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Large language models (LLMs) 
are increasingly used to generate 
structured learning plans aligned 
with outcome-based education 
(OBE). The object of the study is a 
multi-agent workflow for generat-
ing a structured OBE learning-plan 
package with a final determinis-
tic verification stage. The prob-
lem addressed is the low reliability 
of LLM-generated outputs, which 
frequently violate schema rules, 
numeric constraints, and cross-ar-
tifact consistency requirements. To 
solve this problem, a multi-agent 
generative pipeline is proposed, 
decomposing the task into six spe-
cialized agents followed by deter-
ministic constraint verification 
applied to the final artifact bundle. 
Structural reliability is measured 
using completeness and compli-
ance, while cross-artifact coherence 
is evaluated through redundan-
cy, spacing, phase progression, 
and assessment fit. The evaluation 
involves 12 courses with 10 repeat-
ed runs per course (120 runs per 
variant) across four different LLMs 
to assess cross-model robustness. 
The results show that the multi-
agent pipeline achieves complete-
ness of 0.9682–1.00 and compliance 
of 0.9376–0.9698, significantly out-
performing the single-agent configu-
ration (completeness 0.5926–0.6580; 
compliance 0.4698–0.4853). These 
improvements are explained by task 
decomposition, which reduces struc-
tural failure propagation, and deter-
ministic verification, which rejects 
invalid outputs and preserves ref-
erential integrity. Ablation analysis 
indicates that the Course Character 
agent exerts the highest impact on 
overall performance. The proposed 
framework can be applied in high-
er education curriculum planning 
under OBE conditions, using min-
imal course metadata and produc-
ing machine-verifiable structured 
artifacts
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1. Introduction

Outcome-based education (OBE) treats a learning plan as 
a structured academic document rather than a narrative 
description. In this setting, coherence between course-lev-
el outcomes and broader curriculum expectations is es-

sential [1]. Assessment design in higher education also 
depends on a clear relation between intended outcomes 
and the evidence used to evaluate them [2]. Therefore, pre-
paring a learning plan is not only a writing task, but also 
a task of maintaining alignment across related academic 
elements.
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The paper [12] presents EduMAS, an LLM-powered 
multi-agent framework that combines specialized agents 
with graph-based knowledge navigation and coordinated 
reasoning. It is shown that win rates range 48–68% (complex 
concept integration), 56–62% (cross-disciplinary understand-
ing), and 58–68% (theory-to-application translation), with 
reported stability including σ = 3.9% for theory-to-applica-
tion translation. But unresolved issues remained for formal 
learning-plan construction, because the framework is ori-
ented to support and explanation, not to the production of a 
complete curriculum bundle governed by explicit structural 
rules. The reason for this may be the additional coordination 
cost of multi-agent operation and the design priority given to 
adaptive support quality rather than deterministic validation 
of interdependent artifacts. A way to overcome these difficul-
ties can be to combine multi-agent orchestration with explicit 
constraint checks applied to the final artifact set.

The paper [13] presents an empirical study of LLM-based 
analysis of written lesson plans against a human expert 
standard. The results show moderate agreement for explic-
it instructional features, with α = 0.689 and 73.8% exact 
agreement, while weaker reliability appears on high-infer-
ential criteria that require deeper pedagogical interpretation. 
However, unresolved issues remain in preventive structural 
control, because the study evaluates completed lesson plans 
after they are produced rather than validating formal relations 
during generation. This may stem from the fact that inferential 
pedagogical judgment is harder to stabilize than explicit struc-
tural checking. One way to address this difficulty is to intro-
duce generation-stage validation of mandatory fields and trace 
links before inconsistencies propagate across related artifacts.

The paper [14] presents a review of debiasing and dehal-
lucination methods for large language models. It is shown 
that the surveyed literature spans pre-processing, in-process-
ing, intra-processing without training, and post-processing 
during inference, and that many mitigation methods target 
trustworthiness of generated content rather than formal 
structural control. But there were unresolved issues related 
to formal correctness in structured educational planning, be-
cause semantic trust mitigation does not itself verify manda-
tory fields, identifier consistency, or the correctness of links 
between dependent components. The reason for this may be 
a fundamental mismatch between content-level trust and 
structure-level validity, which motivates constraint-based 
enforcement in addition to trust mitigation.

The paper [15] presents SLOT (structured LLM output 
transformer), a post-processing approach for producing sche-
ma-conformant structured outputs from LLM generations. It 
is shown that the framework evaluates performance through 
schema accuracy and content similarity, and that the fine-tuned 
Mistral-7B model with constrained decoding achieved 99.5% 
schema accuracy and 94.0% content similarity, outperform-
ing Claude-3.5-Sonnet by 25 and 20 percentage points on the 
respective metrics. But there were unresolved issues related 
to multi-artifact structural correctness, because local schema 
validity for a single output does not ensure that mandatory 
fields remain complete and that cross-component links remain 
correct across outcomes, sequencing, and assessment mapping. 
The reason for this may be that schema enforcement is local to 
one output instance, whereas curriculum bundles require addi-
tional checks across several dependent artifacts.

The paper [16] presents grammar-constrained decod-
ing (GCD) to improve syntactic correctness and accuracy 
for structured parsing without finetuning. It is shown that 

In current higher education practice, this task remains dif-
ficult. Intended competencies must be translated into course 
outcomes, weekly learning activities, and assessment evidence 
that remains consistent with the original instructional intent. 
Recent review studies show that the use of ChatGPT and relat-
ed generative systems in higher education has expanded across 
diverse academic applications [3], while empirical case studies 
show that GenAI is already being implemented in university 
teaching and learning contexts [4]. This makes the reliability 
of structured educational generation a relevant research issue, 
especially because educational use of large language models 
still involves important challenges and limitations [5]. 

The relevance of the topic is also visible in recent work 
on instructional planning. One study examined how GenAI 
tools can support the design and implementation of inqui-
ry-based lesson plans [6]. Another study showed that GenAI 
can be used to co-construct adaptive lesson plans, while 
also stressing that the quality of such planning depends on 
teachers’ AI-specific pedagogical knowledge and prompt 
design [7]. These findings indicate that generative support for 
lesson planning is no longer hypothetical, which strengthens 
the need for research on more reliable structured generation.

Practical relevance is further supported by adoption-relat-
ed evidence. Research on beginning and first-year language 
teachers reported uneven readiness for the use of generative AI 
in professional work, which points to a real implementation is-
sue rather than a purely technical one [8]. Another study found 
that behavioral intention to use GenAI tools for teaching and 
learning is shaped by factors such as self-efficacy, perceived 
usefulness, attitude, and subjective norm, and it also empha-
sized the value of teacher development programs and policy 
support [9]. Therefore, research on reliable generation methods 
for structured OBE learning-plan construction is relevant.

2. Literature review and problem statement

The paper [10] examines dynamic course content inte-
gration (DCCI), which links an LLM with Canvas LMS by 
retrieving course materials and injecting them into the Ask 
ME assistant through contextual prompting. The reported 
pilot results are positive, with an average satisfaction score 
of 4.652/5 and 78.06% of respondents stating that Canvas 
integration reduced platform switching. Still, the issue of 
structural reliability in educational generation remains open, 
because control is achieved mainly through retrieved con-
text and prompt design rather than through formal checks 
of required fields and inter-element links. This limitation is 
understandable, since the system was built to provide con-
text-aware assistance inside an LMS rather than to generate 
machine-verifiable educational artifacts.

