedding, and ingestion of
only the instructor-approved sources into the vector database [10]. Stage 5 retrieves relevant
chunks for each outline item and conditions drafting on the retrieved context. This split makes
evidence acquisition auditable and keeps drafting dependent on the vetted corpus rather than on
open-ended model recall [10].

2.3.3 Heterogeneous Model Routing and Data Sovereignty

A practical lesson from implementation is that “one model for everything” is rarely optimal.
Models vary in reasoning capability, latency/cost, multimodal support, and the tendency to
introduce unsupported details [9]. POSED therefore supports heterogeneous routing so that
sensitive inputs and internal documents can be handled locally or within institution-controlled
infrastructure, while capability-intensive subtasks can be routed to cloud models when
appropriate. In the evaluation runs reported in this paper, POSED used cloud LLM APIs (Google
Gemini API) for most generation steps, while the workflow execution (n8n) and retrieval store
(local Qdrant) were self-hosted. Local LLM execution, through ollama, is supported as an
optional path for privacy-sensitive steps.

Reliability is treated as a workflow property rather than a model property. Drafting remains
grounded through retrieval from instructor-approved sources [10], and HITL approval gates
constrain where and how outputs can advance. This partitioning aligns with privacy and
governance concerns in educational ecosystems [17, 25]. It also acknowledges that
open-weight/local deployments may require additional engineering to approach frontier
performance on complex tasks, which further motivates workflow-level controls rather than
assuming any single model will perform well across all subtasks [18].

2.3.4 Model Settings as Workflow Controls

Within n8n, model sampling settings (e.g., temperature and related parameters) are configured at
the LLM node used by each AI agent. In POSED, these settings are treated as workflow controls
rather than global defaults. Stages that prioritize reliability and tight adherence to constraints
(e.g., outlining, critique, or citation-sensitive drafting) use more conservative settings, while
stages that benefit from variation (e.g., brainstorming examples or illustration prompts) can use



more exploratory settings. This design reinforces the broader principle that deterministic
workflow control should manage how and where probabilistic generation is used.

Table 2: Illustrative model-setting intent by subtask in POSED. Ranges are practical starting points
and should be tuned per model or vendor; reliability-critical stages still rely on RAG grounding
and HITL review.
Subtask Primary goal Sampling intent Temperature Top-p

Planning / idea expan-
sion

Broaden options and generate
alternatives

Exploratory 0.7–1.0 0.9–1.0

Outlining (structure) Stable sequencing under consis-
tent constraints

Conservative 0.2–0.5 0.7–0.9

Source query formula-
tion

Focused and precise retrieval
targets

Highly conservative 0.0–0.3 0.6–0.9

Drafting with retrieved
evidence

Faithful synthesis from vetted
sources

Conservative 0.2–0.5 0.7–0.9

Reviewer / critique Detect inconsistencies and en-
force rubric checks

Highly conservative 0.0–0.3 0.6–0.9

Multimedia prompt
generation

Creative variation within explicit
constraints

Exploratory 0.7–1.0 0.9–1.0

Temperature primarily controls how much randomness the model injects when choosing the next
token, while top-p limits sampling to the smallest set of high-probability tokens whose cumulative
probability exceeds p. In practice, lowering these values tends to produce more consistent
outputs, but still does not guarantee correctness. For Gemini 3 models in our implementation,
temperature was set to 1 in accordance with the current Google API requirement.

3 Evaluation

This section evaluates POSED as a faculty-controlled workflow for drafting teachable lecture
artifacts (slides and instructor notes). The focus is on whether the POSED system can generate
usable materials while preserving instructor control through HITL approval gates and editable
intermediate artifacts.

We first document the intermediate outputs produced at each POSED stage for a lecture module
on the topic of “AI hardware,” developed for a sophomore-level Logic and Digital Design course
in Dec. 2025. The unit of analysis for this lecture module includes (1) a teaching plan, (2) the
professor persona file, (3) a lecture outline, (4) an instructor-approved reference list, (5) a slide
deck in markdown format, (6) presentation speaker notes in markdown format, and (7) the
complete presentation deck in HTML format. We then conduct a horizontal comparison between
the materials generated by the POSED flow and three direct-prompt-generation baselines via
different LLMs available in Dec. 2025, i.e., ChatGPT, Gemini Gems, and NotebookLM. To
demonstrate the rapid advance of LLM capability, we present a vertical comparison using an
earlier set of generated lecture modules on the topic of “Agentic AI,” prepared for an AI literacy
course in Aug. 2025, highlighting how outputs changed over only four months. Finally, we



summarize operational cost and model routing from provider billing logs to show the usage of
different models.