The paper [11] presents a theory-grounded multi-agent 
prototype (CoPL) informed by cultural-historical activity 
theory for personalized learning implementation. The system 
assigns distinct roles to multiple agents, engages pre-service 
teachers in dynamic dialogue, and includes breakpoints 
where human feedback can guide later steps. Yet the prob-
lem of structural correctness remains unresolved, because 
the study does not specify deterministic verification for field 
completeness, identifier consistency, or link validity across 
generated components. This gap likely follows from the 
main role of the tool as a reflective support environment for 
inclusive planning rather than as a rule-governed generator 
of formal educational artifacts.
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GCD consistently improves syntactic correctness and often 
improves downstream accuracy, with especially clear bene-
fits for smaller models and low-shot settings. For example, 
in zero-shot evaluation, gemma2-2b improved from 0.02 to 
0.21 on FOLIO and from 0.00 to 0.15 on GSM-symbolic un-
der constrained decoding. But there were unresolved issues 
related to domain-specific structural compliance, because 
syntactic well-formedness alone does not guarantee manda-
tory fields, valid dependencies, or correct relations among 
curriculum elements. The reason for this may be that gram-
mars control output form, whereas structured OBE planning 
requires semantic and relational validation across multiple 
interconnected components, which motivates deterministic 
constraint verification beyond decoding constraints.

All this suggests that it is advisable to conduct a study on 
an end-to-end generative approach for OBE planning that ad-
dresses the unresolved reliability and structural-control gap 
in existing work. There is still no generation approach that 
combines more stable control than prompt structuring alone 
with formalized validation of mandatory fields and cross-ele-
ment connections for a complete learning-plan bundle under 
explicit curriculum constraints.

3. The aim and objectives of the study

The aim of the study is to develop a multi-agent generative 
pipeline capable of producing structured learning plans aligned 
with outcome-based education (OBE) requirements under deter-
ministic constraint verification. The proposed pipeline ensures 
that the generated learning-plan artifacts undergo explicit 
rule-based validation within the multi-agent architecture. Ex-
perimentally, the pipeline is required to demonstrate superior 
structural validity and coherence compared with a single-agent 
configuration, and to provide measurable evidence of perfor-
mance gains through controlled agent-contribution analysis.

This will allow ensuring schema validity, preserving 
cross-artifact referential integrity among generated compo-
nents, and establishing an engineering reference pipeline 
for the reproducible deployment of multi-agent generative in 
structured OBE-based curriculum planning. 

To achieve this aim, the study formulates the following 
objectives:

– to develop multi-agent generative pipelines framework 
for learning plan generation with deterministic constraint 
verification;

– to measure the degree to which generated artifacts satis-
fy schema validity and cross-artifact coherence under explic-
itly defined deterministic constraints and verification rules;

– to compare the measured structural validity and co-
herence of the proposed multi-agent pipeline with those 
obtained under a single-agent configuration;

– to identify the contribution of each agent through 
controlled ablation analysis (A0–A6) and structured deg-
radation mapping of generated artifacts under the shared 
constraint-verification protocol.

4. Materials and methods

4. 1. The object and hypothesis of the study
The object of the study is a multi-agent workflow for gen-

erating a structured OBE learning-plan package with a final 
deterministic verification stage. The package contains six 

connected artifacts: course character classification, Bloom 
taxonomy targeting, course learning outcomes (CLO), learn-
ing objectives (LO), a 14-week weekly plan, and assessment 
weights.

In this workflow, the artifacts are handled as one con-
nected package rather than as separate text outputs. For 
that reason, the method focuses on two aspects. The first 
is field correctness, which concerns the presence and form 
of required elements. The second is consistency between 
dependent artifacts, including CLO–LO relations, placement 
of LOs in weekly planning, and coverage of outcomes by as-
sessment components.

The main hypothesis is that the multi-agent workflow 
will produce OBE-aligned learning plans with higher com-
pleteness and compliance than a single-agent baseline when 
both settings use the same course input.

This expectation follows from the structure of the meth-
od. Pedagogical work is divided into narrower responsibil-
ities, and the assembled package is screened before accep-
tance. The expected advantage concerns structural quality 
of the generated plan. It does not imply a direct claim about 
classroom effectiveness or student learning outcomes.

The study rests on several assumptions. First, the OBE 
requirements used in the selected institutional setting can be 
expressed as explicit checking rules for outcome hierarchy, 
Bloom-level consistency, week allocation, and assessment 
distribution.

Second, course metadata, short course descriptions, and 
institutional context provide enough information to construct 
the required package. Third, each repetition uses unchanged 
source input, so output variation can be linked to the gener-
ation process rather than to changes in the source material.

Fourth, the comparison uses four open-weight language 
models: Gemma2-9b, DeepSeek-R1-8b, Llama3.1-8b, and 
Qwen3-8b. They are used to observe whether the workflow 
remains stable under one common evaluation setting.

Several simplifications were adopted to keep the pro-
cedure manageable. The semester horizon was fixed at 
14 weeks. Assessment categories were paired with one refer-
ence Bloom level for checking purposes: quiz with C1, mid-
term with C2, tasks with C3, final exam with C4, case study 
with C5, and project with C6.

When no formal course description is available, a short 
surrogate description may be inferred from metadata. The 
study also applies one institutional rule specification during 
evaluation and uses inference-only deployment without 
task-specific fine-tuning. These decisions support reproduc-
ibility, but they also confine interpretation to the present 
procedural setting.

4. 2. Data
The system uses a small set of institutional and course-lev-

el inputs to define the generation context and keep the 
outputs consistent with program-level intent and course 
scope [1]. Rather than relying on dataset-driven training, 
pedagogical knowledge is encoded as structured agent in-
structions and correctness is enforced through deterministic 
checks, including schema validation and explicit domain-rule 
verification. The inputs comprise:

a) institutional and program context (e.g., degree level 
and program orientation);

b) course metadata (e.g., title, credits, and course-type 
indicators);

c) an optional course description.
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When a formal course description is missing, the pipeline 
does not leave the context empty. Instead, the Bloom taxon-
omy agent produces a short proxy description from institu-
tional and program cues, which is then used only to support 
downstream outcome generation.

The evaluation covers 12 courses, with 10 repeated runs 
for each course under the same input conditions, resulting 
in 120 attempts per variant. Repeated runs were included 
because the generator is stochastic and can produce addi-
tional attempts in response to verifier feedback. Reporting 
mean ± SD across these runs provides a more reliable view 
of robustness than a single-run result. The course inputs 
remained fixed throughout all repetitions. All courses in 
this workload included short descriptions, but the option-
al-description pathway was kept to reflect real deployment 
conditions in which such descriptions may be unavailable.

Given the minimal inputs, the multi-agent pipeline pro-
duces a full learning plan through staged decisions. It first 
classifies course nature (theoretical, practical, or mixed) to 
shape learning strategy and assessment style [17]. Next, it sets 
cognitive targets by mapping course characteristics to prima-
ry and supporting Bloom levels. It then generates CLOs and 
LOs while preserving the intended cognitive hierarchy, and 
distributes LOs across the semester schedule in a way that 
supports scaffolding and cognitive-load considerations [18].