Beyond documenting artifacts, baseline outputs, and cost traces, this evaluation also makes the
review criteria explicit. Because POSED is designed as a governed instructional workflow rather
than a one-shot content generator, the assessment should account not only for final output quality,
but also for pedagogical usefulness, source traceability, and the degree of instructor control
preserved throughout the process.

Accordingly, in addition to the artifact trace, horizontal comparison, and provider-cost analysis,
our evaluation uses structured expert review of the generated instructional materials. Specifically,
the second author, an experienced instructional designer, assessed the retained Dec. 2025 outputs
across the comparison dimensions summarized in Table 3, including material completeness,
pedagogical specificity, readiness-to-teach, traceability/governance artifacts, visual support, and
instructor control surface. This expert review is complemented by POSED’s internal AI review
log, which serves as a pre-instructor screening artifact by flagging unsupported claims and likely
hallucinations and by critiquing organization, pacing, and identifying missing explanations. We
treat the AI review log as a workflow aid rather than as ground truth.

Prior work on the quality evaluation of AI-generated educational resources has emphasized
dimensions such as authenticity, accuracy, legitimacy, and relevance [26]. However, we do not
adopt that framework directly here. Instead, we use an expanded rubric that is more suitable for
POSED’s governed, artifact-centered workflow. Our evaluation extends beyond content quality
alone to include source traceability, pedagogical specificity, readiness-to-teach, instructor control
surface, and revision burden. This broader framing is appropriate because POSED already
embeds a preliminary fact-checking and critique layer through instructor-approved retrieval
grounding and an AI review log that screens for unsupported claims, likely hallucinations, and
pedagogical weaknesses before instructor review.

3.1 POSED Artifacts by Workflow Stage
A core design intent of POSED is that teaching artifacts are generated through a governed
sequence rather than a single-shot “make me slides” prompt. In this subsection, we show
representative artifacts produced by POSED at each stage for the lecture materials on the topic of
“AI hardware,” generated in Dec. 2025.

Plan (teaching plan before persona). In POSED, planning comes first. The Plan stage
produces a teaching plan that is primarily about disciplinary intent and scope—topic framing,
prerequisites, learning objectives, and a proposed module structure. At this point, the goal is to
lock down what students should learn and what constraints the lecture must satisfy, independent
of any particular instructor style. Figure 9 shows the resulting teaching plan artifact reviewed and
approved before outlining. At the end of the learning objectives section, a faculty-added learning
objective is inserted during review (marked “Added by Faculty”), illustrating that the Plan gate
supports instructor modification rather than only approve/reject decisions.

After the plan is approved, POSED generates a separate instructor persona artifact that captures
delivery preferences (tone, pacing, example style, and interaction cues) to guide how the same



Figure 9: POSED Plan artifact: teaching plan with prerequisites, learning objectives, and module
structure approved before outlining and drafting. The artifact also records a faculty-added objective
(“Added by Faculty”), illustrating instructor modification at the Plan gate.



content is taught, rather than what the content is. Figure 10 shows the persona artifact used
downstream to shape narrative choices and classroom moves (with the instructor name removed
for review).

Figure 10: POSED Persona artifact: instructor delivery preferences used downstream to shape
pacing, examples, and teaching style (faculty name removed for review purpose).

Outline (structure that becomes the slide map). The Outline stage translates the approved
teaching plan into a structured lecture blueprint that drives downstream generation. In POSED,
the outline is the instructor’s primary control surface for sequencing, cognitive load, and narrative
flow. Importantly, it is not limited to slide structure: the same outline artifact already captures
planned elements of a more holistic module (e.g., pre-lecture tasks, in-class activities, and
assessment/project intentions) as part of the instructional design record.

In the current implementation, our evaluation focuses on the slide and speaker-notes artifacts
produced from the approved outline. Figure 11 shows a representative outline artifact, and
Figure 12 shows the table-of-contents/navigation view of the final presentation that mirrors the
approved outline and supports lecture flow.