During generation, the output is checked against a set of 
rules to maintain structural correctness and pedagogical con-
sistency. Schema-level checks verify required fields, data types, 
and allowable ranges, such as Bloom codes in {C1, …, C6} and 
valid week indices [12]. Additional rule checks examine 
arithmetic and hierarchy constraints, including assessment 
weights summing to 100%, LO Bloom levels not exceeding 
those of their parent CLOs, and limits set by degree level and 
course character. Sequence-related checks are also applied to 
avoid cognitive backtracking and to keep learning activities 
and assessments consistent with course character. When a 
violation is detected, the verifier initiates another attempt fo-
cused on the affected part. Cases that still fail after repeated 
checks are marked for manual review.

4. 3. Outcome-based specification and alignment con-
straints

Building on the problem framing in the Introduction, this 
paper adopts OBE as a specification layer that defines the 
target learning-plan artifacts and the verifiable alignment 
requirements that the proposed method must satisfy. The 
emphasis is not on pedagogical effectiveness claims, but on 
producing an auditable, structured learning-plan bundle in 
which intended outcomes, weekly instructional intentions, 
and assessment evidence are explicitly linked and can be 
checked deterministically. This stance is consistent with 
recent work that operationalizes constructive alignment and 
OBE practice through explicit artifact structure and tool-sup-
ported alignment workflows, including LLM- and NLP-as-
sisted alignment tooling in higher-education settings [19, 20].

In this work, CLOs are treated as course-level outcomes 
that formalize a course’s intended competence boundary 
and serve as an anchor for outcome coherence and curricu-
lum-level traceability. In OBE implementations, CLO state-
ments are commonly positioned as the course-level units 
that must remain systematically coherent with higher-level 
outcomes and support explicit curriculum-level traceability. 
Accordingly, each CLO in the generated plan is stated in 
action-oriented form and tagged with an indicative cogni-

tive demand level using Bloom’s taxonomy, where Bloom 
tagging functions as a controlled signal for coherence across 
the plan [21]. To operationalize CLOs into schedulable and 
assessable units, each CLO is refined into Learning Objec-
tives (LOs), defined as objective statements that: 

a) carry explicit action verbs;
b) declare a primary parent CLO;
c) inherit a Bloom tag consistent with those verbs; this 

treatment aligns with evidence that Bloom-level categoriza-
tion of outcome statements can be approached as a structured 
classification task under explicit labeling rules.

Instruction is modeled as a fixed 14-week horizon. Each 
week contains a topic and weekly objective statements. These 
objectives are not treated as free-form prose. Each week must 
reference one or more LO identifiers, so outcome linkage 
remains auditable at the weekly level. In implementation 
terms, weekly units expose LO tags, enabling deterministic 
checks for LO coverage across weeks and for traceability 
completeness. This choice follows alignment tooling that 
prioritizes inspectable mappings over narrative interpreta-
tion [19].

Operationalize constructive alignment as three required 
mappings such as CLO to LO (decomposition), LO to week 
(instructional anchoring), and LO to assessment (evidence 
allocation) [20]. Assessments are represented as weighted 
components (e.g., project, case study, quiz, tasks, midterm, 
final), and each component explicitly references the LOs it 
measures to avoid unassessed outcomes. Bloom taxonomy 
is used as a progression signal at the phase level (early-mid-
dle-late weeks), allowing reinforcement while retaining a 
checkable progression pattern [21]. Together, these mappings 
form the minimum constraint set used for verification and 
for isolating module-level errors [22].

These OBE-derived requirements determine agent re-
sponsibilities in the proposed method. The pipeline must in-
fer evidence-linked CLOs from course descriptions, generate 
operational LOs with parent links and Bloom tags, allocate 
assessment evidence with explicit LO coverage, and con-
struct a weekly schedule, which objectives are anchored to 
LOs within feasibility bounds. Accordingly, agent outputs are 
specified in terms of trace-link production rather than narra-
tive quality. Evaluation is therefore grounded in verification 
checks and metrics computed from the structured artifacts 
and trace links, not in adoption or learning-outcome studies.

4. 4. Implementation
4. 4. 1. LLM backbone and pipeline architecture
Four LLMs are used in this study, namely Gemma [23], 

DeepSeek [24], Llama [25], and Qwen3 [26], strictly for infer-
ence; task-specific fine-tuning and dataset-based training are 
not performed. Agent behavior is specified through instruc-
tion prompts, and correctness is enforced by a deterministic 
constraint verifier. The proposed architecture breaks out-
come-based learning-plan generation into six specialized 
agents, each responsible for a distinct pedagogical subtask. 
This decomposition supports modular fault isolation and 
stage-wise verification, so violations can be corrected early 
rather than propagating across the plan [11]. The genera-
tor uses faculty-, program-, and course-level metadata as 
grounding context, which restricts the output space to re-
main consistent with program outcomes and course scope. 
Execution follows explicit dependencies: Bloom classification 
establishes cognitive constraints, course-character classifica-
tion stabilizes downstream activity and assessment choices, 
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CLO/LO agents build the outcome hierarchy, and schedule 
and assessment-weight modules consume CLO/LO outputs. 
Outputs are released as a structured JSON bundle and must 
pass JSON-schema validation and domain-rule checks before 
being returned. 

4. 4. 2. Course character taxonomy agent
The Course character taxonomy agent takes the course 

description and the inferred Bloom levels as input, and as-
signs one primary and one supporting course-character code 
from eight categories: theoretical (TEO), conceptual (KON), 
analytical (ANA), procedural (PRO), applied (APL), computa-
tional (KOM), practical (PRA), and design/engineering (DES).

This classification guides downstream design deci-
sions – especially the expected depth of coverage, the types 
of learning activities, and the assessment formats – so that 
they remain consistent with the intended competency pro-
file and support assessment validity [17]. Concretely, the 
agent combines keyword cues in the course description with 
Bloom-level compatibility rules to select the two-character 
profile. The resulting codes are then used as explicit con-
straints by subsequent agents to keep weekly topics, learning 
activities, and assessment methods aligned.

4. 4. 3. Bloom taxonomy agent
The Bloom taxonomy agent maps inputs to cognitive 

levels using Bloom’s Revised taxonomy, receiving faculty, 
program, course name, and an optional course descrip-
tion; when the description is missing, the agent generates 
a concise inferred description, and in all cases it outputs 
primary/supporting Bloom codes (C1–C6) and education-
al-level constraints.

By establishing cognitive classification early, the gener-
ator prevents downstream agents from producing activities 
and assessments misaligned with learning objectives [21]. 
The agent classifies Indonesian action verbs to Bloom lev-
els (C1: remember, list/identify; C2: explain, summarize; 
C3: apply, calculate; C4: analyze, differentiate; C5: evaluate, 
judge; C6: design, construct) and enforces course-type and 
educational level constraints (Diploma max C4, Bachelor 
max C5, Graduate max C6).  