While the outline already specifies broader learning elements at a planning level, we have not yet
implemented dedicated subroutines that expand each non-slide element into a fully realized
standalone artifact (e.g., ready-to-deploy pre-lecture worksheets, in-class activity sheets, or
assessment items). This extension is planned future work.

Sources (traceable grounding before drafting). In the Sources stage, POSED turns an
approved outline into a traceable retrieval database before any drafting occurs. The workflow first
searches each outline topic and returns a short list of candidate links (e.g., top results per
subtopic) for instructor review. The instructor then approves, rejects, or replaces links, and may
add additional sources manually to reflect course expectations and local context. After approval,
the POSED flow scrapes the selected sources, extracts text from webpages or downloaded PDF



Figure 11: POSED Outline artifact: structured module outline that includes the slide map (titles,
sequencing, and planned teaching moves), pre-lecture activities, and other planned instructional
elements.

Figure 12: POSED navigation artifact: table of contents of the final slides mirroring the approved
outline to support lecture flow.



files, and vectorizes the resulting chunks in a local Qdrant vector database. Subsequent drafting
uses RAG against this instructor-approved Qdrant collection, so slide and note generation is
grounded in a verifiable set of sources rather than ad hoc model recall. Figure 13 shows the first
page of the sourcing report artifact produced at this stage.

Figure 13: POSED Sources artifact: traceable source trail surfaced for instructor review prior to
drafting. In this iteration, instructor verification is treated as the primary reliability mechanism.

Draft (slides + instructor notes + AI review log gate). The Draft stage produces the slide deck
and speaker notes in markdown format, and then assembles the final HTML presentation. A
distinguishing feature in the POSED output is that instructor notes are treated as first-class
artifacts (not an afterthought), supporting teachability rather than only visual polish.

During drafting, POSED also generates an AI review log as a system artifact (Figure 14). This
review log serves as a gatekeeper and as feedback for the instructor. First, it automatically checks
for reliability issues (e.g., unsupported claims or likely hallucinations) before the material reaches
the instructor. Second, it critiques the drafted slides and notes from a pedagogical perspective
(organization, structure, pacing, missing explanations). In the current implementation, the
workflow only passes the materials to the instructor’s review when the review score exceeds
85/100. The log is not treated as ground truth; it is a structured, traceable critique intended to
reduce superficial review and keep the instructor’s attention on high-impact issues.

After the instructor approves the drafted artifacts, the workflow produces a complete HTML
presentation with navigation, and supports charts/multimedia as the last assembly step. The
retained markdown artifacts (slides and notes) are also reusable: they can be fed into other
emerging presentation tools, e.g., NotebookLM, as model capabilities evolve, without redoing the
earlier plan/outline/sourcing work. Figure 15 shows a representative POSED generated “AI
hardware” slide with integrated instructor notes access and navigation buttons.



Figure 14: POSED Draft-stage system log: AI review artifact used as an automatic gatekeeper and
as structured feedback on reliability and teachability before instructor review.

3.2 POSED vs. Direct Generation Tools Horizontal Comparison: Creating
“AI Hardware” Lecture

We compare POSED outputs to three direct-generation baselines that reflect realistic faculty “fast
path” workflows: (1) ChatGPT presentation generation producing a PPTX slide deck; (2) Gemini
Gems SlideDeck producing an HTML output that, in our sample, resembled a continuous
document/outline rather than a slide-oriented deck; and (3) NotebookLM presentation generation
using a Gemini-produced draft as input, producing a PDF slide deck. These alternatives are fast
and often visually polished, but they typically expose only the end product and do not preserve
POSED-style upstream governance artifacts (e.g., plan/outline approval gates and an
instructor-vetted retrieval corpus) as reviewable deliverables.

Figures 16, 17, and 18 show representative outputs from each baseline. In this sample, the tools
differed not only in visual appearance, but also in the role they implicitly played for the instructor:
POSED functioned as an instructional architect with performance-oriented notes, ChatGPT as a
drafter that summarizes content into bullets, Gemini Gems as a topic summarizer with minimal
pedagogical scaffolding, and NotebookLM as a visual designer that packages content into a
polished format.