4. 4. 4. Course learning outcome (CLO) agent
The course learning outcome (CLO) Agent generates a 

small set of course learning outcomes (2–4 CLOs) that are 
consistent with the course character and the targeted Bloom 
levels. It takes as input the course description (provided or 
inferred), Bloom codes, course-character codes, and the 
educational level, and returns a structured CLO list with 
identifiers, outcome statements, and the required mappings. 
Within this framework, CLOs function as the main align-
ment anchor, because they make the links between intended 
outcomes, learning activities, and assessments explicit under 
constructive-alignment principles [1].

The agent selects operational action verbs that match 
the target Bloom level and then checks each CLO against 
degree-level caps (Diploma ≤ C4, Bachelor ≤ C5, Gradu-
ate ≤ C6). Each CLO is expressed in the format “Mahasiswa 
mampu [action verb] [object]” and is limited to 20 words to 
preserve measurability and reduce ambiguity. 

4. 4. 5. Learning objective (LO) agent
The learning objective agent decomposes each CLO into 

2–3 operational LOs. It takes the course description and the 

CLO list as input and produces a hierarchical LO list with 
parent links that preserve Bloom-level constraints. LOs pre-
serve traceability between macro-level outcomes and opera-
tional indicators [27]. 

Identifiers are assigned in the form LO-[parent_in-
dex] [sub_index], and a key constraint is enforced: an LO’s 
Bloom level must not exceed its parent CLO’s Bloom level. 
This hierarchy supports precise mapping to weekly activities 
while maintaining cognitive progression and scaffolded se-
quencing [18]. 

4. 4. 6. Weekly schedule agent
The weekly schedule agent distributes LOs across  

a 14-week semester schedule following cognitive progression 
principles, receiving course description, CLO list, and LO list as 
input and producing a schedule with week numbers, assigned 
LO codes, learning topics, and learning objectives. The temporal 
distribution follows scaffolding principles and cognitive load 
management to optimize learning progression [18]. 

The agent groups LOs by Bloom code, sorts from lowest to 
highest cognitive level, and assigns them according to peda-
gogical progression: weeks 1–3 prioritize C1–C2 (foundation-
al knowledge), weeks 4–9 prioritize C3–C4 (application and 
analysis), and weeks 10–14 prioritize C5–C6 (evaluation and 
creation). Learning objectives are copied directly from LO 
statements to maintain alignment, and LO repetition across 
weeks supports spaced practice. 

4. 4. 7. Assessment weight agent
The assessment weight agent assigns weights to six 

assessment components using the course-character codes 
and the generated CLO/LO set as inputs. It outputs a weight 
vector, which total is constrained to 100%. The weighting 
is derived from the intended outcomes and their cognitive 
targets, so that assessment emphasis follows the course’s 
dominant Bloom profile and remains consistent with con-
structive-alignment requirements [19]. 

A fixed mapping is defined between assessment types and 
Bloom levels (Quiz: C1, Midterm: C2, Tasks: C3, Final exam: 
C4, Case study: C5, Project: C6). The agent first computes 
the dominant Bloom level from the CLO/LO distribution, 
then assigns the largest share (25–35%) to the corresponding 
assessment type. The remaining weight is distributed across 
the other components proportionally, subject to the 100% 
normalization constraint. The scheme aligns assessment 
weighting with the targeted cognitive levels and can help 
limit overweighting of components that are not aligned with 
those targets [17]. 

4. 5. Constraint verifier
4. 5. 1. Verifier scope and role
The Constraint verifier will execute on the final arti-

fact bundle and does not generate content. It consumes the 
multi-agent output and applies deterministic checks, namely 
completeness, compliance, redundancy, spacing, phase pro-
gression, and assessment fit score. This constraint verifier 
separation is standard in reliability-oriented structured out-
put pipelines, where schema validation and rule-based verifi-
cation are prerequisites for machine-usable artifacts [15, 28].

4. 5. 2. Completeness
Completeness evaluates whether all required components 

are present in the generated artifact. It is used as a prelimi-
nary indicator of structured-output reliability in downstream 
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pipelines. In the multi-agent output, missing fields can be 
more damaging than imperfect phrasing because validation 
and analytics may fail when expected keys are absent. Com-
pleteness is computed by checking whether each required 
component is satisfied and then aggregating the results into a 
normalized score. This formulation follows structured output 
benchmarks and extraction studies that treat field coverage 
and missingness as core reliability [16, 29]

require component satisfiedCompleteness .
require component

= 	 (1)

Component is considered satisfied when the required 
JSON evidence is present. Beyond verifying presence, this 
constraint is independent of output formatting, which keeps 
it robust to surface variation while still penalizing incomplete 
or unusable artifacts.

4. 5. 3. Compliance
Compliance measures whether the output satisfies the 

hard constraints required by the learning-plan schema, 
including format requirements, boundary conditions, and 
internal consistency rules. Constraint checks are standard in 
structured extraction and structured generation because they 
distinguish fully valid outputs from those that are only nearly 
valid, which supports iterative refinement during system de-
velopment. Compliance formalizes rules such as restricting 
week indices to 1–14, requiring each week to include 1–3 LO 
codes and 1–3 CLO items, and ensuring that assessment 
weights sum to 100. Rule-based validity is widely treated as 
a primary quality gate in structured output and extraction 
evaluation [28, 30]

violated rulesCompliance 1 .
total rules

= − 	 (2)

Violations are computed deterministically from the JSON 
to enable reproducible scoring across runs and ablation set-
tings. Compliance penalizes structural errors even when all 
required fields exist, so it remains sensitive to outputs that 
appear plausible but still fail under downstream use.

4. 5. 4. Redundancy 
Redundancy represents repetitive behavior in weekly 

schedules by measuring how often weeks become identical 
under a content signature, without penalizing justified reuse 
of LO codes. The signature is computed deterministically 
from the week’s assigned LO identifiers, with CLO identifiers 
included when available in an order-invariant form. Repeti-
tion and degeneration are well-known failure modes in neu-
ral generation, and repetition-oriented metrics are commonly 
used to identify low-diversity, template-driven outputs [31]. 
In learning-plan generation, redundancy is problematic when 
the same topics and objectives recur without pedagogical 
justification, because it reduces instructional coverage. A 
week-level signature is defined, and the proportion of weeks 
that duplicate at least one other week under this signature is 
computed

identical weeksRedudancy .
14

= 	 (3)

The metric lies in [0, 1], where lower values indicate few-
er identical weeks. This signature-based duplication analysis 

aligns with repetition diagnostics used in generation evalua-
tion and repetition reduction research [32].

4. 5. 5. Spacing
Spacing measures whether repeated coverage of the 

same LO is distributed across weeks rather than clustered. 
Distributed practice and spaced learning are consistently 
associated with improved long-term retention, motivating 
evaluation measures that reflect temporal dispersion of 
repeated learning objectives [31]. In this context, spacing is 
computed from week-to-LO assignments, and it summarizes 
the average gap between successive occurrences of the same 
LO code. A higher spacing score indicates that repetitions are 
spread across time, which better aligns with evidence-based 
learning schedules
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Here C is the set of LO codes that appear at least twice, 
and ,c iϖ are the sorted weeks in which code c appears. If no 
LO repeats, spacing can be reported as undefined or set to 
a maximum sentinel value, depending on the experimental 
protocol.

4. 5. 6. Phase progression 
Phase progression evaluates whether cognitive difficulty 

progresses across coarse phases of the semester, rather than 
requiring strict week-by-week monotonicity. Bloom-level 
analyses have been used to study the cognitive distribution 
of assessments and to evaluate LLM performance across 
levels of cognitive complexity [21]. For curriculum design, 
phase-level progression is a practical compromise because 
real courses often revisit earlier skills while still increasing 
overall cognitive demand across mid-semester and end-of-se-
mester phases. Each week is therefore mapped to an aggre-
gate Bloom level based on its assigned LOs, and the phase 
sequence is then evaluated for non-decreasing progression

( )
Phase Progression
phase transitions  non decreasing

.
phase transitions

=
−

= 	 (5)

Weeks are partitioned into phases (e.g., 1–3, 4–6, 7–9, 
10–14), and each phase is assigned an aggregate Bloom score 
(e.g., mean of weekly representatives). A phase transition is 
counted as satisfying progression if the next phase’s score 
is ≥ the previous phase’s score. This produces a normalized 
score in [0,1] that is robust to legitimate within-phase fluc-
tuations. The choice is consistent with analytics perspectives 
that favor interpretable progression indicators for course 
design and intervention.

4. 5. 7. Assessment fit 
Assessment fit score measures whether the assessment 

weight distribution matches the declared course charac-
teristics, such as conceptual-versus-applied orientation. 
Constructive-alignment research frames assessment as an 
integral part of outcome- and activity-aligned course de-
sign, and shows that misalignment can harm validity and 
learning [33]. Recent higher-education technology work also 
reports that explicit outcome-activity-assessment mappings 
enable analytics-driven improvement and support gover-
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nance practices [34, 35]. Assessment fit is operationalized as 
a rule-based similarity between the observed weight vector 
and a characteristic-dependent target pattern, enabling re-
producible comparisons across ablations and course types

( ) 
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Here, jϖ  is the generated weight for assessment type 
 j ∈ A (project, case, quiz, tasks, midterm, final) and ( )jϖ ⋅  is 
the target (or recommended) weight given the course charac-
teristics under a transparent rule set. The coefficients αj allow 
emphasizing more diagnostic components (e.g., project/tasks 
for applied courses) while keeping the score in [0, 1]. This 
formulation operationalizes constructive alignment as a mea-
surable distance between intended assessment design and 
generated assessment design, consistent with alignment-fo-
cused frameworks and rubrics.

4. 6. Experimental protocol
4. 6. 1. Evaluation setting and run protocol
Two experiments are conducted using identical con-

straint-verification protocols and metric definitions, allowing 
direct comparison across variants. The evaluation covers 12 
courses with 10 repeated runs per course, producing 120 at-
tempted runs per variant. A run is counted as successful if it 
produces a complete learning-plan JSON artifact that passes 
the verifier (i.e., satisfies schema constraints and domain 
rules). Unsuccessful attempts are retained only in the run-
count summary and are not included in metric aggregation. 
This separation allows acceptance frequency and accept-
ed-artifact quality to be reported as distinct experimental 
outcomes.

Six automated constraint-verifier metrics are computed 
directly from the generated JSON artifacts: completeness, 
compliance, redundancy, spacing, phase progression, and 
assessment fit. Higher values indicate better performance 
for completeness, compliance, phase progression, and assess-
ment fit, whereas lower values indicate better performance 
for redundancy. Spacing is interpreted as a distributional 
measure, where larger average distances between repeated 
LO occurrences generally indicate more evenly distributed 
repetitions. For clearer interpretation and comparability 
across runs, redundancy and spacing are additionally nor-
malized prior to analysis. The same metric definitions, nor-
malization steps, and acceptance criteria are applied to every 
variant and every model. This keeps all structural compari-
sons under a shared scoring regime.

Recent empirical studies evaluate LLM driven plan-
ning pipelines using measurable outputs and reproducible 
experimental protocols [1, 2]. This protocol is extended by 
rerunning the proposed multi-agent framework on Deep-
Seek, Qwen, and Llama model families, alongside the Gem-
ma-based reference setting already used in the study. Each 
model repeats the same ablation settings, the same sin-
gle-agent baseline, and the same verifier-based acceptance 
criteria, enabling direct cross-model structural comparison. 
Robustness is interpreted as stability of the relative variant 
ordering, the dominant agent contributions, and the A0-
versus-SA performance gap under different generative back-
bones. Agent influence is then computed per model from 
ablation deltas to identify modules with consistently strong 
or weak structural contributions.

4. 6. 2. Multi agent ablation study (A0–A6)
This experiment removes exactly one agent/module at a 

time from the full configuration (A0) to attribute metric deg-
radations to specific functional responsibilities, with ablation 
settings summarized in Table 1. For every ablation setting, 
the constraint verifier and all non-removed agents are held 
fixed, so differences can be attributed to the removed module 
under the same evaluation criteria. The workload, the metric 
definitions, and the acceptance rule for successful runs are 
also kept unchanged across all ablation settings. When one 
agent is removed, no replacement module is introduced, so 
the observed degradation reflects the loss of that component 
under the same deterministic verification regime. Results are 
summarized as mean values computed over runs that satisfy 
the verification checks, while acceptance counts are reported 
separately to preserve visibility of verifier pass rates.

Table 1

Ablation mapping (A0–A6)

Variant (V) Removed agent
A0 None (all six agents active)
A1 Agent-1: course character
A2 Agent-2: Bloom taxonomy
A3 Agent-3: CLO
A4 Agent-4: LO
A5 Agent-5: assessment weight
A6 Agent-6: weekly schedule

A controlled ablation experiment was conducted to iso-
late and quantify the structural contribution of each agent 
within the proposed multi-agent pipeline. The ablation pro-
tocol systematically deactivated one agent at a time while 
maintaining identical constraint-verification settings and 
evaluation metrics. Variant A1 corresponds to the removal 
of the course character agent, allowing the assessment of its 
impact on structural validity and cross-artifact coherence. 
The procedure was continued sequentially up to variant A6, 
where A2 disables the Bloom taxonomy agent, A3 excludes 
the CLO agent, A4 removes the LO agent, A5 deactivates the 
assessment weight agent, and A6 omits the weekly schedule 
agent. This controlled degradation design enables compo-
nent-level performance attribution under a shared determin-
istic constraint-verification regime. This design separates 
component-level attribution from changes in workload, scor-
ing rules, and acceptance criteria. As a result, differences be-
tween A0 and A1–A6 can be interpreted as structural contri-
bution differences under matched experimental conditions.