A major practical difference across tools is editability: PPTX (by ChatGPT) is straightforward to
revise, PDFs (by NotebookLM) are costly to modify (even with conversion tools), and HTML
outputs (by Gemini and POSED system) are editable but require comfort with web layout. In this
sample, NotebookLM produced the most visually polished deck but with low editability due to
PDF output; POSED was next because its pipeline supports figure generation and maintains



Figure 15: Representative POSED Draft output (Dec. 2025 “AI hardware” module): slide styling,
integrated navigation, and instructor-notes access designed for “ready-to-teach” use.



Figure 16: Direct generation baseline (ChatGPT): representative slide from the Dec. 2025 “AI
hardware” prompt.

Figure 17: Direct generation baseline (Gemini Gems SlideDeck): representative output from the
same Dec. 2025 hardware prompt. In our sample, the output was text-heavy and outline-like (closer
to a continuous document than a slide deck), and it lacked meaningful visuals.



Table 3: Horizontal comparison (Dec. 2025 “AI hardware” module): POSED vs. direct-generation
baselines.
Criterion POSED (HTML +

notes)
ChatGPT (PPTX) Gemini Gems

(HTML)
NotebookLM (PDF)

Output artifact for-
mat(s) and editabil-
ity

HTML presentation
with Markdown
source; slides and
notes are segmented
into modular units
for revision; HTML
layout edits require
web skills

PPTX deck; high ed-
itability in standard
slide editors; tends
toward bullet-point-
heavy formatting

HTML/Doc outline;
output is a continu-
ous text document
rather than a slide
deck; structural
changes require
significant manual
reformatting

PDF deck; low ed-
itability; modifi-
cations typically
require conversion
tools or manual
recreation

Material complete-
ness for a full lecture

High (plan → outline
→ slides → notes),
with explicit figure
statements and bibli-
ographic trail

Medium (slides
produced quickly,
but lacks upstream
plan/outline artifacts
and separate notes
depth)

Low–Medium (high-
level topic coverage
without slide-by-
slide breakdown,
examples, or depth)

Medium (visually
complete deck with
narrative, but lacks
POSED-style in-
structor notes and
lesson-plan artifacts)

Pedagogical speci-
ficity (checks, cues,
pacing)

High; includes de-
livery cues (e.g.,
interaction prompts
and demos) aligned
to instructor persona

Medium; accurate
facts but limited
scaffolding and few
interaction prompts

Low; encyclopedic
descriptions with
minimal instructional
structure or cues

Medium; strong
narrative structure,
but limited active-
learning prompts or
classroom delivery
cues

Readiness-to-teach
(notes + navigation)

High; instructor
notes function as
a teaching script
supporting delivery
decisions

Medium; notes often
restate slide text and
require instructor
reconstruction

Low; no instructor
notes and substantial
rewrite required to be
teachable

Medium; visually
projection-ready, but
lack of a separate
teaching script limits
immediate use

Traceability and
governance artifacts

High; upstream re-
view gates and re-
trieval grounding oc-
cur before drafting;
sources are vetted via
RAG

Low; primarily end-
product only; cita-
tions may appear
without upstream
verification trail

Low; no citations
or source links in
our sample, limiting
verifiability

Low–Medium; in-
cludes a bibliogra-
phy, but lacks an
outline gate and up-
stream artifact trail

Visual support (fig-
ures and diagrams)

Medium–High; vi-
suals are defined via
figure statements and
can be data-grounded
with citations

Medium; includes
generic chart place-
holders without de-
tailed figure logic

Low; no meaningful
visuals generated in
our sample

High; most visually
cohesive diagrams
and layout in our
sample, though fig-
ures may be illus-
trative rather than
data-cited

Instructor control
surface (where edits
occur)

Upstream;
plan/outline gates
reduce downstream
rework

Downstream; edits
happen on the final
slides

Downstream; re-
quires rewriting the
content structure
from scratch

Downstream; revise
deck and reconstruct
notes

Role assumed by AI
tool

Instructional archi-
tect that structures
process and delivery
artifacts

Content drafter that
summarizes topics
into slides

Topic summarizer
that lists facts with-
out slide-level struc-
ture

Visual designer that
packages content
into a polished deck



Figure 18: Hybrid baseline (Gemini draft → NotebookLM slides): representative output. In our
sample, this pipeline produced the most visually cohesive deck, but it still lacked POSED’s up-
stream governance artifacts and separate instructor notes.

editable Markdown sources for slides and notes; ChatGPT’s output was less visually cohesive;
and Gemini Gems produced no meaningful visuals in our run. (We report these as observations
tied to the specific tool versions and settings used in Dec. 2025 rather than as a universal
ranking).