4. 6. 3. Baseline comparison (A0 vs SA)
To isolate the impact of architectural decomposition, 

this study compares the full multi-agent configuration (A0) 
against a single-agent baseline (SA) that generates the entire 
learning-plan bundle in a single pass. Both settings receive 
the same institutional, program, and course inputs, and both 
are evaluated with the same constraint verifier and the same 
metric suite on the same workload of 12 courses with 10 re-
peated runs per course. Metric aggregation is restricted to 
runs that pass verification, while run-acceptance counts are 
considered separately as an additional indicator of structural 
reliability. Under this matched protocol, any observed differ-
ences between A0 and SA can be attributed to the generation 
architecture rather than to changes in inputs, scoring rules, 
or acceptance conditions.
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5. Research results of the deterministic multi-agent 
generative pipeline

5. 1. Multi-agent generative pipelines framework 
for learning plan

5. 1. 1. Framework architecture and components
The proposed method is implemented as an auditable 

workflow that records validation outcomes in deterministic 
logs and produces machine-checkable outputs. It converts 
minimal course metadata, together with institutional or 
program context and an optional course description, into a 
structured learning-plan bundle with explicit trace links, as 
shown in Fig. 1. Intermediate results are stored as structured 
fields. Relations among artifacts, including CLO to LO, LO to 
weekly schedule, and LO to assessment, are emitted as iden-
tifiers that can be checked deterministically. The design uses 
specialized agents that pass intermediate outputs through 
explicit handoffs, which is consistent with prior multi-agent 
LLM workflows for controlled task execution [36, 37].

Fig. 1 illustrates the architecture of the Learning Plan 
Generator. The input includes minimal course metadata, 
institutional or program context, and an optional course de-
scription. If the description is unavailable, the system first in-
fers a short substitute description. The output is a structured 
artifact bundle consisting of:

a) course character;
b) Bloom taxonomy classification result;
c) CLO set;
d) LO set;
e) weekly schedule; and
f) assessment blueprint.

The pipeline is implemented as specialized agents that 
operate in a mixed sequential–parallel topology: upstream 
agents create the outcome backbone (course characterization 
to Bloom tagging to CLO inference to LO formulation), while 
downstream agents generate weekly scheduling and assess-
ment in parallel using the LO set as the shared constraint 
anchor. This topology aligns with multi-agent orchestration 
frameworks that formalize role-based cooperation and struc-
tured inter-agent communication for task completion.

5. 1. 2. Sequential agents
The sequential stage establishes the minimum structure 

needed for traceable learning-plan generation:
– Course character taxonomy agent derives a compact ma-

chine-readable profile of the course from the available descrip-
tion. The profile covers domain focus, competency orientation, 
and content scope. When no description is provided, the agent 
uses the inferred description together with course metadata. This 
profile supplies a common reference for later decisions, includ-
ing the expected emphasis of conceptual and applied material;

– Bloom taxonomy agent assigns an indicative cogni-
tive-demand profile to the course and to candidate outcome 
statements by enforcing coherence between the selected ac-
tion verb and the Bloom level. The resulting labels are stored 
and reused by later agents. This reduces divergence when 
several components are generated;

– CLO agent infers course learning outcomes as action-ori-
ented competency boundaries. Each CLO is emitted with a 
unique identifier and an associated Bloom tag. These outputs 
form the parent layer for traceability and support referential 
integrity across the bundle;

 

 
  

Fig. 1. Architecture of the learning plan generator
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– LO agent refines each CLO into operational objectives 
that can be scheduled and assessed. Each LO declares: 

a) a parent CLO id;
b) an action verb with Bloom-consistent tag; 
c) a concise objective statement. 
This agent also emits trace anchors (LO identifiers) that 

downstream generators must reference, ensuring that trace-
ability is produced during generation rather than as post-hoc 
annotation.

5. 1. 3. Parallel agents
After LOs are produced, the method generates 

two artifacts in parallel, both conditioned on the 
LO set:

– Weekly schedule agent constructs a 
fixed-horizon schedule (e.g., 14 weeks) that in-
cludes a topic and weekly objective statements for 
each week. Importantly, each weekly objective 
must reference at least one LO identifier. In the 
architecture diagram, this is represented by the 
dotted trace link LO to Week anchoring, meaning 
that the weekly schedule is not treated as a free-
form narrative, it is an outcome-anchored struc-
ture, which trace links are explicit and testable.

– Assessment weight agent generates a 
weighted assessment blueprint over assessment 
components (e.g., project-based learning, case 
study, quiz, tasks, midterm, final). Each compo-
nent must explicitly reference the subset of LO 
identifiers it measures. In the diagram, the dotted 
trace link “LO to Assessment mapping” denotes 
this requirement: every LO must have evidence 
allocation, and every assessment component must 
declare its intended LO coverage.

5. 1. 4. Generation outcomes
The framework was executed to generate learning plans 

for 12 higher-education courses. Based on the experimental 
protocol described in Section 4. 6, the Qwen LLM generated 
learning plans for all trials while satisfying schema valid-
ity and maintaining coherent consistency across artifacts. 
Under the same controlled procedures, the remaining back-
bones produced slightly fewer complete learning plans, with 
Llama generating 119, Gemma 118, and DeepSeek 116 out 
of 120 trials.

Overall, the proposed framework yielded stable genera-
tion outcomes across the four evaluated LLMs. Output con-
formity is ensured through rule sets embedded within each 
agent and a deterministic verifier integrated into the genera-
tion workflow. The sequential process within the framework 
preserves rule compliance at each generation step, thereby 
maintaining alignment with OBE curriculum requirements. 
In addition, the parallel process supports workload distribu-
tion by allocating tasks and schedules across the instruction-
al weeks, helping prevent excessive concentration of difficul-
ty within specific weeks of the learning period.

5. 2. Schema validity and cross-artifact coherence
Fig. 2 reports structural completeness for all variants and 

models, computed as the fraction of required components 
that are present score = passed/6. The baseline A0 shows 
consistently high completeness across the four models, rang-
ing from 0.9682 to 1.00, with Qwen3 8B achieving 1.00. In 
contrast, the SA produces substantially lower completeness 

0.59–0.66, indicating that, on average, roughly two required 
components are missing from the six-component output. The 
ablation variants fall into two empirical patterns. Removing 
A1, A2, or A6 produces a clear decrease in completeness, 
with scores concentrated around 0.80–0.83. By contrast, 
A3, A4, and A5 remain close to the full configuration, at 
about 0.97–1.00. The spread across backbones is small with-
in each variant. This indicates that component presence is 
influenced more by the pipeline design under the shared 
verifier than by the choice of base LLM.

Fig. 3 reports compliance, which summarizes satisfaction 
of schema rules and domain constraints, including cross-ar-
tifact checks. Unlike completeness, compliance does not only 
reflect whether the fields are present. It also reflects whether 
the generated fields and mappings satisfy the verifier after 
generation. A0 reaches high compliance, ranging from 0.9376 
to 0.9698, with the highest value observed for Llama 3.1_8b. 
The ablation results show a more differentiated pattern than 
completeness. Removing the course character agent (A1) 
or the CLO generation agent (A3) produces the largest de-
cline, reducing compliance to about 0.77–0.83. This suggests 
that course characterization and CLO construction play a 
major role in preserving downstream rule consistency. The 
remaining removals, namely A2, A4, and A6, stay in a mod-
erate-to-high range of about 0.83–0.92. A5 does not lower 
compliance in this workload. In several model settings, it 
matches or slightly exceeds the A0 value. This indicates that 
the effect of that module on verifier satisfaction is not strict-
ly monotonic. Compliance also varies more across models 
than completeness. This is consistent with the fact that rule 
satisfaction depends on both the architectural decomposi-
tion and the model’s ability to produce constraint-consistent 
mappings.

Fig. 2, 3 show that the multi-agent design maintains 
high structural completeness while achieving substantial-
ly stronger compliance than the SA. The ablation patterns 
also indicate that some modules have larger effects on 
structural presence as reflected by completeness and oth-
ers affect rule satisfaction and cross-artifact coherence as 
reflected by compliance, under a shared verifier and fixed 
workload. 

 

 
  

Fig. 2. Heatmap of structural completeness across all variants and models
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5. 3. Baseline comparison
The performance differ-

ence between A0 and SA under 
matched inputs, verifier settings, 
and metric definitions is examined 
across four LLM backbones and 
six evaluation metrics, as presented 
in Fig. 4. The difference is defined 
as Δ = A0 − SA, so positive values 
indicate an advantage for the multi-
agent configuration. Table 2 reports 
the corresponding absolute scores 
for both settings. The clearest sep-
aration appears in the metrics that directly reflect structur-
al validity. For completeness, A0 remains consistently high 
across all models, ranging from 0.9682 to 1.0000, whereas SA 
falls to 0.5926–0.6580. This corresponds to gains of approxi-
mately 0.33–0.37. Compliance shows an even larger gap. A0 
reaches 0.9376–0.9698, while SA remains at 0.4698–0.4853, 
yielding gains of about 0.45–0.50. Phase progression also fa-
vors A0 in every model. The multi-agent configuration attains 
1.0000 throughout, whereas SA ranges from 0.6788 to 0.8372, 
which corresponds to gains of about 0.16–0.32.

By contrast, the differences in redundancy 
and spacing are weaker and less uniform. For 
redundancy, the preferred direction varies by 
model. A0 yields lower redundancy than SA for 
DeepSeek r1_8b and Qwen 3_8b, whereas SA 
is lower for Gemma 2_9b and Llama 3.1_8b. 
A similar pattern appears for spacing. SA at-
tains higher spacing in three models, name-
ly DeepSeek r1_8b, Gemma 2_9b, and Qwen 
3_8b, while A0 exceeds SA only for Llama 
3.1_8b, with a gap of about 0.16. Assessment 
fit is also mixed. A0 is higher for DeepSeek 
r1_8b, Llama 3.1_8b, and Qwen 3_8b, but SA is 
higher for Gemma 2_9b. Taken together, these 
results suggest that distributional properties of 
weekly allocation and assessment weighting 
remain more sensitive to model-specific be-
havior than the core structural measures cap-
tured by completeness, compliance, and phase  
progression.

The baseline comparison shows that the multi-agent config-
uration provides consistent improvements on the metrics that 
directly reflect structural completeness, rule satisfaction, and 
progression constraints under the shared verifier. The consisten-
cy of this pattern across four backbones supports the interpreta-
tion that architectural decomposition and deterministic verifica-
tion, rather than model choice alone, are the main sources of the 
observed gains in structured learning-plan generation.

5. 4. Agent contribution
Ablation results, averaged across four LLMs, 

indicate clear differences in how much each agent 
contributes to overall performance. Course character, 
CLO, and learning outcomes (LO) yield the largest 
positive mean drops when removed, which indicates 
that these modules provide the strongest benefit when 
present. By contrast, weekly schedule and assessment 
weight show small or negative mean drops, suggest-
ing that their effects are weaker and depend more on 
model and context. This aggregated pattern is sum-
marized in Fig. 5.

Agent-level sensitivity varies by model, and the 
ablation profiles make those differences explicit. For 
gemma2_9b, A3 produces the largest drop at 5.4%, 
positioning the CLO generation agent as the primary 
performance driver (Fig. 6). A1 and A4 follow at 6.2% 
each, while A5 shows a negative drop of 2%, suggest-
ing limited contribution or even interference. A6 reg-
isters near zero impact, indicating the weekly sched-
uling agent adds little value for this architecture.

 
  

Fig. 3. Heatmap constraint compliance across all variants and model 

 
  

Fig. 4. Performance advantage (Δ = A0 – SA) across models and metrics

Table 2 

Baseline model performance comparison between A0 and SA

Model Variant Completeness Compliance Redundancy Spacing Phase Assessment fit

Deepseek r1_8b
A0 0.9682 0.9496 0.7803 0.5081 1 0.5696
SA 0.5926 0.4715 0.8881 0.951 0.7436 0.5192

Gemma 2_9b
A0 0.9847 0.9392 0.9231 0.7118 1 0.3406
SA 0.658 0.4829 0.9064 0.7433 0.6788 0.5436

Llama 3.1_8b
A0 0.9986 0.9698 0.9519 0.4871 1 0.4905
SA 0.6255 0.4698 0.7886 0.3276 0.8372 0.4206

Qwen 3_8b
A0 1 0.9376 0.8063 0.5039 1 0.4898
SA 0.6458 0.4853 0.9203 0.6227 0.7181 0.462
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Fig. 6. Agent-level ablation impact for gemma2_9b

Deepseek-R1_8b shows a different hierarchy, with A1 
emerging as the strongest contributor at 6.6% degrada-
tion (Fig. 7). A3 and A4 provide secondary support at 5.4% 
and 5.2%, while A6 produces a substantial negative drop 
of 6.1%. Even more striking is A5’s 7% negative effect, indi-
cating that both assessment weight and scheduling agents 
actively degrade performance when included. This suggests 
DeepSeek benefits from fewer explicit constraints.

Fig. 7. Agent-level ablation impact for deepsek-R1_8b

Llama3.1-8b demonstrates the most extreme sen-
sitivity, with A1 dominating at 9%, the highest drop 

observed across all models (Fig. 8). 
A3 and A4 maintain moderate in-
fluence at 6.3% and 5.4%, but clear-
ly operate in A1’s shadow. Both A5 
and A6 show negative drops of 4.9% 
and 2.4%, continuing the pattern 
where constraint-heavy agents prove  
counterproductive.

Qwen3_8b presents a more balanced 
profile, with A1 and A3 sharing primary 
responsibility at 6.3% and 6.0% respec-
tively (Fig. 9). A4 contributes 5% as a 
tertiary factor. A6 shows a 3.5% negative 
drop, while A2 registers just 0.4%, the 
lowest impact observed, raising ques-
tions about Bloom taxonomy agent ne-
cessity.

Fig. 9. Agent-level ablation impact for qwen3_8b

Across all models, A1 consistently emerges as the most 
critical component, though sensitivity ranges from 6.2% to 9%. 
A3 serves as a reliable secondary contributor at 5.4–6.3%. The 
negative performance of A5 and A6 in three of four models 
indicates these agents impose constraints that conflict with 
inherent model capabilities, particularly in DeepSeek’s archi-
tecture where combined negative effects exceed 13%.

The impact-stability analysis compares each agent’s av-
erage ablation impact against the variability of that im-
pact across models. Larger positive impacts indicate stron-
ger dependence of performance on the agent, while lower 
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cross-model standard deviation indicates more consistent 
contributions. The global mean lines divide the space into 
four regions, separating high-impact agents from low-impact 
ones and stable agents from unstable ones. Agents in the 
high-impact, high-stability region are the most desirable 
because they combine strong contributions with robust be-
havior. This pattern is shown in Fig. 10.

Across models, course character agent combines high 
impact with relatively stable behavior, making it the strongest 
overall component. CLO agent also shows a favorable balance 
between impact and stability, while LO agent delivers mod-
erate impact with the highest stability. On the other hand, 
assessment weight agent remains low-impact and highly 
variable, which indicates a limited and unreliable contribu-
tion under this evaluation setting.