3.3 Vertical Comparison of POSED Outputs: Aug. to Dec. 2025
A practical challenge in Agentic AI workflows is capability drift: the same workflow can yield
different artifacts as models and toolchains evolve. To assess domain agility and workflow
maturation under this drift, we compare two POSED runs authored by the same instructor:
Aug. 2025 (“Agentic AI,” a qualitative/conceptual domain) and Dec. 2025 (“AI Hardware &
Silicon,” a quantitative, physics-grounded domain). Across both runs, POSED’s governance
scaffold remained unchanged, yet the resulting instructional artifacts differ in ways that reflect
maturation of the workflow’s outputs rather than a change in oversight structure.

First, the visual specification shifted from concept-oriented illustrations (Fig. 19) toward more
data-grounded figures in Dec. 2025 (Fig. 15). In Aug. 2025, visuals were frequently framed as
metaphors intended to clarify abstract ideas. By Dec. 2025, the workflow more often produced
explicit figure requests that specify chart type, variables, and citation targets (e.g.,
energy-per-operation comparisons and efficiency benchmarks anchored to instructor-provided
references). This does not eliminate hallucination risks, but it increases verifiability by making
visual intent and sourcing explicit and reviewable before inclusion.

Second, instructor notes evolved from primarily explanatory text into more delivery-oriented
guidance. Aug. 2025 notes tended to read as conversational explanations of slide content, whereas
Dec. 2025 notes more often included pacing and classroom-management cues (e.g., prompts to
pause, run a short demonstration, or elicit a quick calculation). In effect, the workflow shifted



Figure 19: Aug. 2025 POSED output showing concept-oriented visual framing.

from producing only “what to say” toward also supporting “how to teach it”.

Finally, the Dec. 2025 artifacts showed tighter anchoring through domain-appropriate analogies.
Hardware constraints and architectural tradeoffs were mapped to concrete student experience
(e.g., throughput vs. latency contrasts and memory-movement bottlenecks described through
physical-world metaphors), improving accessibility without sacrificing technical rigor.

This longitudinal comparison does not attribute changes to any single model update. Instead, it
supports POSED’s design premise: deterministic workflow control and faculty approval gates
provide a stable governance scaffold, allowing instructors to benefit from evolving model and tool
capabilities while preserving traceability and instructional ownership.

3.4 Operational Cost and Model Routing (Provider Billing Logs)
In addition to artifact quality and governance, we recorded operational AI cost from provider
billing dashboards. For the Dec. 2025 “AI hardware” lecture module, provider-billed usage
totaled $1.22 over the execution window (Dec. 24–30, 2025); the Aug. 2025 “Agentic AI” module
totaled $1.35. We report these as per-module marginal computational costs and exclude fixed
infrastructure costs, since POSED ran on existing faculty equipment.

Figure 20 summarizes Dec. 2025 input-token usage by model. To make the billing logs
stage-interpretable, we deliberately executed the six POSED stages across three separate days:
Day 1 generated the teaching plan and instructor persona; Day 2 ran outlining, sourcing, and the



Figure 20: Provider dashboard view of input-token usage by model for the Dec. 2025 AI hardware
lecture module. POSED routes subroutines across models to balance capability, faithful drafting
from the approved RAG corpus, and cost.

primary drafting passes; and Day 3 executed multimedia generation and final HTML assembly.
This staging makes the usage trace easier to read: direction-setting calls concentrate early, bulk
drafting dominates the middle window, and the remaining activity reflects final assembly and
multimedia steps.

The same plot also reflects deliberate model routing by subroutine intent. Higher-reasoning calls
are kept narrow for direction-setting steps (planning and constraint-setting) that are immediately
externalized into reviewable artifacts. Most outlining and drafting is routed to faster
“direct-answer” models because the goal is faithful realization from the instructor-approved
outline and vetted RAG corpus, which helps limit ungrounded elaboration; lower marginal cost is
an additional benefit of this routing.