6. Discussion of results obtained in the study of the 
deterministic multi-agent generative pipeline 

This study produced a deterministic multi-agent genera-
tive pipeline by combining task-specific agent decomposition 
with deterministic verification at the learning-plan level. 
The main finding is a stable structural advantage of the full 
multi-agent configuration over the single-agent baseline un-
der the same workload and verifier. As defined in eq. (1) and 
eq. (2), completeness and compliance represent the presence 
of required components and the satisfaction of schema and 
OBE rules. Fig. 2–4, and Table 2 show that A0 maintains 
high values on these measures across all four evaluated 
LLM backends. Completeness for A0 ranges from 0.9682  
to 1.00, whereas SA remains at 0.5926–0.6580. Compliance 
for A0 ranges from 0.9376 to 0.9698, whereas SA remains  
at 0.4698–0.4853. Eq. (5) and Table 2 also show that phase 
progression stays at 1.00 for A0 in all models, whereas SA re-
mains at 0.6788–0.8372. These findings indicate that, under 
the tested setting, the proposed solution resolves the prob-
lematic part related to missing components, broken schema 
constraints, and invalid cross-artifact relations in structured 
OBE learning-plan generation. At the same time, the smaller 

and less uniform differences in redundancy and spacing indi-
cate that distribution-oriented dimensions remain more sen-
sitive to model behavior than structural validity measures.

The observed gains can be explained by the interaction 
between staged agent responsibilities and deterministic ver-
ification of the assembled bundle. The agents first generate 
the constituent sub-artifacts, and the final bundle is then 

checked by a deterministic verifier. When vi-
olations are detected, the pipeline can trigger 
targeted retries at the relevant stage. This de-
sign turns structural defects into explicit rule 
violations instead of allowing them to re-
main hidden in the final artifact. As a result, 
inconsistencies are less likely to propagate 
into dependent components such as CLO-LO 
relations, LO-to-week mapping, and assess-
ment-weight allocation. In practical terms, 
the method can help prepare more consistent 
and machine-verifiable OBE learning-plan 
drafts for review. The expected effect is 
therefore not a direct claim about learning 
outcomes. It is a more reliable preparation 
process for curriculum artifacts that must 
satisfy explicit structural rules.

Compared with existing studies, the ob-
tained result addresses a narrower but more 
formalized reliability target. CoPL uses mul-
tiple agents to support personalized learning 
implementation and reflective interaction 
with pre-service teachers [11]. EduMAS uses 
coordinated LLM-based agents to handle 

explanation-oriented educational assistance tasks [12]. Even 
so, neither study is designed for deterministic acceptance of 
a full curriculum bundle, which parts must remain struc-
turally valid and explicitly linked under a shared rule set. 
SLOT improves schema conformity and preserves content in 
structured outputs [15]. Grammar-constrained decoding im-
proves syntactic correctness and semantic accuracy in logical 
parsing tasks [16]. The present results suggest that, in OBE 
planning, local schema validity and syntactic well-formed-
ness are still not enough when several curriculum artifacts 
must remain consistent with one another. The contribution 
of the present method lies in coupling task decomposition 
with bundle-level rule verification, rather than relying only 
on prompt design, local schema control, or constrained de-
coding.

One strength of the proposed method is that reliability 
is built from six specialized agents, explicit trace-link gener-
ation, and a hard-gated verifier applied to the final bundle. 
Another strength is that failures can still be traced to the 
component level, because the architecture preserves the 
source of each generated sub-artifact and the verifier checks 
the relations among them. A further strength is the presence 
of controlled ablation evidence, which makes it possible to 
see how reliability is formed inside the system instead of 
reading the final score as a black-box outcome. Fig. 5 and 
Fig. 10 show that the course character agent contributes the 
most across models. The CLO agent provides the next stron-
gest contribution, while the LO agent shows moderate impact 
with the highest stability. In contrast, the assessment weight 
and weekly schedule agents have weaker and more mod-
el-sensitive effects. This pattern indicates that the modules 
do not contribute in the same way to structural reliability. 
It also shows why the method can address one part of the 

 
  

Fig. 10. Impact-stability analysis of ablation variants across models, showing 
agent impact across models
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broader problem, namely controllable structured generation, 
explicit traceability, and deterministic rejection of invalid 
OBE artifacts.

The study is bounded by the institutional rule set embed-
ded in the deterministic verifier and by the experimental set-
ting used in evaluation. Institutions differ in CLO-LO gran-
ularity, weekly progression policies, and assessment rules, so 
the current rule set should not be transferred unchanged to 
other curricular contexts. The experiments also used fixed 
model versions, prompt settings, decoding parameters, and 
12 courses with fixed inputs across repeated runs. For that 
reason, the reported gains should be interpreted as evidence 
under the tested protocol rather than as a general claim 
across institutions, course collections, or model settings. A 
natural extension is to evaluate the pipeline under additional 
institutional rule sets and broader course workloads to exam-
ine transferability beyond the current configuration.

From an implementation perspective, strict verification 
and retry handling add orchestration overhead, and the effort 
needed to design and maintain detailed rule sets remains 
substantial. These costs can be reduced by repairing only 
the failing sub-structure, introducing earlier failure checks, 
caching stable intermediate outputs, and separating hard 
structural constraints from more flexible pedagogical prefer-
ences. The next stage is broader evaluation under additional 
institutional rule sets and larger course collections, support-
ed by expert review. That extension will require formaliz-
ing heterogeneous policies, keeping repair overhead under 
control, and assembling sufficiently broad expert-reviewed 
datasets for external validation. 

7. Conclusions

1. A multi-agent generative pipelines framework for 
learning plan was engineered. Rule-based checks are exe-
cuted inside the generation workflow, so invalid artifacts 
are rejected before acceptance. This design reduces reliance 
on manual post-editing and makes the acceptance process 
traceable at the artifact level.

2. Under the shared deterministic rules, the full multi-
agent configuration achieved near-perfect structural validity, 
with completeness 0.9682–1.0000 and compliance reaching 
up to 0.9698. The accepted outputs preserved referential 
integrity across interdependent components, including learn-
ing outcomes, weekly schedules, and assessment-weight 
allocations. Coherence dimensions driven by distributional 
patterns remained more sensitive to model behavior, which 
justifies reporting them as explicit metrics.

3. When evaluated under the same workload and 
constraint protocol, the multi-agent pipeline consistent-
ly outperformed the single-agent baseline. The baseline 
produced completeness 0.5926–0.6580 and compliance  
0.4698–0.4853, whereas the proposed pipeline-maintained 

phase progression at 1.00. The performance gap aligns with 
reduced structural drift when responsibilities are decom-
posed and continuously checked by deterministic validation.

4. Controlled ablation (A0–A6) provided component-level 
evidence of how reliability is formed and where degradation 
emerges. The course character agent contributed the largest 
performance support, while CLO and LO agents delivered 
stable secondary contributions that strengthened traceabili-
ty. In contrast, the assessment weight and weekly schedule 
components showed lower average impact and higher mod-
el-dependent variability, consistent with their distributional 
nature.
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