In our billing dashboard for this run, output-token charges were not itemized separately; given the
workflow’s high input-to-output ratio, any output-token component was small relative to the total
and is included in the provider-reported $1.22.

Table 4: Dec. run: input-token totals by model and primary POSED usage role.

Model Input tokens Primary role in POSED run

gemini-3-pro 40.51K Planning requiring higher reasoning capacity (initial synthesis and constraint-
setting).

gemini-2.5-flash 258.38K Persona analysis and other fast intermediate transformations where “good
enough” quality is sufficient.

gemini-3-flash 2.047M Outlining, drafting, and reviewing.
Total 2.346M Sum of input tokens shown in the dashboard for the Dec. 2025 run.



3.5 Limitations
This evaluation is scope-limited. Results reflect two lecture modules generated by a single
instructor across different topics and a descriptive, artifact-centered comparison to
direct-generation tools available in Dec. 2025. The comparative assessment summarized in
Table 3 adds structured expert review by the second author, but cross-instructor replication was
not available during the present study period. Accordingly, the reported results should be
interpreted as a single-instructor evaluation with structured expert review, not yet as evidence of
broader instructor-to-instructor reproducibility.

In addition, the vertical comparison highlights capability drift: model and platform changes over
short time spans can alter drafting behavior and visual quality, which is why this paper
emphasizes workflow governance and traceable intermediate artifacts as the stable contribution
rather than any fixed ranking of tools. Future work will expand to additional instructors and
course contexts, standardize scoring rubrics across tools, collect structured instructor and student
feedback, and evaluate automated source-quality signals only after aligning them with faculty
trust requirements.

4 Summary and Future Work

This paper reports the implementation and evaluation of the POSED system, a faculty-governed,
low-code agentic workflow for curriculum generation. Rather than using a single prompt-to-slides
step, POSED treats curriculum development as a staged engineering process: each stage produces
an editable artifact and pauses at a HITL gate before the workflow can proceed. In two
lecture-module runs, POSED produced ready-to-teach slides and instructor notes while
preserving a traceable artifact trail and reducing rework by moving review to earlier, lower-cost
decision points (plan, outline, and sourcing) instead of post-hoc slide repair.

Our horizontal comparison with direct-generation tools shows a consistent trade-off:
prompt-to-deck systems can be fast and visually polished, but they typically collapse the
workflow into an end product with limited upstream governance, and their editability depends
strongly on output format (PPTX vs. HTML vs. PDF). In contrast, POSED’s advantage is not a
single “best deck”, but controlled convergence—faculty can steer scope and structure early, verify
grounding via an instructor-vetted retrieval corpus, and then draft from that evidence with review
logs and notes that support delivery.

The vertical comparison across Aug. 2025 and Dec. 2025 illustrates capability drift over short
time spans. As models and image pipelines improved, the resulting artifacts became more
visually coherent and better aligned to engineering expectations (e.g., more data-grounded figures
and more delivery-oriented notes). However, these improvements do not remove the need for
workflow-level controls: faculty-owned sourcing, structure, and approval remain the mechanisms
that make the process reliable and accountable as tool behavior changes.

Future work extends POSED in three directions. First, we will complete the curriculum scope
already present in the plan and outline artifacts by adding dedicated subroutines that expand
non-slide elements into standalone, ready-to-deploy materials (pre-lecture activities, in-class
activity sheets, assessments, and project scaffolds) under the same artifact-and-gate governance.



Second, we will collect structured feedback from instructors and students to refine agent
behaviors and critique rubrics, so improvements are driven by authentic classroom use rather than
ad hoc prompt tuning. Third, to support personalization without sacrificing privacy, we will add
student-profile artifacts and route privacy-sensitive personalization through local models, while
keeping non-sensitive generation modular and auditable.

Several engineering refinements are also immediate. We will introduce explicit alignment
artifacts that map learning outcomes to slides, activities, and assessments to make review more
consistent with instructional design practice. We will also formalize model-routing policy as an
editable artifact (capability targets, local vs. cloud constraints, and cost limits), and expand export
paths from POSED’s Markdown-first sources so new presentation generators (e.g.,
NotebookLM-style tools) can be adopted without losing the approval gates and audit trail that
make the workflow accountable.
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